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Beyond bidirectional association:
Distinguishing light verb constructions from
other conventionalised noun-verb
combinations in modern Tibetan

1 Introduction

Light verb constructions (LVCs), consisting of a semantically light verb with the pred-
icational information primarily expressed by a semantically heavy accompanying
expression (usually a nominal), have long been studied in corpus linguistics within
collocation analysis, which examines co-occurrence of linguistic forms in a corpus.
Such analyses measure the strength of attraction between two forms with statistical
association measures (AMs; Evert, 2005, 75): A pair of forms with a higher AM is
likelier to be a conventionalised combination.

Traditionally, linguists focus on ‘bidirectional’ or ‘symmetric’ AMs, which quan-
tify mutual attraction: the degree to which the two components of the construction
tend to co-occur. They do not reflect whether one part of the collocation is more at-
tracted to the other than vice versa. For example, in wishful thinking, wishful attracts
thinking more than the other way around, but bidirectional AMs cannot represent
this information. LVCs are particularly likely to exhibit asymmetric association: For
example, in the English LVC take a look, the light verb nominal look likely attracts
the verb take far more than vice versa. This may motivate the use of ‘unidirectional’
or ‘asymmetric’ measures of attraction (Michelbacher et al., 2007; Gries, 2013, 141-155;
Gries, 2022, Sec. 2.1.5.), which have hitherto gained little attention.

In this paper, I explore how unidirectional measures can be added to the tra-
ditional toolkit of statistical measures for LVC detection in the context of modern
Tibetan, focusing on Modern Literary Tibetan and the Central Tibetan variety spoken
by the Dharamsala diaspora community. The paper’s focus is not to directly propose
a detection method, but to explore how the statistical distributions of light verb con-
structions distinguish them from other frequent noun-verb combinations, providing
a clearer conceptual basis for improving feature engineering and model structure
in future LVC detection work. Tibetan LVCs present challenges distinct from English
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(Vincze et al., 2011). They are much more ubiquitous, including high-frequency items
like the following:

® a ¥R c. BN
slob.shyong byed chang.sa rgyag
study do marriage strike
‘to study’ ‘to marry’

b. RNHFAHR

bsam.blo gtong
thought send
‘to think (vol.y

LVCs are so important in modern Tibetan that they outnumber simple verbs in
spoken Lhasa Tibetan by 2:1 (Randall, 2016, 4). In these constructions, the verb is
semantically light, but still encodes some semantic contrasts like volitionality and
honorificity (see (4) and (5) for examples), and as Randall (2016, 122-177) shows,
the nominal exhibits syntactic properties that suggest it is not as referential as the
object of a ‘regular’ noun-verb combination, such as the inability to be modified by
adjectives and demonstratives or replaced by interrogative words.

Compared to the vast resources on monomorphemic verb roots (e.g. Hackett,
2003; Hill, 2010; Hoshi, 2003), LVCs remain understudied: Information is scattered
across dictionaries, with scant descriptions of argument structure and other usage
information (though Bailey and Walker, 2004 includes argument structure infor-
mation for a non-specialist audience). Statistical detection of LVCs from bodies of
naturally occurring texts is instrumental to creating better datasets for teaching and
researching Tibetan, for which the statistical distributional properties of LVCs must
be better understood.

Computational work (Zhao et al., 2016) has previously detected Tibetan LVCs
from corpora, employing statistical measures including entropy of surrounding to-
kens, measuring the diversity of contexts in which the combination appears, and
pointwise mutual information (PMI), measuring bidirectional association. Yet these
measures may also pick up other types of conventionalised noun-verb combinations
in Tibetan. Consider the examples in (2). In (2a) the noun is semantically lighter than
the verb: & ngo ‘face’ only tells us that the target of the action has an appearance,
a very general class consistent with many types of situations, whereas 31’\‘1' shes
‘know” tells us that the LVC is tells us that something is within the subject’s knowl-
edge. In (2b), the noun and verb convey similar information: both convey that the
action is done for the purpose of enjoyment. In (2c), the noun and verb have distinct
semantic contributions: ‘alcohol’ is a concrete object and ‘drink’ a concrete activity,
but one cannot straightforwardly guess one from the other. These alternatives pri-
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marily differ from LVCs with respect to the relationship between the noun and the
verb: while LVCs have a semantically specific noun carrying most of the semantics
plus a semantically general verb encoding relatively little information, meaning
is distributed differently in these other types of constructions. Thus, bidirectional
association and context diversity are likely unable to fully capture these differences.
Instead, ‘unidirectional’ measures, which examine both the verb’s relationship to
the noun and vice versa instead of collapsing them into a single measure, may be
more appropriate.

@ a Eqv c. &RARgR

ngo shes chang ’thung
face know alcohol drink

‘to recognise’ ‘to drink alcohol’

b 3503

rtsed.mo rtse

game play

‘play a game’

To explore the possibility of using unidirectional measures, I first extract absolutive
(i.e. unmarked case) noun-verb combinations from the Nanhai corpus (Schmidt,
2019), code each retrieved combination above a frequency threshold as an LVC or
one of the above three categories, and calculate a number of measures of convention-
alisation, including measures of association (including traditional bidirectional ones
like PMI and G but also unidirectional ones like AP and G?rank), context entropy,
and productivity. I conduct exploratory analyses of the results by plotting the mea-
sures using various graphs and performing unplanned (exploratory) hypothesis tests,
focusing how these measures may potentially distinguish between different types
of conventionalised N-V combinations. I also examine how similar the information
encoded by different measures is.!

In the following, Section 2 reviews background information on LVCs, statisti-
cal association measures, and (a)symmetry in collocations. Section 3 describes the
problem tackled by this paper. Section 4 describes the methodological approach
for extracting potential conventionalised noun-verb combinations, and Section 5
presents the results of the study. Section 6 presents a discussion of the data.

1 Data and code are available at https://zenodo.org/doi/10.5281/zenodo.10895756, last access 12/9/2025.
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2 Background

This section reviews linguistic properties of LVCs in Modern Tibetan most relevant
to the motivations and methodology of this paper (Section 2.1), statistical measures
of LVC strength from in previous studies (Section 2.2), and collocational (a)symmetry
and asymmetric measures (Section 2.3).

2.1 Linguistic properties of LVCs in Modern Tibetan

Tibetan syntax is generally verb-final. Most verb roots are monosyllabic with four
stem forms — present, past, future, and imperative - often followed by auxiliaries and
agglutinative morphology, especially in ﬁpeech. Tibetan has a pragmatic case system
containing, among others, an ergative f|N'=gis and an oblique ¥'=la (and their allo-
morphs), mostly non-obligatory (see Tournadre, 1996 for discussion on the ergative
in Central Tibetan). ‘Object’ arguments are generally in the unmarked absolutive. As
in most languages, the non-verbal element in an LVC resembles either an object (3a)
or an intransitive subject (3b) even if they’ve lost subject/ object properties (such as
the ability to be modified or replaced by an interrogative pronoun) synchronically
(Lessan Pezechki and Tournadre, 2014, 9), so the LVC typically consists of a nominal
with no overt case followed by an inflected verb,? though there are some expressions
which also seem to have a semantically light verb, coupled with a semantically heavy
case-marked nominal (3c; see also Randall, 2016, 71-91):

3 a NMERFIY c. Nwg<ay
gom.pa rgyag silbu=r ’gro
walk  strike piece=0BL go
‘to walk’ ‘to fall into pieces’

b. AIHTEY
’brug.skad rgyag

thunder strike
‘thunder strikes’

The term ‘light verb’ is not standard in work on Tibetan and related varieties. LVC-
like constructions, consisting of a highly conventionalised combination of a nominal
(or adjective) plus a verb acting as a lexical unit, are also known as ‘compound

2 Sometimes, there is an additional absolutive argument, so the light verb nominal may be better
described as caseless, not absolutive (Simon, 2011, 61).
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verbs/ verbal compounds’, ‘phrasal verbs’ (Agha, 1993, Denwood, 1999, etc.), ‘complex
predicates’ (Randall, 2016), ‘conjunct verbs’ (Matthew & Sumi, 2005 as cited in Randall,
2016) or ‘verbalised constructions’ (Bartee, 2007), and the verbal component may be
known as ‘verbalisers’ (Tournadre and Dorje, 1998), ‘support verbs’ (Simon, 2011), or
‘secondary verbs’ (see Randall, 2016, 8-12 for a terminological overview). Additionally,
since disyllabic nominals with a monosyllabic verb is the most common combination,
‘trisyllabic verb’ is also common (Zhao et al., 2016).3 These traditional terms cover
constructions not typically considered LVCs in general linguistics. The term ‘light
verly’ is also used by some authors (Zemp, 2018, e.g.) for semantically light auxiliary
or serial verbs like X ¢tshar finish’ or {5 yong ‘come’ which have distinct syntactic
properties: They generally follow a tensed verb root rather than a deverbal nominal,
and some exhibit properties like restricted inflectional possibilities and phonological
reduction (see DeLancey, 1991 for examples from Central Tibetan).

The three most common Tibetan light verbs are éﬁ byed, ’ﬂﬁ‘i gtong, and
T rgyag, typically encoding volitional action verbs, as in (1). Some examples with
non-volitional light verbs are as follows:

4) a BREAx c. FREHT
khong.khro lang gad.mo shor
anger arise laughter let.loose
‘to getangry’ ‘to let out laughter’

b, SHFHIII
mgo.skor thebs

fraud arrive
‘to be cheated’

Light verbs also encode honorific/ humilific status, as in the following:

G) a. ‘ﬂq'qﬁ'@' c qS‘”*’éﬁ'
dga’.bsu zhu dra.par  skyon
welcome do.HUM photograph do.HON
:t,Q, welcome (hum.y ‘to photograph (hon.y
b SHNTeS

ngo.sprod  gnang
introduction do.HON
‘to introduce (hon.y

3 The terminological diversity reflects uncertainty as to whether the verb and nominal constitute
one ‘word’; although terms like ‘verbaliser’ and ‘trisyllabic verb’ strongly imply that they are a single
word, there are reasons to consider them separate words, e.g. the fact that the noun and verb may
be separated by forms like adverbs (discussed below). I will be agnostic on the issue.



122 —— RyanKa Yau Lai

There is no straightforward mapping from plain to honorific/ humilific forms. Though
skyon is generally used for rgyag ‘strike’, zhu and gnang are far more flexible; for
example, while the non-honorific version of (3) would use byed, zhu can also map to
ﬁrﬁ shod ‘say’.

The non-verbal element accompanying a light verb is most commonly, but not
always, a deverbal nominal (e.g. ’dra.par in (5¢) is not deverbal). Moreover, most
deverbal light-verb nominals are composed of two verbal roots, which do not neces-
sarily appear frequently as main verbs in the modern language (e.g. skad in (3c) is
uncommon as a verb). This is unlike English, where most light-verb nominals are
derived from productive verbs, e.g. look in take a look. Thus, measures based on
properties of the verbalised nominal in English corpus linguistics (e.g. using prop-
erties of the verb look when investigating take a look) cannot be straightforwardly
applied to modern Tibetan.

As in English, a single nominal can take on multiple light verbs with different
semantic nuances, and where the nominal is deverbal, the original verb(s) is some-
times also usable as a verb alone (6). Here, (6a) and (6b) differ in volitionality, and
(6¢) perhaps in aspect from (6a).

® a [NIFIHR c. QN&
bsam.blo gtong bsam
thought send think
‘to think’ (= 1b) ‘to think’

b, ANKFARET
bsam.blo ’khor

thought turn
‘to think of’

Light verbs can also accompany adjectives. These constructions are harder to detect,
since adjectives can also modify the verb — and in such cases, they may in turn have a
light verb nominal before them. Light verbs can also accompany light noun-adjective
combinations, e.g. R'NN'“'QSR{@ﬁ' sems.pa bzang.po byed ‘have a good heart’. I
thus leave the complex topic of adjective-light verb combinations to future research.
Similarly, I put aside constructions where an honorific light verb accompanies a
plain verb.

Syntactically, Tibetan light verbs are separable from their accompanying non-
verbal element by verb-modifying forms, including adverbs, adjectives, the indefinite
marker gcig, and the similative demonstratives ’di.’dra/ de.’dra (Randall, 2016, 47-63).
In this paper; I call these forms interveners. Arguments cannot intervene between
the light verb and the non-verbal element. Unlike in English, accompanying nominals
are usually not modifiable (Randall, 2016, 43-71), so determiner-based light verh
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detection methods in English (Stevenson et al., 2004; Tu and Roth, 2011) will also fail
for Tibetan.

2.2 Statistical properties of LVCs across languages

In this section, I first explain some notational conventions, then use them to introduce
statistical measures for LVC detection proposed in the literature, focusing only on
measures applicable to Tibetan.

Notation and definitions. Measures of statistical properties of LVCs, and collo-
cation more generally, are generally based on the following contingency table 1,
adapted to the case of light verbs.

Tab. 1: Contingency table for computing statistical measures of word association.

n -n Totals

v fny)  fleny)  fv)
v f(n-v)  f(=nv)  f(-v)
Totals  f(n) f(=n) N

Here, f refers to frequency, n stands for nominals, v stands for verbs, - means ‘not’,
and N is the total sample of candidate noun-verb combinations currently considered.
For example, if nis look and v is take, then f(n,v) is the frequency of take + look, f (-n,v)
is the frequency of take + nouns other than look, and f(-n,-v) refers to noun-verb
combinations with neither take nor look. The bottom row and rightmost column
represent column and row totals respectively: f(n) refers to the frequency of look in
noun-verb combinations overall, f(-v) refers to the frequency of verbs other than
take, etc.

In addition to the above frequencies, I denote estimated probabilities of a noun-
verb combination belonging to a particular cell in the table, estimated using frequen-
cies from the table, as follows:

p(n,v) = fin,v)/N, p(n) = fin) /N, etc.

Here, p stands for probability. (Technically, these are not actual probabilities, but
relative frequencies used to estimate probabilities). Thus, in our case of take a
look, p(n,v) is the estimated probability that the verb is take and the noun is look,
calculated by dividing the frequency of take + look by the total number of noun-verb
combinations considered.
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A final piece of notation is ‘conditional probability’. It measures the probability
that a nominal will be used given the verb, or vice versa:

p(n|v) = fin,v)/f(v),p(=v|n) = fi-v,n)/f(n), etc.

Here, the pipe | means ‘given’, so p(n|v) in our example means the probability that
the noun is look given that the verb is take. This is calculated by dividing the number
of times take + look appeared by the number of times take appeared.

Measures of association strength. f(n,v) itself has been used as a statistical corre-
late of LVC status (Tan et al., 2006, 51). Since a common assumption in the corpus-
linguistic literature is that light verbs are conventionalised combinations, they can
be expected to occur more frequently than more incidental noun-verb combinations.

Perhaps the most common measure for detecting LVCs is pointwise mutual
information (PMI) (Stevenson et al., 2004; Tan et al., 2006):

B p(n,v)
FMI =108, <p<n>p<v>>

Thus, PMI considers the how likely the noun and verb are to co-occur, normalised
by how often the noun and verb occur individually. Because the verb and nominal
components of LVCs are generally strongly associated with each other, previous
studies have frequently used high PMI as an indication that something is an LVC.
Zhao et al. (2015, 2016) the PMI approach to Tibetan.

Significance measures. Significance measures are based on significant tests that
quantify how unlikely the data would be if the two forms were not associated with
each other, such as y? and log-likelihood ratio (G, Dunning, 1994). This paper will
adopt G2, given its attractive properties over y? especially for skewed samples (Dun-
ning, 1994). G* is based on the difference between observed and expected counts.
Expected counts are the number that we would, on average, expect to see in a cell of
the contingency table if there were no association between the noun and the verb. It
is calculated as follows:

E(n,v) = Np(n)p(v), E(—n,—v) = Np(—n)p(—v), etc.

The G? statistic quantifies how much the actual table deviates from these expected
values. Technically, it is the log-likelihood ratio between the null hypothesis of inde-
pendence and the alternative hypothesis of dependence between the noun and the
verb. It takes the log of the observed divided by the expected frequency in each cell
of the contingency table, weighted by twice the observed frequency:

f( f=n,—v)

>V) i
E( E(—n,—v)

’v)

G6? =2 |f(n,v)log :‘l 4o+ fl-n, ) log
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Though, to my knowledge, significance measures have never been applied directly
to LVCs, they are widespread in collocation analysis.

Contextual measures. Apart from the association measures based on contingency
table values, Zhao et al.’s (2015; 2016) studies on Tibetan also considered the entropies
of the previous and next tokens. These values quantify how diverse the words
preceding and following the LVC are, respectively. A more conventionalised LVC
would be expected to appear in a wider range of contexts:

Hprev(nv V) =— Z (p(wprev|n7 V) 1Og2 p(Wprev|nv V)

Wprﬂ)

Hyexe(n,v) = — Z (p(wnext|n> v) 1Og2 P(Wnex|M, V)
Wrext
Here, wy,,, and wy,,; represent distinct previous and next word types, and } is the
summation symbol. Entropy is obtained by calculating the probability of each next
word type multiplied by the log of itself, and summing the results. A noun-verb
combination appearing in predictable contexts has low context entropy, and one
appearing in diverse contexts has high context entropy.

2.3 (A)symmetry and direction in collocation analysis

A popular notion of asymmetry or directionality in English corpus linguistics comes
from Kjellmer (2014, 112-115). Kjellmer distinguished between ‘left-predictive’ and
‘right-predictive’ collocations. In left-predictive collocations like wishful thinking, the
first form strongly predicts the second one but not vice versa; in right-predictive
collocations like from afar, the second element strongly predicts the first one. To
enhance clarity and use terminology that applies to languages with lexicalised N-V
combinations regardless of word order (and writing direction), I will refer instead to
‘noun-to-verb (N2V)-predicting’ (where the noun strongly predicts the verb but not
vice versa) vs ‘verb-to-noun (V2N)-predicting’ (where the verb strongly predicts the
noun but not vice versa) noun-verb combinations. Thus, to use English examples,
take + nap is N2V, while spite + face is V2N. Both notions will be considered when
investigating statistical properties in this paper. Generally, we expect LVCs to be
N2V-predicting, but not V2N-predicting.

There is relatively little work on asymmetric measures for LVC detection. One
exception, inspired by Dras and Johnson’s (1996) related work, is from Tan et al. (2006,
50), who propose the following measure:

DJ = fin,v)f(v)
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Thus, this measure also considers how often the verb appears alone; for two se-
quences with each co-occurrence frequency between the noun and the verb, the LVC
with the more frequent verb would have a higher DJ value. In a similar vein, Nagy
and Vincze (2011, 4-6) and Vincze et al. (2011, 118-120) see improvements in some
performance measures after adding a binary feature on whether a verb belongs to
the 15 most common verbs in the corpus.

Other than these purely frequency-based measures, there are two other types of
asymmetric measures. Firstly, in asymmetric/ unidirectional association measures,
there would be separate measures for the nominal’s attraction to the verb (which
would be higher for V2N-predicting combinations) and the verb’s attraction to the
nominal (which would be higher for N2V-predicting combinations).

Michelbacher et al. (2007, 368—369) propose two asymmetric association mea-
sures. The first is conditional probabilities, i.e. p(v|n) and p(n |v). The second method
is rank-hased: For each word, they list its collocates in terms of )(Z-statistics, and
use the rank of the collocate in the list as a measure of how much the collocate is
attracted to the word. The higher the value of the ranking (i.e. the lower the ranking),
the less attracted the collocate is to the node. Michelbacher et al. (2011, 254-257)
generalise this measure to apply to arbitrary bidirectional measures, including G;
this paper adopts this measure, denoting the rank statistic as rank(G?).

Gries (2022, Sec. 2.1.2) offers unidirectional association measures based on the
normalised Kullback-Leibler Divergence (KLD), which measures how different a
distribution is from a baseline distribution. When examining how much a verb is
attracted to a nominal, we compare the distribution of verbs given the noun to the
distribution of verbs in the corpus overall using the following KLD formula:

p(v|n) p(—v|n)

p(v) p(—v)
If there is no association between the verb and the nominal, there would be little
difference between p(v|n) and p(v) and between p(-v|n) and p(-v), pushing the KLD
close to 0. KLD is normalised with the following formula so that it lies between 0 and
1:

KLD,_,, = p(v|n) logz +p(-v|n) 1Og2

KLDR = 1 ¢ FP

The nominal’s attraction to the verb is calculated identically, just swapping the v and
n around:

p(n|v)
p(n)

+p(-n|v)log, p;%nrll)v)

KLDPom =1 — e KDy

)

KLD,_,, = p(n ‘ v) 1Og2
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Finally, AP (Gries, 2013, 143-155; Desagulier, 2016, 189-195) takes the difference be-
tween the probability of the verb given the noun and the probability of the verb
given all other nouns (for measuring the attraction of the verb to the noun), and the
difference between the probability of the noun given the verb and the probability of
the noun given other verbs (for measuring the attraction of the noun to the verb).

APy, = p(n|v) —p(n|-v), APy, = p(v|n) — p(v|-n)

The second type of measures examines how flexible one slot in a collocation is, given
another slot, which I refer to as ‘slot productivity measures’. For LVCs, this means
how flexible is the verb given that we know the nominal, and vice versa? Gries (2022,
Sec. 2.1.3- 2.1.4), for example, proposes two such measures. Firstly, he offers ‘type
frequency’ (TF). In the LVC case, this means the number of distinct nouns that can
appear with the verb (TF(v)) and vice versa (TF(n)). Secondly, he offers ‘normalised
entropy’, which measures how predictable the distribution of nominals is given the
verb, and vice versa:

%, pv|n)log,p(v|n)

Hporm (v | n) = long(n) ,
—>,p(n|v)log,p(n|v)
Hnorm<n ‘ V) = 10g2f(v)2

Thus, if a verb is hard to guess from the accompanying nominal, then H,,,,,(v|n)
would be high; if the nominal is easy to guess from the accompanying verb,
H,5rm(n|v) would be low. A summary of measures is given in Table 2.

3 Problem and predicted patterns

In this section, I will first introduce N-V combinations other than LVCs in Tibetan,
along with general expectations about distributional properties from an intuitive,
rather than quantitative, perspective. I then make predictions about how these
constructions differ distributionally from LVCs with respect to particular measures.

3.1 N-V combinations other than LVCs in Modern Tibetan
As mentioned in Section 2.1, the term ‘light verb construction’ is uncommon in

Tibetan linguistics. Some common alternatives like ‘compound verb’ or ‘complex
predicate’ do not invoke a semantically lighter verb — perhaps precisely because
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Tab. 2: List of measures reviewed in Section 2.

Measure Symbol Symmetry  Concept operationalised

Raw co-occurrence frequency  f(n,v) Symmetric Co-occurrence frequency

Pointwise mutual information ~ PMI Symmetric Association strength

G-squared statistic G? Symmetric

Context entropy Hprev(n,V) Symmetric Context diversity

Hnext(n,v)

Dras-Johnson measure DJ Asymmetric  Verb frequency,
co-occurrence frequency

Conditional probability p(n|v), p(vin)  Asymmetric  Association strength

G-squared rank ranky-n) (G%)  Asymmetric

rankoy) (G%)
Normalised Kullback-Leibler KLD (™™ Asymmetric

divergence KLD(n-yy"0™
AP APyny, APnjyy  Asymmetric
Type frequency TF(n), TF(v) Asymmetric  Flexibility of one slot
given the other
Normalised entropy Hrnorm(v | N) Asymmetric
Hnorm(n | V)

there are constructions placed in this traditional category where the verb is not
actually lighter.

Firstly, sometimes the nominal is highly predictable from the verb, rather than
vice versa, such as (2a). Another example is as follows — Randall (2016, 37) considers
all these complex predicates:

7 a XRAEAAN c. XRfaRqer
grod.khog rgyags grod.khog bshal
stomach full stomach cleanse
‘to be full’ ‘to have diarrhea’

b. FSfAFa
grod.khog ltogs
stomach hungry
‘to be hungry’

The verb in each case, especially (7a & 7b), is strongly associated with stomachs
semantically (in (7c), bshal seems to be most commonly used in the ‘diarrhea’ sense).
I call these ‘light noun constructions’ (abbreviated LN). The nominals generally do
not seem as ‘light’ as light verbs: They are predictable from the more specific verbs
but still carry significant semantic weight on their own. Thus, these constructions
are likely highly V2N-predictive but also somewhat N2V-predictive.
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Secondly, sometimes the verb and noun provide similar semantic information.

® a FIY c. Rmwaady
rkun.ma rku sems.thag gcod
thief  steal resolve cut
‘to steal’ ‘to make up one’s mind’
b. INT
zas za
food eat
‘to eat’

When the verb and noun are etymologically related, as in (8a) & (8b), this is called
‘lexical reduplication’ by Randall (2016, 113-115), or a ‘cognate object construction’
in other languages. While the two components are not exactly equivalent in (8c),
gcod ‘cut’ has several metaphorical meanings like ‘decide, solve’, and hence also has
relatively large overlap with the nominal. To include examples like (8c) and exclude
examples like IV MHNFA" rgyag.gtam rgyag ‘to make harsh remarks’ (Randall, 2016,
114), where the nominal contains a root in the verb but is not predictable from the
verb, I call these ‘mutually predictable constructions’ (abbreviated MuTUAL), which
are most likely both N2V-predictive and V2N-predictive.

Finally, there exist conventionalised collocations in Tibetan where the verb and
noun have clearly distinct semantic contributions, and yet remain highly associated.
While some work has put these constructions in the same category as LVCs and
the two other categories above, most previous work that do explicitly delineate the
boundaries of complex predicates, phrasal verbs, etc. (e.g. Agha, 1993; Bartee, 2007;
Randall, 2016), have focused on distinguishing them from constructions like these,
which I call DistiNcT. Compared to the other construction types, I expected these to
be less N2V-predictive and V2N-predictive (though of course, I still expect there to be
some predictive power).

© a QIIHR c. A=aXmar
yige gtong ming ‘dogs
letter send name hang
‘to send a letter’ ‘to give a nickname’
b. AV
deb klogs
book read

‘to read a book’
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3.2 Metrics examined and predictions

In this study, I will test most of the measures discussed in Section 2 on their ability to
distinguish LVCs from other constructions. Since I am artificially restricting discus-
sion to a subset of the full range of frequency values (i.e. taking the most frequent
ones), measures based only on raw frequency will be dropped. For G ranks, I use
ascending ranks to keep the intuition that higher value means higher association.
Ranks are defined to be maximal when G? is undefined, a phenomenon caused by
the noun appearing only with the verb or vice versa, indicating very high attrac-
tion. Since distributions with many low probabilities are often difficult to visualise
raw, the conditional probability measure is replaced by negative log-probabilities,
equivalent to ‘surprisal’ in information theory.

For bidirectional association and context entropy measures used in previous
studies, there is no predicted difference between LVCs and the other three categories,
since they primarily differ from LVCs in terms of the differential roles of the noun
and verbs.

Since it is generally easy to guess what kind of LVCs will follow a nominal, but
very difficult to predict in the other direction, I predict LVCs to have the highest
conditional surprisal for nouns given the verb (i.e. lowest V2N-predictability) and
lowest surprisal for verbs given the noun (i.e. highest N2V-predictability), except
perhaps for MUTUAL constructions, where the verb is also highly predictable from
the noun. By the same token, I predict LVCs to have higher G? ranks (since there are
many nouns for each given verb) and lower KLD and AP for nouns given verbs, and
lower G ranks and higher KLD and AP for verbs given nouns.

For slot flexibility measures, I predict that LVCs will have the highest type fre-
quency and normalised entropy for verbs, since they tend to be highly flexible and
compatible with a large number of event-denoting nouns, but make no predictions
for nouns.

Table 3 shows the measures examined in this study, along with my predictions.

4 Methodology

Zhao et al.’s approach detects light verbs based on a large proprietary dataset of raw
texts. Their error analyses reveal a fair number of false positives due to incorrect
tokenisation, such as inappropriately selecting the last two syllables of longer light
verb nominals, and examination of their results suggests that they may have been
biased towards political content.
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Tab. 3: Table of expectations about measures explored in this paper.

Measure Measure Symbol Compared to LVCs ...
type
LN DISTINCT MuTUAL
Bidirectional Pointwise mu-  PMI No expected difference
association tual informa-
tion
G-squared G? No expected difference
statistic
Context diver-  Context Hprev(n,v) No expected difference
sity entropy Hnext(n,v)
Unidirectional ~ Conditional -logap(n|v) Lower Lower Lower
association surprisal -logap(v|n) Higher Higher /
Chi-squared rankp-y)(G?)  Lower Lower Lower
rank ranky-n)(G?)  Higher Higher /
Normalised KLD(n-y)™ Higher Higher Higher
KLD KLD(y-m™™ Lower Lower /
AP APy Higher Higher Higher
APy n) Lower Lower /
Slot flexibility ~ Type TF(v) Lower Lower Lower
frequency TF(n) No expected difference
Normalised Hnorm(n]v) Lower Lower Lower
entropy Hnorm (v | N) No expected difference

Unfortunately, large corpora of modern Tibetan are not currently publicly available.
Moreover, because of advances in computational resources for Tibetan computa-
tional linguistics since then - including open-source tools like botok (Esukhia, 2023)
for tokenisation — it may be more promising to detect light verbs from a tokenised
corpus, minimising false positives due to inappropriate tokenisation. I thus base
my study instead on a smaller, open-source corpus (~1.3M word tokens) which is
balanced and tokenised, the Nanhai Corpus (Schmidt, 2019), then process it using a
variety of lexical resources.

My first step is to extract noun-verb combinations, where the noun takes no
case or relator noun, and acts as an argument or argument-like complex predicate
nominal (i.e. not part of an adverbial phrase modifying the verb — to use an English
analogy, if one were to say I took a walk in the park yesterday, took would be paired
with walk, not in the park or yesterday). The calculations were then based on these
combinations. Thus my methodology bears similarities with covarying collexeme
analysis (Stefanowitsch and Gries, 2005), though it is unclear that all the combina-
tions extracted indeed belong to a single construction (see Section 6 for theoretical
discussion).



132 —— RyanKa Yau Lai

The steps I followed were as follows. The final steps as described here are the
result of many iterations of trial and error, manually noting sources of false positives
and false negatives and modifying the automatic process to fix them using filters
and exceptions:

—  Step 1: Get candidate verbs by stemming and identifying all verbs in the corpus.

— Step 2: Get candidate nominals using existing dictionary resources.

—  Step 3: For each candidate verb, if there is a candidate noun before it, and there is
no intervening argument, case marker, copula or quotative marker, then classify
that noun-verb combination as a candidate noun-verb combination.

— Step 4: Lemmatise the verbs and create a frequency list of candidate noun-verb
combinations.

Since large POS-tagged corpora of modern Tibetan are not, at the time of writing, pub-
licly available (though this may soon change), I used a simple rule-based method for
the preprocessing steps, using dictionary resources to identify potential lexicalised
noun-verb combinations.

For Step 1, I began by creating a stemmed version of the corpus by removing
verbal agglutinative morphology tokenised from all words, including subordinators
Q’N " dus, 8N nas,§ na, qaﬁ' bzhin, nominalisers and light nouns %" ya, 8 ba, X
ra, 5"’13; mkhan, g rgyu, ’%’RN' stangs, 5‘”’ srol, SRN" thabs, ‘qaé&' bzhin, N sa,
WA yul, %“" rtsis, auxiliary q\ﬁ/ﬁ' ’dod, and negators &' ma and & mi. Exceptions
were made for common false positives (e.g. SERAR ma.ongs.pa which usually
means ‘future’, not ‘not having come’). I then retrieved the POS of the stemmed (but
unlemmatised) word from the Monlam dictionary (Monlam, 2016), since its JSON
version contains POS information, and also determined whether it was considered
a verb in Hill (2010). A word satisfying both criteria, not homonymous with a case
form (other than i na, more commonly a verb ‘to be i), the general extender z",’4'[’*1'

sogs or the indefinite article forms a’ﬂ zhig/ ?1’4'[ shig was considered a candidate
verb.

For Step 2, I first identified words that were most likely nouns, i.e. words that
either had ‘noun’ as their sole POS listed in the Monlam dictionary, or had NOUN as
their most common POS tag in ACTib corpus of Classical Tibetan (Hill and Meelen,
2017). (Both resources were important, since the ACTib list lacks modern words,
and Monlam is relatively small.) Some exceptions were again filtered out, and false
negatives common in the Nanhai corpus were brought back into the list. These
false negatives were found by searching headwords in Steinert (2023), a resource
combining multiple existing lexicographic sources. For each headword, Ilooked for
other headwords consisting of the current headword plus a verb identified in Step 1
(possibly followed by the infinitive ¥ pa/ X" ba). Headwords that satisfied this but
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were not previously identified as nouns were examined and, if I identified them as
nouns, added back to the noun list.

For Step 3, I separated each text into smaller text segments with the Tibetan
punctuation mark shad |, and within each segment, considered all the candidate
verbs. For each candidate verb, I identified an accompanying caseless noun as follows:
If there is a noun occurring between the verb and the previous verb (or the start
of the text segment if there is no previous verb), and there are no case markers,
quotative markers, copulas, or words found in neither Monlam nor ACTib intervening
between the noun and the candidate verb, then I extracted the noun + candidate
verb combination. A small handful of nouns, e.g. time and measure words usually
appearing in adverbials, were skipped over.

Of the noun-verb combinations extracted, I excluded the ones where the noun
was a relational noun; these nouns act like postpositions to the more substantive
nouns they follow, and thus do not form a single unit with the light verb. I then
manually went through examples where the noun and verb are not adjacent. Inter-
veners that appeared more than twice in the corpus were examined and the entries
with interveners indicative of problems were removed — this mostly included nouns
not recognised by the above method (including relator nouns), phrases indicating
that the noun was not directly dependent on the verb (such as subordinators), and
adjectives commonly participating in LVCs.

For Step 4, for each noun-verb combination, I used Hill (2010) to determine the
alternative forms of each verb stem. I then take the most common form of the verb
stem in the corpus as the lemmatised form.

I went through the resulting candidate N-V combinations and marked entries
appearing more than 10 times aslight verb, light noun, mutually predictive or distinct,
resulting in n = 155 noun-verb combinations whose statistical properties will be
examined below. If a false positive was found, I examined other LVCs with the same
noun or verb to determine whether they were false positives too.

5 Results

In this section, I will examine the results of each statistical measure from Section
3. For association and context diversity measures, I compare the measures across
the four categories of noun-verb constructions using Wilcoxo’s rank-sum tests, with
three contrasts per measure: between LVCs and each of LN, DISTINCT and MUTUAL.
Significance levels were at .05 with Holm-Bonferroni corrections among the three
contrasts. Undefined values (caused by zero counts in the case of G*) were removed.
For the slot flexibility measures, since each value is associated with multiple N-V
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combinations with the same noun or verb, I instead fit a Dirichlet regression with
the location-scale parametrisation, the proportion of each N-V combination type as
the response variable, and LVC as the baseline category, and examined the p-values
for whether the fixed effects of the slot flexibility measures are significantly different
from 0, with the same correction. A significant coefficient for a non-LVC category
indicates that the odds of a construction belonging to that non-LVC category over
the LVC category varies according to the slot flexibility measure in question.

5.1 Bidirectional measures of association

Examining the PMIs of different collocations reveals that high-frequency LVCs (Figure
1), while having highly positive PMI values, actually tend to have lower PMI values
than high-frequency LN, DISTINCT and MUTUAL constructions. In particular; LN
and LV constructions have barely any overlap in distribution. For G? values, LVCs
are similar to DISTINCT constructions, but still much lower than LN and MUTUAL
constructions. Wilcoxon tests show that PMIs’ distribution is significantly different
than the other three types except for DISTINCT (p = 0.00280 for LN, 0.37182 for DISTINCT,
0.00030 for MUTUAL), though not G values (p = 0.0467 for LN, 0.0189 for DISTINCT,
0.4013 for MutuAL). These results heavily suggest that traditional LVC detection
methods that use bidirectional association will, if anything, end up favouring types
of frequent N-V combinations other than LVCs.

Construction type
0.006 - iati
>03- E“.“I r ..It i |:| Distinct
! -:,2-%\ a I"'LM-,II %\_ Light noun
Dg1- @ 0.002-
= ] = i \‘5 T Light verb

2 4 6 810 200 800 Mutual

Fig. 1: Kernel density estimates with Gaussian kernels with standard deviation bandwidths for (a) PMIs
and (b) 2.

5.2 Context diversity measures

Context entropy, as discussed by Zhao et al. (2016, 140-141), does not seem to dis-
tinguish between the different types clearly, as there is considerable overlap in the
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data from all the construction types, as shown in Figure 2. Wilcoxon tests show a
significant difference between LVCs and DISTINCT constructions, but not the other
two (preceding tokens: p = 0.1653 for LN, 0.0045 for DISTINCT, 0.9247 for MUTUAL;
following tokens: p = 0.55 for LN, 0.000014 for D1STINCT, 0.90 for MUTUAL), most likely
simply because DISTINCT constructions are more common, leading to a larger sample
size.

Construction type

L] r
//:'}_‘F Izl Distinct
- ‘{ w Light naun
Y ’ d
o = | Light verb
- h Q“;%./ g

g 1 gl

Z
Mutuzl

Entropy of the next token

o 2 4 B

Entropy of the previous token

Fig. 2: Context entropy with estimated 95% bivariate normal ellipses.

5.3 Unidirectional association measures

The unidirectional association measures show very clear separation between LVCs
and other types of constructions (see Figure 3). In fact, all four show the same pattern:
In LVCs, the verb is attracted to the noun far more than the noun to the verb. Again,
LNCs are especially divergent from LVCs.

Other than rank(y?), the unidirectional association measures encode virtually
identical information, as shown by the scatterplots and correlations in Figure 4 on
page 137.

This pattern can be easily explained. The p(n |-v) value (in AP) and log, é’;r‘l;’ )
value (in the KLD) are virtually negligible in this case, where a very large number of
nouns corresponds to a very small number of verbs. For AP, this means the value is
virtually equivalent to p(n|v). For KLD, since each noun is very rare in the corpus,
this means p(-n) = 1. Hence,

KLDJ™ ~1— exp(—p(-n | v) log, p(-n |v))

which depends only on p(-n|v) =1- p(n|v). Wilcoxon tests were thus excluded for
AP and KLD. Remaining tests, shown in Table 4, found support for all differences
except the ones for the verb’s attraction to the noun in the cases of MUTUAL and LN.
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Fig. 3: (a) Surprisal, (b) G? ranks (with undefined values defined to have highest rank), (c) AP and (d)
KLDs with estimated 95% bivariate normal ellipses. The dashed line indicates positions where the
unidirectional measure is the same in both directions.

5.4 Slot flexibility measures

There were also clear relationships between slot flexibility measures and type of
expression. Figure 5 shows the normalised entropy and type frequency values of
verbs, along with a corresponding barplot showing the proportion of each category.
LVCs are most common at higher values, while LNCs and to some extent MUTUAL are
more common at the lower end, and DISTINCT constructions appear throughout. The
opposite situation is shown in Figure 6, where LVCs are concentrated at the low end
of the spectrum, and the other three categories are concentrated on the high end.
Figure 7 shows that the type frequency and entropy measures are also correlated,
albeit not as much as between the unidirectional association measures.

The Dirichlet regression model revealed that type frequency of nouns and nor-
malised entropy of verbs given nouns are significantly associated with the odds of
getting LNCs over LVCs and DISTINCT constructions, but clearly not for MUTUAL ones
(Table 5). Likely due to the low power, there was no comparable result for verbs.
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Fig. 4: Correlations between surprisal, G? ranks, AP and KLDs, for measurements of the noun’s attrac-
tion to the verb. Surprisal, AP and KLDs are virtually just rescalings of each other. A similar pattern holds
for the verb’s attraction to the noun but is not shown here.

Tab. 4: P-values of Wilcoxon tests between LVCs and the three other types, with significant results (at
.05 significance level and Bonferroni correction with g = 3) shaded.

LVCs ... with LN with DISTINCT  with MUTUAL
-logzp(n|v) 0.00040 6.0 x 107 6.3x10°
-logap(v|n) 0.081 1.4 %107 0.44
rank-y)(G%) 0.00024 1.3 x 10" 0.00023
ranky-n(G%  0.2623 0.0016 0.5598

5.5 Combining measures

Summing up the results above, we get Table 6. Differences that are significant but
small are written as ‘slightly’, and differences that are insignificant but visually clear
and have relatively small p-values are written as ‘possibly’ higher/ lower.

A question that arises from these results is whether the various measures that
show differences between LVCs and the three other construction types provide
overlapping or redundant information. A principal components analysis of the
above measures (other than the context diversity measures, replacing G with y?,
which has the same patterns, because of the presence of undefined values for G?)
finds that 87.5% of variation in the data can be represented in three dimensions. The
variables are plotted in Figure 8 and the individuals in Figure 9.
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Fig. 5: (a) Normalised entropies of the noun given the verb, (b) type frequencies for each verb, and (c)
proportion of the four constructions for each verb.
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Fig. 6: (a) Normalised entropies of the verb given the noun, (b) type frequencies for each verb, and (c)
proportion of the four constructions for each verb.

The first dimension (42.6% of the variance) is primarily correlated positively with
high PMI and y?2 (i.e. bidirectional association) and negatively with measures associ-
ated with lighter verbs/heavier nouns (i.e. verbs are more attracted to the noun, and
nouns are more flexible given the verb); thus, LVCs tend to have very low values
and LNCs high values, with MUTUAL/DISTINCT in between. The second dimension
(29.9%) is mostly associated with high bidirectional association and low values of
measures associated with lighter nouns/heavier verbs; hence the MuTuAL and LN
constructions, where nouns are more predictable from the verb tend to have the
highest values. The third dimension (8.8%) is dominated by high noun entropy, and
weakly separates LNCs and MUTUAL (lower values) from some of the LVCs and Dis-
TINCT constructions (higher values). The large overlaps in arrows in the diagrams
indicate considerable overlap in the information encoded by different measures,
with three main ‘clusters’ of measures indicating light nouns/heavy verbs, heavy
verbs/light nouns and bidirectional association respectively, with the entropy of the
noun given the verb being independent from all of these.
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Fig. 7: Scatterplots of the relationship between logged type frequency and entropy for verbs (a) and
nouns (b).

Tab. 5: P-values of Wald tests for the significance of Dirichlet regression coefficients, with significant
results (at .05 significance level and Bonferroni correction with g = 3) shaded.

LVCs ... with LN with DISTINCT  with MUTUAL
TF(v) 133 166 .0502

TF(n) 2.19 x107 .0147 .956
Hnorm(n|v) 158 .868 697
Hrnorm(v|n) 1.82x1072 .00427 314

6 Discussion

6.1 Asymmetry in measuring and detecting co-occurrence

The results of this paper show that, while linguists have traditionally assumed that
LVCs can be detected using high bidirectional association, LVCs actually have weaker
bidirectional association than other conventionalised N-V pairings at high frequen-
cies. Thus, the corpus linguist looking to detect LVCs may need to consider a nonlinear
relationship between bidirectional association and LVC status to tease LVCs apart
from other types of constructions.

More generally, collocation and covarying collexeme analysis would benefit from
looking beyond bidirectional measures of association, and start combining them
with asymmetric measures, including both unidirectional association measures
and slot flexibility measures (Gries, 2013, 2022). In this case I found substantial
redundancy between different measures — including some variables that, because
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Tab. 6: How different measures distinguish LVCs from other types of conventionalised noun-verb
combinations. Significant results are shaded in grey.

Measures type Measure Compared to LVs...
LN DISTINCT MuTUAL

Bidirectional PMI Much higher / Higher
association G? Possibly higher / Possibly higher
Context diversity  Hprev(n,v) / Slightly higher /

Hnext(n,v) / Slightly lower /
Unidirectional -logap(n|v) Lower Lower Lower
association -logap(v|n) Possibly higher Higher /

rank(nﬂv)(GZ) Lower Lower Lower

ranky-n)(G?) Possibly higher Higher /
Slot flexibility TF(v) Possibly lower Possibly lower Possibly lower

TF(n) Higher Higher /

Hnorm(n| V) Possibly lower / /

Hnorm(v | 1) Higher Higher /

of the properties of the current dataset, are virtually rescalings of each other, but
there remain at least three major clusters of variables, plus an additional variable
(noun entropy) independent of the rest; they all seem to play different roles in
distinguishing the four types of constructions.

6.2 Slot asymmetry and the construction hierarchy

As mentioned in section 2, Tibetan linguistics literature typically uses not the term
LVC, but other terms like ‘compound verb’ and ‘complex predicate’ that consist mostly
of LVCs, but also contain constructions of the other three categories. For example,
Randall’s (2016) complex predicate includes many LN and MUTUAL constructions,
and even at least one DISTINCT construction \fﬁﬂ]'“'\’gﬂ]' khog.pa sngog ‘inside’ + ‘dig’
= ‘ferret out information’.

While LVCs and LNCs both typically have one relatively productive and one
relatively unproductive slot, DISTINCT constructions have two productive slots and
MUTUAL ones are lexicalised with two unproductive slots. Borrowing terminology
from the literature on serial verb constructions (a different type of complex pred-
icate; Aikhenvald and Dixon, 2006), the first two are asymmetric and the second
two are symmetric. Randall’s grammatical tests show that there are constructions
from the four categories which can all be seen as belonging to one overarching
complex predicate construction, with LVCs being particularly asymmetric and hence
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Fig. 8: Map of the different variables on the first four principal dimensions. The colours indicate
squared cosine values: The larger the number, the greater the amount of variation inside that variable is
represented by the dimensions in the graph.

the fixed verbal slot (light verbs) acts like a grammatical verbaliser, and the rest
having less grammaticalised properties. This situation resembles what Lai and Pang
(2023) describe for the Cantonese causative-resultative construction: this serial verb
superconstruction also subsumes asymmetric subconstructions with the first slot
highly productive and second one unproductive or vice versa, and relatively symmet-
ric subconstructions where both slots are highly (un)productive, contra established
assumptions that serial verb constructions in a specific language can be enumerated
and classified simply into symmetric vs asymmetric. The Tibetan data suggests that
a similar situation obtains for complex predicates derived from the dereferentialisa-
tion of the argument in argument-verb constructions.

7 Conclusion

In this paper, I explore several measures of conventionalisation as they apply to
high-frequency noun-verb combinations in Tibetan to see how well they distinguish
light verb constructions from other constructions, including light noun construc-
tions, mutually predictive constructions, and constructions whose components have
distinctive semantics. I find context diversity does not clearly distinguish between
them. Bidirectional association measures, whose high values are typically taken to be
strong indicators of LVC status, turn out to be lower for LVCs than the other three. By
contrast, unidirectional association and slot flexibility measures better distinguish
between LVCs from other construction types; while there is substantial redundancy
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Fig. 9: Map of the different N-V combinations on the first four principal dimensions.

between these measures, they do have contributions independent of bidirectional
association, and noun entropy may have a contribution independent of all other
factors. I conclude that to characterise the statistical distributional properties of LVCs,
it is important to look beyond classic association measures, and examine measures
that zero in on the differences between the nominal and verbal slots. It is hoped that
future LVC detection methods will add unidirectional association and slot flexibility
measures.

Although the points raised in this paper are limited to Tibetan, they may also
apply to light verb detection more generally. For example, English also has N-V
collocations where the verb predicts the noun (part ways), the noun and the verb have
similar semantic contributions (sing a song, fire a shot) or where the two elements’
contributions are relatively distinct (slice carrots). It is also hoped that even more
potentially useful characteristics of LVCs, such as semantic domains (Taslimipoor
et al,, 2012; Vaidya et al., 2016; Singh et al., 2016), distribution of interveners, argument
structure (Simon, 2011; Singh et al., 2016), and register (Tibetan LVCs are considered
more informal than MUTUAL and DISTINCT constructions with similar meanings;
Geissler, 2018, 11) may be considered for the Tibetan LVC detection toolkit in the
future. Finally, as this paper focuses on high-frequency combinations, it rests on
the general assumption that LVCs are conventionalised combinations; however, it
is possible that there may be LVCs that are created on an ad hoc basis. I leave it
to future work to investigate this issue in more detail, which may require larger
datasets and more precise measurements of productivity than have been explored
in this paper.
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