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Introduction

e Master’s Student in Data Science

e Interdisciplinary Project
o “Solve a practical problem in interdisciplinary project work”
o  Problem should not be primarily based in IT or Mathematics.
e Got in contact with Project “Tarim Brahmi”

o ‘“allow the comprehensive paleographic investigation ... ” [of Tocharian]
o by linking relevant data about manuscripts in one place



The Tocharian Language(s)

e \Was discovered around 1900
o along the routes of the Silk Road
o inthe Tarim Basin
e Actually two very similar languages
o Tocharian A (TA) - found to the east
o Tocharian B (TB) - found to the west

e 4th to 10th century CE

e Manuscripts are often translations of Sanskrit
o Buddhist, scientific, administrative documents.
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Indo-European Languages

TA B english Latin Sanskrit | Persian
kant kante | hundred | centum | $atam | sad
pracar procer brother | frater bhratr baradar







Project “Tarim Brahmi”

e Cooperation between University of Vienna & Austrian Center for Digital
Humanities and Cultural Heritage

e “... link the text witnesses to their digital facsimiles on the character level and
to publish this material together with a TEl-encoded dictionary in an online
database” [7]

e "“... all quantifiable features of all characters, ligatures and words will be
extracted and compared using software tools” [7]

e Currently working on the dictionary



satkatar

Lemma

Word class Finite verb form
Language:

Lexeme variants

Current Progress R

rb “to spread out”
= Present 3
= Subjunctive 5
kalune verbal abstract
= Preterite 1
= sdtko preterite participle

Person

Number:

Tense/Mood nt
Stem: Present
Stem class 3
Voice Middle

Inflectional paradigm
Present

Singular Plural Dual
Active Middle Active Middle Active Middle

séatkatar

Transcription
(ka)-

Preterite

Singular Plural

fiom srasissi $ alymentwam s atdr : yark ynanmune N to tsre neya as kal(pna)
at U Klyu tsrasiss k kdlyment n atdr : yark ynanmune nam poto tsrassuneya p,kas ké A Middie T Middie Actlic

a2 -l :yuknal ymarédk URCES onal ymarédk yatlune : 1 tsrasis$i mak nispalntu tsrasissi mak (Skam) (sha)- First
a3 -ssef : ndm > yas tsrasisac kumsefre—y&rant tsrasisac : tsrasii waste wrasa($si) Second
a4 tsrasi$$i ma praski nas : tdmyo kasu tsrassune p,kam pruccamo fi pélskam : || tsrassuneyo tdm(n)e (ne)- Third stak satka-m
a5 -s (pra)stam siddharthes lant se sarvarthasiddhe bodhisattu samudram karp fiemisim pra yes nemi - - -
a6 - |i - sarth jambudvipac pe yamurds spat komsa knukac wr spat komsa pokena - - - -
b1 - (kd)lk it komsa lyomam kalk komsa waélts paltwayo opl ) v E I arnm(am) (kélkora)- Occurrences: 4
b2 -s pan kursarwa ar{p/s}lasyo rarkusam tkana kalk : tmas rakstsassi dvipam yes tmaés
b3 baladvipam yes tmés Stwar-wakna arslas{l/y}o rarkuncés isands kcdk stwar-wékna spe(siné)- sétkatdr
b4 -s«td» klumtsasyo sopis sagares lant lafici wast pasantas $awes empeles (n)a(ka)- Alal g, flom klyu tsragissi sak kalymentwam sétkatér
b5 -s asuk katkords sagarem lar cindamani wmar torim kalpat poficim jambudvipis e(kro)- A2b2  kasu fiom klyu amokisap kalyme kalyme satkatar
b6 -rile k $lak skam || samnernam || maski katkalam efic tsrasifi samuddra : traidhatuk sams(ar) (tsra)- 3 A37bS bs> -1rd : Klyu' sé(tkatdr)
-(ssuneyo) 4 A 79 b5 neyo ya(mu) nu pél akntsassi satkatar tri apaytwam : 1 (yd)sluntam pe




The Problem



The Problem

e Create a dictionary of all tokens + morphological & grammatical information
o Lemma
o Grammatical Tags in multiple categories (case, pos, gender, ...)

e Manually annotating each token/type is very time consuming

e Solution: Train predictors for lemma and grammatical information
o Iterate over the tokens of all documents

e This project was not:
o beating a benchmark
o comparing different architecture
o exploring the best parameter setting



Goal

Token

Model

Lemma + gramm.Tags

“Worten” => “Wort” + [plural,dativ,...]



Morphological Disambiguation

e Finding the correct grammatical parse for the morphemes of an inflected word
o commonly includes lemmatization
e Definition & Approach depends on language

o english: inflective (barely), but very ambiguous
o turkish: agglutinative, vast vocabulary, modular

dogs - dog(N+pl)
are - be(aux+pres+3+pl)
are - be(pres+2+sg)

saglamlastirmak - saglam/(adj) las(verb+become) tir(verb+caus) mak(noun+nom)
= “the thing that causes something to become strong”



Tocharian Declension

e 10 Cases

o 4 Primary Cases: Nominative, Genitive, Accusative, Vocative (only TB)
o 6 Secondary Cases: Perlative, Comitative, Allative, Ablative, Locative, Instrumental (only TA)

e Secondary cases attach to [stem] + [acc.]
e Seems inflective

" King n

nom.sg | walo

acc.sg | lant

all.sg | lantas




Derivational Morphology

e Productive morphemes can stack together
o Seems agglutinative

snai preposition | “without”
snaitstse adjective | “poor”
shaitstsanie noun | “poverty”
snaitstsannesse adjective | “pitiful”

Ultimately “snaitstsanfiesse” is an adjective.



Mode of Disambiguation

disambiguate(x) = {lemma(x), p € pos, ¢ € case, ., V € voice, ..}
pos {noun, adj, verb,uninfl, unkn}
case {nom, gen, acc, voc*, per,com,all,abl, loc,ins*}

gender {m, f,n}

number {sg,pl,du}

person {1,2,3}

tense {prs,sbj,impf, opt, pret, imp}

voice {act,mid}
*language specific



Data Exploration



</pos-a>

B_prahati” ~"prahati®>

<pos-n ty

<meaning>Indian nightshade, Solanum indicum [a medical ingredient]</meani
<pos val="pos-n"/>
<stem_gender/>

<nominative

<accusat

<plural nfl-pl
<etym>Skt. &1t;i&gt;brhatislt;/i&g

<word id="F_B p im>

Khot. &lt;i&gt;brrahatti&lt;/i&g

<case
<case
<number
<gender/>

<phon id=

<form>prahati</form>

<accent-rule

<accent-rule

<accent-rule
</phon>
<phon id= in>

<form>br&hati</form>

<accent-rule

<a nt-rule

<accent-rule

</phon>
</word>
<word id="F

<case
<case
<number num-pl"/>

<gender/>

<phon

<form>prahatinta</f
<accent-rule
<a

ent-rule

<a
</phon>
</word>

</pos—-n>

<pos-n type irma i irmak

<meaning>~ treasurer (lit: measurer)</meaning>
n"/>

<pos va

<stem_gender/>
<note>
<bibl
<ti
</bibl
<word id="

.0">yirmakka*</hi>.</note>

<case
<number
<gender/>
<note>
<bibl iIn
<title
</bibl>: s.v.

ns/1.0">yirmakka*</hi>.</note>

akka"™>

<phon id

<form>virmakka</fo

tkalfie - nti dharma ka - sa ka ste « - fie nam md -ce - sam khya - a -k-a -

THT 1450.d| - k- r-fi- $kau sa i - kUce tne sa riii kwd lype l-e — ntse a nte ke A& ssa -su wa 33k maiyya —
pelaikne -s- ss— e -n- rt-i t&f ersna we Sai - kauwwa pyappyaintsa - pi$ ydknesa ploryaimem -am asanaike -e -
tre n-a -

THT 3216| - fimantse -rd - paskem : na - fi- sk- ntd -y- kau rcca -e -

PK AS 16.2|ke ktsefi bram-fiskte mant wefia || pandurankédfiene |l wi-ppewdnne ksattaryi $palmem : Aiktem Samnamts
yédrkents= asam cai : pelaiknesse wintre cem saimtsa : centsak saimtsa kantdr se Saisse : 1 |l tusadk warfiai ksatri
posa te naus ydrkentse asam takare |l tumem mant cai ksa alyaik alanmem $amna enkalfiene naki kdrsormem alyauces
weflare |l katarosine |l stkentane trenkidltsa perne pefiyo muskitdr : enkalfientse sarmtsa ywarc ydrtos lkantir
wertsyamne : calle s wesdm misenta lauke tarkam enkalfie : warto wsemfiai saimtsa wes Sayem omte pintwatsa : 1 |l
tumem cai enkalfientse naki kirsormem kotanmasa warttone latem - ta no kUce yiknesa |l $awamiie-kwamane |l pw
enkalfienta rerinos Saul $awsante airpdcce : bram-fidkti ra yayatas warto wsemflai saim yamos : ompalskoiifies
spelkkessofic kdrsog naki klesanmamts : $le-maiyya ywarc ersante abhijfienta pi$ sdp no : 1 |l se tane teri ste
ente pafikti $aissene ma tsimos takam . twak maka kritayuk presciyamne kUse cai orotstse cimpamidecci bodhisatvi
takam cai ot tampak-yiknesa rsaki miskentir cenamts omte airpicce Saul saitsi skeyessontimts cimpamie sai
tardltse Saissem tdntsi alyine amalakimpa tasemane po wintarwa lkatsi raddhisa yatsi fidkciyai klautsaisa
klyaussi kidtkor ekamitte karsatsi + emske nemce ylai-fiskte bram-fizktesa warfiai fizktemts yarkesa yamassidlyi takam
tu yiknesa aurtsana aisamiienta pirkan-me - emske tot naivasamjfanasamjfayatam tdntsi

THT 1389.n| - ca ke lk- cakene pa -te ye kle - tuwak -

Dd 6.1| - krent spane lka -

PK Bois A27| - kunacamttre aksa . -

THT 147.5| - repacyem wikastsi -t-sc rémttdr no rdse -

THT 1439.f| - cchati gacch- md - sem -

PK Bois A21| - parra tarka se -

BHE 2192| — 1-a — gpd yi —

THT 587.b| - -ntsa snai kdrstau snai sotri - widtkaltsa siltafifie ramtd - aikne cpi aksissdm - ksa cpi nervvanne
s&f o —

THT 1857| - tw- ntse — ly- s-

THT 3891.al - pa - sna - : dva -
BHE 2386.k| - nt-r-e -e -i -1 ke -e l-ai —
THT 274 |kUce tom whawa ayorntad maittreyem$ca $idmtsisa papassorfie tonts pontants Scmofifia nesém $aissentse kentsa

pdrnna ma stdmom sili stana onolmi papassorfifiesa pdrna kUc= ayornta yamorntasa 30-5 kUse tomn yamdm wintdrwa
eynake ra ksa $amna Adktents fidktem maitreyem lkam su aksau R4S centsi tonmem ka ks= aldm pilko takam
aknatsafifiesa fidkti lafco wintre$si ma cai lkan-ne klyomiesa 30-6 papassorfie takamn ka seme ra ksa cok tanksa
twagsidm Ai Sariputra - maitreyem kUse ysassana pyappyain ra katam fid -a - kauc krUi -I - Samnantso cet= su
lkatsi 30-7 ma yatam sa yinmatsi meyyasa epretfesa $-t- miktewfie lantuffiesa ma r= amokint= aklorsa ma etreUdfai
meyyasa krent yamorsa adyorsa yatam $dmtsi maittreyesc 30-8 papassoriifiessem krentdm yayatasdm koklentsa ai - sa

ayorsse ai
pelemem 30-9 Slek te yatka pudiidkte Sariputri prasinne skas ydknesa maiwa kem tary yidltse po Saigsenne kodyidnma

fiesse pantaintsa $amna $&nmem maittreyemsc po Saissentse - ce samtk= ewkdn-m= onwafifie 14m samsarsse
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THT 3506| - ma ka Sy- n- m-a mai -

THT 1334.m| - mem postim — ss- a ya -
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THT 3830.c| - ma -
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Labeled Data

# types
# tokens
# documents

mean doc length

B
11268
29298
7057

20.4 tokens

TA
3955
13220
1635

33.24 tokens



41.9%

of samples are annotated (TB)

44.4% for TA

labeled data (N=11268)

unlabeled data (N=15560)

0.7

0.2

A




How complete are the annotations (rows)?

Completeness of Tags

Complgateness

pos-n
pos-uninf 0.8
@
i 0.6
o pos-a
o
o 04
S
pos-v-stem
0.2
pos-unkn
0

pos iemma_pos

numboer tense voice case gender

lemma person
Features



Ambiguity: How many words have multiple parses?

Ambiguity of Tags

® Influences choice of model

o low ambiguity: character-level
o high ambiguity: word-level & context

e answer: 30.04% (3386) pos-unind
e What kind of ambiguities?

Ambiguity

pos-n

pos-a

POS Tag

pos-v-stem

pos-unkn

lemma person number tense voice case gender pos lemma_pos

Features

samannesse — samane + nom + m + adj
samannesse — samane + acc + m + adj
samannesse - samane + [nom-acc] + m + adj



Approach



CoNLL-SIGMORPHON [4]

e Challenge in 2018

e Task 1: Inflection

o given: lemma + tags

o generate: inflected form

o  with low (1042), medium (1023) and high (10%4) numbers of training samples
e On alarge number of different languages

o inflective and agglutinative Ls represented

e Adequate reference for this project
o this is the inverse problem
o many languages in the challenge (inflective and agglutinative)
o according to this we have a medium to high number of training samples



A string generation task

e Common approach to SIGMORPHON
o and well performing (eg. BME-HAS Acs [5])

e Include the grammatical tags in the target string
o treat tags as characters
e Train (neural) predictor to generate lemma + tags

o character by character
o solves both lemmatization and grammatical tagging

“King"
lemma wal
l+a+n+t+a+$ - wta+l+all+sg nom.sg | walo

acc.sg | lant

all.sg | lantas




Sequence-to-Sequence Model

e predicts output sequence given input sequence
o uses some form of RNN
o enables different input & output lengths
e in this case: encoder-decoder seq2seq model [2]
e common for translation tasks
o language generation tasks in general

o often on word-level
o in our case: character level

Encoder

________________________




Attention

e Extension of encoder-decoder architecture

o decoder has access to all encoder outputs

o weighs encoder outputs (=drawing attention to certain elements)
e Advantages

o counters long sequence bottleneck

o provides feedback of the model

o increase performance

_____________________

LSTM .—>. LSTM .—>. LSTM

N N

madie et

________

________

________



Bahdanau Attention [1]

e “Additive attention”
o as opposed to multiplicative attention (Luong [3])

e computed in decoder step
e Steps

o calculate alignment from enc_outs and context
o softmax alignment (= attention_weights)

o enc_outs * attention_weights

o concat attended & embedded

enc
E context outs C -

decoder step

attention_w

[

SRl ] [ embedding ] :
enc_outs :

K

linear

LSTM

!

linear

H

softmax
e ——




Training Process

loss cross entropy
optimizer adam
learning rate le-4
batch_size 1
embedding_size 50
context_size 100

loss

1.2

1.0

0.6

0.4

— train loss
—— test loss

10




Evaluation & Results



Evaluation

e Split the per-sample evaluation in to two parts
o Lemma: Levenshtein Distance
o Gramm.Classes: Precision, Recall, Accuracy
e [evenshtein Distance
o count of operations to transform given string into target string
o operations: add, delete, substitute (characters)
e Precision, Recall, Accuracy

o calculated per gram.category
o tuning for recall would be ideal



1.21/1.87

Levenshtein Distance

test / val



val

Classification Metrics (TB val set)

type

M precision
W recall

0.8

M accuracy
average
precision 57.2%
60.8%
accuracy 82.2%

case gender  number  person tense voice

tag




Conclusion

e Scores are nowhere near perfect
o they do not need to be, since they will be checked
o team was actually positively surprised with the results

e Benefits of a black box model
o Team “Tarim Brahmi” did not need to know much about ML
o | did not have to learn Tocharian
o = less interdisciplinary work?
e Neural networks are hard to debug
o have a proper experimental setup
o do not get carried away
e Interdisciplinary Work
Communication is very important (vocabulary!)
Ideally: Linguists in control up until preprocessing step

How much do they need to know? How much do | need to know?
| was possibly very lucky considering the data situation

O O O O
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