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What is Parts of Speech (POS)

In traditional grammar, a part of speech (POS) is a category
of words, or, more generally, of lexical items, that have

similar grammatical properties.

Words that are assigned to the same part of speech generally display
similar syntactic and semantic behavior, and sometimes they undergo

morphological inflection similarly.



The History of Parts of Speech

The first description of parts of speech could be attributed to
Dionysius Thrax of Alexandria (c. 100 B.C.), who described 8 parts
of speech for Greek: noun, verb, pronoun, preposition, adverb,
conjunction, participle, and article.

These POS tags became the basis for descriptions of European Languages.



Parts of Speech in Arabic

Traditional Arabic grammar includes three parts of speech:

noun (ewl), verb (J=3), Functional word (3y>/4ad>9 daF),

Computationally, different annotation systems proposed different POS tagsets,
inspired by the need to describe lexical units with varying granularities.

The decision of which POS tag set to select depends on the desired task.



Existing POS Tagsets in Arabic

1. Buckwalter tagset: contains around 500 unique tags (for stems
and affixes), and untokenized (/combinations), this number gets
inflated to over 300k unique tags.

Example :

(dw)l): DET+ADJ+NSUFF_FEM_SG+CASE_DEF_ACC

This tagset is also used in the Penn Arabic Treebank.

There are several tagsets that evolved from the Buckwalter tagset with the goal
of reducing the number of tagsets to a more manageable number, such as the
Bies tagset, the Kulick tagset, and the Extended Reduced tagset.

@



Existing POS Tagsets in Arabic

1. Buckwalter tagset (Examples of Stem tags)

noun os!

noun_prop ek ewl \V; Slae Jad

ad] Ao PV ol Jad

abbrev Hbais| cV ;AT Jad

interj Cead IV_PASS Jogme e Jad

adv Sk PV_PASS Jsezme 92lo Jod

part 8151 VERB Jnd

prep x> INTERROG_PART+PV  (g5le Jxd + plgdicsl 810
con; o PV+SUB_CON!J Loy 8lal + golo Jab
adj_comp &)lie diyo NEG_PART+PV @2l Jad + (4 Bl

noun_quant  ewl
noun_num  Je el

adj_num dde dayo



Existing POS Tagsets in Arabic

2. Khoja Tagset:

177 tags: 103 nouns, 57 verbs, 9 particles (<lsl),
7 residuals (W319)), and 1 punctuation.

Example:

dowl (by his name) : PPr_NCSgMGI_NPrPSg3M



Existing POS Tagsets in Arabic

3. PADT tagset:

developed to for the Prague Arabic Treebank: 20 POS tags,
and includes information on 7 features.

Example:
148 : VP-A-3MP



Existing POS Tagsets in Arabic

4. CATiB tagset:

developed for the Columbia Arabic Treebank, this tagset
was designed with simplicity of annotation in mind, and
therefore contains only 6 POS tags.

Example:
Ogwydall: NOM



Comparison of Different Arabic POS Tagsets

Arabic Gloss Buckwalter/PATB CATiB Bies Kulick ERTS Khoja PADT
R 3..4..P fifty NOUN_NUM-+ NOM| CD | CD | CD |NNuCaPIM |QL------ 1I POS:NUM +MASC
Xams+uwna NSUFF_MASC_PL_NOM +PL +NOM
2l thousand NOUN_NUM-+ NOM| CD | CD | CD |NNuCaSgM|QM----- S4R POS:NUM
Aalfsa CASE_DEF_ACC +DEF +ACC
é L tourist NOUN+ NOM | NN | NN | NNM | NCSgMGI [N------ S21 POS:N
sAyiH+ CASE_INDEF_GEN +INDEF +GEN
IS5 visited PV+ VRB | VBD | VBD | VBD | VPPI3M |VP-A-3MP-- POS:V
zAr+uwA PVSUFF_SUBJ:3MP +PV +S:3MS
FWRW city NOUN+ NOM | NN | NN | NNF | NCSgFAI [N------ S4R POS:N
madiyn+afi+a NSUFF_FEM_SG+ +FEM +SG
CASE_DEF_ACC +DEF +ACC
U+ our POSS_PRON_1P NOM | PRP$ | PRP$ | PRP$ | NPrPPI1 |S----1-P2- +P:1P
+nA
Uod | beautiful DET+ADJ+ NOM | ]JJ |DT+JJ| DJJF | NASgFAD |A----- FS4D POS:AJ Al+
Al+jamiyl+ah+a NSUFF_FEM_SG+ +FEM +SG
CASE_DEF_ACC +DEF +ACC
3 in PREP PRT | IN IN IN PPr P-———————- POS:P
fiy
Jdsb! September NOUN_PROP+ PROP | NNP | NNP [NNPM Rmy N-————- S21 POS:PN
Aayluwl+a CASE_INDEF_GEN +INDEF +GEN
d\bu‘ past DET+AD] NOM | ]JJ |DT+]JJ| DJJM [NASgMGD |A----- MS2D POS:AJ Al+
Al+mADiy
. PUNC PNX |PUNC PUNC PU G-———————- POS:PX




Existing POS Tagsets in Arabic

5. Qabas tagset:

Developed at Sinalab,
based on SAMA, and used
to tag Qabas and many
corpora

See POS tagset and guidelines
https://sina.birzeit.edu/gabas/about
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R

ol

ple gl

..

L i ddua

e aul

oS ol

i

il i a

g sanall

Apan

sl

gobae at

BARA

Jsena (oale Jad

Jsene g e dad

gsaall

8lafe Jaaais 81 Ll 1ol algdiinn 3lafeci y1a ¢ gam sa il ¢ sum 50 i HLE) jpacac jpaia

Caadday 3ol 4 a Gia e jai sl 4 a Goa ooa G aalaleday ) 31l e jaislal el

Blafes L8] pacat ya Ciacalefind yracat ja Coa g ge pul + o Cia GBI 4 ja

eday ) Blabale Jrdcansd 4,8 8131 ¢ 81 e laa BlafeJUind 310 cCalae (a3 310l 41y
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s Bl Fday 5 Blalead
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https://sina.birzeit.edu/qabas/about

Existing POS Tagsets in Arabic

2PRON
5, esDEM_PRON
Jsas aslREL_PRON
Jsase CiEREL_ADV
<aBADV
cleiiu) sLINTERROG _PART
5. Qabas tagset: ) AINTERROGADY
eledin) ,uaINTERROG PRON
<) 3LIRESTRIC_PART
Jaaii 3JFOCUS_PART
¢35 3\VOC_PART

Functional Words

R a3 3hIDET
Nominals Verbs 2 PART
Ly,3:1SUB_CONJ
~~ NOUN ale J2i PV J» i APREP
. . < 38l + s G~ PREP + DET
¢l ~INOUN_PROP g ol =i |V L5+ s CisPREP + SUB_CONJ
44 ADJ | Jad i3l + » G APREP + NEG_PART
I d2 CV Jsease ol + jn Ca A PREP + REL_PRON
4,k 480 ADJ COMP Jseae ke J28 PV PASS pledin) jam+ » G APREP + INTERROG_PRON
: - - +—= 5l ye+ » i nPREP +DEM _PRON
se 4 ADJ_ NUM Jsene g olae Jé |[V_PASS i 3l + 1y, 3.ISUB_CONJ + NEG_PART
il CONJ
2 2 NOUN_NUM Juil sb|FUT_PART
ic jone3|PROG_PART
S axl NOUN_QUANT < 3:INEG_PART
o aul + i 5INEG_PART + NOUN
DIGIT Ly y3hi + e B3PV + SUB_CONJ
<sa asl NOUN_VOICE e 50 gl +dma.§ﬁ\lsTEEL|Jqlio_VERB + REL_PRON
=iilGi ~ ABBREV st _gsEXCLAM_PRON
i 8l + 1,3 o RC_PART + NEG_PART
2da/ded ol VERB

=2 3lVERB_PART
J=2 w4PSEUDO_VERB

a8 5 43le PUNC
>s=IEMOJI

k._||}.;_



5. Qabas tagset:

Existing POS Tagsets in Arabic

pMAll pund quun aMAsell waging aclgd

pdwdi) paeall iy plg .duguwlhll aldyhill oa 68 dgoal go Uil Lol ara 83)lgll allAaoll ,p_\Jﬁ_II pund aanil §pud droal Uu_l_a pa%o @ng
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Existing POS Tagsets in Arabic

5. Qabas tagset:
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Part-of-Speech Tagging

Part-of-speech tagging is the process of assigning a part-of-speech

to each word in a text.

The input is a sequence xy, X,, ..., X,, of (tokenized) words and a
tagset, and the output is a sequence y,, y,, ..., y,, of tags, each
output y; corresponding exactly to one input x.

Janet will back the bill
X, X, Xg X, Xg



POS Tagging and Ambiguity

Given a word out of context, such as ‘back’, POS tagging is a
difficult process.

my back hurts? (as noun)
| will back you up’? (as verb)

Similarly, in Arabic, ‘&3’ could have different tags depending on its contexts:
duydall Sl W gl S (as verb)

B died Cxdd (as noun)



POS Tagging and Ambiguity

There are many methods for POS tagging:
* The Hidden Markov Models using the Viterbi algorithm < c|55sicial Method

* N-grams with SVM

Frequency-based POS tagging < ALMA Morph Tagger

Sequence-to-Sequence using BERT (Transformers)

Generative Models



POS Tagging Using Hidden Markov Model (HMM)

HMM uses Markov Chains that operate on identifying a word’s
POS tag based on the POS tag of the previous word.

For example, in English, we know that a verb is more likely to be followed by a
noun than another verb.

0. 0.6

EORER D



HMM Representation

HMM are directed graphs, with weights on each edge:

NN (VB |O
NN(noun) 0.2 | 0.2 |0.6
VB(verb) |04 |03 |0.3
O(other) [0.2 |0.3 0.5




Building a HMM

The 4 matrix contains the tag transition probabilities P(t;|t,_ ;) which
represent the probability of a tag occurring given the previous tag,
using maximum likelihood estimate:

C(ti_1,t;) Example:

) pverblnoun) = S0orert)

P(t;|t;—1) =

These counts are extracted from large manually annotated corpora.



Building a HMM - cont.

The B matrix contains the emission probabilities P(w;|t;), represent the
probability, given a tag, that it will be associated with a given word.

In other words, what is the likelihood of a verb tag associating with the
word ‘back’ versus a noun tag?

Example:
C(t;,w;)

P(wi|t;) = C(ty) P(back|verb) =

C (verb back)
C(verb)




Using HMM

The simplest way to apply the HMM that is represented in matrices
A (transition probability) and B (emission probability), is by using a
greedy decoder called the Viterbi algorithm:

We pick that tag t; that will maximize the value of:

P(tt,.) * P(wit,)



POS Tagging using HMM with Viterbi Algorithm




Viterbi Probability Computation

Given a string s and token ¢

viterbi [s,t] =
max, ( veterbi[s ,-1] %
transition probability P(s|s’) %
emission probability P(token[?] | s)

)

For each s.t:
record which s’, t-1 contributed the max



Analysis Example

Tag the sentence:

Fish sleep.
Using the following simple HMM (transition probabilities):

0.2

0.1

start




Word Emission Probabilities

A two-word language: “fish” and “sleep”

Suppose in our training corpus:
— “fish” appears 8 times as a noun and 5 times as a verb
— “sleep” appears 2 times as a noun and 5 times as a verb

Emission probabilities:
C(noun fish) _ 8 8

Noun / C(noun) 248 10

— P(fish | noun) : 0.8
— P(sleep | noun) : 0.2
Verb
— P(fish | verb) : 0.5
C(verb sleep) _ 5 5

— P(sleep | verb) : 0.5 —_— Cver) T




Viterbi Probability

0.2 Fish sleep.

0.1

start

start

verb

noun

end




Viterbi Probability

0.2 Fish sleep.

0.1

Current token: <start>

start
0 1 2 3
start 1
verb |0
noun |0
end 0




Viterbi Probability

0.2 Fish sleep.
0.1
Current token: fish
start
transition * emission
/P(ti|ti-1) * P(wi|t;)
0 1 2 3

tart 1
star \\
verb |0 02%05=01a" |

e

noun |0 0.8 *0.8=0.64
end 0




Viterbi Probability

02 Fish sleep.
0.1
Current token: sleep
start
If fish was a verb
0 1 2 3
start 1
N
b |0 \ 0.2*0.5=0.1) <+—H0.1)*0.1* 0.5=0.005
ver by
noun | 0 0.8*0.8=0.64 * 0.2 * 0.2 =0.004
end 0




Viterbi Probability

0.2 Fish sleep.

0.1

Current token: sleep

start
If fish was a noun
0 1 2 3
start 1
N
verb |0 0.2*0.5=0.1 | 0.64*0.8*0.5=0.256
y'd
noun | O 0.8*0.8=0.64 —+0.64*0.1*0.2=0.0128
end 0




0.2

Viterbi Probability

0.1

Fish sleep.

Current token: sleep

start
0 1 2 3
start 1
R\
verb 0 0.2*0.5=0.1 8005 0.256
noun | O 0.8 ¥0.8=0.64 0004 0.0128
end 0




Viterbi Probability

0.2

0.1

Fish sleep.

Current token: sleep

start
0 1 2
start 1
R\
verb 0 0.2*0.5=0.1 6665 0.256
x

noun | O 0.8*0.8=0.64 06004 0.0128
end 0




Viterbi Probability

0.2

0.1

Fish sleep.

Current token: <end>

start
If sleep was a verb
0 1 2 3
start 1 .\\
verb |0 0.2*0.5=0.1 | 0-005 0.256
noun |0 0.8*08=064 “—06.004 00128
end |0 [ 0.256* 0.7 =0.1792




Viterbi Probability

0.2

0.1

Fish sleep.

Current token: <end>

start
If sleep was a noun
0 1 2 3
start 1 .\v\
verb |0 0.2*0.5=0.1 L 9:005 0.256
noun | O 0.8 *0.8=0.64 :\‘97994 0.0128
end |0 - 0.0128 * 0.1 = 0.00128




Viterbi Probability

0.2

0.1

Fish sleep.

Current token: <end>

start
If sleep was a noun
0 1 2 3
start 1
N
verb |0 0.2*0.5=0.1 | 9:005 0.256
x
noun |0 0.8*0.8=0.64 +—106:004 0.0128
end |0 0.1792 ©6-00128




Viterbi Probability

0.2

0.1

Fish sleep.

Current token: <end>

start
If sleep was a noun
0 1 2 3
start 1
N
verb |0 0.2*0.5=0.1 | 9:005 0.256
x \
noun |0 0.8*0.8=0.64 +—106:004 0.0128
end |0 0.1792 ©6-00128




Viterbi Probability

0.2

0.1

Fish sleep.

start
Decoding the result:
Sleep is a verb
0 1 2 3

start 1

\\ P —
verb |0 0.2*0.5=0.1 @ 0.256

x \

noun |0 0.8*0.8=0.64 +—106:004 0.0128
end |0 0.1792 ©6-00128




Viterbi Probability

Fish sleep.

start Decoding the result:
Sleep is a verb
Fish is a noun
0 3
start 1
\\ P —
verb |0 0.2*0.5=0.1 @ 0.256
\
noun |0 0.8 *0.8=0.64 -0:004 0.0128
NS
end |0 0.1792 000128




Viterbi Complexity

The Viterbi algorithm complexity is O(s?n), where:
— s: number of states

— n: number of word/tokens in the input
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ALMA Morphology Tagger

» Tasks: Lemmatizer, POS tagger, and root tagger (Frequency-based)

** Open-Source, part of SinaTools

» Performance: lemmatization (90.48%), POS (93.8%), speed (32K tokens/sec)
» Benchmarking the accuracy and speed of four tools

= Alma, Madamira, CAMel Tools, and Farasa

= Using two corpora (ATB and Salma).

=» Alma outperformed all tools in all tasks.

Mustafa Jarrar, Diyam Akra, Tymaa Hammouda: ALMA: Fast Lemmatizer and POS Tagger for Arabic. In
Proceedings of the 2024 Al in Computational Linguistics (ACLING 2024), Procedia Computer Science,
Dubai. ELSEVIER.



https://sina.birzeit.edu/sinatools/
http://www.jarrar.info/publications/JAH24.pdf

ALMA Online Demo

| SinalLab

ALMA ()

News Team Resources

Arabic Morphology Tagger

Lemmatizer, POS tagger, and root tagger.
Accuracy: POS (93.8%), lemmatization (90.48%), and speed (32K tokens/second). Outperformed all other tools
(see article).

AL a5 Aanaall il yaat 4l radll - gike Jlaa a5 Ao s ST el B el SOl gl
Lol (A ULV el

Morph Tagger Lemmatizer POS Tagger

= Downloads

Download SinaTools (Morph Module), you can also access ALMA memory (morphological solution
ordered by frequency) which is part of SinaTools.

Download Qabas lexicon that we used to build Alma.

[ + Benchmarks ]

[ = Publications }

Mustafa Jarrar, Diyam Akra, Tymaa Hammouda: ALMA: Fast Lemmatizer and POS Tagger for Arabic. In
Proceedings of the 2024 Al in Computational Linguistics (ACLING 2024), Procedia Computer Science,
Dubai. ELSEVIER.

. H - H Tymaa Hammouda, Mustafa Jarrar, Mohammed Khalilia: SinaTools: Open Source Toolkit for Arabic
https - //S I n a - bl rze It .e d U/al l I Ia/ Natural Language Understanding. In Proceedings of the 2024 Al in Computational Linguistics

(ACLING 2024), Procedia Computer Science, Dubai. ELSEVIER.




Alma Memory

+* Alma retrieves only the most frequent solution regardless of the context.

¢ All solutions for all Arabic words are collected and ordered by frequency.

< Alma’s memory is a lookup (8.7M word forms, 10.7M solutions):

[ {"Word Form": "<u",

"Solutions": [{"lemma": " <3", "pos": "NOUN", “root”: “<& s <, "frequency": L
{nlemmau: n Q;.‘;’l”, "pOS": "NOU N", ”root": Hatf ‘?’u' "frequency": }’
{"lemma": " <&4", "pos": "NOUN", “root”: “& s <, "frequency": b
{nlemmau: n Q;;’ln, "pOS": "PV", “root”: ”QLf ‘,A”, "frequency": }] }'

{"Word Form": "J\",
"Solutions": [{"lemma":" J>41", "pos": "NOUN_PROP', “root”: “J'J <, "frequency": 1}

{"Word Form": "aal",

"Solutions": [{"lemma":" é&l", "pos": "NOUN", “root”: “» J”, "frequency": L
{"lemma":" aa1", "pos": "NOUN", “root”: “» J”, "frequency": HH




ALMA System

Alma algorithm steps:
1. Exact-match-search: Search for exact match of a word.
2. Cleaning-search-again-loop: Sequentially applies following normalization
steps: (1) removing (J') prefixes, (2) replacing final (38) with (»), (3) unifying
Alef variants, (4) removing diacritics and (5) shadda. Then search again.
3. Out-of-vocabulary-lemmatization: retrieves a word with ”_ 0” suffix.

4. Out-of-vocabulary-root-tagging: retrieves the wordform itself as root.

(Optional) Out-of-vocabulary-POS-tagging: predict a POS using a BERT model.



‘ SinalLab

SinaTools
Alma

their system workflow.
Python APIs, command lines, and online demos.

Part of
SinaTools

(Open Source)

Morphology
Tagging

Semantic
Relatedness
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Recognition

Diacritic-
Based
Matching

SinaTools

Word Sense
Disambiguatiol

Relation
Extraction

https://sina.birzeit.edu/sinatools

Documentation GitHub Download  MIT License

News Team

Open-source Python toolkit for Arabic Natural Understanding, allowing people to integrate it into!

Modules:

~++ Morphology Taggin
Z'} p gy lagging

+ Named Entity Recognition
+ Word Sense Disambiguation
+ Semantic Relatedness

+ Synonyms

+ Diacritic-Based Matching

+ Relation Extraction

+ Utilities

|

Resources



Morphology Tagging

SinaTools

Python API

from sinatools.morphology import morph_analyzer

morph_analyzer.analyze('i.,..!

{

]

"token": "._.:i",
"lemma': "“oai,
"lemma_id": "202001617",
"root": ", . 3%,
"pos": M sl Jai",
"“frequency": "82202"
) PR
"token": "1, 11",
"lemma": "i3.",
"lemma_id": "202003092",
Lo a Ha 1y e
"pos": Meal™,
"frequency": "19066"
i
"token": " ",
"lemma": " 11",
"lemma_id": "202000856",
"root": ", 4 1",
"pos": " 4",
"“frequency": "7367507"
HAe
"token": "L,
"lemma": "L,
"lemma_id": "202002620",
"root": ", , ",
uposn: NF-..IH'
"“frequency": "145285"

Al et ')




Benchmarking Datasets

We used two datasets:

LDC’s Arabic Treebank (ATB): Part 3 V3.2
* 339,710 tokens (202,377 nouns, 32,135 verbs, 105,198 particles).
e annotated with features like lemma, POS, segmentation, and gloss.
* It has 13,031 unique lemmas (10,602 nouns, 2,229 verbs, 214 particles).
* News wires between 2001 and 2011.

Salma Corpus:
* 34,253 tokens(19,030 nouns, 2,763 verbs, 12,460 particles)
e annotated with various features including lemmas and POS.
* It has 3,875 unique lemmas (2,904 nouns, 677 verbs, 294 particles).
* MISA media sources between 2021 and 2023.



Lemmatization Benchmarking

Benchmarking challenges

* Both corpora use SAMA lemmas

* Four lemmatizers produce different lemma spellings

* MADAMIRA retrieves SAMA lemmas

* Almalemmas are mapped into SAMA lemmas

 Lemmas in CAMel Tools very close to SAMA lemmas without digits.

e Farasa drops digits, diacritics, Shadda, and Hamza



Lemmatization Benchmarking

Five scenarios of lemmatization: (1 & 4 & 3 b5 1 k) (Ladd! o b &l,3)
->True Lemmatization: exact matching. (3 <)
->Ambiguous Lemmatization: only digits are removing. ( < ¢C)

—=>Ambiguous undiacritized lemmatization: all diacritics except Shadda
are removing. ( S «Cw)

=>Loose lemmatization: Shadda is removing. ( <w)

->Baggy lemmatization: all Hamza forms are normalizing.(sbl) = (st ¢ i)



Lemmatization Benchmarking

Experiment ATB SALMA
Expl: True Lemmatization (Exact Match)

ALMA 87.82% 90.48 %
MADAMIRA 84.18% 85.53%
CAMeL Tools - -

Farasa - -

Exp2: Ambiguous lemmatization (without Numbers)

ALMA 91.50% 91.17 %
MADAMIRA 88.35% 86.60%
CAMeL Tools 80.88% 81.73%
Farasa - -

Exp3: Ambiguous undiacritized lemmatization

ALMA 93.25% 93.40%
MADAMIRA 96.08 % 93.24%
CAMeL Tools 90.65% 90.83%
Farasa 68.92% 70.78%
Exp4: Loose Lemmatization (striped)

ALMA 94.42% 94.97 %
MADAMIRA 96.73 % 94.48%
CAMeL Tools 93.64% 93.29%
Farasa 86.73% 91.28%
Exp5: Baggy lemmatization (striped and normalized)

ALMA 95.01% 95.88 %
MADAMIRA 96.94 % 94.55%
CAMeL Tools 94.81% 94.73%
Farasa 94.86% 95.33%




Alma Lemmatization Errors

Types of Errors :

» Ambiguous Lemmatization: Alma retrieves ( 1 d&bw) while (2 44bw) is the
correct one.

» Wrong Lemmatization: Alma retrieves the lemma (éi) for word (e49).

» Out of vocabulary Lemmatization: word not found in Alma memory (<))

Error ATB Salma

Category Noun Verb Particle All ‘ Noun Verb Particle All
Ambiguous 39.2%"30! 9.7%>3 11.9%%*7 60.7 %*"% 36%°7 7.0%"* 18.0%*" 61.2% 17
Wrong 23.8%3%208 6.5%% 8.9%73%63 39.29%134% 20.6%>7 11.7%3'¢ 6.4%'" 38.7 %16
010)% 0.10 %% 0.009%" 0.02%* 0.13%4 0.18%” 0.04%' - 0.22%°

(55)



POS Tagging Benchmarking

s Alma and MADAMIRA use the SAMA tagset (39 tags).
s* CAMeL Tools uses these 39 tags but with different naming.
+» Farasa uses a tagset of 18 tags.

** Three types of POS tagging scenario:
» True POS tagging: used the full 39 tags used in the ATB

» Simplified POS tagging: reduced the 39 tags into 13 simplified tags.

» POS Category tagging: reduced the 39 tags into 3 tags/categories.



POS Tagging Benchmarking

ATB
True POS  POS Simplified POS Category
Alma 92.7% 93.1% 97.5%
Alma +BERT 98.2% 98.6 % 99.5%
Alma +BERT(OOV) 92.7% 93.1% 97.6%
BERT 98.1% 98.6% 99.5%
MADAMIRA 82.3% 90.8% 97.5%
CAMeL Tools 82.7% 91.9% 98.6%
Farasa 62.4% 84.9% 94.3%




ALMA POS Tagging Errors

Types of Errors:

»>General POS: (W) tagged as ADJ while its NOUN.
>Wrong POS: (=) tagged as IV while its ADJ_COMP.

»00V: Alma fails to retrieve a POS for a word.

ATB
Noun Verb Particle All
General POS | 48.4%'™12 459958 62931 589912172
Wrong POS | 14.2%%%3  14.9%75  11.8%*%  40.9%3%**
010)% 0.22%% 0.03%" 0.02%° 0.29%°°




Speed Benchmarking

+* Speed of the four tools is evaluated:
 same machine (24 CPU, 47G Memory, CentOS, size 1.3T)
e same setup (reading input from a file and writing output to a file).
* the default settings in all tools for lemmatization and POS tagging are
used without changing any configuration.

*** The experiment was repeated six times:
 excluding the first run (initial model loading time is not considered).
* the reading and writing of input/output files are considered



Speed Benchmarking

s Averages and standard deviations.
s Alma is significantly faster (34K tokens/second).

s This speed is attributed to ALMA’s architecture, which uses a Python
dictionary for fast memory access and processing.

Experiment ATB SALMA Speed
(seconds) (seconds) (tokens per second)
ALMA 10 *! 1= 33,997
MADAMIRA 1710 =% 370 =4 180
CAMeL Tools 14,398 =123 677 =% 25
Farasa 35%2 14 *2 7632




Mustafa Jarrar: Lecture Notes on Parts of Speech
Birzeit University, 2025

Natural Language Processing

Parts of Speech

In this lecture:

! Part 1: POS Overview
! Part 2: POS Tagging (Viterbi algorithm)
! Part 3: ALMA Morph Tagger

o (O rart 2. Discussion

Jarrar © 2025
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