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Lexical Resources at SinaLab - Birzeit University

Arabic
Ontology/
Wordnet

Lexicographic 
Database 

Annotated
Corpora

Formal Arabic 
Wordnet 

with ontologically 
clean content

150 lexicons
Largest Arabic 
lexicographic 

database

Dialects,
NER, WSD, synonyms

Intents, hate 
….

Big Linguistic Data Graph
https://ontology.birzeit.edu

NLP
library

APIs
Linguistic Data, 

synonyms, Nested 
NER, intents, …

WSD 84% NER 88.4%

 
جامعة بیرزیت وبالتعاون مع مؤسسة ادوارد سعید تنظم مھرجان 
للفن الشعبي، سیبدأ المھرجان الساعة الرابعة عصرا، بتاریخ 

16/5/2022, وذلك برعایة من بنك فلسطین بمبلغ خمسة الاف دولار.  

output format : highlighted

EVENT ،تنظم مھرجان للفن الشعبي ORG PERS ادوارد سعید مؤسسة  بیرزیت ORG GPE وبالتعاون مع  جامعة 

 GPE فلسطین بتاریخ DATE ,16/5/2022 وذلك برعایة من بنك   TIME ،الساعة الرابعة عصرا سیبدأ المھرجان 

MONEY CURRENCY دولار خمسة الاف  ORG بمبلغ 

Synonyms
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Semantic/meaning Understanding Tasks

1. Word Sense-Disambiguation (WSD)

2. Target Sense Verification (TSV)

3. Word-in-Context (WiC)
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Word-Sense Disambiguation (WSD) 

Given a word in a context, which sense (i.e. meaning) this word 
denotes?

رعشلانويع نم ةد#صق

 ...ٌ دئار بلقلل نانیعلا امّنإ لاأ- رقصلا يْنَیَْعك نانیع ھل :ناویحلاو ناسنلإا يف راصبلإا وضُع1.

ھیلع رظان : نلاف ىلع نیْعَ نٌلاف- بقار ،سَّسجت : نویعلا َّثب . ةَّیبنجأ ةٍلودل اًنیع ناك" ،سوساج2.

.نِّفلا نُویع :ھسُیفنو ھنسحأو ءيش لّك دوجأ3.

.ناكملا ىلع نیع نلاف :سراح4.

... نیع دعب ارًثأ حبصأءيش لك نم رضاحلا5.

ّلحُت ،ھعوبنی-:ءاملا نُیْع6َ.  ءاملا نویع قوف رُویطّلا قِ

.ھنیع ناكملا يف اّنك- مھنیعأ موقلا ءاج:)دیكوتلل لمعتست( ھتاذ ،ھسفن-:ءيَّشلا نیْع7َ.

.ثادحلأا ركّذتو لُّیختلا ىلع ةثوروْمَ ةَّینھذ ةردق-:لقعلا نیْع8َ.

.9.....

Set of senses
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Target Sense Verification (TSV)

• Given a context, target word and gloss, TSV aims to decide whether  
it is true that this gloss is the intended meaning of the target in this 
context.

• Whether a (Context-Gloss pair) is true or false

Example:

34مترهن نم ع,فتم ()غص ىرجم
راهزلااولوادجلا 8(7ب 5

L8 تامولعملاو تاناEبلل مEظنت
ةدمعأو فوفص ةروص 5

GlossContext

True

False

Walking among streams and flowers A small stream branching from a river

Organization of data in the form of rows and columns
34مت

راهزلااولوادجلا 8(7ب 5
Walking among streams and flowers

Label
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Word-in-Context (WiC) 

Determines whether a target word in two contexts (sentences) is 
used in the same sense or not

Example:

عيW,لالوادجV عتمتسSو ح,من انك

L8لوادجلا رظنا
ةثلاثلا ةحفصلا 5

Context 2Context 1

We were playing and enjoying the spring 
streams

See the table in third page

34مت
راهزلااولوادجلا 8(7ب 5

Walking among streams and flowers

34مت
راهزلااولوادجلا 8(7ب 5

Walking among streams and flowers

True

False

Label
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ArabGlossBERT (TSV Dataset)

v Arabic context-gloss pairs dataset (167k)      (Al-hajj & Jarrar, 2021)
• Extracted from Birzeit University’s Lexicographic database
• Annotated target words in context;

v Fine-tuned BERT Model
• Trained as binary sequence-pair classification task 
• Accuracy 84%

ContextGloss Label
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ArabGlossBERT TSV Dataset 

v Arabic context-gloss pairs Dataset (167k)      (Al-hajj & Jarrar, 2021)
• Extracted from Birzeit University’s Lexicographic database
• Annotated target words in context;
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Goal: Context-Gloss Augmentation

Augment the ArabGlossBERT dataset using back-translated 
(ArabicàEnglishàArabic)

GlossContext

(Arabic)ثحDلل مدقت ةلأسم وأ ةركفعو78ملا تاحورطأ نوشقاني نولوؤسملا سلج

Officials sat discussing project proposalsAn idea or question is 
progressing to research(Arabic->English)

Back-TranslatedثحDلل مدقم لاؤس وأ ةركفعــــdراشملا تاحabقم ةشقانمل نولوؤسملا سلج
(English->Arabic)
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Contributions

• Augmented ArabGlossBERT using back- translation (352K pairs).

• 13 experiments with different dataset configurations - to 
measure whether the back- translation enrichment can improve 
TSV performance.

• In-depth analysis of the TSV accuracy for each part-of-speech.
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Dataset Augmentation

Augmented
ArabGlossBERT

Back-Translations
Pairs

Original 
ArabGlossBERT

Term

26,169--26,169Unique un-diacritized lemmas

65,67832,83932,839Unique Glosses

120,54460,27260,272Unique Contexts

336,909152,035+ 32,839152,035Training pairs

144,00955,585+ 32,83955,585Positive pairs

192,90096,45096,450Negative pairs

15,172--15,172Testing pairs

4,738--4,738Positive pairs

10,434--10,434Negative pairs

352,081152,035+ 32,839167,207Total: Train + Test
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Google’s Back-Translations

• Generally acceptable, but there are wrong translations
§ No manual improvement to these translations - as we to measure whether 

automated back-translations can improve the task accuracy

• Sometimes translates half of the sentence: 
§ we added a dot (.) at the end of each sentence, and check whether it was 

translated back
§ We compared the length of the original and back-translated sentences. If 

the difference is significant, then we reviewed and fixed them manually
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Experiments

• We fine-tuned AraBERTv2 with these hyperparameters:

§ η = 2e−5
§ batch size B = 16
§ max sequence length of 512
§ warm-up steps 1,412
§ number of epochs 4
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Fine-Tuning Datasets used for AraBERT

TotalNegative 
Pairs

Positive 
PairsDescriptionDataset

152,03596,45055,585The original ArabGlossBERT datasetD1

152,03596,45055,585D1 with target signal D2

152,03596,45055,585D1 with context replaced by back-translated context D3

207,62096,450111,170D1 + Positive pairs of D3D4

304,070192,900111,170D1 + D3D5

184,87496,45088,424D1 + Positive pairs (original gloss - back-translated gloss)D6

240,45996,450144,009D4 + Positive pairs (original gloss - back-translated gloss)D7

336,909192,900144,009D5 + Positive pairs (original gloss - back-translated gloss)D8

207,62096,450111,170D1 + Positive pairs (original context-back-translated gloss)D9

462,379373,95588,424D1 + Pairs of cross relating the glosses against each otherD10

147,60892,73054,878D1 (exclude pairs of functional words)D11

74,48537,99836,487D1 (only the pairs of the noun POS)D12

73,12354,94518,178D1 (only the pairs of the verb POS)D13



16

Au
gm

en
te

d 
Ar

ab
G

lo
ss

BE
RT

Results
D1: original dataset 
152,035 (55,585 + 96,450) signal

D3 = D1 but bk-trans. contexts
152,035 (55,585 + 96,450)

D1 but bk-trans. glosses
184,874 (88,424 + 96,450)

Back-translation pairs 
achieved 77%. 

Automatic translations of 
glosses and contexts is 
not high but is generally 
acceptable.
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Results

D1 + Positive pairs of D3
207,620(111,170 + 96,450)

D1 + D3
304,070 (111,170 + 192,900)

D4+ Positive Gloss-GlossBT
184,874 (144,009 + 240,459)

D4 + Positive Context-glossBT
207,620 (111,170 + 96,450)

D5+Positive Gloss-GlossBT
336,909 (144,009 + 192,900)

D1 +GlossBT+many False pairs
462,379 (88,424 + 373,955)
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Results

D1 (only the pairs of nouns)
74,485 (36,487 + 37,998)

D1 (exclude pairs func lemmas)
147,608 (54,878 + 92,730)

D1 (only the pairs of verbs)
73,123 (18,178 + 54,945)

all POS categories yields 
better performance than 
fine-tuning separate 
models for nouns and verbs 
(experiments 12- 13)

Excluding the pairs of 
functional words from 
the dataset (experiment 
11) did not improve the 
performance
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Conclusion

• Augmented ArabGlossBERT dataset to 352K context-gloss pairs using 
Back-Translation

• Accuracy: 81% - 84% accuracy on all POS

• Functional words have the lowest performance

• Positive pairs have lower accuracy than Negative pairs

• Back-Translation might generalize the model  - future work to test
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