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Semantic/meaning Understanding Tasks

1. Word Sense-Disambiguation (WSD)

2. Target Sense Verification (TSV)

3. Word-in-Context (WiC)



Word-Sense Disambiguation (WSD)

Given a word in a context, which sense (i.e. meaning) this word
denotes?
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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:
Context Gloss Label
DRIy Jolirdl (o (el 88 (0 PRk e Sy e True

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

H)Vlg Jglusdl (o L?.M.’S B.J.A.cjg d}o.p 8)gs0 ng LDLo}L’.on bl M False
Walking among streams and flowers  Organization of data in the form of rows and columns

(6)



Word-in-Context (WiC)

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

Example:

Context 1 Context 2 Label

HiNVlg Jglusd! N (gl &ujﬂ Jold=w Zieiud 9 C)NLS

True
Walking among streams and flowers  \ye were playing and enjoying the spring
streams
H)Vlg Jolusdl oy (e dJB) d=a.all Lg Jola=dl Jbasl False

Walking among streams and flowers See the table in third page



ArabGlossBERT (TSV Dataset)

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

Gloss Context Label

[SEP] dusdiy diwsly .63 IS S92 [SEP] y2ill §9s8 (3 Bwad [CLS] True

[SEP] ( uSsll Jasiud ) 15 « duis : 2 gl 3 [SEP) y=ddl (3s8 (0 Bead [CLS]  False
[SEP] (4S5l Jasmius ) 4513 « ducd : 5 gl iy [SEP) ogius] psll sl [CLS] True
[SEP] ducsitiy diuusrly s g JS 3521 [SEP] egiusl poill sl [CLS]  False

*¢* Fine-tuned BERT Model ||

* Trained as binary sequence-pair classification task k. :""
* Accuracy 84%




ArabGlossBERT TSV Dataset

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

count
Unique Lemmas (undiacritized) 26169 Datasets| Pairs Count Total
Avg glosses per Lemmas 1:25 Training | True pairs 55,585
. False pairs 96,450 152,035
Unique Glosses 32839
U .q C ) 60272 Test | True pairs 4,738
nique Contexts False pairs 10,434 15,172
Avg context per gloss' 1.83 Total 167207
True context-gloss pairs 60323
False context-gloss pairs 106884
Total True and False pairs 167207



Goal: Context-Gloss Augmentation

Augment the ArabGlossBERT dataset using back-translated
(Arabic>English->Arabic)

Context Gloss
(Arabic) Coed) LRV a.ﬁ.u&ﬁji 3,8 @fw\ ijjbi 098l O0g)95uunall pud= )

An idea or question is

progressing to research )

(Arabic->English) Officials sat discussing project proposals

rolinedl il Ade didliad Oglggunall (ud= )

Back-Translated

- “ | & T - o
(English->Arabic) = o8 Jbes 5,53




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.



Dataset Augmentation

Term Original Back-Translations Augmented
ArabGlossBERT Pairs ArabGlossBERT

Unique un-diacritized lemmas 26,169 26,169
Unique Glosses 32,839 32,839 65,678
Unique Contexts 60,272 60,272 120,544
Training pairs 152,035 32,839 + 152,035 336,909
Positive pairs 55,585 32,839 + 55,585 144,009
Negative pairs 96,450 96,450 192,900
Testing pairs 15,172 -- 15,172
Positive pairs 4,738 -- 4,738
Negative pairs 10,434 -- 10,434
Total: Train + Test 167,207 32,839 + 152,035 352,081



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

e 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



« We fine-tuned AraBERTvZ2 with these hyperparameters:

| | r] = 26_5 ‘ FuIIyCon?ﬁffed Layer(Binary Classification) ||:>[Next: 80% ]NotNext 20%]
batch size B = 16 (0] (o) (o) [o ] (o) (o) (o) (o) o
* max sequence length of 512 ‘ | | -

= warm-up steps 1,412
number of epochs 4 ----------

Ea Ea Ea Ea Ea Ea Es

Transformer Blocks
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Fine-Tuning Datasets used for AraBERT

Positive

Negative

Dataset Description Pairs Pairs Total

D, The original ArabGlossBERT dataset 55,585 96,450 152,035
D, D1 with target signal 55,585 96,450 152,035
D; D1 with context replaced by back-translated context 55,585 96,450 152,035
D, D, + Positive pairs of D; 111,170 96,450 207,620
Ds D, + D; 111,170 192,900 304,070
De D, + Positive pairs (original gloss - back-translated gloss) 88,424 96,450 184,874
D, D, + Positive pairs (original gloss - back-translated gloss) 144,009 96,450 240,459
Dg D¢ + Positive pairs (original gloss - back-translated gloss) 144,009 192,900 336,909
Dg D, + Positive pairs (original context-back-translated gloss) 111,170 96,450 207,620
D1o D, + Pairs of cross relating the glosses against each other 88,424 373,955 462,379
D11 D, (exclude pairs of functional words) 54,878 92,730 147,608
D1, D; (only the pairs of the noun POS) 36,487 37,998 74,485

D13 D, (only the pairs of the verb POS) 18,178 54,945 73,123

(15)
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Results

D,: original dataset
152,035 (55,585 + 96,450)

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

D, 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.

D

Functional

ANPOS | Z || Noun | Z || Verb | Z ) z
Dataset Metric g g 5 Words E
§ 0% |23 £ [28 £ |2 |8 ¢% 2
a » < < » - = > - = - <
DI Precision || 76 85 75 85 78 85 63 84
Baselive Recall 66 90 [83] 70 88 [ 82| 65 91 |83 46 92 81
1s2035pam | Fr.Score || 71 88 72 82 71 88 53 88
D2 Precision || 81 |5 79 85 82 85 71 82
—~ b= Recall 65 93 (8468 91|83 | 64 94|84 36 95 81
SRR prScore || 72 89 73 88 72 89 48 88
D3 Precision || 68 80 65 79 70 80 55 79
- Recall 52 88 |77 |54 85|75 52 90|78 19 95 77
SRR By Score || 59 84 59 82 60 85 20 86
D1 Precision || 80 81 79 80 81 81 60 80
Recall 53 94 (8155 92|80 53 94|81 23 97 79
HTOOFET | g1 Score || 64 87 65 86 64 87 34 88
D5 Precision || 76 82 77 79 76 84 70 R0
wm;m Recall 57 92 [81|[53 92|80 62 91|82 24 97 79
: F1-Score || 65 87 63 85 68 87 36 88
D6 Precision || 76 85 76 84 76 87 71 82
et s Recall 67 90 [83 (66 89|81 | 70 90 |84 ( 32 96 81
; F1-Score || 71 88 71 86 73 88 44 88
D7 Precision || 79 82 77 81 80 83 71 79
050 s Recall 56 93 [81|[57 91|80 58 93 (82| 17 98 79
. F1-Score || 66 87 66 86 67 88 17 98
DS Precision || 80 81 79 80 81 81 60 R0
rsso0mpare | RE€AN 54 94 [81|[55 92|80 53 94 (81|23 97 79
- F1-Score || 65 87 65 86 64 87 34 88
Do Precision || 78 84 77 83 78 %6 73 81
s e Recall 63 92 [83 62 91|81 | 66 92|84( 31 96 81
’ F1-Score || 70 88 69 86 72 88 43 88
D10 Precision || 71 80 70 T8 71 81 66 79
wrsropare | RECAN 51 90 [78 |50 89|76 | 54 90|79 19 97 78
. F1-Score || 59 85 58 83 61 85 30 87
D11 Precision || 80 81 79 80 81 81
7750 pas Recall 54 94 [81|[55 92|80 53 94 |81
: F1-Score || 65 87 65 86 64 87
D12 Precision 80 82
rosss s | Recal 60 92 | 81
’ F1-Score 69 87
Precision 74 84
D13 Recall 62 90 | 81
TS | p1 Score 68 87




ANPOS | Z || Noun | Z [ Vern |z || Functional | o
. o o o Words g
Resu ts Dataset Metric = = = =
£ 2 S £ S g £ S ||z 2 g
: 3 =12 (=2 % |=||Z 2 >
h D1 Precision || 76 85 75 85 78 85 63 84
o besim= | Recall 66 90 | 83|70 88|82 65 91 83| 46 92 81
is2035pams | Fr-Score || 71 88 72 82 71 88 53 88
L | Precision [ 51 F3 79 85 82 85 71T 82
. . P2 Recall 65 93 [84[68 01|83 64 04|84 36 95 81
(2] D, + Positive pairs of D3 1o | gy Score || 7289 73 88 72 89 18 88
Precision || 68 80 65 79 70 80 55 79
) 207,620(111,170 + 96,450) D3 | Recall 52 88 |77|[54 85[75( 52 90|78 19 05 77
(V] 15203590 | By Seore || 59 84 59 82 60 85 29 86
(@) D1 + D3 Da | Precision |80 81 79 80 81 81 69 %0
Recall 53 o4 |81[55 928053 o481 23 o7 79
— 304,070 (111,170 + 192,900) 2076200 | oy Score || 64 87 65 86 64 87 34 88
w Ds | Precision || 76 82 7779 76 84 70 80
o e | Recal 57 92 [81[53 92|80 62 91 |82 24 o7 79
s ORT | py Score || 65 87 63 85 68 87 36 88
C D,+ Positive Gloss-GlossBT e | Precision [ 76 85 76 84 76 %7 T %2
-t 184,874 (144,009 + 240,459) D6 Recall 67 90 |s83| 66 89|81 |70 90 |8alf32 9 81
FERT ) Fl-Score || 71 88 71 86 73 88 44 88
< o, | Precision [ 79 82 778 80 83 7T 79
Ds+Positive Gloss-GlossBT sossopen | RO ] 56 O3 | ST L SONE 2R E s |7
o 336,909 (144,009 + 192,900) [ Precision |50 %1 7980 (ST ST |6 %0
Q y Recall s4 o4 |81[55 92[s80][53 o481 23 o7 79
art HIUET | F1.Score || 65 87 65 86 64 87 34 88
cC D, + Positive Context-glossBT | oo ll;::lslmn Z‘g g; 83 Z g? 81 Zg gg 84 Z? gé 81
207,620 (111,170 + 96,450) e | by Score || 70 88 69 86 72 88 43 88
m D10 Precision || 71 80 70 78 71 81 66 79
E g | Recall s1 90 |78 ([50 89|76 |54 90|79 19 97 78
D, +GlossBT+many False pairs TlScorm 2 5 el o= 0 87
(o] 0] 462,379 (88,424 + 373,955) P I Recan |54 04 | 8155 92|80l 53 o481
: TR | pr.Score || 65 87 65 86 64 87
D12 Precision 80 82
< i | Recan 60 92 | 81
’ ~ | F1-Score 69 87
Precision 74 84
D’l3 | Recall 62 90 | 81
TEREs | p1.Score 68 87
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Results

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

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

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

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

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

Functional

ANPOS | Z || Noun | Z || Verb | Z ) z
Dataset Metric g 5 5 Words E
§ 0% |23 £ [28 £ |2 |8 ¢% 2
= > - S > - < 2> - < > -
D1 Precision || 76 85 75 85 78 85 63 84
Bascline Recall 66 90 (83| 70 88 |82 65 91|83 ( 46 92 81
152035pams | F1.Score 71 88 72 82 71 88 53 88
D2 Precision || 81 |85 79 85 82 B85 71 82
= Recall 65 93 (84| 68 91 |83 64 94 |84( 36 95 81
SRR prScore || 72 89 73 88 72 89 48 88
D3 Precision || 68 80 65 79 70 80 55 79
- Recall 52 88 77 54 85|75 52 90| 78 19 95 77
SRR | prScore || 59 84 59 82 60 85 290 86
D4 Precision || 80 81 79 80 81 81 69 80
Recall 53 94 81 55 92 (80 |[ 53 94| 81 23 97 79
WTEEPE | By Score || 64 87 65 86 64 87 34 88
D5 Precision || 76 82 77 79 76 84 70 80
- mo‘m Recall 57 92 81 53 92 (80|62 91 | 82| 24 97 79
’ F1-Score || 65 87 63 85 68 87 36 88
D6 Precision || 76 85 76 84 76 87 71 82
et pas Recall 67 90 (83| 66 89|81 (70 90 |84( 32 96 81
’ F1-Score || 71 88 71 86 73 88 44 88
D7 Precision || 79 82 77 81 30 83 7179
0450 pae Recall S6 93 |81 (|57 91 |8 |[58 93|82 17 98 79
’ F1-Score || 66 87 66 86 67 88 17 98
DS Precision || 80 81 79 80 81 81 60 80
S Recall 54 94 81 55 92 (80| 53 94| 81 23 97 79
o F1-Score || 65 87 65 86 64 87 34 88
Do Precision || 78 84 77 83 78 86 73 81
s o0 pas Recall 63 92 |83 62 91|81 66 92|84( 31 96 81
’ F1-Score 70 88 69 86 72 88 43 88
D10 Precision || 71 80 70 T8 71 81 66 79
462,579 pasns Recall 51 90 T8 || 50 B89 |76 || 54 90 | 79 19 97 78
- F1-Score || 59 85 58 83 61 85 30 87
D11 Precision || 80 81 79 80 81 81
17750 pairs Recall 54 94 81 55 92 (80 |[ 53 94| 81
’ F1-Score 65 87 65 86 64 87
D12 Precision 80 82
76,455 paies Recall 60 92 | 81
’ F1-Score 69 87
Precision 74 84
D13 Recall 62 90 | 81
TEREs | p1.Score 68 87




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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