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Victor Li 5:00 PM
tpf @)ﬁ":;«f)]Happy Lunar New Year of the Dragon!@ﬁf

Dear Friends, Group Mates and WING Alumni @everyone,
e Wishing all the group mates and alumni a fantastic start to the new year! This year, let
the Dragon’s legendary strength, wisdom, and luck bring us luck, '5;\’ success in our

studies ¥ , achievements in our careers f and joy in every moment@.
e |et's make this year our best one yet! Go team! [J § :]

[U Why are they written in this Way?]

[U What do they mean?]

9 Excerpted from our group’s Slack channel, with Victor’s consent.



New Problem: Emoji Composition

In this paper, we address:

« Dataset;



ELCo Dataset Creation

Annotation
Step 1: Step 2: Step 3: . .
Choose the correct(zEttribute. Generate emoji sequence. Rate the emoji representation. * H—eIPLAS Cw We ChOOse 209
1. full glass 1. full glass ( 1is the lowest rating and 5 is the highest.) AN Compou ndS encompassing
O INTEGRITY (70 | 1l gass 45 adjectives and 77(attributes)
@® FULLNESS ' /O O ® O O
- 1 2 3 4 5 . .

O COMPLETENESS 2. full game 2. full game 40 university students (IRB
#TuBame | M O0®O0O0O approved)

O INTEGRITY [.E:E ] 1 2 3 4 5 pp .

O FULLNESS .

» 1,655 responses received.

@® COMPLETENESS

Annotation workflow: ELCo’s annotation process consists of
three steps: (1) select the attribute of the phrase, (2) execute the
annotation, and (3) rate the output from a rule-based system,

Emojinating.


https://www.semanticscholar.org/paper/Distributional-Semantic-Models-of-Attribute-Meaning-Hartung/fe90653bdebfc729e1f926eb9d2d9d2f31042cc1

ELCo Dataset Creation

Validation
English Phrase Attribute ELCo’s Annotations ELCo’s Annotations Average length Emojinating’s Emojinating
(length = 2) (length > 2) of ELCo’s Annotation Output Rating
full attention INTEGRITY %0 1 and (94, eV 2.43 (@)=Y 3.1
full glass FULLNESS Jkg and ~{% J+ 7777~ 2.71 J 3.0
full game COMPLETENESS PRk and /Y 100 2.29 . 2.7
full auditorium FULLNESS 7% J £a S rr and =08 & k) 4.14 A 2.0
C fulllife ) FULLNESS ] Vw3 3 & /Y and @E% 4.00 Ol C 11 )

Compared with Emojinating:
- ELCO's lengths?
» |s ELCo being literal?

» |s ELCo more metaphorical?



Compositional EN Phrase Emoji Sequence

Strategy
Ex. 1 Direct right man VA
Ex. 2  Metaphorica right man B 20"
Ex. 3  Metaphorica clear explanation &1 7% @
Ex. 4  Metaphorica fresh bread SO
Ex. 5  Semantic list bright future OFTOR
Ex. 6  Reduplication big group TEVEL
Ex. 7 Single right thing v

Example for compositional structures.

800

700 F--3- - - -]
600 L-- 0 g o __]
500 F--0L B ]
400 F--00 o B o]
300 F--00L o __ B ]
200 L--0L B __]
100 L--0 _____ B ___ ]

0 1 L | |

X \ X o™ \S

«CY X A o)
QQ\\ 30 R\ \\

Corpus Study: Number of compositional structures identified in
our corpus study (1,655 samples in total). 6

Inspired by Cohn’s emoji grammar,
following structures are identified:

Direct: Translate;

Metaphorical: Embody;

Semantic list: Imply;

Reduplication: Intensify;

Single: Essence.



Corpus study: Structures for Emoji Composition

EN1
EN ° ® ® . L |AmB|
| £ Jaccard Similarity: (4, B) = 455
E.l . « k=-0.123.
wn 0 s . B .
Bald v : ;
S | e ; SN I A
e i 1. I R R = S
S B i | ERN o EN_,
0Percentzzaloge of MemtaphoriCZI Represaoentation100
ID: EN PHRASE Human Annotation Samples Main Compositional Strategy Jaccard Similarity
EN;: WRONG MEDICINE X 5. XCVe, gQ Direct 0.57
EN,: WRONG ROAD Xim B Bim B Direct 0.51
EN_o: FAR SIDE 1 D1, B, @, ORN Metaphorical 0.0
EN_;: IMMEDIATE INFLUENCE Kikd! . # R @ .34 & Metaphorical 0.0
v
_____ More diverse.
Conjectured ‘ m
~ | ™ ~ R 4 M
Abstract Metaphorical Diverse
. _J \_ _J \_ J




Formalization

Determines if a sequence of emojis EM (emi em:...emn) implies a English
phrase EN (eni enz...enn). Formally:

e Premise: P emiem:...emn

- Hypothesis: P eni en:...enn

Input Golden Label
Premise: This is (9 Z..

Hypothesis: This is full attention.
Premise: This is ~44.
Hypothesis: This is full attention.

Entailment

Non-Entailment

8



Setup

Dataset split: Roughly 70:15:15 for training, validation, and testing.
Sampling:

 Noun flipping by Shwartz and Dagan (2019): AN -> AN’ -> EM’

e (AN, EM) and (AN, EM’)

Models: BERT, RoBERTa, BART, ChatGPT-3.5.



Overall performance

100 o
:g v @Ry gy 84.6.....84.0............ o Flndlng ’I: Comparlng Wlth
R . — traditional NLI?
60 oo ,i:,, ................
B - Finding 2: Does fine-tuning help?
k10 J O | 0 | g I
2 bk VAo
10 Joi T A
o L Bl ..

BERT-base RoBERTa-base RoBERTa-large BART-large
B Accon MNLI [ Accon ELCo riAcc after Fine-tuning on ELCo
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Fine-grained analysis

w/o fine-tuning on ELCo Fine-tuned on ELCo

Bﬁ?"‘ 05° 9\03‘3?‘1 ab:eo 6‘3?‘1 a\a:; oo O B‘a?“ 08° ?\0669(( ab:eo Bep(( a\a:;?\,‘ o2 O
Direct 34.7 35.6 41.5 51.7 40.9 85.1 2 3 893.3 91.9,, 88.52,8 88.6
Metaphorical | 19.4 24.7 34.4 36.6 28.8 68.439 73.1.5 80.419 82843 76.2
Semantic iist . 33.3 41.7 50.0 58.3 45.8 86.775 78.346 85.038 91.7 85.4
Reduplication, 13.3 0 6.7 0 5.0 65.43¢9 52.0;3 62.760 88.0s7 67.0
Single 19.0 19.0 19.0 52.4 27.4 66.734 88.60g5 85.745 83.8,5 81.2
Negative 83.4 83.0 90.3 82.2 84.7 84.341 87.219 85.2p7 84.81> 85.4
Overall 55.0 55.8 62.9 62.9 59.2 80.415 84.00g 85.209 85539 83.8

- What's challenging?
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Scaling

100

90

80 ~ Wﬁﬁﬁz

70

60 —+«—BERT-base —4+—ROBERTa-base

>0 —u»—ROBERTa-large BART-large

40 -ttt
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

» Can models converge?

- What models converge faster?
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Case study

English Emoiji Pre Post

1 big group 65 68 & 85 85 x Y

2 big city "B TNl R v

3 hot forehead & e % X v

4 thin soup O O &F X v

5 big city Ml M W e X X Visual information of emoji.

6 ineffectual ruler &% £3 S < X X Commonsense knowledge.

7 full attention O 4L X X Distant from EN phrase’s meaning.
8 full life &% X X Distant from EN phrase’s meaning.

13



BE?\" ‘oag,e ?\0629\1 ab:OBE?:‘ a\aégp\ ?\«‘ \a‘ge 0\.\3‘6?1

55.0 55.8 6297 629" 60.0

Overall Performance comparison of ChatGPT

« |s ChatGPT competitive?
» What is ChatGPT good at?

ChatGPT

90

80

70

60 |

50

40 -

30
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Overall Direct Metaphorical Semantic list Reduplication Single Negative

B ChatGPT BART-Large

Fine-grained Performance comparison of ChatGPT




‘----------------------------------------------------------------------------.

Conclusion

English Phrase Attribute ELCo’s Annotations ELCo’s Annotations Average length Emojinating’s Emojinating
(length = 2) (length > 2) of ELCo’s Annotation Output Rating
full attention INTEGRITY %1 and @4 eV 2.43 (L 3.1
full glass FULLNESS Jand % + 227220 2.71 § 3.0
full game COMPLETENESS PR and pR/Y iy v 2.29 1) 2.7
full auditorium FULLNESS 75 1A fa AT and =963 & O L) 4.14 X 2.0
( fulllife ) FULLNESS oV Viimd & &Y and ™ 4.00 Uk C 11 )

.-----------------------------------------------------------------------------

ELCo dataset is comprised of 1,655
annotations of 209 EN phrases 45
adjectives and 77 attributes.

‘--------------'

100

70
60
50
40
30
20

---------------

90 -
80 -

10 4.
o o

908

BERT-base RoBERTa-base RoBERTa-large  BART-large

# Acc on MNLI [HAccon ELCo rAcc after Fine-tuning on ELCo

English Emoji Pre Post
1 big group 85 85 85 85 x Y
2 big city TR Tl R v
3 hot forehead e R x v
4 thin soup 0% O) & x v
5 big city 0 e oe x x
6 ineffectual ruler £ fa & X X
7 full attention © 4 x x
8 full life e 9 x x

---------------'

~-----------------------------------------------------------------------------’
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