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1.1 Introduction

« 3Z2l: data augmentation(H|0|E &)
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* backtranslation, rephrasing= 0|&¢t HIAE 0| &

=7

 test-time augmentation: test 2}™0| M= H|0O|E &

« = 51= data augmentationS Soll DeBERTa 7|82 hate speech detection 2 M5 SFAMAIZ
« text datadi| CHgt data augmentation2 &HX| &S
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« SZZH: backtranslation, rephrasing augmentation
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1.2 Key Concepts

Table 1
Backtranslation (BT) Five examples of BT.
Language Text
i —E—él'% EI‘% OI_'I O'I E HI_'I g’ él_l' —l|:—-| , -?:—I E_H OI_ O'I E IH HI_ qil Original text ieatt]e BLM protesters demand white people give up their
omes
) _E_é F Q_I J |2'|_S S_E.% %Xl 8|-|:||_=| A—I OEI_I?_ HI_:I %% % BT German zle;;tfoi];f:l protesters call on white people to preserve
° 30}6 F g §_I_|-8|.II_| (B%I-% 9 _IOI:_I EH _E_é I--'—,—I' %Ol 3 7.” BT French th::f f];);c;t;sters in Seattle call on the White to give up
I:EI-EI‘|-X| E’ IH I:Il_ (l:ll% I-” Ql A| ;EI %9—7 |- %% BT Spanish Seattle BLM protesters call for white people to leave their
homes
¢ 'E O.___r"o E% |A-| E EasyN MT ESO:I% O | %SH BT Dutch Seattle BLM protesters call for white people to leave their
A=O XHE{0d Z~SH homes
I-O —E H =TT o BT Norwegian Seattle BLM demonstrators call for white people to give
up their homes
Rephrasing
* Ada GPT-3, Cabbage GPT-3 & LIt U0 EHS 0[&0t0 =85 A+d
The quick brown fox jumps Over the lazy dog, jumps
over the lazy dog the quick brown fox

Enhancing social network hate detection using back translation and GPT-3 augmentations during training and test-time (2023)



1.2 Key Concepts

Test-Time Augmentation (TTA)
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1.3a Methods - Training

Component 1 - Training

....................................................................................................................................................................................................................................................
......................

' Training Set . . » Back Translation Producer : E BT Training Set 1 : Embedding ! : Selecting and Training '

! ' 5 English to French E E E ' ‘ : X

i - < b L P E

: £ [ Englishto Spanish | | ! v N L p g

: : : - - : E : ; : : : DRy " | s : .

| : : English to Norwegian | 1 i ! e | ' ‘ep°°h 2 ep°°h 5, ePOCh > :

- el |\ ) i i ARE ¥ ' .
. ' : - ' ' ca 1 ' ' : e
- ' ' English to German G TS ' ' : g ' ' g2
' : v L . . ik i Y L ' i k=) 2
: s B e o : : ./ DeBERTa A2
' a - ' ¢ VS ' X ' ' E
! ] i 1GPT3 A - ]
¥ [ Baddage GPT-3 ] T . T L :

' b e P i A - R N SR

BT Language Sampler

« HX3I5t backtranslation dataZ M|2|5H7| I8t =X}

« t-SNE(XIH =) 2 7|& ':'I*J_Jr Zt 91012 backtranslate® E&2] 2H|E HIE 7t euclidean distance A&t
« distance threshold 0|5} gfg HEf training datadl| ek

* t-SNE: 25X 5 0[&dfl IXHA HIO[E S XNAFEAL =2 540104, HI0|E HE 7t RAHEE AlZterot= S
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1.3a Methods - Training

Algorithm 1 BT Language Selector

Require: Original English sentences S, BT French sentences S;,,
BT Spanish sentences S,., BT Dutch sentences S,;,, BT Norwegian
sentences S,,, distance threshold 6 = 0.7
Ensure: Languages filtered by the Euclidean distance of their embed-
ded sentences are less than or equal to 6
Convert S — v, Sy, = Vfpy Sgs = Uess Syt = Upts Spo —> Upo USIng
DeBERTa-base embeddings
Apply t-SNE to all vectors: v,gng < I_SNE(), v;55g, < 1.SNE(;)
fori € {fr,es,nl, no}
for i€ {fr,es,nl,no} do
Compute Euclidean distance d; < v, gy g — UisnE,
end for
Initialize filtered set of Languages F «
fori € {fr,es,nl,no} do
if d; <6 then
Add S, to filtered set F
end if
end for
return F
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Fig. 2. A visual representation of the embedded languages using t-SNE. English (en),
German (de), French (fr), Spanish (es), Norwegian (no).
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1.3a Methods - Training

Component 1 - Training

....................................................................................................................................................................................................................................................
......................

' Training Set . . \ Back Translation Producer + BT Training Set 1 - Embedding ' ) Selecting ondTonining '

: : 5 English to French E E E ' : : &
: . A - - ’
- C ’ [ English to Spanish : . ' ' : - f\ ’ ! :
: : : - ~ : E : : : : TS, " | i : : ::
. ‘1 | Englishto Norwegian | 1+ : ! e [ \epoch 2 epoch 3 epoch Y :
' : ——b: \ J :—b: : — : i : e - Tk
' : : ( : : = ! [ S ' :

' £ English to German s v %@ : : :

! 1 1 - ' [ Py B ' i : '

i A Tr—— o [ ] ' . . DeBERTa Al !

’ a - ' Y N 2 ' ' '

: ] i 1GPT3, T | - :

E : [ Baddage GPT-3 ] R = g KT 1 ' : :

- L e . " e .. e S TE——— L TE—— [

BT Training Sampler
« X/0HX|2} epoch: original dataZ 2t &
« LIHX| epochs: original data + augmented data® &

« augmented dataZ QISt overfittings 2+7| {5t HiH

* t-SNE: 25X 5 0[&dfl IXHA HIO[E S XNAFEAL =2 540104, HI0|E HE 7t RAHEE AlZterot= S
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1.3b Methods - Test

Component 2 - Test-Time

..................................................................................................................................................................................................................................................

..........................................................

i Ve
i TestInstance | ' Back Translation Producer. " TTA Selection : E Selected | ' Model E ' Predictions E « Mean !
! ' ' . - Augmentations ! "
' '

[ English to French

[ English to Spanish ] .

Lo | b L oo f b P i
' ' ; . p ' ' ' ' ' : 'E
- 74 AN L B Vo (m o
' ' Y A '\ ' ; Voo oo
0O . [EnghshtoNorweglan :__’5 ® :_{E (@) _— :_,E a E_,:@:g
i ' ~x . N | : : §i e TR
! ' [ English to Gersvan J 3 . 3 : ‘ ; s - : . . ' H
g '\ g |0 : : : : Bl & o
: ' \ J N : : :E
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] a : .
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|

1

: ( Ada GPT-3 ' E : : 5
é [ Baddage GPT-3 ] é é i g DeBERTa AI'Q-

...................................

TTA Selection

« HHESIst backtranslation 2 rephrasing dataE X|2|5t7| $et AXt

« PCAXIA =4A) 2 7|& &1 augmented &2 embedding vector 7t euclidean distance A|&f
« distance threshold 0[5t2] Zfd Tt 0= HEH| AL

« Z|ZE 0|8 7|Z& data?t augmented datali| CHSt 0|=9] WA

* PCA: 9] £0|gt ZolE Ol&dl IXHH HIO/EfE XXIEH L2 54510, H|0|E HE 7t RAHYE AlZtersi= &
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1.3b Methods - Test

Algorithm 2 TTA Selector

Require: Original English sentence §, BT French sentence S,, Spanish
sentence S,,, BT Dutch sentence S,;,, BT Norwegian sentence S, ,
GPT-3 rephrased sentences S, S,,,, distance threshold & = 0.25

Ensure: Augmentations filtered by the Euclidean distance of their ®
embedded sentences are less than or equal to §

Convert S — v, Sp. = Ufps Seg = Uess Sut = Unps Spg = Upgs
Sepi1 = Vgprts Sgpa = Ugpa USING DeBERTa-base embeddings PCA for Sample 1 PCA for Sample 2

Apply PCA to all vectors: vpey <« PCA(®), Upcy, < PCA(v,) for

ie{fr,es,nl no, gptl,gpt2}

for i € {fr.es,nl no, gptl, gpt2} do

Compute Euclidean distance d; < vpcy — Upcy,
end for

Initialize filtered set of augmentations F < J

fori e {fr.es,nl, no, gptl, gpt2} do ®
if d; < 6 then ©
Add S; to filtered set F PCA for Sample 3 PCA for Sample 4
end if
end for @ English @ German @ Spanish @ GPT-3 (Ada)
return F French @ Norwegian GPT-3 (Babbage)

cf. sample 42| 4L slang(20{)Lt O|2X|7} AFEE[0] augmented data”} original datall 7}ZX| 42 Ao = =X =
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1.3b Methods - Test

Component 1 - Training

...................................................................
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1.4a Experiments — Data

* Parler hate speech dataset: posts labeled w/ hate score (1~5 points, 38| 7| ™4 A4

 GAB hate corpus: posts labeled hate or non-hate
« EXTHAO XIKFE AL X(T E/IH), IO[AF, &R S0 H|sH Al O] (=& 0| 0]et--)

Table 3
The GAB Hate Corpus dataset label distribution.

GAB Hate Corpus [13]

Hate 2,563 (9.26%)
Not-hate 25,102 (90.74%)
Table 2 Total 27,665
The Parler hate speech dataset label distribution. Top-level categories
Parler - Hate speech Human degradation 2,349
Calls for violence 155
Hate score (4-5) 1,855 (18.3%) Vulgar or offensive 1,748
Hate score (3-4) 2,213 (21.9%) Targeted populations and framing
Hate score (2-3) 2,523 (24.9%) Religious identity 480
Hate score (1-2) 3,530 (34.9%) Racial/ethnic identity 629
Sexual orientation 140
Total Gender identity 156
Ideology 235
Nationality 209
Political identity 335
Mental/physical health 34
Explicit rhetoric 1,201
Implicit rhetoric 313

Enhancing social network hate detection using back translation and GPT-3 augmentations during training and test-time (2023)



1.4b Experiments - Setup

« B X7 DeBERTa-small/base/large (parameter £=2| X}0|)
* augmentation &27: BT / GPT rephrasing / TTAE Z{Zf AFEsIU =X 6{&
221 g 2ME4
 Trained for 5 epochs
* Parler(g]#): mean squared error
 Gab(O|rI&%): binary cross-entropy
« DeBERTa ZEH0f| 2t task0]| 82 head layer 7t
. |
* Parler(2]4#): R"2, mean absolute error, root mean squared error

e Gab(0|FIER): area under the curve metric

* Stratified 4-fold cross-validation

Enhancing social network hate detection using back translation and GPT-3 augmentations during training and test-time (2023)



1.5 Results

BT, GPT rephrasing, TTA A& Al &Y 2! O|FI&

Table 4
Parler dataset regression results.
Configuration Regression
Model Setting MAE | RMSE | R? 1

Baseline
Baseline+TTA
BT

BT+TTA

GPT
GPT+TTA
BT+GPT
BT+GPT+TTA

Small

0.6503 + 0.0153
0.6476 + 0.0151
0.6374 + 0.0167
0.6349 + 0.0167
0.6367 + 0.0110
0.6531 + 0.0113
0.6344 + 0.0146
0.6341 + 0.0160

0.8382 + 0.0074
0.8314 + 0.0074
0.8273 + 0.0070
0.8209 + 0.0073
0.8220 + 0.0069
0.8363 + 0.0078
0.8243 + 0.0073
0.8198 + 0.0084

0.5201 + 0.0562
0.5279 + 0.0567
0.5326 + 0.0515
0.5398 + 0.0554
0.5385 + 0.0429
0.5222 + 0.0530
0.5325 + 0.0471
0.5409 + 0.0597

Baseline
Baseline+TTA
BT

BT4+TTA

GPT
GPT+TTA
BT+GPT
BT+GPT+TTA

Base

0.6414 + 0.0143
0.6402 + 0.0141
0.6312 + 0.0164
0.6290 + 0.0158
0.6313 + 0.0111
0.6431 + 0.0142
0.6285 + 0.0162
0.6283 + 0.0144

0.8291 + 0.0068
0.8246 + 0.0061
0.8133 + 0.0089
0.8086 + 0.0086
0.8165 + 0.0057
0.8263 + 0.0075
0.8105 + 0.0072
0.8069 + 0.0068

0.5306 + 0.0553
0.5356 + 0.0474
0.5482 + 0.0562
0.5534 + 0.0533
0.5447 + 0.0328
0.5336 + 0.0438
0.5513 + 0.0415
0.5552 + 0.0389

Baseline
Baseline+TTA
BT

BT+TTA

GPT
GPT+TTA
BT+GPT
BT+GPT+TTA

Large

0.6187 + 0.0171
0.6170 + 0.0167
0.6109 + 0.0142
0.6097 + 0.0135
0.6097 + 0.0096
0.6259 + 0.0100
0.6137 + 0.0138
0.6135 + 0.0132

0.7941 + 0.0085
0.7903 + 0.0083
0.7911 + 0.0074
0.7864 + 0.0070
0.7909 + 0.0054
0.8043 + 0.0063
0.7899 + 0.0073
0.7858 + 0.0070

0.5694 + 0.0721
0.5734 + 0.0703
0.5726 + 0.0511
0.5776 + 0.0501
0.5727 + 0.0279
0.5581 + 0.0286
0.5737 + 0.0525
0.5782 + 0.0518

Enhancing social network hate detection using back translation and GPT-3 augmentations during training and test-time (2023)

ZEFHM O &2

ks
ofr
1[0

Configuration Mean

Model  Setting
Baseline 80.16 + 1.10
Baseline+TTA  80.29 + 1.11
BT 81.56 + 1.07
BT+TTA 81.73 + 1.01

Small oy 80.93 + 1.15
GPT+TTA 81.45 + 1.17
BT+GPT 81.20 + 1.20
BT+GPT4+TTA  81.63 + 1.20
Baseline 80.63 + 0.61
Baseline+TTA  80.66 + 0.63
BT 81.62 + 0.76

s BT+TTA 81.83 + 0.76

€ gpT 81.45 + 1.01

GPT+TTA 81.79 + 1.02
BT+GPT 82.01 + 0.76
BT+GPT4+TTA  82.33 + 0.76
Baseline 81.05 + 0.72
Baseline+TTA  81.11 + 0.66
BT 81.23 + 0.94
BT+TTA 81.13 + 0.87

La

8¢ Gpr 81.89 + 0.82

GPT+TTA 82.20 + 0.79
BT+GPT 82.31 + 0.79
BT+GPT4+TTA  82.58 + 0.69




1.5 Results

* Learning effects of augmentation
« data ZL2 ARt 42, validation loss7t O L& &gt

(@)
« overfittingg == &= QICt0 THCH=

Learning Effects of Augmentation

Validation loss [DeBERTa large]

0.12 —e—~ baseline
~®- back-translate
-o— ada + babbage
=&— backtransiate + ada + babbage

0.11
0.10

w
2]
=

0.09

0.08
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1.6 Summary

« BT 2! rephrasing augmentationQJ =1t

- EY0| 27t HAS 0] 2H| gttst d5, &k =

o =04, 2H=20{H, H|1O0t 25t7| S implicit hate speechE ELCt & g &~ QIS
« test-time augmentation?| 1}

- Z2Y 052 H=td H gd 3712 ECrobustet ¥
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2.1 Introduction

o 7|Z&2] text &2 hate speech detection
Opetot= A0| X ¢ig (A, 2=0[, sx-)
"ML
1=}

US| HYAE
e.g., Really,/7?: “0f|0], ZI%t?", Really\\?:
]I=|_J|\_9_|- El‘EXl LS O

2| LiIE2 SAXO0[X| 2 ALY,

71&2] audio &2! hate speech detection
O 74X

Loy

I.

sarcasmic behavior:
3%94

SHH 85t

text2} audioE &
HC XHX™MOZ speech?]

H Al = text@t audiosS 5 |

transformer 2= X|¢tat
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2.2 Key Concepts

log mel spectogram

« spectogram: A[ZH0]| 2 SEMS 9| 1}

« QIZF2 hertz scale= linearstA| ¢4
7

 e.g., 500hz — 1,000hz

-

= oA F&E5HX|EE 10,000hz-15000hz ZF ifOIE —EoX| =
« hertz spectogram= 2172 ™MZIN| A0 A B1=tet log mel spectogramC = H
=}

. RS RN HES EAHK| L, 52 1

o
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2.3a Methods - text & speech sampling

text sampling speech sampling
 word embedding = positional encoder * input: (80, time_step) 2 7|2 spectogram matrix
 7|& transformer2} X0| gi=  conv x2 =2 (LSTM) + (positional encoder)
| )
l P A N
! | Convolutional '

[Word Embedding}— .

Convolutional —l
[Positional Encoder] LSTM [ sy ]
|
< %)‘ 4

*[STM: 21 A|AA HIOJE L] 21N X2|E Yol dCHE =2tMAEH(RNN)2S 5.
* Positional encoder: A|EAL| 2t 2{X|0f| CHEt HEE H|O|E{0f] =75H= layer.

Attentive Fusion: A Transformer—-based Approach to Multimodal Hate Speech Detection (2024)



2.3b Methods - encoder & decoder

« 27l9] pipeline A2 (7|& transformer?]
encoder, decoder + LSTM)

« speech sampling data

- pipeline 1 encoder, pipeline 2 decoder
* text sampling data

- pipeline 2 encoder, pipeline 1 decoder

* pipeline 1: C|ZES| HAET} 2IF O
QLRE 0|83 &I 7hs

* pipeline 2: C|AEH2S| QLC|L7t QIFEH2]

HAES 0S5 3t THs

P

Softmax

o —

~

Linear

’—) Attentive Fusion
S
1

— .
f O A\
] J
o ] | .
- | Add & Nerm
ulti-Hea —
ntion | Feed Forward
—_>| Add & Norm |
ulti-Hea
ntion
-
/

Text Sampling
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2.3c Methods - Attentive Fusion Layer

= pipelinel] 2105 &gt £, linear-
softmax layerg& 4ol Z2gf 0=

e x;= pipeline 1, x,= pipeline 2¢
output
* Ly = Linear(xy), L, = Linear(x;)

tanh(LqXL5y) (

e w=e¢e element-wise mul.)

= S Wi (e B27100] = %S

27| I3t OFF Xt 7

g\

JE

Softmax

B S
Linear
J— —

—> Attentive Fusion

o -\‘\
I
] |
o ] |
- | Add & Nerm
ulti-Hea —
ntion J Feed Forward |
At |
.-n o
‘ ) |

= J [ Add & Norm
ulti-Hea M lti-Head
L | Anennan
, L AA A

/ -

Text Sampling
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2.4 Experiments

« DeToxy dataset: audio + text samples labeled “hate” / “non-hate”
o 7712] 51 datasete 2 F-M

Hate Not Hate Training
Dataset Train Dev Test | Train Dev  Test o i

CMU-MOSEI 149 33 35 448 100 95 8000 1
CMU-MOSI 47 10 10 134 30 29

Common Voice | 2,013 442 433 | 6,037 1.326 1.300 6000
LJ Speech 28 §] 6 74 17 17

MELD 99 22 21 294 65 64 #0007

Social-10Q) 83 18 19 242 56 50 -
VCTK 34 8 8 104 23 22

| 2453 539 532 | 7333 1617 1,577 0 — —

« MW7} macro F1 score

* F1 score: PrecisionZ} RecallQ] X&}E .
* macro F1 score: class2 F1 scorel| T+
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2.5 Results

« audio sequences20 =2&H= 7|& « attentive fusion layer@| AtEE E&6| 5 pipelinel]
framework0l| H|5H H =2 d5& 2 ZIZ concatenateste AHLH 52 M58 HO
(RIFl B2 X9t text sequencesZBt SIS M|Qt=
H|WE SHX| ¢4=)
Dev  Test
Concatenate Layer 0.908 0.909
Attentive Fusion Layer 0.931 0.927
System Category Dev  Test
F-Bank - 0.610 0.620‘ )
wavaveen (o . Freczed 0448 0457 * T pipelinegs SA|0| At&ol= 20| ofLte]
"~ Unfreezed 0.877 0.869 pipelineBt A5t AHL 52 M52 HY
wav2vec-2.0 .
Unfreezed 0.897 0.877
l()9 layerzl Dev  Test
roposc
Framework - 0.931 0.927 Pipeline | 0.910 0.909
Pipeline2  0.910 0.899
(F1 score) Our Bascline 0.931 0.927
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2.6 Summary

* hate speech detection model0|| audio-based & text-based contentE 25 Aot 21t
* sarcasm(H|110t H3t7]) S Ciret HEH2| hate speechd CHe THHE = 2kt

« 0124 Transformer pipelineE SA|0| At25H= 242 multimodality model training0| £ 2+&

ol
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