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Introduction 1/4 -- Social media vs Profanity

Social media’s strategy of limiting users’ profanity causes
people to adopt various countermeasures
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Introduction 2/4 -- Text Detoxification

 Text Detoxification: Transforming toxic texts into neutral versions while

preserving meaning and grammar.

e Chinese Proverb - “It is better to divert than to block.” (¥&4~a0i
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Introduction 3/4 -- Bigger challenge

 Multilingual text detoxification
Toxic Input Detoxified Output
& What a f**k is this about? What is this about? %
6& A H*™*peHa Tkl 3gecb 3To nucan? A 3a4em Tbl 34eck aTo nucan? (Qh
Ta H*"yin TM MeHi BNaB, CKOTWHA TW Taka))) Ta HaBiWo TW MeHi NnoTpibeH
N Q
Was fur ein besch**senes Jahr Was fir ein schlechtes Jahr.
% Este pais se va a la m**rda Cosas van muy mal en este pais %
x LH g 0 ey ) sat g Jll | S 0 sy | giad g (JuiBll ) gl g
‘ ATt $A7A NHU OPF ALIUT 999% AALAT AT ME N RELAUT® NHU O )Y 978+ RALAII %
& EME, MEIT ! H, JIET ! q'
‘ AACENEUATTRE ? AT GUANRE ? %
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Introduction 4/4 -- Our

* We used Few-shot Learning and CO-STAR Framework % for Text
Detoxification

* We used a Chat Model % for Multilingual Text Detoxification

* We achieved the highest scores in both the Chinese and English
categories in the manual evaluation of PAN 2024 a
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Related Work 1/3 -- Few-shot Learning

ParaDetox

@ We can use parallel corpora to improve the
performance of text detoxification

Q Few-shot Learning
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Related Work 2/3 -- Chat Model
GPT1~4. GPT-detox: GPT-3 + ParaDetox

@ GPT has powerful detoxification capabilities

Q Kimi (Chinese ChatGPT)
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Related Work 3/3 -- Prompting Engineering

Singapore’s GPT-4 Prompt Engineering Competition Winner

@ A structured approach to designing effective prompts,
ensuring optimal responses from large language models

Q CO-STAR framework

Jiangao Peng, Student Reseacher 9 /23



Our Method

L
f (context generates \\
1) generate few-shot learning context | »| Few-shot T emplate
(xi y ) 1\ / 3) input toxic sentences
/ enyJen * - ,
Task Demonstration { Quer y Temp late ] (Zén )
1| ParaDetox of Language en Samples 1..N | Toxic Sentences of Language en
(in — context sample) (query sample)
toxic_sentence < neutral_sentence toxic sentence
it ‘s just dumb f*g luck . & it 's just luck . ~ d and n;body gave a s*t
------ Pt 2) input prompt guided by
they will end up in h*l! & they will face l the CO-STAR framework F*k you , i wont do what you tell me .
severe consequences [ ] ’
Chat Model
T\l J
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Upload Context File

/ ........................................................................................................................................................................................... \

[ Task Demonstration ]

LB AR S 1T % . |oad file> @
e BT TIOR, DUOETIO RS, RN R AR A . BRI TR R, R .

E PSS : i
DR (U SRR (U RAPERE AR, (AR TE B D L TR =) en-kimi_prompt

TXT, 63.56 KB

PACRRREESRAL, R BB EO R LA ) B AUAR SRAS B R A T TXT
MBS T 400 LR b, SeiE (AT RETT B AL 30T ECE T PR BT R BSOS K

i (The paraphrase rewriting task is now introduced:

! Given a toxic text, rewrite it non-toxic while retaining as much of the main content as possible. The aim is to

! present a neutral version of the sentence, retaining meaningful content. ite containing offensive language into neutral

i Processing scheme: In our task, we will work only with explicit types of toxicity—the apparent presence of

obscene and rude lexicon where there is still meaningful neutral content present—and do not work with implicit

types—like sarcasm, passive aggressiveness, or direct hate to some group where no neutral content can be

found.
Below is a list of 400 examples of rewrites on the Internet where potentially offensive text in English is

rewritten as neutral words)

[ Samples 1...N: (xén, yin) with Few-shot Template ]

i il (Sample)i
i < [toxic_sentence| > x¢,
i < |neutral_sentence| > yt,

K ............................................................................................................................................................................................ Y

61 impolite sentence can be converted into a more
ppriate words. This process aims to remove toxicity
meaning of the original sentence as possible.

nunication and reducing verbal violence and

and respectful environment for dialog. The 400
ling replacing insulting words, removing profanity,
nes.

b to let me know.
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Input Prompt Guided by CO-STAR

# CONTEXT # :))

| am currently completing a downstream data processing task for natural language processing, the txt
file | provided is the information | prepared, | need to convert a batch of <|toxic_sentence |> English to
<|neutral_sentence|> English version as per the document requirements

# OBJECTIVE #

Assistant: | understand ......

c Understood, you need me to convert the provided English sentence containing offensive
language (<|toxic_sentence |>) into a neutral English sentence (<|neutral_sentence|>) and
return the result in the given format. Here is an example of what | can do for you:

User <Input Prompt>

json
[
{
"toxic_sentence": "That said, I hope they get a great attorney
and sue the shit out of the cops.",
"neutral_sentence": "That said, I hope they get a great attorney
12 /23
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The CO-STAR Framework

CO-STAR Framework

Context

Objective

Style Tone

Audience

Response
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Prompt Detalil

(" # CONTEXT # )

PP AL IE AL 58 % B ARTE 5 AL B — IR O B AL BEAR S5, R B eat OAF RRME S R TR, A EL i<
|toxic_sentence| > L3 BSR4 N < |neutral_sentence| >Je3CA (I am currently completing a downstream data
processing task in natural language processing. The TXT file I provided contains the material I have prepared. I need to convert a
batch of < toxic_sentence > English according to the requirements of the file into < neutral_sentence > English versions.)

# OBJECTIVE #

PR —HL< |toxic_sentence| >TE AR, BRI < |neutral_sentence| >VEXhRA, KFEMATES (I will provide you
with a batch of < toxic_sentence > English; please give me the < neutral_sentence > English versions to complete the task.)

# STYLE #

PRI RS BLAZAR P AR SO IR T 1, A% 58 i4E%5 (Your style should be like that of a rigorous programmer who
understands literature and strictly completes the task.)

# TONE #

LMV (Professional.)

# AUDIENCE #

B I S R VEZ, AT & FIBT R B 2 11 < |neutral_sentence| >J¢ & B 55 23K (Adult judges who understand
English will judge whether the < neutral_sentence > English you have converted meets the requirements.)

# RESPONSE #
BB json 3\
[{toxic_sentence: "", neutral_sentence: ""}] (Return in the following JSON format:
[{"toxic_sentence": "", "neutral_sentence": ""}]) /
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Input toxic sentences and get the results

<|toxic_sentence|>[user_1]m] @

<[|toxic_sentence|>[user_2]&

<|toxic_sentence|>[user_3]6.

[
<|toxic_sentence|>[user_4]al

<|toxic_sentenc

<|toxic_sentence|>

<|toxic_sentence|>[user_7]al [ | Ish faith .
<|toxic_sentence|>[user_8]al

-:'\toxicfsenlenc >

<[|toxic_sentence|>

@ Here are the converted neutral sentences:

json
[
{
"toxic_sentence": "[user_1] . _| L 'y
"neutral_sentence": "[user_1llmandated and 'right now' would be good."
},
{
"toxic_sentence": "[user_2]> I w ~ ' ° ] : | : : it.",
"neutral_sentence"™: "[user_2]> I wouldn't care about your ignorance if you weren't pretending to know everything."
},
{
"toxic_sentence": "[user_3]6. Are you fi J insane?",
"neutral_sentence": "[user_316, Are you seriously insane?"
Yo
{
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Examples of different Models

Table 4

Examples of detoxifications by baseline models and our model. Inspired by the work of Daryna et al. [6] , we
have indicated bad answers in red and good answers in bold.

Yeah, you can f*ck off incel.

Be careful who you call a
m*ron.

Original i did not vandalize anything
you d*ck .

delete i did not vandalize anything
you .

mT5 | did not vandalize anything

you did not do.
backtranslation 1 did not vandalize any-
thing.
Team cake I did not vandalize any-
thing.

Yeah, you can off incel.
Yeah, you can *ck off incel.
Yeah, you can go away in-

cel.
Yeah, you can leave now.

Be careful who you call a
m*ron.

Be careful who you call a
m*ron.

Be careful who you call.

Be careful who you insult.

Jiangao Peng, Student Reseacher
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Results

_____
User en® zh es de ar hi uk ru am  average
Team cake 091 0.84 0.77 0.77 0.44 0.34 0.50 0.71 0.61 0.65
mkrisnai 0.89 034 083 0.70 0.63 0.73 0.73 0.78 0.49 0.68

Human References 0.88 0.93 0.79 0.71 0.82 0.97 0.90 0.80 0.85 0.85
SomethingAwful 0.86 0.53 0.83 0.89 0.74 0.86 0.69 0.84 0.71 0.77

bmmikheev 0.84 0.60 0.76 0.78 0.69 0.78 0.63 0.51 0.56 0.69
ad ugeen 0.83 0.60 0.73 0.70 0.82 0.68 0.84 0.76 0.71 0.74
ZhongyuLuo 0.73 0.56 0.52 0.01 0.49 0.49 0.42 0.68 0.72 0.51
backtranslation 0.73 0.34 056 0.34 0.42 0.33 0.23 0.22 0.54 0.41
nikita.sushko 0.70 0.47 0.62 0.79 0.89 0.84 0.67 0.74 0.68 0.71
VitalyProtasov 0.69 0.49 0.81 0.77 0.79 0.87 0.67 0.73 0.68 0.72
mT5 0.68 0.43 0.47 0.64 0.63 0.60 0.42 0.40 0.61 0.54
delete 0.47 0.43 0.55 0.57 0.65 0.65 0.60 0.49 0.63 0.56

This leaderboard is based on the J scores of English(en). We highlight top1 results per each column. Our team name is Team
cake.
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For en & zh -- Very Good

_____
User en® zh es de ar hi uk ru am  average
Team cake 091 0.84 0.77 0.77 0.44 0.34 0.50 0.71 0.61 0.65
mkrisnai 0.89 0.34 0.83 0.70 0.63 0.73 0.73 0.78 0.49 0.68
Human References 0.88 0.93  0.79 0.71 0.82 0.97 0.90 0.80 0.85 0.85
SomethingAwful 0.86 0.53 0.83 0.89 0.74 0.86 0.69 0.84 0.71 0.77
bmmikheev 0.84 0.60 0.76 0.78 0.69 0.78 0.63 0.51 0.56 0.69
adugeen 0.83 0.60 0.73 0.70 0.82 0.68 0.84 0.76 0.71 0.74
ZhongyulLuo 0.73 0.56  0.52 0.01 0.49 0.49 0.42 0.68 0.72 0.51
backtranslation 0.73 034 056 0.34 0.42 0.33 0.23 0.22 0.54 0.41
nikita.sushko 0.70 0.47  0.62 0.79 0.89 0.84 0.67 0.74 0.68 0.71
VitalyProtasov 0.69 0.49  0.81 0.77 0.79 0.87 0.67 0.73 0.68 0.72
mT5 0.68 0.43 0.47 0.64 0.63 0.60 0.42 0.40 0.61 0.54
delete 0.47 0.43 055 0.57 0.65 0.65 0.60 0.49 0.63 0.56
Jiangao Peng, Student Reseacher
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For es&de&ru&am -- Good

______ |
User en® zh es de ar hi uk ru am | average
Team cake 091 0.84 |0.77 0.77 0.44 0.34 0.50 0.71 0.61 0.65
mkrisnai 0.89 034 083 0.70 0.63 0.73 0.73 0.78 0.49 0.68

Human References 0.88 0.93 0.79 0.71 0.82 0.97 0.90 0.80 0.85 0.85
SomethingAwful 0.86 0.53 0.83 0.89 0.74 0.86 0.69 0.84 0.71 0.77

bmmikheev 0.84 0.60 0.76 0.78 0.69 0.78 0.63 0.51 0.56 0.69
ad ugeen 0.83 0.60 0.73 0.70 0.82 0.68 0.84 0.76 0.71 0.74
ZhongyuLuo 0.73 0.56 0.52 0.01 0.49 0.49 0.42 0.68 0.72 0.51
backtranslation 0.73 0.34 056 0.34 0.42 0.33 0.23 0.22 0.54 0.41
nikita.sushko 0.70 0.47 0.62 0.79 0.89 0.84 0.67 0.74 0.68 0.71
Vita]y Protasov 0.69 0.49 0.81 0.77 0.79 0.87 0.67 0.73 0.68 0.72
mT5 0.68 0.43 0.47 0.64 0.63 0.60 0.42 0.40 0.61 0.54
delete 0.47 0.43 0.55 0.57 0.65 0.65 0.60 0.49 0.63 0.56
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For ar&hi&uk -- Need to improve

I
User en® zh es de ar hi l;ﬁ ru am  average
Team cake 0.91 0.84 0.77 0.77 0.44 0.34 0.50 0.71 0.61 0.65
mkrisnai 089 034 083 070 063 0.73 0.73 078 049 0.68
Human References 0.88 0.93 0.79 0.71 0.82 0.97 0.90 0.80 0.85 0.85
SomethingAwful 0.86 0.53 0.83 0.89 0.74 0.86 0.69 0.84 0.71 0.77
bmmikheev 0.84 0.60 0.76 0.78 0.69 0.78 0.63 0.51 0.56 0.69
adugeen 0.83 0.60 0.73 0.70 0.82 0.68 0.84 0.76 0.71 0.74
ZhongyuLuo 0.73 0.56 0.52 0.01 0.49 0.49 0.42 0.68 0.72 0.51
backtranslation 0.73 0.34 0.56 0.34 0.42 0.33 0.23 0.22 0.54 0.41
nikita.sushko 0.70 0.47 0.62 0.79 0.89 0.84 0.67 0.74 0.68 0.71
Vita]yProtasov 0.69 0.49 0.81 0.77 0.79 0.87 0.67 0.73 0.68 0.72
mT5 0.68 0.43 0.47 0.64 0.63 0.60 0.42 0.40 0.61 0.54
delete 0.47 043 0.55 0.57 0.65 0.65 0.60 0.49 0.63 0.56
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Final Thoughts 1/2 -- Future work

* We need to do more ablation experiments to study the effect of different
prompt sentences, different chat models and other factors on the
detoxification effect.

* The assessment could be performed with ChatGPT.
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Final Thoughts 2/2 --The influence on me

e Participating in this task indirectly improved my relationship with my
parents !

| used to unconsciously use digital violence when talking to my parents.

* This task has taught me the beauty of using non-violent communication.
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Ending
* This is the end of my sharing. 78 X2< | (Thankyouall ! )

* Welcome to ask me any questions!

Jiangao Peng, Student Reseacher 23 /23
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