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What is Translationese?
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Text Style Transfer
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Source Style Target Style
Impolite — Polite: Shut up! the video is starting! Please be quiet, the video will begin shortly.
Negative — Positive:  The food is tasteless. The food is delicious.
Informal — Formal: The kid 1s freaking out. That child 1s distressed.

Table 1: TST examples regarding sentiment, polarity, and formality.
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Jin, Di, et al."Deep learning for text style transfer: A survey." Computational Linguistics 48.1 (2022): 155-205.



Solution & Model Choice

Source Target Source Target
Ex. 1
Ex. 2 |
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Ex. 4 |

Parallel Data Non-parallel Data

Parallel data: o0 281t Z2 2|0|9] HHF ot=0 & 0| SA|0f| ZXHol= 0K A2

St X2t $tH HHE = No parallel data!!!
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Solution & Model Choice

(pseudo-parallel data)
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Dataset
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Evaluation Metric

A successful style-transferred output not only needs to demonstrate the correct target
style; but also, due to the uncontrollability of neural networks, we need to verify that it
preserves the original semantics, and maintains natural language fluency. Therefore,
the commonly used practice of evaluation considers the following three criteria: (1)
transferred style strength, (2) semantic preservation, and (3) fluency.
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Table 4
Overview of evaluation methods for each criterion.

o|0|: BERTScore

Criterion Automatic Evaluation Human Evaluation O Kk Ad. i
o 3. Perplexity, TTR
Overall BLEU with gold references Rating or ranking MNe
- Transferred Style Strength ~ Accuracy by a separately trained style classifier Rating or ranking e
- Semantic Preservation BLEU/ROUGE/ etc. with (modified) inputs Rating or ranking
- Fluency Perplexity by a separately trained language model = Rating or ranking

Jin, Di, et al."Deep learning for text style transfer: A survey." Computational Linguistics 48.1 (2022): 155-205.



Evaluation Metric
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Quantitative Results
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Quantitative Results

I I

mt3-base W mt3-small W

Training Loss Validation Loss Epoch Training Loss Validation Loss

1.966100 1.740007 1 2.303300 1.908256
1.904100 1.688509 2 2.118600 1.809754
1.870100 1.653518 3 2.068400 1.779874

1.809600 1.634902
1.801200 1.627118




Quantitative Results
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KE-T5-base

| KoBER'T-score

# ko vs. mitigated
similarities = get_similarity batch(reference_texts, mitigated_texts)

Jte: AEIR0| F25A| 7 X]=|010F BT

print(f"KoBERT avg similarity: {np.mean(similarities):.4f}") 7E=|I|_|- z*l'OI AIE g'%'al-mOLl-,
print(f"KoBERT max similarity: {np.max(similarities):.4f}") AL A KO

>0 = =1 Ol
print(f"KoBERT min similarity: {np.min(similarities):.4f}") HI A I—I. ey —| EOIJ— MI:I-°

KoBERT avg similarity: ©.8123
KoBERT max similarity: ©.9786
KoBERT min similarity: ©.4497

# ko vs. translated ko
similarities = get_similarity batch(test_dataset_sample[ 'ko'], test_dataset_sample|'ko_translationese'])

print(f"KoBERT avg similarity: {np.mean(similarities):.4f}")
print(f"KoBERT max similarity: {np.max(similarities):.4f}")
print(f"KoBERT min similarity: {np.min(similarities):.4f}")

KoBERT avg similarity: ©.8696

KoBERT max similarity: 1.0000
KoBERT min similarity: ©.5580




Quantitative Results

e .

mt5-hase W mt5-small

Kobertscore F1 Kobertscore F1

0.768200 0.743600

0.750500 L pElo] A0 KoBERTScore At =
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Quantitative Results

Perplexity

IR

KE-T5-base W

# ko vs. mitigated

import math

if "eval loss" in final metrics:
ppl = math.exp(final_metrics["eval loss"])
print(f"Perplexity: {ppl:.4f}")

Perplexity: 1.36480

KE-T5-base 29| perplexityZ} 7t YA LI2 WS 2 HO}
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Perplexity

11.885900
10.045200
9.758100
9.722900
9.569600
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Perplexity

15.181800
13.199600
12.842000



Quantitative Results

P

KE-T5-base

total_mattr_mitigated = ©
for sent in generated_texts:
total_mattr_mitigated += mattr(sent, window_size=58)

average_mattr_mitigated = total_mattr_mitigated / len(generated_texts)
print(f"Average MATTR of Mitigated Texts: {average_mattr_mitigated:.4f

Average MATTR of Mitigated Texts: ©.9977

MATTR

Average MATTR of Translationese Texts: ©.9941

)
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mthH-base W

Mattr

0.996600
0.996000

0.995800

0.996100
0.996000

SR

mt5-small ﬁ\

Mattr

0.996700
0.996700

0.996600







Qualitative Results
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Qualitative Results
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Qualitative Results
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Limitations
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Future Work

1. Data augmentation

(a) (b) Translationese 2
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Original text (ko) -
(Translationese (ko))—-—@riginal text (eng (Translation (en))

2.7t Loss &=: classifier-guided loss, reconstruction loss, cycle loss <°ri9ina' text2 Hg:i

(ko)

————————————————————————————————————————————

|
[
! (x;, €(x;)) —| Encoder [—| Decoder [— X; |
I > Translation loss |
I Para."fef data :
I

Yi
P = {(xpy)}

N Encoder || Decoder |- ! J e T _
(x;, 5(4;)) ] m Classifier-guided TeXt Style Tra nSferg % °|_I- O-I oI Form a I Ity —] H I'J|1 —_I-I- E’

1

1 1

| 1

1 |

1 1

loss

1 n

1 Cycled-recon. ¢(xj) / : LOSS I- E:l 7|'
I loss I

: \ % <+— Decoder [~-{ Encoder [+ (X;, c(x;)) :

1 1

| 1

1 Self-recon. loss i(xj,f:(xj)) —{ Encoder "

| | 1

:Cfass::ﬁcation data %; +—| Decoder :

L e ={(x;,5)} l

Xu, R, Ge, T, & Wei, F. (2019). Formality style transfer with hybrid textual annotations. arXiv preprint arXiv:1903.06353.
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