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Text Paraphrase Generation Based on Pre-trained Language Model and Tag Guidance

LIANG Jiayin and XIE Zhipeng

School of Computer Science,Fudan University.,Shanghai 200438, China
Abstract Text paraphrase generation is an important and challenging task in NLP. Some recent works have applied the syntactic
structure information of different granularity of sentences to guide the process of paraphrase generation and have achieved fair
performance. However., this kind of methods are rather complex and difficult to transfer. Besides, pre-trained language model has
shown good performance in various NLP tasks due to knowledge learned. But it has rarely been used in the paraphrase generation
task. This paper proposes a paraphrase generation method based on pre-trained language model and tag guidance. The pre-trained
language model is fine-tuned to improve the performance of the paraphrase generation task.and a simple tag insertion method is
used to provide syntactic structure guidance. Experiment results show that the proposed method outperforms traditional Seq2Seq
methods on datasets ParaNMT and Quora. In addition,it also demonstrate its effectiveness in improving downstream tasks by da-

ta augmentation.

Keywords Text paraphrase generation,Pre-trained language model, Data augmentation
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<A> SBAR </A> :** <B> VP </B>

<A> VP </A> ++» <B> VP </B>

Because he works hard,he will be promoted.

BART Input BART Output

<A> Because he works hard </A>,
he <B> will be promoted </B>.

He <B> will get promoted </B>
= ’<A>for his hard working </A>.

He <B> is promoted </B>

“ecause h.c SA> Worls hard 502 ———>because he <A> is hard-working
<B> he will be promoted </B>. .~ / </A>

BART -

B 1 bRl AT R TR AR
Fig. 1 Overview of label insertion workflow
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A .

Input: | <A> Because he works hard </A>.| he|<B> will be promoted </B>. |

Paraphrase: He |<B> will get promoted </B>I<A> for his hard working </A>. |

K2 TR AR AR

Fig. 2 Example of sentence label insertion
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Fig. 3 Example of constituent tree with alignment variants
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1 ARV 2R R B

Table 1 Training examples with tag

1

Vx:LVP.PP]
Vy :[SBAR, VP]
Inp:he(A) will get promoted (/A) (B) for his hard working. (/B)
Out: (B)because he works hard,(/B) he (A) will be promoted (/A)
2

T4 A

Vy:[VP,NP]
Vy:[VP.S]
Inp:he will(A) get promoted (/A) for (B) his hard working. (/B)
Out: because(B) he works hard,(/B) he will (A) be promoted (/A)

T4 A

3.2 {4 BART =&

BART 284 0930 A i 28 Bl B AL, Oy 7 fif H A
Xof il AT A A RO R AR R, AR SO 3.1 T g T ik AR
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RS A &2 i A AT 55 A B BBk .

AR LB FE facebook Y45 bart-large-enn"™! #5 BY 1 fy HE
RO e S Bl b AT IO . AR 0 R 7 K an 18l 4 R, R
FH S A 25 14 52 348 o) Al v 28] g 0

Out: <A>because he works hard </A> ...

T 1 O T 1
Pre-trained Pre-trained
Encoder ‘ ( Decoder )
T 7 T 1T * 1 1 7

OO
Inp: <A> for he hard working </A>.. <S> <A>because he works hard

B4 R AT 55 o r R B
Fig.4 Schematic diagram of fine-tuning mode of paraphrase task
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D https://www. kaggle. com/c/ quora-question-pairs

L AWR AL T A bR 27 5 T={)

2. 3RAF AT FEEM Tree LM BTAAETTI MV

3. for num in [2,5] do

4. A V P AETTAEON num B FTA A A
5. T=T+t

6. end for

7008 T ORI R RERMA S BH filter_ T
8. K=min(len(filter_T),10)

9. return random-K(filter_T)
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*2 BURE
Table 2 Datasets

Datasets Train Val. Test
ParaNMT 200000 20000 11740
Quora 114000 10000 9832
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Table 3 Performance evaluation of our model and the baseline

models on ParaNMT dataset

Method bleu®  rouge-14 rouge24 self-bleu v i-bleu 4
SOW-REAP 30.3 62.2 39.8 40.0 9.2
Transformer 33.4 63.6 41.9 36.5 12.4

F-Bart 37.8 64.8 45.3 34.4 16.1

F-Bart-T 38.3 65. 1 45.7 34.2 16.5
F-Bart-T-B 40.3 66.2 47.3 33.1 18.2
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Table 4 Performance evaluation of our model and the baseline

models on Quora dataset

Method bleu#  rouge-14 rouge24 self-bleu y i-bleu 4
SOW-REAP 37.1 71.3 51.3 37.3 14.8
Transformer 42.4 73.8 54.6 54.9 13.2

F-Bart 46.5 75.6 57.6 50. 6 17.4

F-Bart-T 47.1 75.8 57.7 49.4 18.1
F-Bart-T-B 47.8 76.2 58.3 48.7 18.9
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Table 5 Performance evaluation of data augmentation for

downstream tasks

R % Ji] 2 #iE
Method

Accuracy EM F1 BLEU

baseline 85.17 61.44  70.29 27.32
SOW-REAP # 3 85. 26 66.57 74.40 27.47
Transformer 3 # 84.58 65.59 74.28 27.16
F-Bart 3 78 86. 24 66. 24 75.11 27.71
F-Bart-T 3 3% 86.73 68.16  76.88 28.29
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Table 6 Paraphrase generation examples of models

Input Well, you are the lucky one,aren’t you?

Ground-truth
” So you’re the lucky one,huh?
paragraph

Transformer model gene

Gene:you’re lucky.aren’t you ?

No tag finetune model gene
Gene:you’re lucky you’re the luckiest one,aren’t you?
SOW-REAP model gene

Gene: well,you’re lucky,are n’t you ¢

Tag finetune model gene
Tag input: well,you’re (A) the lucky one (/A),(B)aren’t you (/B)
Gene:you’re one of (A) the lucky ones (/A),(B) aren’t you? (/B)
Tag input:well,you (A) ’re the lucky one (/A),(B)aren’t you (/B)
Gene:you’re lucky,you (A) ’re the only lucky one (/A),(B) aren’t you ?
/By

7 bad case /i
Table 7 Example of bad case

Input In many ways i am so much older than he is

Ground-truth X . .
i’m much more advanced than he is in many things
paragraph

Tag finetune model gene
Tag input: (A) In many ways(/A) (B)i am so much older than he is. {(/B)
Gene:in a lot of ways,(B) i’m much older than he is (/B) (A) in many

ways (/A)
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