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Abstract

Paraphrasing uses different words, sentence
structures, or expressions to convey similar se-
mantics. It is an effective training data augmen-
tation method to improve low-resource Natu-
ral Language Processing (NLP) tasks. Exist-
ing studies normally leverage parallel corpora
to construct parabanks, regarding the Machine
Translation (MT) results of source sentences
as the paraphrases of the corresponding target
sentences. As MT models are usually trained
on the same parallel corpus, translation of the
training set may suffer from overfitting, which
leads to less diverse paraphrases. Training para-
phrasers on the parabank generated via MT may
also suffer from the information loss issue, as
the parabank is derived from the parallel cor-
pora, and the knowledge inside the parabank
is a subset of that inside the parallel corpora.
In this paper, we train bidirectional Multilin-
gual Neural Machine Translation (MNMT) on
the bi-directional bilingual parallel corpus, and
use the MNMT model directly as a paraphras-
ing model by asking it to generate “transla-
tions” of the input language. As some source
tokens also appear in the translation in the par-
allel corpus, we introduce “copy”/“not-copy”
tags to indicate the existence/non-existence of
source tokens in the target translation during
training, and use the “not-copy” tag to encour-
age paraphrasing during inference. Manual
and automatic evaluation results show that our
ParaMNMT method can generate paraphrases
of higher semantic consistency, literal fluency
and sentential diversity compared to existing
parabanks and LLMs. Our data augmentation
experiments verify the effectiveness of ParaM-
NMT on improving low-resource NLP tasks.

1 Introduction

Paraphrase restates the same meaning with differ-
ent expressions (Bhagat and Hovy, 2013). Para-
phrasing is an effective data augmentation method
for many Natural Language Processing (NLP)

tasks, such as low-resource Machine Translation
(MT) (Khayrallah et al., 2020), automatic MT eval-
uation (Thompson and Post, 2020a), creative gen-
eration (Tian et al., 2021), improving model robust-
ness (Huang and Chang, 2021), among others.

The training of high-quality neural paraphrasers
relies on a large amount of paraphrases (Li et al.,
2019; Kumar et al., 2020). As manual annota-
tions are expensive and difficult to scale (Madnani
et al., 2012; Iyer et al., 2017b), most studies explore
the possibility of automatic paraphrase generation.
One common choice is back-translation (Wieting
and Gimpel, 2017; Hu et al., 2019a,b), which gener-
ates paraphrases of target sentences by translating
the corresponding source sentences in the parallel
corpora. As MT models are usually trained on the
same parallel corpus, translations of the training
set may suffer from overfitting and are less diverse.
The training of paraphrasers based on the machine
translated parabank may also suffer from the infor-
mation loss issue, as the parabank is derived from
the parallel corpora, and training on the parabank
may only gain a subset of the knowledge in the
parallel corpora.

In this paper, we leverage the bidirectional
Multilingual Neural Machine translation (MNMT)
model trained on the bilingual parallel data and
to facilitate paraphrasing via zero-shot translation
(Thompson and Post, 2020b). Specifically, we add
the language token at the beginning of sentences
to indicate the translation direction during MNMT
modeling, so the model can generate translations
under the instruction of the language token. During
paraphrasing, we use the language token of the in-
put source sentence and ask the model to “translate”
into the same language. To encourage the model
using diverse expressions, we propose to assign
each token with a feature tag for its existence in the
target translation during MNMT training, “copy”
for its existence in the target translation, and “not-
copy” for the opposite. Despite that the source and
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<2en> Mladší pár potřeboval navíc i malou kancelář .

Mladší pár potřeboval navíc i malou kancelář . 

<eos>

The young couple also needed a small office. 

<eos>

<2cs> The young couple also needed a small office .

<2en> The young couple also needed a small office. The young couple required a small office as well.

MNMT Training, en cs :

Zero-shot Paraphrasing, en en :

Figure 1: MNMT training and zero-shot paraphrasing.

target sides are in different languages in the paral-
lel corpora, they still share some tokens especially
when shared byte-pair-encoding is applied. Dur-
ing paraphrasing, we assign high-frequency tokens
with the “not-copy” tag as instruction, and increase
the paraphrase diversity by assigning more tokens
with the “not-copy” tag.

Our main contributions are as follows:

• We facilitate paraphrasing by zero-shot trans-
lation with MNMT models, using the source
language token to ask the model to “translate”
into the input language. Compared to training
the paraphraser on the parabank constructed
by pairing the machine translations of source
sentences with the corresponding target sen-
tences of the parallel corpora, our single-stage
method does not suffer from information loss.

• We assign “copy” and “not-copy” feature tags
to each token, indicating its existence in the
target sentence, and enhance the paraphrasing
diversity using more “not-copy” tags.

• Manual and automatic evaluations show that
our method generates paraphrases of higher
semantic consistency, literal fluency, and sen-
tential diversity than existing parabanks.

• Paraphrasing with our method leads to signifi-
cant improvements on all low-resource GLUE
tasks, showing the effectiveness of data aug-
mentation with our paraphrasing approach.

2 Our Method

2.1 Paraphrasing based on MNMT
Regular paraphrase generation usually uses the
translation model to translate the source sentence
into the target language, then pairs the translation
with the corresponding target reference to create a

parabank using parallel corpus. The paraphraser
is obtained by training a paraphrase model on the
parabank. The multi-stage method may suffer from
information loss for: 1) the MT model trained on
the same parallel corpus is likely to generate trans-
lations similar to the reference due to overfitting,
and 2) the training of the paraphraser only utilizes
the parabank, which only contains a subset of the
knowledge of the parallel corpus.

To avoid potential information loss of the multi-
stage method, we employ the bidirectional Multilin-
gual Neural Machine Translation (MNNT) model
(Firat et al., 2016) directly as a paraphraser. We add
the target language token at the beginning of sen-
tences during MNMT training, and paraphrasing
is accomplished by zero-shot “translating” the in-
put sentence to the same language using the source
language token. As shown in Figure 1.

2.2 Diversity Control with Copy Tags
Zero-shot translation may lead to outputs similar to
the inputs, we enhance the diversity of “translation”
with “copy” and “not-copy” feature tags, as shown
in Figure 2. During MNMT training, we check
the existence of source tokens in the target transla-
tion. Despite that the source and target sentences
are in different languages in the parallel corpora,
they may still share some tokens, especially when
shared byte-pair-encoding is applied. We assign the
“copy” tag to source tokens which also appear in
the target sentences, and the “not-copy” tag to the
other tokens. In the MNMT modeling, we retrieve
embeddings for the “copy” or “not-copy” tags at
each position like embedding lookup for tokens,
and add the feature embeddings to token embed-
dings together with positional embeddings. The
model is encouraged to re-generate the input to-
kens with the “copy” tag and to transform the input
tokens with the “not-copy” tag during training. In
our train data (Section 2.3), 18.7% of source tokens
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<sos>  because of  his  constant  acts of  goofiness  .  <eos>

<2cs>  some  cameras are rated   to   only  5 feet   , others  to  50 or  60 feet . <eos>

nc nc nc nc nc nc nc c nc c nc nc c nc c nc c ncCopy features：

<sos>  některé fotoaparáty jsou určeny jen do  5 stop , další do  50 až 60 . <eos> 

<2en> because he  acts so  goofy  all  the  time  <eos>

nc c nc c nc nc nc nc nc nc

Input sentence：

Copy features：

Training process

Decoding process

Input sentence：

Figure 2: ParaMNMT with copy features. “c” and “nc” stand for the “copy” and the “not-copy” tags respectively.

are assigned with the “copy” tag.
During paraphrasing, we increase the diversity

by assigning more tokens with the “not-copy” tag,
asking the model to transform these tokens. We
investigate two strategies for the choosing of “not-
copy” tokens: 1) high-frequency. We assign the
“not-copy” tag to tokens of higher frequencies and
the “copy” tag to the other tokens, because high-
frequency words are more likely to be function
words which can often be replaced via syntactic
paraphrasing. 2) high-entropy. We mask individual
word each at a time and feed the masked sentence
into BERT to get the prediction probability distribu-
tion of the masked word, we calculate the entropy
of the masked word based on the probability distri-
bution and assign the “not-copy” tag to the tokens
of higher entropy, because the model is more uncer-
tain for the prediction of the high-entropy words,
which may also be easier to be replaced by the
other words.

In practice, most of the time the model can gener-
ate a legal sentence according to the given copy/not-
copy tags by adjusting the sentence structure or
using words of similar meanings during inference.
In a few cases (7.17%), the model may ignore the
“not-copy” tag and use the original tokens.

2.3 Training of MNMT Paraphraser

For fair comparison, we implemented our method
on the English-Czech parallel corpora following
previous work (Hu et al., 2019a,b). We used
the English-Czech parallel corpus of the WMT
2016 news translation task (Bojar et al., 2016a) for
our experiments, containing Europarl v7 (Koehn,

2005), Common Crawl, News Commentary v11
and CzEng 1.6pre (Bojar et al., 2016b).

We swapped the source sentences and target
translations of the original parallel corpus to obtain
the parallel corpus for the reverse translation direc-
tion. We added the language tokens of the target
language at the beginning of each sentence of both
the original parallel corpus and the reversed parallel
corpus, and concatenated them as the bidirectional
training data for MNMT. Byte Pair Encoding (BPE)
(Sennrich et al., 2016) was applied to address the
unknown word issue.

As the source and target sides of the parallel
corpus share some tokens especially when shared
byte-pair-encoding is applied despite in different
languages, we generate “copy” or “not-copy” tags
for each token in the source sentence by checking
its existence in the corresponding target transla-
tion. We train the MNMT model to generate the
target translation given the source sentence and the
corresponding copy feature sequence as input.

We used the Transformer Base (Vaswani
et al., 2017) model of 6 encoder and de-
coder layers and an embedding dimension of
512 for MNMT modeling, and augmented the
model with Language-Aware Layer Normalization
(LALN) and Language-Aware Linear Transforma-
tion (LALT) for improved performance (Zhang
et al., 2020).

2.4 Paraphrasing

During paraphrasing, we assign 30% of tokens in
the sentence with the “not-copy” tag, and assign
the other tokens with the “copy” tag. The token
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Score Semantic consistency Literal fluency Sentential diversity

5
Sentences have exactly the
same meaning with all the
same details.

The sentence pair has no
grammatical error.

The sentences have more
than one grammatical varia-
tion or more than two lexic-
al variations.

4
Sentences are mostly equiv-
alent, but some unimportant
details can differ.

The sentence pair has one
grammatical error.

The sentences have slight gr-
ammatical variation.

3

Sentences are roughly
equivalent, with some imp-
ortant information missing
or that differs slightly.

The sentence pair has two
grammatical errors.

The sentences have unchang-
ed grammatical structure
but two lexical variations.

2
Sentences are not equivale-
nt, even if they share
slight details.

The sentence pair has three
grammatical errors.

The sentences have unchang-
ed grammatical structure
but one lexical variation.

1 Sentences are totally diffe-
rent.

The sentence pair has more
than three grammatical errors.

The sentence pair has
basically unchanged gramma-
tical structure and lexical
variation.

Table 1: Manual evaluation criteria of semantic consistency, literal fluency, and sentential diversity.

frequencies were counted on the training data. In
our preliminary experiments with automatic quality
evaluation metrics (Section 3.2), this setting lead
to a good trade-off between semantic consistency
and sentential diversity.

The ParaMNMT model can paraphrase both En-
glish and Czech sentences, but we only evaluate in
English, for most previous studies and evaluations
are in English, and applying our method in English
is friendly for comparison with previous work.

As the vocabulary of the ParaMNMT model con-
tains tokens for all supported languages, we may
prune the tokens which do not appear in the target
language sentences in the parallel corpus for effi-
cient language-specific paraphrasing. For English-
only paraphrasing, we remove the corresponding
rows for tokens that only appear in Czech sentences
from the embedding and classifier weight matrices
and the scalars in classifier bias vector. This re-
duces the vocabulary size by 40% and accelerates
the decoding speed by 12%.

3 Quality Evaluation of ParaMNMT

We evaluated the quality of paraphrases in terms of
semantic consistency, sentential diversity, and lit-
eral fluency. We compared our ParaMNMT method
with existing parabanks like: ParaBank (Hu et al.,
2019a), ParaBank2 (Hu et al., 2019b), ParaAMR
(Huang et al., 2023), and Large Language Mod-
els (LLMs) including: LLaMa 3 8B (Dubey et al.,
2024), Qwen 2.5 7B (Team, 2024) for their impres-

sive capability (Chen et al., 2025; Zuo et al., 2025).
The basic prompt for LLM paraphrasing is:
Rephrase the input, do not generate the other
contents apart from the paraphrase. Input: $in-
put_sentence

For LLMs, we also tested the performance
with chain-of-thought with Qwen 3 models (Team,
2025), a larger model (Qwen 3 14B), and a
diversity-encouraging prompt (Rephrase the input
with diverse rewording, do not generate the other
contents apart from the paraphrase. Input: $in-
put_sentence) with automatic metrics.

For LLM inference, we used the default genera-
tion parameters released together with the model
files. Because we thought these generation param-
eters were tuned by the model authors and were
suggested values. Tuning the decoding parameters
such as repetition penalty or temperature may ben-
efit the diversity, but this may require significant
effort and our method can also tune these genera-
tion parameters. We suppose that tuning generation
parameters may not be among the main concerns
of our work.

3.1 Manual Evaluation

Manual evaluation was performed according to the
criteria of Wieting and Gimpel (2017); Wang et al.
(2021); Hao et al. (2022), as shown in Table 1.

We randomly sampled 800 sentence pairs for the
evaluation of parabanks. For the evaluation our
method and LLMs, we used the paraphraser/LLMs
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Scores =5.0 ≥4.0 ≥3.0 ≥2.0 Average Score

Semantic consistency

ParaBank (Hu et al., 2019a) 58.4 89.7 93.9 96.6 4.38±0.76
ParaBank2 (Hu et al., 2019b) 69.8 93.3 95.6 98.1 4.57±0.76

ParaAMR (Huang et al., 2023) 71.7 93.8 96.1 98.7 4.60±0.59
Qwen 2.5 7B (Team, 2024) 53.2 61.5 74.1 89.6 3.78±0.36

LLaMa 3 8B (Dubey et al., 2024) 55.6 64.4 78.3 91.2 3.89±0.37
ParaMNMT ( + Copy features) 80.5 97.3 98.7 99.6 4.76± 0.56

Literal fluency

ParaBank 79.6 97.4 98.7 100.0 4.76±0.67
ParaBank2 80.4 97.9 99.3 100.0 4.78±0.66
ParaAMR 81.0 98.1 99.1 100.0 4.78±0.24

Qwen 2.5 7B 78.7 89.8 97.5 100.0 4.66±0.48
LLaMa 3 8B 79.9 90.2 99.2 100.0 4.69±0.46

ParaMNMT ( + Copy features) 91.1 98.6 99.8 100.0 4.89± 0.22

Sentential diversity

ParaBank 62.9 70.3 81.4 91.5 4.06±2.06
ParaBank2 69.4 79.6 88.1 97.2 4.34±1.13
ParaAMR 70.2 80.1 87.9 97.1 4.35±1.07

Qwen 2.5 7B 60.3 70.8 89.2 93.4 4.12±0.40
LLaMa 3 8B 64.3 72.4 89.6 96.5 4.23±0.41

ParaMNMT ( + Copy features) 79.8 87.5 95.2 97.9 4.61± 0.89

Table 2: Manual evaluation results.

to paraphrase the same source sentences sampled
for the evaluation of ParaAMR. We hired six lan-
guage experts to score all the paraphrase pairs.
Each paraphrase pair was assigned to two ran-
domly selected experts and the Inter-Annotator-
Agreement (IAA) for evaluation was 0.97 (Cohen’s
Kappa). The average score and the standard devia-
tion are shown in Table 2. Table 2 shows that our
method can generate paraphrases of better semantic
consistency, literal fluency, and sentential diversity
compared to existing parabanks and LLMs.

We provide qualitative paraphrase examples gen-
erated by different datasets, using the same source
sentence as Huang et al. (2023). Table 3 shows that
our ParaMNMT method with the guidance of copy
feature tags can generate fluent and more diverse
paraphrases while preserving the semantic mean-
ing. Although LLMs are expected to be powerful at
language modeling, We observed the lack of word
diversity or semantic meaning changes in LLMs
outputs. As also revealed by Wang et al. (2025b),
which shows that LLM paraphrasing produces sta-
ble periodic states, such as 2-period attractor cycles,
limiting linguistic diversity.

3.2 Automatic Evaluation

Due to the high cost and subjectivity of manual
evaluation, we also evaluated with automatic met-
rics. For reproduction, we took 2000 paraphrase
pairs from ParaBank (Hu et al., 2019a), ParaBank2
(Hu et al., 2019b), and ParaAMR (Huang et al.,
2023) for evaluation. We used our paraphraser and
LLMs to paraphrase source sentences of ParaAMR

for their evaluation. We also tested the performance
of constrained decoding (masking the prediction
probabilities of selected not-copy tokens to zero
without using copy features) and using randomly
selected not-copy tokens. We used Self-BLEU
(Zhu et al., 2018) to evaluate the sentential diversity.
Semantic consistency was evaluated via BertScore
(Zhang et al., 2019) based on vector similarity. We
used the GPT-2 Perplexity (PPL) to evaluate the
literal fluency. Results are shown in Table 4.

Table 4 shows that: 1) ParaMNMT without copy
features can already lead to better semantic con-
sistency and comparable literal fluency, obtaining
a higher BertScore and a low PPL compared to
the other parabanks and LLMs, 2) our copy fea-
ture method can effectively increase the diversity
of vanilla ParaMNMT, 3) constrained decoding can
obtain slightly lower self-BLEU score than assign-
ing not-copy tags to high-frequency tokens, but the
high frequency setting can obtain higher BertScore
and lower PPL, and 4) the high frequency setting
performs better than the random and the high en-
tropy settings on all metrics. We assign the “not-
copy” tags to high-frequency tokens by default in
the other experiments based on the results.

4 Evaluation on Low-Resource Tasks

We test the effectiveness of data augmentation by
paraphrasing the original English sentences of the
training set on low-resource NLP tasks with var-
ious parabanks/paraphrasers/LLMs. ParaBank2
(Hu et al., 2019b) used a much larger Transformer
(12 layers and an embedding dimension of 768)
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Source Sentence I know for them to approve this price, they’ll need statistical documentation.

ParaBank
I know that to accept this prize, they’re going to need statistical analysis.
I know that in order to accept this prize, they’re going to need a statistic analysis.
I know that if they accept this prize, they’re gonna need a statistical analysis.

ParaBank2
I know that to accept that prize, they’re going to need a statistical analysis.
I know that in order to accept this prize, they will require a statistical analysis.
I know they’ll require statistical analysis to accept that prize.

ParaAMR
I know they need statistical documentation to approve this price.
There is statistic documentation I know they need to approve these prices.
They need statistical documentation to approve these prices, I know.

Qwen 2.5 7B
I understand that they will require statistical documentation for them to approve this price.
I understand that they will require statistical evidence for them to endorse this price.
I know they’ll need statistical documentation for them to approve this price.

LLaMa 3 8B
To get approval for the price, they will likely require statistical evidence.
To secure their approval of this price, I’ll need to provide them with detailed statistical data.
To obtain approval for this price, they will require statistical data and documentation.

ParaMNMT
I realize that they’ll need statistical evidence to approve this price.
I recognize that approval of this price will require them to have statistical documentation.
Their approval of this price hinges on having the necessary statistical documentation, I know.

Table 3: Paraphrase examples.

ID Methods BertScore F1↑ Self-BLEU↓ PPL↓
1 ParaBank (Hu et al., 2019a) 80.6 26.80 40.29
2 ParaBank2 (Hu et al., 2019b) 71.5 20.07 6.90
3 ParaAMR (Huang et al., 2023) 69.8 22.74 1.75
4 LLaMa 3 8B (Dubey et al., 2024) 71.3 23.75 7.92
5 Qwen 2.5 7B (Team, 2024) 80.8 30.12 10.26
6 Qwen 3 8B (CoT) 82.3 29.08 9.03
7 Qwen 3 14B (CoT, larger) 85.1 24.12 9.46
8 Qwen 3 14B (CoT, larger, diverse) 84.5 25.35 9.89

9 ParaMNMT 91.2 22.31 1.79
10 9 + Constrained decoding 87.4 16.81 4.51
11 9 + Copy features (random) 89.5 17.31 3.28
12 9 + Copy features (high entropy) 93.1 19.23 1.54
13 9 + Copy features (high frequency) 94.0 16.98 1.43

Table 4: Automatic evaluation results.

than ours (6 layers and an embedding dimension
of 512).

4.1 GLUE

We tested the effectiveness of paraphrasing on
the General Language Understanding Evaluation
(GLUE) benchmark (Wang et al., 2019), involv-
ing nine tasks: Corpus of Linguistic Acceptability
(CoLA) (Warstadt et al., 2019), Stanford Sentiment
Treebank (SST-2) (Socher et al., 2013), Microsoft
Research Paraphrase Corpus (MRPC) (Dolan and
Brockett, 2005), Quora Question Pairs (QQP) (Iyer
et al., 2017a), Question-answering NLI (QNLI)
(Rajpurkar et al., 2016), Recognizing Textual En-
tailment (RTE) (Dagan et al., 2005), Winograd NLI
(WNLI) (Levesque et al., 2012), Semantic Textual

Similarity Benchmark (STS-B) (Cera et al.) and
Multi-Genre Natural Language Inference (MNLI)
(Williams et al., 2018).

For data augmentation on sentence pair tasks, we
explored four settings: S1. Paraphrasing only the
first sentence; S2. Paraphrasing only the second
sentence; S12. paraphrasing both sentences; and
S1+S2. a combination of S1 and S2.

We tested the effectiveness over the BERT (De-
vlin et al., 2019) and RoBERTa (Liu et al., 2019)
baselines implemented in the huggingface trans-
formers library (Wolf et al., 2020) using the base
setting. We evaluated the performances of fine-
tuning on the original training set and the training
set augmented by paraphrasing. The results of
ParaTag, Taboo and DoAug are from Wang et al.
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Data Augmentation over BERT CoLA SST-2 MRPC QQP QNLI RTE WNLI STS-B MNLI

None (BERT Baseline) 56.5 92.3 84.1 90.7 90.7 65.7 56.3 88.6 83.9
ParaTag (Wang et al., 2022) - 92.3 - 90.6 90.5 65.0 46.5 88.8 84.1
ParaBank2 (Hu et al., 2019b) 56.9 92.5 - - 91.0 70.1 59.5 - 83.9
Taboo (Cegin et al., 2024) - 86.7 76.7 - - 58.0 - - 57.3
DoAug (Wang et al., 2025a) - 88.6 81.0 - - 56.1 - - 59.8

LLaMa 3 8B

S1

56.7 92.3

84.9 89.5 90.4 65.6 56.3 88.4 83.1
S2 84.3 89.6 90.5 65.7 56.4 88.2 83.5
S12 84.4 90.5 90.8 65.9 56.4 88.5 83.7

S1+S2 84.8 90.7 90.8 65.9 56.5 88.6 83.9

Qwen 2.5 7B

S1

56.2 92.3

84.0 89.5 90.4 65.2 56.3 88.1 83.1
S2 84.3 89.8 90.5 65.2 56.3 88.2 83.3
S12 84.7 90.4 90.6 65.3 56.4 88.4 83.9

S1+S2 84.6 90.6 90.7 65.4 56.4 88.5 84.0

ParaMNMT

S1

59.1 92.9

89.1 91.1 91.1 67.9 59.9 89.3 84.2
S2 89.0 91.1 91.2 68.7 59.6 89.0 84.2
S12 88.9 91.3 91.3 67.7 60.0 89.4 84.3

S1+S2 89.2 91.5 91.9 72.2 62.0 89.6 84.3

+ Copy features

S1

60.4 93.2

89.3 91.3 91.6 69.0 60.1 89.6 84.1
S2 89.0 91.3 91.5 69.7 60.0 89.4 84.3
S12 89.3 91.4 91.7 69.5 60.6 89.5 84.4

S1+S2 89.7 91.6 92.1 72.5 62.0 90.0 84.6

Table 5: Results on GLUE tasks with BERT.

Data Augmentation over RoBERTa CoLA SST-2 MRPC QQP QNLI RTE WNLI STS-B MNLI

None (RoBERTa Baseline) 63.6 94.8 90.2 91.9 92.8 78.7 61.6 91.2 87.6

LLaMa 3 8B

S1

63.6 94.5

90.1 91.2 92.6 78.8 61.3 91.1 87.5
S2 90.1 91.6 92.7 79.1 61.4 91.2 87.4

S12 90.2 92.1 93.1 79.2 61.6 91.3 87.8
S1+S2 90.5 92.2 93.4 79.3 61.8 91.6 88.0

Qwen 2.5 7B

S1

63.4 94.2

89.9 90.8 92.5 78.7 61.1 91.0 87.2
S2 89.8 91.3 92.5 78.8 61.2 91.1 87.4

S12 90.1 91.6 92.8 79.1 61.7 91.3 87.5
S1+S2 90.2 92.0 93.1 79.1 61.7 91.4 87.9

ParaMNMT

S1

64.4 95.2

90.6 92.4 93.0 78.8 61.9 91.5 87.9
S2 90.4 92.1 92.9 79.0 61.7 91.4 88.2

S12 90.9 92.5 93.2 79.1 62.1 91.6 88.7
S1+S2 91.1 92.8 93.8 79.4 62.4 91.8 88.9

+ Copy features

S1

65.8 96.7

90.9 92.5 93.0 79.2 62.1 91.7 88.1
S2 90.7 92.4 93.1 79.3 61.8 91.5 88.0

S12 91.1 92.9 93.4 79.6 62.5 91.8 88.8
S1+S2 91.5 93.1 93.8 80.0 62.8 92.1 89.2

Table 6: Results on GLUE tasks with RoBERTa.

(2022, 2025a), for they are not publicly available.
Taboo and DoAug only used 1.2K training sam-
ples, leading to lower scores.

Following common practice, we evaluated the
CoLA task by Matthews Correlation Coefficient,
the STS-B task by Pearson Correlation Coefficient,
the MNLI task by Matched accuracy, and the others
by accuracy.

Results in Tables 5 and 6 show that: 1) S1+S2
generally lead to better performance than S1, S2

and S12 for sentence pair tasks, possibly because
the S1+S2 setting augments the training set with
more data, 2) our ParaMNMT method without
copy features already leads to better data augmen-
tation performance than both LLMs and existing
parabanks, and 3) using copy features can bring
about further improvements over the ParaMNMT
method without copy features, probably due to the
improved semantic consistency and diversity of
paraphrases.
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Methods En→De En→Tr En→Fi

Transformer 27.46 15.79 22.23
ParaMNMT 27.89† 16.49‡ 22.61†

+ Copy features 28.24‡ 16.83‡ 22.95‡

Table 7: Results on low-resource translation tasks. †
and ‡ indicate p < 0.1 and p < 0.01 respectively in the
significance test.

4.2 Machine Translation

We also tested the performance of ParaMNMT on
the WMT 17 English (En) to Finnish (Fi) and Turk-
ish (Tr) tasks, and the IWLST 14 English (En)
to German (De) task. The English to Finnish,
Turkish, and German tasks contain 2.6M, 0.2M,
and 0.17M sentence pairs for training respectively.
We adopted the 6-layer Transformer Base setting
(Vaswani et al., 2017) as our baseline. We aug-
mented the training set by paraphrasing the source
English sentences and pairing with the correspond-
ing target translations. We used a beam size of 4
for decoding with the averaged model of the last 5
checkpoints saved with an interval of 1, 500 train-
ing steps, and evaluated tokenized case-sensitive
BLEU. Results are shown in Table 7.

Table 7 shows that: 1) paraphrasing without
copy features can already significantly improve
the performances of the low-resource translation
tasks, and 2) using copy features can lead to fur-
ther BLEU improvements over ParaMNMT with-
out copy features.

4.3 Experiments over LLM Baseline

We tested the effectiveness of data augmentation
with our ParaMNMT method (+ copy features)
over the stronger Qwen 3 8B LLM baseline on
the GLUE tasks and the translation tasks. We did
not test on the STS-B task for it is a regression task.
We fine-tuned Qwen 3 8B with a LoRA (Hu et al.,
2022) rank of 32 for GLEU tasks and a LoRA rank
of 256 for machine translation tasks. For sentence
pair GLUE tasks, we used the S1+S2 setting for our
method. For machine translation, we also tested the
performance of the Qwen 3 8B without fine-tuning
(Zhang et al., 2023). The translation prompt is:
Translate the input into [German|Turkish|Finnish],
do not generate the other contents apart from the
translation. Input: $input_sentence

Results in Tables 8 and 9 validate the effective-
ness of our method even with the stronger Qwen 3
8B LLM baseline.

5 Related Work

5.1 Paraphrasing

Initial paraphrasing methods are usually based on
hand-crafted rules, including rule-based methods
(McKeown, 1983; Zong et al., 2001), thesaurus-
based methods (Kauchak and Barzilay, 2006), and
lattice matching methods (Barzilay and Lee, 2003).
Tiedemann and Scherrer (2019) apply multilingual
neural machine translation systems for paraphrase
extraction. Thompson and Post (2020b) gener-
ate paraphrases using multilingual neural machine
translation models but increase the diversity by dis-
couraging the production of n-grams presented in
the input. Sjöblom et al. (2020) use paraphrase
sentence pairs to train an encoder-decoder based
paraphrase generation model for six languages.
Deng et al. (2023) use a unified bidirectional gen-
erative framework to tackle various cross-domain
ABSA tasks. Zhang et al. (2024) propose Pseudo-
Inconsistent Penalization and Prior Enhanced De-
coding methods to improve language consistency.
Wang et al. (2025b) reveal that successive para-
phrasing converges to stable periodic states, limit-
ing linguistic diversity. Wang et al. (2025a) propose
a Diversity-oriented data Augmentation (DoAug)
framework to train a large language model (LLM)
as a diverse paraphraser.

Diversity and Quality remain two main chal-
lenges (Pan et al., 2024; Xu and Wang, 2024;
Slobodkin et al., 2024; Şahinuç et al., 2024),
Chung et al. (2023) show that creating high-quality
datasets with LLMs can be challenging, and in-
creasing the output diversity of LLMs is often
at the cost of data accuracy. Cegin et al. (2024)
show that using taboo words can effectively im-
prove the diversity of LLM output, but paraphras-
ing with hints is more effective in improving the
downstream models’ performance.

5.2 Parabanks

The scale of early parabanks like MRPC (Dolan
et al., 2004) and Quora (Ganitkevitch et al., 2013)
is normally limited, but training neural models for
paraphrasing requires large parabanks. The auto-
matic generation of large-scale corpus parabanks
has become a popular research topic. ParaNMT
(Wieting and Gimpel, 2017) translates one side of
a parallel corpus by machine translation, pairing
it with the corresponding sentence to form a para-
phrase pair. Hao et al. (2022) apply the similar
idea to Chinese and construct a large-scale Chinese
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Methods CoLA SST-2 MRPC QQP QNLI RTE WNLI MNLI

Qwen 3 8B 63.4 95.6 88.3 89.7 94.7 90.3 79.6 90.9
+ Our method 65.5 97.6 89.7 91.3 95.8 91.7 80.6 92.4

Table 8: Results on GLUE tasks with Qwen3 8B.

Methods En-De En-Tr En-Fi

Prompt 27.27 20.03 17.58
LoRA 30.49 22.61 18.95
+ Our method 31.30‡ 23.54‡ 19.63‡

Table 9: Results on low-resource translation tasks with
Qwen3 8B.

parabank. Most studies explore decoding meth-
ods to improve the paraphrasing diversity, includ-
ing lexical constraints (Hu et al., 2019a), cluster-
based constrained sampling (Hu et al., 2019b), la-
tent space sampling (Roy and Grangier, 2019; Cao
and Wan, 2020), word order controlling (Goyal and
Durrett, 2020) and syntax-based methods (Huang
et al., 2022; Lee et al., 2022). Huang et al. (2023)
create syntactically diverse paraphrase datasets us-
ing abstract meaning representation.

6 Conclusion

In this paper, we facilitate paraphrasing via zero-
shot translation with MNMT models. Compared to
constructing paraphrases by pairing the translation
of source sentences with the corresponding target
sentences of the parallel corpora and then training
the paraphraser, our single-stage method avoids the
information loss issue with the multi-stage method.
In order to control the diversity of paraphrases, we
assign “copy” and “not-copy” feature tags to each
token during MNMT training, indicating their exis-
tence in the target translation, teaching the model to
transform the tokens assigned with the “not-copy”
feature tag. We encourage the model to generate
diverse paraphrases with more “not-copy” tags.

Both manual and automatic evaluations show
that our method leads to better paraphrases than ex-
isting parabanks in semantic consistency, literal flu-
ency, and the copy feature method can effectively
improve the sentential diversity. Data augmenta-
tion experiment results show that ParaMNMT can
effectively improve the performance of both natu-
ral language understanding tasks (GLUE) and low-
resource MT tasks.

Limitations

We only adopted a simple and small MNMT model
for our study, scaling or adopting advanced MNMT
models may lead to better performance.
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