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Abstract

Paraphrase detection is an important NLP task,
related to plagiarism detection, paraphrase min-
ing, and system evaluation. Most works train
pairwise classifiers or prompts LLMs as classi-
fiers. We shed the spotlight on a lightweight al-
ternative: pre-trained embedding models com-
bined with simple supervised calibration strate-
gies. On PARAPHRASUS, a recent compre-
hensive paraphrase detection benchmark, our
embedding-based methodology achieves accu-
racy levels competitive with published classi-
fier and LLM baselines. Since embeddings
can be computed once per text and reused
for pair scoring, the approach is especially
attractive for large-scale paraphrase classifi-
cation and paraphrase mining. While our
classification strategy itself is conceptually
not novel, our work underpins its enduring
value, by proving strong accuracy levels on par
with costly recent LLM-based classifiers. We
share our code and data under public license:
https://github.com/impresso/paraphrasus.

1 Introduction

Paraphrase detection is the task of deciding whether
two texts express equivalent meanings. The prob-
lem has a long history (c.f. Quintilianus, 95, p.
117) and remains central to NLP tasks such as pla-
giarism detection (where related passages must be
assessed for their paraphrasticity; Barrén-Cedefio
etal., 2013) and translation or summarization evalu-
ation (where system outputs should be paraphrases
of a reference; Zhou et al., 2006; Freitag et al.,
2020).

Recent work, however, shows that paraphrase
detection remains difficult: LLMs and especially
trained classifiers can struggle to generalize across
datasets (Michail et al., 2025). Many approaches
also use pairwise cross-encoder classification,
which is costly for large-scale use. Consider that in
an all-pairs scenario where in a corpus all potential
paraphrases must be found (Figure 1), a corpus of n

1.00

0.95

0.90

0.85

~ Sentences
o
®
o
sine Similarity

-0.75

o
o

-0.70

Sentences

Figure 1: Cosine similarity heatmap for all unique
combination of 250 individual STSB (Cer et al., 2017)
sentences encoded with multilingual-e5-large-instruct
(Wang et al., 2024). Rows and columns are ordered
by embedding-based clustering; visible blocks indicate
neighborhoods of mutually similar sentences and may
partly reflect STSB’s different source domains. The
diagonal is excluded. A threshold of 0.95 would convert
the continuous scores into binary labels.

texts yields O(n?) potential candidate pairs. In this
scenario, a cross-encoder classifier or prompted
LLM must process each pair separately. Instead fol-
lowing the motivation of Sentence-BERT (Reimers
and Gurevych, 2019), we note that an embedding-
based approach computes one representation per
text and can then reuse these representations for
pair scoring with simple vector arithmetics (e.g.,
dot-produce, or cosine similarity), ultimately re-
ducing model calls to O(n).

In our work, we investigate whether this advan-
tage ports to our day and age — can we reliably
and efficiently classify paraphrases with a sim-
ple embedding-based strategy, compared to more
costly ones? To this aim, we evaluate recent multi-
lingual embedding models for paraphrase detection
and compare simple methods for mapping embed-
ding pairs into binary decisions. Our results show
that lightweight embedding-based methods can be
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competitive with substantially more costly pairwise
classifiers, especially in large-scale settings where
reusable embeddings offer a clear practical advan-
tage.

2 Related Work

Paraphrase detection supports a wide range of NLP
applications, including semantic search (Reimers
and Gurevych, 2019), style transfer (Krishna et al.,
2020), machine translation and paraphrase genera-
tion (Madnani et al., 2007; Mallinson et al., 2017),
plagiarism detection (Barrén-Cedefio et al., 2013;
Sharjeel et al., 2016), text reuse (Biichler et al.,
2012), and NLG evaluation (Freitag et al., 2020;
Thompson and Post, 2020; Nawrath et al., 2024).

However, “predicting paraphrases is not easy’
(Vahtola et al., 2022), and even strong classifiers
and LLMs can struggle to generalize (Michail et al.,
2025). Efficiency is another bottleneck, especially
for pairwise classification at scale (Reimers and
Gurevych, 2019) and mining scenarios. Multi-
stage retrieval-and-reranking approaches address
this by balancing accuracy and efficiency (Novais
et al., 2026; Sasazawa et al., 2023): an initial
embedding-based retrieval step narrows the can-
didate pairs, which a more computationally costly
encoder then reranks. Other work optimizes this
further into a single-step, end-to-end process; Bhat
et al. (2025), for instance, use a unified encoder-
decoder architecture in which encoder representa-
tions support retrieval and decoder representations
support reranking, though at the cost of training
such a complex architecture. Our approach is like-
wise single-stage, but requires only minimal cali-
bration and no fine-tuning: rather than reranking a
shortlist, we treat the calibrated embedding score
itself as the final decision, maximizing efficiency at
the potential cost of the accuracy a reranking stage
would otherwise recover.

B

3 Method

We perform paraphrase detection with pre-trained
embedding models and adapt them to binary classi-
fication using two lightweight supervised calibra-
tion strategies.

Calibration. Given embeddings for a candidate
sentence pair, we first L2-normalize each embed-
ding. We then map them to a binary paraphrase
decision in two ways. First, we estimate a single
threshold on the cosine similarity between the two
embeddings. Second, we fit a logistic regression

classifier on the unsigned element-wise difference
between the embeddings. We motivate this choice
empirically: in a controlled comparison (Appendix
A), the unsigned difference achieves lower error on
PARAPHRASUS than the signed difference, con-
catenation, or sum of the two embeddings. The
first calibration method imposes a simple mono-
tonic decision rule, while the second allows a more
flexible decision boundary.

Efficiency and Scalability. Standard pairwise
classifiers and prompted LLMs process each can-
didate pair separately. This leads to O(n?) model
calls when comparing all possible pairs in a corpus
of n texts. In contrast, our method computes one
embedding per text and reuses these embeddings
for pair scoring. This reduces the number of model
calls to O(n); the remaining pairwise comparisons
are cheap vector operations.

4 Experimental Setup

Benchmark. We evaluate on PARAPHRASUS
(Michail et al., 2025), a paraphrase detection bench-
mark with 10 datasets: 8 repurposed datasets and 2
newly annotated ones. An overview of the datasets
is available in Table 1. To adapt semantic sim-
ilarity datasets to paraphrase detection, Michail
et al. (2025) relabeled the high-similarity sentence
pairs as either paraphrases or non-paraphrases,
while the low-similarity ones were considered
non-paraphrases. All sentence pairs from NLI
datasets were considered non-paraphrases instead.
The datasets are organized into three challenge
groups: “Classify” for binary paraphrase classifica-
tion, “Minimize positive predictions” for avoiding
false positives on non-paraphrases, and “Maximize
positive predictions” for avoiding false negatives
on true paraphrase pairs. For example, the Maxi-
mize group includes TRUE, whose positive pairs
are derived from Abstract Meaning Representation
guidelines (Banarescu et al., 2013).

The Maximize and Minimize groups test asym-
metric failure modes that balanced classification
can hide. Minimize is relevant for high-precision
settings such as plagiarism detection, where false
positives are costly. Maximize is relevant for para-
phrase mining and semantic search, where false
negatives reduce recall. Together, these settings
test whether a method remains robust under skewed
label distributions, where precision or recall may
matter more depending on the application context.



Group Dataset  Source Task Size
> PAWS-X Paraphrase Detection 14,000
8 MRPC  Paraphrase Detection 1,725
STS-H  Semantic Similarity 338
SNLI Natural Language Inference 6,632
£ ANLI Natural Language Inference 798
= XNLI Natural Language Inference 16,700
STS Semantic Similarity 706
SICK Semantic Similarity 2,305
o TRUE*  Paraphrase Detection 167
= SIMP*  Readability Level 600

Table 1: Original purpose and size of datasets from
the PARAPHRASUS benchmark. A «x indicates newly
annotated datasets.

Model Size Dim. Max tok. Pooling
M-MiniLM 118M 384 128 Mean
M-MPNet 278M 768 128 Mean
mGTE 305M 768 8192 [CLS] tkn.
KalLM-Emb 494M 896 512 Mean
mES/mE5-instr  560M 1024 512 Mean
BGE-m3 570M 1024 8192 [CLS] tkn.
Jina-v3 570M 1024 8192 Mean
Qwen3-Emb 596M 1024 32K [EOS] tkn.

Table 2: Specifications of evaluated embedding models.

Calibration and Evaluation. We use a leave-
one-dataset-out procedure. For each PARAPHRA-
SUS dataset, we hold out that dataset for testing and
calibrate the threshold or logistic regression model
on up to 500 samples from each of the remaining
nine datasets. This cap avoids biasing calibration
toward larger datasets and is close to the size of the
smallest dataset.

Following Michalil et al. (2025), we report per-
centage error rates. We first average dataset-level
error rates within each challenge group and then
compute the global score as the mean of the three
group averages. Lower scores are better.

Baselines and Embedding Models. We com-
pare against the models reported by Michail
et al. (2025). These include a multilingual XI.M-
RoBERTa sequence classifier fine-tuned on PAWS-
X and Llama3 Instruct 8B used as a prompted clas-
sifier. The Llama3 baseline was tested with three
prompt formulations, asking whether the two sen-
tences are “a paraphrase” (Prompt 1), “semanti-
cally equivalent” (Prompt 2) or “about the same
content” (Prompt 3), with and without few-shot
examples from PAWS-X, described in Michail et al.
(2025).

We select text embedding models that are

open-source, multilingual, relatively small (<
1B parameters), and strong on the Massive
Text Embedding Benchmark (MTEB) (Muen-
nighoff et al., 2023). The encoder models
are Paraphrase-Multilingual-MPNET-Base-V2 (M-
MPNet), Paraphrase-Multilingual-MiniLM (M-
MiniLM) (Reimers and Gurevych, 2019, 2020),
Multilingual-E5-large in base and instruct variants
(mES, mE5-instr) (Wang et al., 2024), BGE-m3
(Chen et al., 2024), gte-multilingual-base (mGTE)
(Zhang et al., 2024), and Jina Embeddings v3
(Jina-v3) (Sturua et al., 2024). We also evaluate
two decoder-only embedding models derived from
LLMs: Qwen3-Embedding-0.6B, based on Qwen3
(Zhang et al., 2025), and KalLM-Embedding-
Multilingual-Mini-Instruct-V2.5, based on Qwen2
(Zhao et al., 2025). Table 2 summarizes their main
specifications.

5 Results

Table 3 shows the main results. Calibrated embed-
ding methods achieve overall error rates between
19.8 and 28.6. Threshold calibration performs bet-
ter than logistic-regression calibration on average,
with 24.0 versus 26.4 overall error. The best embed-
ding configuration is mGTE with threshold calibra-
tion, which reaches an overall error of 19.8 and is
slightly better than the strongest published baseline
in this table, Llama3 (P1), at 20.9.

Performance varies across challenge groups. In
Classify, embedding methods remain much higher
XLM-R, which was fine-tuned on PAWS-X, but
are closer to the Llama3 baselines. In Minimize,
logistic-regression-calibrated embeddings obtain
very low error rates on average, even beating
Llama3 (P2) and Llama3 (P3), albeit by a small
margin. In Maximize, threshold calibration is much
stronger than logistic-regression calibration and
several models come close to Llama3 (P1) on aver-
age. The best individual Maximize score is obtained
by mE5-instr with threshold calibration.

6 Discussion

Calibration Method Effectiveness. Threshold
calibration performs better than Logistic Regres-
sion calibration overall. This is mainly due to the
Maximize group, where LR calibration has much
higher error rates. By contrast, LR calibration per-
forms well in the Minimize and Classify groups,
being slightly better than threshold calibration in
the latter.



| Classify! | Minimize! | Maximize! || Averages
o
% 1 - 3 = N e
Zl € 2| 2| z| 2| 2| g| z| 2 , _
Model A = 1%} 17} < > 1%} 17 = v || Clfy | Min | Max Err
% XLM-R< PAWS | 15.2 | 54.1 | 334 | 324 7.2 | 26.7 | 46.6 | 37.0 | 314 53 | 34.2 | 30.0 | 183 27.5
£ Llama3 (P1) 447 | 56.2 | 23.6 73 | 13.0 | 123 | 129 0.9 9.0 | 147 || 41.5 9.3 | 11.8 20.9
¢ Llama3 (P2) 407 | 37.6 | 459 | 1.0 | 12| 14| 24| 01 |347 | 473 | 414 | 12| 410 | 279
M Llama3 (P3) 38.1 | 41.7 | 375 1.3 1.7 1.3 35 0.0 | 353 | 375 || 39.1 1.6 | 36.4 25.7
M-MiniLM 524 | 38.3 | 51.8 6.3 2.0 22 4.2 3.1 | 335 8.5 || 47.5 36 | 21.0 24.0
M-MPNet 51.8 | 37.2 | 544 6.2 2.0 23 4.1 3.6 | 299 8.3 || 47.8 36 | 19.1 23.5
~ mGTE 494 | 39.2 | 52.7 23 0.9 0.5 1.0 1.6 | 16.2 5.8 || 47.1 1.3 | 11.0 | 19.8%
S KalLM-Emb 468 | 496 | 524 | 28| 09| 12| 33| 32 |473|207 | 496 | 23| 340 | 286
$  mES 52.5 | 39.7 | 55.6 4.6 1.6 2.1 34 1.9 | 413 3.2 || 493 2.7 | 222 24.7
E mE5-instr 53.7 | 432 | 52.7 4.4 1.4 2.0 5.0 2.5 9.6 | 10.5 || 49.9 3.1 | 10.1 21.0
BGE-m3 505 | 51.0 | 518 | 29| 08| 07| 47| 28| 222|182 | 51.1 | 24 | 202 | 246
Jina-v3 53.1 | 42.1 | 553 4.2 2.5 34 2.1 23| 263 5.0 || 50.2 29 | 157 22.9
Qwen3-Emb 49.1 | 48.2 | 43.8 24 2.1 1.6 1.7 34 | 479 | 16.8 || 47.0 22 | 324 27.2
Threshold Calibration Averages: 48.8 | 2.7 ] 206 | 240
M-MiniLM 52.1 | 48.2 | 39.3 24 1.1 0.5 1.3 1.4 | 485 | 275 || 46.5 1.3 | 38.0 28.6
&  M-MPNet 521 | 478 | 450 | 22| 09| 04| 07| 121|467 |252| 483 | 1.1 | 360 | 285
§ mGTE 495 | 479 | 426 1.7 0.5 0.2 0.4 1.2 | 34.1 | 17.8 || 46.7 0.8 | 26.0 24.5
% KalLM-Emb 469 | 494 | 464 1.9 0.5 0.8 2.5 1.6 | 42.5 | 23.0 || 47.6 1.5 | 32.8 27.3
~ mES 51.2 | 48.3 | 40.5 1.7 0.4 0.3 0.4 0.7 | 53.3 | 18.8 || 46.7 0.7 | 36.0 27.8
f_,—’ mE5-instr 53.0 | 494 | 358 1.2 0.3 0.3 0.7 0.8 | 32.3 | 19.8 || 46.1 0.7 | 26.0 24.3
‘&, BGE-m3 50.2 | 50.1 | 39.3 1.9 0.5 0.4 0.7 1.4 | 305 | 17.5 || 465 1.0 | 24.0 23.8
S Jina-v3 52.2 | 45.8 | 40.8 1.3 0.4 0.5 0.3 0.1 | 38.3 | 20.7 || 46.3 0.5 | 295 25.4
Qwen3-Emb 49.7 | 48.3 | 382 1.6 1.0 1.0 0.8 2.1 | 533 | 195 || 454 1.3 | 36.4 27.7
Logistic Regression Calibration Averages: 46.7 | 1.0 | 31.6 | 264
Table 3: Main results on PARAPHRASUS of various models. Lower numbers are better.

One possible explanation is that the threshold Model Threshold (%) LR Classifier (%)
rule acts as a strong regularizer. It uses a single M-Minil.M 37.6 53.8
monotonic decision boundary over cosine similar- M-MPNet 373 51.2
: mGTE 48.1 78.1
ity and may therefore tran‘sfer l‘:)ettf‘:r across hetfero— Kal M-Emb 775 855
geneous datasets. LR calibration is more flexible mE5 76.7 85.4
because it assigns weights to individual embedding mES-instr 53.1 81.8
dimensions, but this flexibility may also make it BGE-m3 362 607

ensions, but this Hexibility may also maxe 1 Jina-v3 535 726
more sensitive to dataset-specific calibration arti- Qwen3-Emb 83.5 91.2

facts. This could explain why it performs well
for some objectives but generalizes poorly in the
Maximize group.

Cross-Lingual Matching. PARAPHRASUS in-
cludes multilingual datasets such as PAWS-X and
XNLI, but its sentence pairs are language-internal.
We therefore test whether calibration on mono-
lingual pairs transfers to cross-lingual paraphrase
pairs. For this stress test, we use TaPaCo (Scher-
rer, 2020), which contains clusters of equivalent
sentences across 73 languages. We construct cross-
lingual positive pairs, calibrate on all PARAPHRA-
SUS datasets, and treat TaPaCo as a fully held-out
evaluation set. Results are shown in Table 4.
Overall performance varies considerably across
models. Qwen3-Emb reaches 83.5% error with
threshold calibration and 91.2% with LR calibra-
tion, while BGE-m3 achieves the lowest threshold

Table 4: Error rate (%) for models on TaPaCo dataset.

error at 36.9%. Model size does not predict cross-
lingual transfer: BGE-m3 (570M) and Qwen3-Emb
(596M) are comparable in size but lie at opposite
ends of the performance range. These results sug-
gest that monolingual calibration does not automati-
cally transfer to cross-lingual paraphrase pairs, and
that training objective or multilingual alignment
may matter more than parameter count.

Embedding Prompt Optimization. The multi-
lingual E5-instruct embedding model supports task-
specific prompts that influence the resulting embed-
dings. In the main evaluation, we use the default
empty prompt configured by the model authors.
We additionally test the three paraphrase-oriented
prompts used for Llama3 by Michail et al. (2025),
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Figure 2: Average error rates for mES-instr prompts.

which express different notions of paraphrase strict-
ness. Figure 2 shows the results by PARAPHRA-
SUS objective and calibration method.

Prompt effects depend on the calibration method.
With threshold calibration, Prompt 1, asking
whether the sentences are “a paraphrase”, has the
lowest overall error among the custom prompts.
Prompt 3, asking whether they are “about the same
content”, is best for Classify. For logistic regres-
sion calibration instead, Prompt 2, asking whether
they are “semantically equivalent”, is tied with the
standard prompt for Maximize and best overall. The
strength of the direct paraphrase prompt is consis-
tent with the Llama3 results reported by Michail
et al. (2025).

Calibration Sample Efficiency. As explained in
Section 4, we sample 500 labeled sentence pairs
from all datasets but one for calibration. To as-
sess whether similar results can be obtained with
a different amount of supervision, we repeat cal-
ibration with 25, 50, 100, 250, 500, 750, and
1000 samples per dataset (capped at the dataset’s
available size for datasets smaller than the re-
quested amount), using three representative mod-
els: the best-performing model, mGTE; the small-
est, multilingual-MiniLM; and the largest, Qwen3-
Embedding. Figure 3 shows average error rate for
both calibration methods across sample sizes.
Threshold calibration seems to be robust to cal-
ibration set size: error rates fluctuate only mildly

Performance of Models for Different Calibration Set Sizes
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Figure 3: Average error rate for three models for both
calibration methods using different sample sizes.

across the full range of sample sizes tested, and
interestingly reach minimum values already at
25 samples per dataset. In the case of Qwen3-
Embeddings there is a sharp performance degra-
dation when increasing from 25 to 100 samples,
but it stabilizes for bigger sample sizes. Logistic
regression calibration is more sensitive: error rates
are substantially higher at 25-50 samples for all
three models, drop sharply by 100 samples, and
continue to improve up to 250 samples before tick-
ing slightly upward at 500-750 and increasing more
sharply towards 1000 samples, a pattern that may
indicate diminishing returns from additional cali-
bration data due to overfitting and shift of the data
distribution in favor of larger datasets, though we
do not test this directly. Overall, these results sug-
gest that far fewer labeled pairs than our default
500 per dataset are sufficient for threshold calibra-
tion, while logistic regression benefits from a larger
calibration set up to a point.

7 Conclusions

We evaluated pre-trained multilingual embed-
ding models for paraphrase detection using two
lightweight supervised calibration strategies. The
results show that calibrated embeddings can be
competitive with published classifier and LLM
baselines on PARAPHRASUS, while offering a
clear efficiency advantage for large-scale all-pairs
settings. In particular, threshold calibration is sim-
ple, effective, and often more robust than logistic-
regression calibration.

Limitations

The studied approach is not fully unsupervised:
both threshold and logistic-regression calibration
require labeled data. Although a calibrated thresh-



old can be reused for new data, its reliability may
decrease under domain or language shift, as sug-
gested by our cross-lingual stress test. Future work
should therefore explore unsupervised or minimally
supervised threshold selection.

A second limitation is that embedding-based
classification itself is not a new paradigm. Our con-
tribution is instead an empirical evaluation of this
paradigm for paraphrase detection, where pairwise
classifiers and LLMs are more commonly used.
Finally, we evaluate only models under 1B param-
eters. Since embedding models and LLMs con-
tinue to develop rapidly, ongoing evaluation will be
needed to track the performance-efficiency tradeoff
across newer systems.

A third limitation relates to interpretability and
error analysis, as interpretability methods that are
applicable to classifiers do not straightforwardly
transfer to tracing decisions through embedding
models. However, work may draw methods or
intuition from recent research on embedding and
similarity interpretability (Opitz et al., 2025, 2026).
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A Alternate Logistic Regression Design
Variants

Used Feature Model Clfy Min Max FErr

M-MiniLM 479 19.1 955 542
M-MPNET 48.5 203 952 547

,5 mGTE 49.0 22.1 958 55.6
§ KaLM-Emb 45.6 265 994 572
2 mE5 475 229 998 56.7
] mES5-instr 473 21.7 999 563
S BGE-m3 46.6 20.5 97.8 55.0
Jina-v3 455 198 955 53.6
Qwen3-Emb 482 20.0 963 54.8
M-MiniLM  48.1 4.4 100.0 50.8
M-MPNET 479 4.1 100.0 50.7
el mGTE 479 24 100.0 50.1
A KaLM-Emb 479 4.0 100.0 50.6
3 mES5 479 0.7 100.0 49.5
& mE5-instr 479 29 100.0 50.3
* BGE-m3 479 42 100.0 50.7
Jina-v3 48.0 42 100.0 50.7
Qwen3-Emb 47.9 4.2 100.0 50.7
M-MiniLM  48.1 19.1 955 542
M-MPNET 48.6 20.6 932 54.1
mGTE 494 229 947 557
£ KaLM-Emb 452 274 99.1 572
> mE35 475 237 995 569

mES5-instr 471 224 998 564
BGE-m3 46.5 214 97.1 550
Jina-v3 454 203 950 536
Qwen3-Emb 48.2 20.7 944 544

Table 5: Mean error rates for the evaluated models
on the three PARAPHRASUS tasks, using logistic re-
gression calibration fitted on the concatenation, on the
signed difference and on the sum of the embeddings of
a sentence pair.
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