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Abstract

We propose a training-free approach to improve
sentence embeddings leveraging test-time com-
pute by applying generative text models for
data augmentation at inference time. Unlike
conventional data augmentation that utilises
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synthetic training data, our approach does not
require access to model parameters or the com-
putational resources typically required for fine-
tuning state-of-the-art models. Generatively
Augmented Sentence Encoding variates the in-
put text by paraphrasing, summarising, or ex-
tracting keywords, followed by pooling the
original and synthetic embeddings. Experi-
mental results on the Massive Text Embed-
ding Benchmark for Semantic Textual Simi-
larity (STS) demonstrate performance improve-
ments across a range of embedding models us-
ing different generative models for augmen-
tation. We find that generative augmentation
leads to larger performance improvements for
embedding models with lower baseline perfor-
mance. These findings suggest that integrating
generative augmentation at inference time adds
semantic diversity and can enhance the robust-
ness and generalisability of sentence embed-
dings for embedding models. Our results show
that performance gains depend on the embed-
ding model and the dataset.

1 Introduction

Representation learning has emerged as a funda-
mental technique in natural language processing
(NLP). However, the quality and robustness of
the embeddings are highly dependent on the rich-
ness and diversity of the training data. Recent ad-
vancements of generative Large Language Mod-
els (LLMs) led to remarkable capabilities in gen-
erating human-like text. LLMs were also used
for data augmentation by Dai et al. (2023), who
applied paraphrasing techniques to train a BERT
model (Devlin et al., 2019). Wahle et al. (2022)
showed that LLM-generated paraphrases are harder
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Figure 1: Approach for Generatively Augmented Sen-
tence Encoding.
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Figure 2: Augmentation examples for paraphrasing,
summarising, and extracting keywords.

to detect for humans than paraphrases generated
with simple techniques like synonym replacement.
The integration of generative models with represen-
tation learning has been explored by augmenting
generative models, e.g., in Retrieval-Augmented
Generation (RAG) (Lewis et al., 2020; Guu et al.,
2020).

In contrast, we introduce an approach to augment
embedding models that applies generative models
using test-time compute: Generatively Augmented
Sentence Encoding (GASE). Instead of generat-
ing synthetic training data, GASE creates textual
variants of an input text through paraphrasing, sum-
marising, or extracting keywords at inference time.
A joint embedding is derived by pooling the embed-



dings of the original text and the generated transfor-
mation(s). The underlying hypothesis of our work
is that adding textual diversity using generative
models increases the ability of current embedding
models to model semantics and hence benefits the
performance of downstream STS tasks.

Also aiming to propose a training-free method,
Lei et al. (2024) introduced Meta-Task Prompting,
which employs use-case-specific prompts to gener-
ate multiple embeddings via a generative model, af-
ter which the embeddings are pooled. For retrieval
systems, Gao et al. (2023) and Wang et al. (2023)
described query expansion approaches using gen-
erative models that generate synthetic documents
as a response to a retrieval request. Extending this
work, GASE combines generative and embedding
models without any assumptions on the type of
models (unlike Meta-Task Prompting), nor is it lim-
ited to augmentation of retrieval queries such as
Gao et al. (2023) and Wang et al. (2023). More
recently, GenEOL (Thirukovalluru and Dhingra,
2025), a related approach, was introduced (see Ta-
ble 7 for a comparison with GASE).

2 Method

GASE performs the following steps (see Figure 1):

Generative Augmentation. We apply k genera-
tive models to produce £ variations of the original
input sequence using exactly one of the following
transformations: Paraphrasing, which provides a
semantically equivalent but lexically or syntacti-
cally different variation of the input text. Sum-
marising, which produces a shorter output text
that captures the most important information of
the input text. Extracting Keywords, which lists
the most relevant words from a given text. Fig-
ure 2 provides an example for each. We evaluated
k € {0,1,2,3}! using GPT-3.5 Turbo (OpenAl,
2024b), Reka-Flash (Reka, 2024), and GPT-40
mini (OpenAl, 2024a)?.

2. Sentence Embedding. Generating embed-
dings for the original and k synthetic texts with one
of 12 encoders.?

3. Pooling. The embeddings of the original text
and the k synthetic texts are pooled by computing
their arithmetic mean.*

''Using a single generative model for k& = 2 did not yield
textually diverse and meaningful variations.

2For model versions and hyperparameters see Appendix F.

3See Appendix D for a list incl. references.

*Mean pooling dominates max pooling (see Table 8).

We evaluate our approach on the English sub-
tasks of the MTEB STS task® using cosine similar-
ity and Spearman’s rank correlation®.

3 Results

Table 1 shows the results for different augmentation
strategies vs. the respective baseline (see Table 9
in the Appendix for the results per dataset). All em-
bedding models improved their avg. scores through
augmentation with the greatest improvements for
Llama-3.1 (+6.49pp), BERT (+6.11pp), and GloVe
(+2.96pp). Paraphrase augmentation worked best
for most models; however, GloVe improved most
with keyword extraction, while BERT, MPNET,
and Llama-3.1 excelled with summarisation.’

Summarising and extracting keywords signif-
icantly reduced the average word count across
datasets (see Table 2). However, GPT-3.5 Turbo
could not maintain STS22’s text length when para-
phrasing and at the same time only effectively sum-
marised STS22. ¥)

Evaluating the different generative models for
paraphrase augmentation we find that GPT-3.5
Turbo performed best for all embedding models,
except GloVe and Voyage-Large-2 (see Table 3 and
for results per dataset Table 13 and Table 14 in the
Appendix).

Using weighted averages between paraphrases
and originals peaked at 25%/75% (excl. BERT)
and was worst with paraphrases only (Figure 3).

k> 1 generative models yielded higher
scores than a single model (see Table 3). BERT
(+7.23pp), Lllama-3.1 (+6.49pp) and GloVe
(+4.11pp) showed the largest gains. Using more
than one generative models yielded higher scores
than a single model (see Table 3). BERT
(+7.23pp), Lllama-3.1 (+6.49pp) and GloVe
(+4.11pp) showed the largest gains. Moreover, the
overall performance of embedding models with
lower non-augmented performance was associated
with larger performance improvements through
generative augmentation.

3See Appendix E for details on the datasets.

See Reimers et al. (2016) for why Spearman’s rank cor-
relation is preferable over Pearson correlation for STS tasks.

" Additionally, we compared LLM-based keyword extrac-
tion with random keyword extraction (RKE) (see Appendix B
for implementation details) and stopword removal showing
that it generates semantically richer extractions (see Table 10).

8A word overlap analysis using the Jaccard Similarity (JS)
can be found in Table 12 in the Appendix.



Embedding model No augmentation Paraphrasing Summarising Extracting keywords
Avg. STS22 Avg.  STS22 Avg. STS22 Avg. STS22
glove.840B.300d 57.86 54.08 5998 57.78 60.64  61.21 60.82 56.94
bert-large-cased 60.78 55.48 66.29  58.57 66.89  63.47 62.62 54.64
all-MiniLM-L6-v2 78.91 67.26 80.32 68.47 7990  69.27 77.96 64.57
all-mpnet-base-v2 80.28 68.00 81.39  69.01 8148 70.12 79.95 66.19
embed-english-light-v3.0  78.75 67.88 80.30 68.42 80.21  68.97 78.53 67.27
embed-english-v3.0 81.25 68.22 82.10 68.63 82.08  70.29 81.26 66.91
voyage-2 82.50 65.26 83.38  66.80 82.74  68.50 81.21 65.29
voyage-lite-02-instruct 85.95 78.62 85.99  79.08 8543  79.87 83.91 76.60
voyage-large-2 83.60 63.97 83.92 64.69 83.66  65.90 81.98 63.68
voyage-large-2-instruct 84.61 66.59 84.80 67.72 84.54  68.66 83.40 65.73
mxbai-embed-large-v1 84.63 68.73 85.01 70.03 84.45  70.36 83.42 67.83
llama-3.1-8b 71.36 33.39 7528  50.55 76.74  59.44 74.95 51.79

Table 1: Average scores across MTEB STS datasets and STS22 individually for all embedding models with and
without generative augmentation using GPT-3.5 Turbo in %, bold: highest average scores for average and STS22

respectively).
Dataset Original Para- S}lmma- Extracted
phrases ries keywords
STSB 10.1 11.5 10.7 5.7
STS12 11.1 11.6 11.1 6.1
STS13 9.0 10.5 11.1 54
STS14 9.3 11.0 114 5.7
STSI15 10.6 12.0 11.5 5.7
STS16 11.6 12.6 12.8 5.7
STS17 8.7 9.6 9.0 4.5
STS22 477.2 216.5 58.4 103.8
SICK-R 9.6 10.0 9.3 4.7
BIOSSES  24.5 252 19.2 13.9
Average 58.2 33.1 16.4 16.1

Table 2: Mean word count (using GPT-3.5 Turbo for
paraphrasing, summarising and extracting keywords).

3.1 Extensions

To evaluate the generalisability of GASE we ex-
tended our work as follows:

Multilingual. Consistent with prior findings,
GASE applied to 2 multilingual datasets with 3
multilingual models yields greater improvements
for weaker encoders and summarisation remains
most effective for BERT and STS22. (Table 4).°

Generative model ablation. Ablating the gen-
erative model size shows that GASE’s performance
correlates with generative model size (Table 5).10

Additional task. We evaluated GASE on the
Pair Classification (PC) task (measured in average
precision). In line with STS, improvements are
negatively correlated with baseline performance
and lower for STS22 (Table 6)'!.

°See Table 15 and Table 16 for results per dataset and
Appendix D for model properties.

19See Appendix F for implementation details.

"See Table 17 for scores per dataset and (Muennighoff
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Figure 3: Scores for different weights for a weighted
average between embeddings of paraphrases generated
with GPT-3.5-Turbo and original texts (k = 1).

4 Discussion

We believe that embedding models with lower base-
line performance benefited more from the semantic
diversity induced by augmentation due to their in-
herent lower capability to model diverse semantics.
Similarly, they gained more from the ensemble ef-
fect using with & > 2 generative models.

The effectiveness of keyword extraction for
GloVe, BERT, and Llama-3.1 may be explained by
the model’s limited capability to handle complex
semantics. Therefore, the reduction to keywords
might help the model to reduce noise.

Longer texts likely caused summary augmen-
tation to outperform paraphrase augmentation on

et al., 2023) for details for score calculations.



Embedding model No Aug- gpt-3.5-turbo  reka-flash gpt-4o-mini  gpt-3.5-turbo  gpt-3.5-turbo
mentation + reka-flash + reka-flash
+ gpt-40-mini
glove.840B.300d 57.86 59.98 60.73 60.04 61.97 62.18
bert-large-cased 60.78 66.29 65.76 65.01 68.01 68.41
all-MiniLM-L6-v2 78.91 80.32 79.74 79.81 80.64 80.76
all-mpnet-base-v2 80.28 81.39 81.01 81.07 81.72 81.85
embed-english-light-v3.0 78.75 80.30 79.72 79.90 80.54 80.66
embed-english-v3.0 81.25 82.10 82.00 81.82 82.53 82.08
voyage-2 82.50 83.38 83.37 83.07 83.80 83.72
voyage-lite-02-instruct 85.95 85.99 85.92 85.97 86.05 86.01
voyage-large-2 83.60 83.92 83.98 83.95 84.12 84.17
voyage-large-2-instruct 84.61 84.80 84.68 84.78 84.86 84.91
mxbai-embed-large-v1 84.63 85.01 84.80 84.90 85.17 85.16
llama-3.1-8b 71.36 75.28 77.02 74.71 77.85 77.52

Table 3: Average STS scores without and with paraphrase augmentation using different generative models in %
(bold: highest score per emb. model, underlined: highest score for k <= 1 per emb. model).

Embedding model Augment. STS17 STS22
bert-base-multi- None 37.16 29.50
lingual-cased Paraphrase ~ 43.93 30.36
Summarise  47.13 42.03

h il None 82.51 61.56
E:{iﬂ prs::i i)?:efillzng- Paraphrase  82.95  62.72
Summarise  82.88 66.70

multilingual- None 83.39 69.64
¢5-large-instruct Paraphra.se 83.95 66.48
Summarise  83.60 70.26

. None 85.14 69.88
Foyage'm“m' Paraphrase ~ 85.73  70.21

ingual-2 .

Summarise  85.41 71.92

Table 4: Avg. STS scores for multi-lingual datasets with
and without augmentation with GPT-40 mini in % (bold:
highest scores per embedding model and dataset).

Generative Model Size (Qwen2.5)
0.5b 1.5b 3b 7b 14b
79.2 79.79 80.26 80.33 80.79

None
80.28

Table 5: Avg. STS scores of all-mpnet-base-v2 without
and with paraphrase augmentation using Qwen2.5 mod-
els with different number of parameters (in %).

STS22, as summarising significantly reduced the
length. On other datasets, however, summaries
were only slightly shorter, diminishing its augmen-
tation value. Our results show pooling original and
synthetic embeddings outperforms individual use
(Figure 3). Across datasets, tasks, and languages,
GASE particularly benefits embedding models with
lower baseline performance and shorter texts, while
summary augmentation is more effective for longer
texts. Moreover, GASE requires a certain size of
the generative model to be effective (Table 5).
Since GenEOL used different, mostly weaker,
embedding models, our results cannot be directly

compared with their results.

Embedding model  Augmentation PC Average
None 58.41
glove.840B.300d Paraphrase 64.64
None 55.07
bert-large-cased Paraphrase 62.36
.. None 82.34
all-MiniLM-L6-v2 Paraphrase 83.80
None 83.00
all-mpnet-base-v2 Paraphrase 84.61
embed-english- None 80.18
light-v3.0 Paraphrase 82.88
. None 83.54
embed-english-v3.0 Paraphrase 85.12
vovage-2 None 83.81
Yyag Paraphrase 85.24
voyage-lite-02- None 93.08
instruct Paraphrase 92.22
voyage-large-2 None 92.96
yag & Paraphrase 92.36
voyage-large-2- None 85.21
instruct Paraphrase 86.22
mxbai-embed- None 87.16
large-v1 Paraphrase 87.38
None 70.10
llama-3.1-88 Paraphrase 72.78

Table 6: Average Pair Classification (PC) scores with
and without paraphrase augmentation in % (bold: high-
est scores per embedding model).

5 Conclusion

We propose GASE, which augments sentence en-
coders at inference with generative models for para-
phrasing, summarising, or keyword extraction. On
MTEB STS, GASE significantly improves lower-
performing embedding models and incrementally
enhances SOTA models. It applies broadly, need-
ing only embedding and generative model outputs.



6 Limitations

This study presents several limitations:

1. Our approach significantly increases the com-
putational cost for sentence encoding since
each generative augmentation requires an ad-
ditional inference by the embedding model
plus inference using a generative LLM. For a
basic estimate of the runtime increase based
on STS17 see Table 18. The results highlight
GASE’s particular suitability for smaller em-
bedding models, where it yields significant
performance gains with minimal encoder run-
time.

2. While deterministic embedding models such
as GloVe yield consistent results, other models
like GPT-3.5 Turbo examined in this research
exhibit stochastic behaviour. Consequently,
additional experiments are necessary to cor-
roborate our findings, as LLMs can produce
diverse outcomes, thereby limiting the conclu-
siveness of a single experimental run (Reimers
and Gurevych, 2018). This caveat is par-
ticularly pertinent to observations based on
marginal performance differentials.

3. Our experiments demonstrate that the ef-
fectiveness of GASE is limited to embed-
ding models with lower baseline performance
while encoders models with higher baseline
performance exhibit minimal to no improve-
ment. Further investigation is needed to un-
derstand the underlying reasons for this obser-
vation.

4. Our investigation was confined to evaluat-
ing GPT-3.5 Turbo, Reka-Flash, and GPT-40
mini for generative augmentation. Alterna-
tive LLMs, including the Claude and Gemini
model families, may lead to different results.

5. Furthermore, our experimental design was re-
stricted to k € {0,1,2,3}. While values of
k > 3 were not explored, we posit that such
configurations may be impractical for real-
world applications due to prohibitive compu-
tational costs.

6. Our experiments for generative model abla-
tion are limited to models with a parameter
count € {0.5,1.5,3,7,14}. Extending the
analysis to larger generative models would

yield insights into whether the observed pat-
tern holds for models with more than 14b pa-
rameters.

7. Summaries typically comprise 50% or fewer
words relative to its source text (Radev et al.,
2002). However, due to the concise nature of
the texts within the examined STS datasets
the summaries generated in this work approxi-
mately maintain the original word count. (Ex-
cept for STS22 which contains longer text
sequences.) Hence, the efficacy of augmen-
tation through summarisation may be more
pronounced when applied to datasets compris-
ing longer textual inputs (e.g., paragraphs)
compared to the predominantly short text se-
quences examined within the scope of this
study.
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GASE (ours) GenEOL
Transformations Paraphrasing Paraphrasing
Summarising Consice paraphrasing

Extracting keywords

Changing the sentence structure
Entailment

Each one followed by sum-
marisation.
Number of trans- £ € {0,1,2,3} m € {0,2,4,8,16,24,32}
formations
Pooling Mean pooling over variations gen- Mean pooling over variations gener-
erated using k different generative  ated using m different transforma-
LLMs tions
Embeding models  English-language models: mistral@.1-7B

glove.840B. 300d
bert-large-cased
all-MinilM-L6-v2
all-mpnet-base-v2
embed-english-light-v3.0
embed-english-v3.0
voyage-2
voyage-lite-02-instruct
voyage-large-2
voyage-large-2-instruct
mxbai-embed-large-v1
1lama-3.1-8B

Multilingual models:
paraphrase-multilingual-
mpnet-base-v2
multilingual-e5-large-
instruct
voyage-multilingual-2

1lama-2-7B
1lama-3-8B
bert-large

Generative models

gpt-3.5-turbo-0125
reka-flash-20240226
gpt-40-mini-2024-07-18

gpt-3.5-turbo-0125
mistral@.1-I-7B

gwen2.5-0.5b
gwen2.5-1.5b
gwen2.5-3b
gwen2.5-7b
gwen2.5-14b
gwen2.5-32b

STS datasets Complete English MTEB for STS: ~ Subset of English MTEB for STS:
STSB STSB
STS12 STS12
STS13 STS13
STS14 STS14
STS15 STS15
STS16 STS16
STS17 Sick-R
STS22
Sick-R
BIOSSES
Multi-lingual datasets:
STS17
STS22

Other tasks TextPairClassification TextPairClassification
Summarisation Classification

Clustering
Reranking

Table 7: Comparison of GASE and GenEOL.



B Random keyword extraction

Random keyword extraction randomly selects
16.1/58.2 of the words from a text sequence.
This share is equal to the average share of LLM-
extracted keywords and the total word count of a
sentence (see Table 2). As this results in a low
number of keywords for short sentences, the min-
imal number of randomly selected keywords was
set to 3. All punctuation has been removed before
extracting the keywords.

C Prompts

Paraphrasing with GPT-3.5 Turbo and GPT-40
mini :

"Rephrase the following text while maintaining its
original meaning. If the text contains only a single
word, provide a definition or a synomym. When
done, check and make sure that the length of the
original is approximately maintained. Text:"

Paraphrasing with Reka-Flash:
"Rephrase the following text while maintaining
its original meaning. Do not provide multiple
alternatives.  Before you reply, remove any
explanations. Do only reply with the paraphrased
text. If the text contains only a single word, provide
a definition or a synomym. Text:"

Summarising with GPT-3.5 Turbo:
"summarise the following text. Do not include any
meta text and only output the summary. If the text
is too short to summarise, paraphrase it instead.
Text:"

Extracting keywords with GPT-3.5 Turbo:
"Extract the keywords from the following sentence.
Do NOT inlcude any commas or fullstops in
your response and do not start your answer with
"keywords". Text: "

Model-specific post-processing is performed to
remove meta-text not used for augmentation.

D Embeddings models

* glove.840B.300d (Pennington et al., 2014)
* bert-large-cased (Devlin et al., 2019)

¢ all-MinilLM-L6-v2 (Sentence Transformers,
2024)

* all-mpnet-base-v2 (Sentence Transform-
ers, 2024)

* embed-english-light-v3.0
2024)

(Cohere,

* embed-english-v3.0 (Cohere, 2024)
* voyage-2 (Voyage Al, 2024)

* voyage-lite-02-instruct (Voyage Al,
2024)

* voyage-large-2 (Voyage Al, 2024)

* voyage-large-2-instruct (Voyage Al,
2024)

* mxbai-embed-large-v1 (Mixedbread, 2024)
e 1lama-3.1-8b (Meta)

e paraphrase-multilingual-mpnet-
base-v2 (Reimers and Gurevych, 2020)

e intfloat/multilingual-e5-
large-instruct (Wang et al., 2024)

* voyage-multilingual-2 (Voyage Al, 2024)

For 1lama-3.1-8b we used the following
KEEOL (Zhang et al., 2024) prompt:

The essence of a sentence is often cap-
tured by its main subjects and actions,
while descriptive terms provide addi-
tional but less central details. With this
in mind, this sentence: “input_text”
means in one word:

Following Zhang et al. (2024), we used the penulti-
mate layer of 11ama-3.1-8b to extract the embed-
dings.

E Datasets

The following datasets from the MTEB STS leader-
board ({Hugging Face}, 2024) were used:

* STSBenchmark (Cer et al., 2017a)

STS12 (Agirre et al., 2012)

STS13 (Agirre et al., 2013)

STS14 (Agirre et al., 2014)

STS15 (Agirre et al., 2015)

STS16 (Agirre et al., 2016)



STS17 (Cer et al., 2017b)

STS22 (Chen et al., 2022)

SICK-R (Marelli et al., 2014)

BIOSSES (Sogancioglu et al., 2017)

The original MTEB paper (Muennighoff et al.,
2023) also included the STS11 dataset in Figure 1
of their paper where the authors specify the MTEB
datasets, but excluded it in the evaluations. Sim-
ilarly, the MTEB Leaderbord ({Hugging Face},
2024) does not include STS11 either. To make
our results comparable to other models evaluated
on MTEB we therefore excluded STS11 from our
evaluations.

F Generative Model Versions and
Hyperparameters

The following versions have been used for genera-
tive augmentation:

GPT-3.5 Turbo: gpt-3.5-turbo-0125
Reka-Flash: reka-flash-20240226
GPT-40 mini: gpt-40-mini-2024-07-18

Qwen2.5 (all models running via Ollama with
quantization Q4_K_M):

gwen2.5:0.5b
gqwen2.5:1.5b
gwen2.5:3b
gwen2.5:7b
gwen2.5:14b

GPT-3.5 Turbo, Reka-Flash, and GPT-40 mini
have been accessed through the respective APIs
with temperature set to 0 and top_p to 1 to make
the experiments as reproducible as possible. Where
applicable, a random seed of 1337 was used. Other
hyperparameters were used with default values.
The Qwen2.5 model were run with Ollama on a
local computer.

G Additional Experimental Results
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Embedding model Pooling Avg. Score
mean 59.98
glove.840B.300d max 50.02
mean 66.29
bert-large-cased max 65.16
.. mean 80.32
all-MiniLM-L6-v2 max 79.88
mean 81.39
all-mpnet-base-v2 max 21.03
embed-english- mean 80.30
light-v3.0 max 79.74
. mean 82.10
embed-english-v3.0 max R1.62
vovage-2 mean 83.38
yag max 82.69
voyage-lite-02- mean 85.99
instruct max 85.53
voyage-large-2 mean 83.92
max 83.48
voyage-large-2- mean 84.80
instruct max 84.41
mxbai-embed- mean 85.01
large-v1 max 84.69
mean 75.28
llama-3.1-8b max 75.07

Table 8: Average STS scores across tasks for different
pooling methods.



Embedding model Augmentation Average STSB STS12 STS13 STS14 STS15 STS16 STS17 STS22 SICK-R BIOSSES
none 57.86 50.73 57.50 70.98 60.69 70.85 63.85 62.05 54.08 55.42 3245
i 59. 56. 573 . . .5 K . 57. 58. .

elove.840B.300d pa.raphre?ang 9.98 6.78 7.33 71.17 61.16 71.52 67.66 62.28 7.78 8.92 35.21

summarising 60.64 57.67 55.00 70.24 61.18 71.64 66.81 67.08 61.21 60.92 34.65

extracting keywords 60.82 59.26 58.09 71.12 60.34 72.44 65.31 75.92 56.94 55.34 33.50

none 60.78 59.18 45.71 63.94 54.42 68.98 65.46 71.30 55.48 64.16 59.14

bert-laree-cased paraphrasing 66.29 67.97 53.62 68.56 59.73 74.01 71.97 74.14 58.57 69.79 64.56

gemeas summarising 66.89 68.23 51.39 70.58 61.98 74.27 70.60 74.48 63.47 70.74 63.23

extracting keywords 62.62 63.03 53.50 63.32 58.51 72.62 68.13 71.99 54.64 58.24 62.22

none 78.91 82.03 72.37 80.60 75.59 85.39 78.99 87.59 67.26 77.58 81.64

all-MiniLM-L6-v2 paraphrés?ng 80.32 82.33 73.33 83.33 77.85 86.23 79.88 87.02 68.47 79.63 85.07

summarising 79.90 82.17 72.14 82.89 77.24 86.34 78.99 87.70 69.27 79.86 82.41

extracting keywords 77.96 81.99 73.29 81.14 75.77 85.87 78.70 87.45 64.57 70.92 79.88

none 80.28 83.42 72.63 83.48 78.00 85.66 80.03 90.60 68.00 80.59 80.43

paraphrasing 81.39 84.10 74.04 85.52 80.52 86.82 81.15 89.08 69.01 81.25 82.39
all-mpnet-base-v2 .

summarising 81.48 83.94 73.76 85.54 79.78 86.73 80.20 90.41 70.12 81.32 82.96

extracting keywords 79.95 82.56 74.82 84.82 78.74 86.31 79.01 90.23 66.19 77.07 79.74

none 78.75 83.52 72.81 77.69 76.91 83.51 78.49 88.49 67.88 77.98 80.20

_— paraphrasing 80.30 84.65 74.65 80.73 79.41 85.45 81.14 87.45 68.42 78.75 82.36
embed-english-light-v3.0 L.

summarising 80.21 84.08 73.45 81.36 78.41 86.26 81.52 88.19 68.97 79.08 80.79

extracting keywords 78.53 82.81 75.03 80.17 78.29 84.14 76.38 88.14 67.27 74.45 78.64

none 81.25 86.54 74.76 81.68 78.81 87.18 83.01 89.70 68.22 77.52 85.05

. paraphrasing 82.10 86.69 76.37 83.71 81.29 87.96 83.95 88.47 68.63 78.21 85.75
embed-english-v3.0 L.

summarising 82.08 86.47 74.40 84.41 80.76 88.49 83.55 89.08 70.29 78.06 85.25

extracting keywords 81.26 85.50 74.77 84.66 79.98 87.72 81.09 88.75 66.91 71.53 85.68

none 82.50 87.06 77.68 86.25 80.11 88.38 85.72 89.78 65.26 78.95 85.83

Voyage-2 paraphrasing 83.38 87.17 79.23 87.13 81.67 88.57 86.27 89.07 66.80 80.33 87.56

vag summarising 82.74 86.51 76.81 86.25 80.89 88.46 84.88 89.10 68.50 80.48 85.55

extracting keywords 81.21 85.71 77.76 86.17 79.63 87.49 84.37 88.66 65.29 72.06 85.03

none 85.95 88.74 86.19 88.84 86.84 89.84 86.07 87.19 78.62 77.54 89.60

. . paraphrasing 85.99 88.81 84.47 89.05 86.68 89.52 86.53 86.79 79.08 79.09 89.89
voyage-lite-02-instruct L.

summarising 85.43 87.93 82.77 88.06 85.05 88.98 85.49 86.70 79.87 79.16 90.32

extracting keywords 83.91 86.75 83.82 87.97 84.47 88.98 84.55 86.28 76.60 70.77 88.88

none 83.60 87.84 78.66 86.98 82.25 88.94 85.71 91.29 63.97 79.83 90.49

Vovage-larae-2 paraphrasing 83.92 87.62 79.18 87.66 83.60 88.91 86.00 90.22 64.69 81.00 90.29

vage-larg summarising 83.66 87.56 77.83 86.93 82.88 88.93 84.88 90.49 65.90 81.09 90.15

extracting keywords 81.98 85.92 78.00 86.45 81.33 88.28 84.44 89.90 63.68 72.50 89.33

none 84.61 89.21 76.15 88.49 86.50 91.13 85.68 90.05 66.59 83.17 89.09

. paraphrasing 84.80 89.31 77.61 88.40 86.62 91.17 86.20 89.58 67.72 82.83 88.58
voyage-large-2-instruct L.

summarising 84.54 88.84 76.27 88.29 85.56 91.06 85.24 89.40 68.66 83.28 88.78

extracting keywords 83.40 87.38 76.63 88.58 85.55 90.51 84.03 88.57 65.73 76.58 90.46

none 84.63 89.29 79.07 89.80 85.22 89.34 86.77 89.21 68.73 82.78 86.13

. paraphrasing 85.01 89.09 80.83 89.43 85.88 89.46 86.94 88.75 70.03 82.67 87.02
mxbai-embed-large-v1 .

summarising 84.45 88.60 78.51 89.07 84.82 89.09 85.96 88.43 70.36 82.82 86.82

extracting keywords 83.42 87.43 78.64 88.75 83.82 88.44 84.84 87.40 67.83 78.17 88.90

none 71.36 79.79 62.81 79.08 69.72 78.49 80.88 84.12 3339 76.27 69.04

llama-3.1-8b paraphrasing 75.28 81.37 67.03 81.29 72.88 80.91 82.60 83.04 50.55 78.25 74.84

- summarising 76.74 80.39 65.02 81.18 74.51 82.07 81.00 84.48 59.44 79.36 79.92

extracting keywords 74.95 78.57 67.39 82.68 74.74 81.67 80.31 85.71 51.79 71.05 75.60

Table 9: Scores per dataset with and without generative augmentation using GPT-3.5 Turbo (Spearman’s rank
correlation in %, bold: highest scores).

Dataset No Augmentation Extracting Keywords (GPT-3.5 Turbo) Random Keyword Extraction
STSB 50.73 59.26 23.95
STS12 57.50 58.09 34.78
STS13 70.98 71.12 22.25
STS14 60.69 60.34 28.48
STSI15 70.85 72.44 33.86
STS16 63.85 65.31 24.99
STS17 62.05 75.92 36.47
STS22 54.08 56.94 38.44
SICK-R 5542 55.34 40.04
BIOSSES 32.45 33.50 29.02
Average 57.86 60.82 31.23

Table 10: Scores per dataset for GloVe embeddings without generative augmentation vs. generative augmentation
using LLM-extracted keywords with GPT-3.5 Turbo or random keyword extraction (Spearman’s rank correlation in
%, bold: highest scores).
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Stop-

Embedding Aug word Average  STSB  STSI2  STSI3  STS14 SISIS  STSI6  STS17  STS22  SICK-R  BIOSSES
model tation
removal
o o 57.86 5073 5750 7098  60.69 7085 6385 6205 5408 5542 3245
alove.840B. yes 60.07 5713 5743 7091 6068  70.86 6384 7583 5466 5497 3439
300d para no 59.98 5678 5733 7117 616 7152 6766 6228 5778 5892 3521
phrasing  yes 65.43 6705 5998 7272 6375 7370 6998 7501 6101  61.94 49.17
o o 60.78 5018 4571 6394 5442 6898 6546 7130 5548 64.16 59.14
yes 53.08 5001 4137 5310 5011 63.68  59.66 6373 4969 4875 50.54
bert-large-cased
para- no 66.29 6797 5362 6856 5973 7401 7197 7414 5857  69.19 64.56
phrasing  yes 60.25 6142 5045 5843 5520 6975  67.19 6798 5701 5825 56.82
o 7891 8203 7237 8060 7559 8530 7899 8750 6726  77.58 8164
all-MiniLM- none yes 7536 7880 6829  77.62 7305 8435 7492 8705 6574 6558 78.24
L6-v2 para- o 8032 8233 7333 8333 7785 8623 7988  87.02 6847  79.63 85.07
phrasing  yes 77.78 8069 7161 8115 7592 8486 7751 8580 6636  70.6l 83.21
o 80.28 8342 7263 8348 7800 8566 8003 9060 6800  80.59 80.43
all-mpnet-base- yes 7551 7832 6571 7949 7399 8398 7328 8898 6582  67.01 78.47
v2 para- o 8139 8410 7404 8552 8052 8682  S8LI5 8908 690l _ 8125 8239
phrasing  yes 78.20 8087 7076 8300 7753 8500 7672 8705 6628  71.99 82.70
e o 7875 8352 7281 7769 7691 8351 7849 8849 6788 7798 80.20
embed-english- yes 7436 78.16 6836 7623 7384 8167 7169  88.18 6687  64.32 7434
light-v3.0 para- o 8030 8465 7465 8073 7941 8545  8L14 8745 6842 7875 8236
phrasing  yes 7758 8143 7312 7915 7681 8377 7689  81.55 6781 7040 78.87
o o 81.25 8654 7476 8168 7881 8718 8301 8970 6822 7752 85.05
embed-english- yes 76.70 7952 67.15 8084 7537 8376 7440 8851 6699  66.56 83.95
V3.0 para- o 82.10 8669 7637 8371 8129 8796 8395 8847 6863 7821 85.75
phrasing  yes 79.26 83.00 7279 8300 7872 8521  79.03  87.36 6803 7145 83.96
o no 82.50 8706 7768 8625  80.11 _ 8838 8572 8978 6526 7895 85.83
voyage-2 yes 78.11 8152 7171 8273 7723 8559  79.02 8791 6640  67.22 81.64
para- o 8338 8717 7923 8713 8167 8857 8627 8907 _ 6680 8033 87.56
phrasing  yes 80.42 84.16 7632 8480 7929 8633 8293  87.58 6755 7142 83.69
o o 85.95 8874 8619 8884 8684 8984 8607  87.19 7862 7754 89.60
voyage-lite-02- yes 81.35 8324 7933 8613 8237 8795 8001 8584 7472 66.73 87.14
instruct para- no 85.99 88.81 84.47 89.05 86.68 89.52 86.53 86.79 79.08 79.09 89.89
phrasing  yes 82.88 8557 8164 8714 8329  87.58 8346 8518 7602  70.83 88.11
o o 83.60 8784 7866 8698 8225 8894 8571 9120 6397 7983 90.49
yes 7939 8225 7285 8294 7899 8654  79.68  89.63 6538  67.42 88.25
voyage-large-2
para- no 83.92 8762 79.18 8766 8360 8891 _ 8600 9022 6469  81.00 90.29
phrasing  yes 81.19 8457 7672 8473 8084 8717 8295 8878 6543 7164 89.04
o o 84.61 8921 7615 8849 8650  OLI3 8568 9005 6659  83.17 89.09
voyage-large-2- yes 81.35 8324 7933 8613 8237 8795 8001 8584 7472 66.73 87.14
instruct para- o 84.80 8931 7761 8840 8662  OL17 _ 8620 8958 6772 8283 8858
phrasing  yes 81.88 8570 7485 8776 8391 88690 8240 8841 6766 7172 87.73
o 84.63 8029 7907 8980 8522 8934 8677 8921 6873 8278 86.13
mxbai-embed- yes 79.54 8354 7288 8573 8133 8672  78.69 8636 6741  68.76 83.99
large-v1 para- o 85.01 80.09 8083 8943 8588 8946 8694 8875 7003 8267 87.02
phrasing  yes 81.36 86.15 7811 8720 8303 8693  78.69 8640 6847 7270 85.97
e o 7136 7979 6281 7908 6972 7849 8088 8412 3339 7627 69.04
Jamas 18 yes 69.50 7348 5066 7737 69.66 7717 7294 8300 5094 6215 68.58
para- o 7528 8137 6703 8120 7288 8091 8260 8304 5055 7825 7484
phrasing  yes 7457 7829 6698 8090 7361 7963 7876 8386 6188  68.92 72.90

Table 11: Scores per dataset with and without stopword removal using either no generative augmentation or
paraphrase augmentation with GPT-3.5 Turbo (Spearman’s rank correlation in %).

Dataset Paraphrases Summaries
STSBenchmark  0.39 0.52
STS12 0.39 0.49
STS13 0.33 041
STS14 0.37 0.47
STS15 0.42 0.53
STS16 0.37 0.40
STS17 0.41 0.59
STS22 0.39 0.21
SICK-R 0.46 0.67
BIOSSES 0.46 0.52
Average 0.40 0.48

Table 12: Jaccard Similarity between original texts and paraphrases and summaries generated with GPT-3.5 Turbo
respectively.
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Embedding model Gen model Average STSB STS12 STS13 STS14 STS15 STS16 STS17 STS22 SICK-R BIOSSES

none 57.86 5073 5750 7098  60.69 7085 63.85 62.05 54.08 5542 3245
gpt-3.5-turbo 59.98 5678 5733 7117 6116 7152 67.66 6228 57.78 58.92 3521
reka-flash 60.73 5502 5953 7109 6122 7281 6520 6427 60.11 61.65 36.43
glove.840B.300d .
ept-4o-mini 60.04 5500 60.12 7265 6245 7160 6649 6339 5548 60.36 32.76
gpt-3.5-turbo 61.97 5946 6006 7201 62.68 72.46 67.62 6543 61.46 61.51 36.95
+ reka-flash
gpt-3.5-turbo
+ reka-flash 62.18 59.99 6179 7288 6404 7203 6738 6475  60.76 61.79 36.42
+ gpt-4o-mini
none 60.78 5918 4571 6394 5442 6898 6546 7130 5548 64.16 59.14
gpt-3.5-turbo 66.29 6797 5362 6856 5973 7401 7197 7414 5857 69.80 64.56
reka-flash 65.76 6520 5292 6855 5977 7267 7180 7146 5893 70.09 66.19
bert-large-cased .
gpt-4o-mini 65.01 6537 5427 6860  58.18 7226 7112 7354 5572 70.50 60.54
gpt-3.5-turbo 68.01 6939 5686 7004 6230  74.61 7386 7452 60.49 71.32 66.72
+ reka-flash
gpt-3.5-turbo
+ reka-flash 68.41 69.40 5901 7125 6260 7413 7386 7499 6035 71.74 66.73
+ gpt-4o0-mini
none 78.91 8203 7237 80.60 7559 8539 7899 8759  67.26 77.58 81.64
pt-3.5-turbo 80.32 8233 7333 8333 7785 8623 79.88 87.02 6847 79.63 85.07
- reka-flash 79.74 8130 7352 8242 7683 8572 7902 87.01 68.83 79.66 83.11
all-MiniLM-L6-v2 .
ept-4o-mini 79.81 81.97  74.03 83.31 7670 8603 7919  87.69  67.01 80.08 82.11
gpt-3.5-turbo 80.64 8230 7459 8372 7811 8620  79.95 87.23 69.23 80.12 84.97
+ reka-flash
gpt-3.5-turbo
+ reka-flash 80.76 8231 7516 8429 7822 8618  79.98 87.31 68.84 80.34 85.02
+ gpt-4o-mini
none 80.28 8342 72.63 8348 7800 8566 8003  90.60  68.00 80.59 30.43
gpt-3.5-turbo 81.39 8410 7404 8552 8052 8682  8LIS 89.08 69.01 81.25 82.39
reka-flash 81.01 8372 7427 8512 79.33 86.41 80.41 90.17 6842 81.37 80.87
all-mpnet-base-v2 .
gpt-do-mini 81.07 8375 7419 8519 7928 86.45 8047 9089 6781 81.23 81.43
gpt-3.5-turbo 81.72 8443 7546 86.12 80.63 87.00 81.21 89.37 69.33 8$1.55 82.13
+ reka-flash
gpt-3.5-turbo
+ reka-flash 81.85 8442 7596 8637 8072 8692 8133 8968 69.05 81.50 82.51
+ gpt-4o-mini
none 7875 8352 7281 7769 7691 83.51 7849 8849  67.88 77.98 80.20
pt-3.5-turbo 80.30 84.65 7465 8073 7941 85.45 8114 8745 68.42 78.75 82.36
. reka-flash 79.72 8351 7574 7860 7838 84.63 80.09  87.98 69.06 78.76 80.42
embed-english-light-v3.0 L.
gpt-4o-mini 79.90 8414 7576 7965 7789 8512  79.83 8790 6791 78.68 82.10
spE3Swbo g5 8448 7645 8061 7965 8554 8121 8160 6923  79.06 81.55
+ reka-flash
gpt-3.5-turbo
+ reka-flash 80.66 8459 7710 8100 7975 8568  81.16 8770  68.90 79.09 81.61
+ gpt-4o-mini
none 81.25 86.54 7476 8168 788l 87.18 83.01 8970  68.22 7752 85.05
gpt-3.5-turbo 82.10 86.60  76.37 83.71 8129 8796 8395 88.47 68.63 78.21 85.75
. reka-flash 82.00 86.31 7691 8222 8048 87.82 8369  88.93 69.70 78.06 85.90
embed-english-v3.0 .
ept-d4o-mini 81.82 8652 7680 8257 80.11 87.77 8372 8942 6836 77.90 85.05
gpt-3.5-turbo 82.53 86.68  77.88 83.56 81.64 88.05 84.13 88.59  69.87 78.44 86.48
+ reka-flash
gpt-3.5-turbo
+ reka-flash 82.08 8669 7849  83.60 8165 8797 8410 8876  69.67 7835 86.36

+ gpt-4o-mini

Table 13: Scores per dataset with and without paraphrase augmentation using GPT-3.5 Turbo, Reka-Flash, and
GPT-40 mini (Spearman’s rank correlation in %, bold: highest scores) (part 1).
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Embedding model Gen model Average STSB STS12 STS13 STS14 STS15 STS16 STS17 STS22 SICK-R BIOSSES

none 82.50 87.06  77.68 86.25 80.11 88.38 8572 8978 65.26 78.95 85.83
gpt-3.5-turbo 83.38 8717 79.23 87.13 81.67 88.57 86.27 89.07 66.80 80.33 87.56
ovase reka-flash 83.37 8693 79.65 87.83 81.79 88.48 86.18 88.98 67.42 80.67 85.72
vag ept-4o-mini 83.07 86.89 7959 87.27 81.23 88.46 85.81 89.37 65.25 80.85 86.02
gpt-3.5-turbo $3.80 8727  80.62 87.99 82.40 88.51 86.40 88.77 67.94 80.87 87.28
+ reka-flash
gpt-3.5-turbo
+ reka-flash 83.72 8714 8106  8$8.14 8250  88.40 86.14 88.81 66.91 $1.00 87.08
+ gpt-4o0-mini
none 85.95 8874  86.19 38.84 36.84  89.84 86.07 $7.19 78.62 77.54 89.60
gpt-3.5-turbo 85.99 $8.81  84.47 89.05 86.68 89.52 86.53 8679  79.08 79.09 89.89
W reka-flash 85.92 8824  84.88 88.79 86.58 89.46 86.28 8674  78.76 78.97 90.53
voyage-lite-02-instruct .
gpt-4o-mini 85.97 8825 8524 89.06 86.62 89.57 85.99 8690  78.59 79.45 90.08
gpt-3.53-turbo 86.05 88.74  84.83 89.14 86.69 89.36 $6.57 86.72 78.81 79.34 90.34
+ reka-flash
gpt-3.5-turbo
+ reka-flash 86.01 8848 8495 8926  86.74 89.25 86.32 86.75 78.31 79.50 90.55
+ gpt-4o-mini
none 83.60 87.84  78.66 86.98 82.25 88.94 85.71 91.29 63.97 79.83 90.49
gpt-3.5-turbo 83.92 8762  79.18 87.66 83.60 88.91 86.00  90.22 64.69 81.00 90.29
©ovase.laree.2 reka-flash 83.98 8732 7952 88.25 83.49 88.77 8590  90.40 64.46 81.35 90.37
vage-larg gpt-do-mini 83.95 8754 80.02 87.91 8322 89.11 85.68 90.47 63.99 81.54 90.08
gpt-3.5-turbo 84.12 87.56  80.05 88.31 83.98 8876 8597  90.04  64.84 81.55 90.14
+ reka-flash
gpt-3.5-turbo
+ reka-flash 84.17 8749 8053 8842 84.00 88.73 85.77 89.82 64.69 81.75 90.49
+ gpt-4o0-mini
none 84.61 8921 7615 88.49 8650 9113 85.68 90.05 66.59 83.17 89.09
gpt-3.5-turbo 84.80 8931  77.61 88.40 8662 9117 86.20 89.58 67.72 82.83 88.58
. reka-flash 84.68 8881 7841 88.30 8640  90.95 85.42 89.71 67.04 83.22 88.52
voyage-large-2-instruct L.
gpt-4o-mini 84.78 88.83 7871 88.43 86.45 91.17 85.89 89.14 67.09 83.19 88.87
gpt-3.5-turbo 84.86 89.16  79.11 88.56  86.67  90.97 8586 89.67 67.56 83.00 88.08
+ reka-flash
gpt-3.5-turbo
+ reka-flash 84.91 8898 7979 8859 86.69  90.89 85.83 89.23 67.62 82.97 88.51
+ gpt-4o-mini
none 84.63 8929  79.07 89.80 85.22 89.34 86.77 89.21 68.73 82.78 86.13
gpt-3.5-turbo 85.01 89.09  80.83 89.43 85.88 89.46 8694 88.75 70.03 82.67 87.02
) reka-flash 84.80 8893 81.04 89.36 85.51 89.27 86.48 89.04 68.67 82.66 87.07
mxbai-embed-large-v1 L
gpt-do-mini 84.90 8895  81.08 89.76 85.37 89.43 86.58 89.14 69.10 $2.73 86.89
gpt-3.5-turbo 85.17 89.16  81.96 89.37 85.96 89.39 86.79 88.97 69.51 82.72 87.81
+ reka-flash
gpt-3.5-turbo
+ reka-flash 85.16 89.13 8224 89.54 8598 89.36 86.70 88.92 69.44 82.65 87.63
+ gpt-4o-mini
none 7136 7979 6281 79.08 69.72 7849 30.88 84.12 3339 76.27 69.04
gpt-3.5-turbo 75.28 8137 67.03 8129 7288 80.91 82.60 83.04 50.55 7825 74.84
a3, 1.8b reka-flash 77.02 8044  68.26 8229 7475 81.65 82.53 85.77 58.68 78.43 77.38
’ gpt-4o-mini 74.71 8038  68.15 82.09 73.39 81.20 81.87 84.60 4134 78.82 75.23
gpt-3.5-turbo 77.85 81.68  69.82 82.99 75.64 82.10 83.27 84.46 59.90 78.91 79.68
+ reka-flash
gpt-3.5-turbo
+ reka-flash 77.52 8141 7096 8347 7576  81.99 82.84 84.14  56.86 78.99 78.77
+ gpt-4o0-mini

Table 14: Scores per dataset with and without paraphrase augmentation using GPT-3.5 Turbo, Reka-Flash, and
GPT-40 mini (Spearman’s rank correlation in %, bold: highest scores) (part 2).

paraphrase-multilingual-  intfloat/multilingual- voyage-multilingual-2

Dataset mpnet-base-v2 e5-large-instruct

None Paraph. None Paraph. None Paraph.
STS17_en-en  86.99 86.01 87.64 87.32 90.81 90.20
STS17_ar-ar ~ 79.09 81.04 81.61 83.36 80.53 81.58
STS17_en-ar  80.85 81.76 78.66 79.50 81.59 83.48
STS17_en-de  83.28 83.81 85.09 85.05 88.09 88.11
STS17_en-tr ~ 74.90 75.44 77.04 78.88 74.12 77.09
STS17_es-en  86.11 86.25 84.72 85.35 88.24 87.74
STS17_es-es  85.14 85.00 88.09 87.87 88.71 88.63
STS17_fr-en  81.17 82.47 83.26 84.09 87.10 87.65
STS17_it-en 84.24 84.20 84.94 85.00 88.98 89.43
STS17_ko-ko  83.29 83.83 81.58 82.47 80.17 80.69
STS17_nl-en  82.51 82.65 84.65 84.59 88.22 88.38

Table 15: Multilingual STS17 Scores with and without paraphrase augmentation using GPT-40 mini in % (bold:
highest score per embedding model and dataset).
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paraphrase-multilingual- multilingual-e5- voyage-multilingual-2

Dataset mpnet-base-v2 large-instruct
None Paraph None  Paraph. None Paraph.

STS_ar-ar  64.77 56.36 81.61 65.02 59.65 60.19
STS_de-de  62.30 48.16 78.66 62.00 63.01 63.08
STS_de-en  62.85 57.03 85.09 61.72 62.87 62.56
STS_de-fr  64.19 62.68 77.04 65.52 64.88 64.12
STS_de-pl  56.01 41.26 84.72 56.97 54.14 56.35
STS_es-es  73.27 65.03 88.09 73.07 75.32 75.87
STS_es-en  80.45 74.22 83.26 79.99 82.43 83.79
STS_es-it 78.71 56.99 84.94 78.76 79.51 79.78
STS_fr-fr 82.34 76.56 81.58 82.35 81.36 81.35
STS_fr-pl  73.25 84.52 84.65 28.17 73.25 73.25
STS_it-it 80.69 62.82 64.77 80.23 79.92 80.15
STS_pl-pl  46.83 39.36 62.30 45.29 46.30 46.00
STS_pl-en  76.42 76.90 62.85 75.61 80.01 80.81
STS_ru-ru  70.26 63.33 64.19 70.74 68.35 68.91
STS_tr-tr 69.56 63.49 56.01 70.16 67.98 68.34
STS_zh-zh  66.92 66.89 73.27 68.53 72.22 72.49
STS_zh-en  69.56 70.68 80.45 66.06 76.81 76.53

Table 16: Multilingual STS22 Scores with and without paraphrase augmentation using GPT-40 mini in % (bold:
highest score per embedding model and dataset).

Embedding model Augllnen- Pair Classification
tation
Twitter Sem-  Twitter URL-  Sprint dupli-
Eval 2015 Corpus cate questions
none 43.81 63.09 68.33
glove840B.300d @ phrase 50.04 70.49 73.39
bert-laree-cased none 47.27 69.81 48.15
ge-cws paraphrase 57.21 76.28 53.61
.. none 67.86 84.61 94.55
al-MiniLM-L6-v2 - phrase 71.50 84.70 95.20
all-monet-base-v2 none 73.85 84.99 90.15
P ) paraphrase 77.34 85.08 91.42
embed-english- none 68.26 83.75 88.54
light-v3.0 paraphrase 72.76 84.49 91.40
. none 73.43 84.98 92.21
bed-english-v3.
embed-english-v3.0 paraphrase 76.58 85.45 93.33
vovage-2 none 71.29 86.25 93.88
yag paraphrase 74.83 86.19 94.70
voyage-lite-02- none 91.38 89.14 98.35
instruct paraphrase 90.31 88.37 98.39
vovage-laree-2 none 75.10 86.57 93.96
yag & paraphrase 76.82 86.58 95.25
voyage-large-2- none 92.87 90.10 96.28
instruct paraphrase 90.78 89.09 96.78
mxbai-embed- none 78.55 86.12 96.82
large-v1 paraphrase 79.17 86.03 96.95
none 69.70 82.73 57.87
llama-3.1-8b

ama paraphrase  73.00 84.26 61.09

Table 17: Performance on Pair Classification with and without paraphrase generation using GPT-3.5-Turbo (in %).
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H Runtime analysis

To provide a basic estimate of the additional run-
time introduced by GASE over a non-augmented
baseline, we performed five runs using GPT-3.5-
Turbo for generation and all-mpnet-base-v2 for em-
beddings and report the mean and standard devia-
tion. Because the difference in runtimes between
the augmented and non-augmented setups was sub-
stantial and the standard deviation across runs was
small, we did not carry out statistical significance
testing (see Table 18).

All runtime experiments were conducted on
a computer with the following specification:
GeForce RTX 3090 MSI Gaming X Trio 24GB
GPU, AMD Ryzen 9 9950X CPU, DDR5-6400
64GB RAM.
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Augmentation Average runtime [sec] Stand. deviation of runtime [sec]

None 2.30 0.40

paraphrase 132.57 15.87
summarise 140.48 14.15
keywords 127.17 18.16

Table 18: Average runtime and corresponding standard deviation without and with generative augmentation using
GPT-3.5-Turbo and, as an encoder, all-mpnet-base-v2 on STS17 (based on runs, in seconds).
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