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We present Sentence-BERT (SBERT), a modification of the pretrained BERT network, that use siamese
and triplet network structures to derive semantically meaningful sentence embeddings that can be
compared using cosine-similarity. This reduces the effort for finding the most similar pair from 65 hours
with BERT / RoBERTa to about 5 seconds with SBERT, while maintaining the accuracy from BERT for

semantic similarity search as well as for unsupervised tasks like clustering.



Intro & Related Work

SBERT = Sentence-BERT

BERT = Bidirectional Encoder Representations from Transformers (2018)
RoBERTa = Robust BERT (2019)

GloVe = Global Vectors (2014)

InferSent: Sentence Embedding GloVe + BiLSTM

STS = Semantic Textual Similarity

SNLI = Stanford Natural Language Inference

MNLI = Multi-Genre Natural Language Inference

NLP = Natural Language Processing



BERT / RoBERTa
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Figure 1: The Transformer - model architecture.



BERT / RoBERTa
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BERT / RoBERTa
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Figure 2: BERT input representation. The input embeddings are the sum of the token embeddings, the segmenta-
tion embeddings and the position embeddings.



SBERT Model

3 Structures & Objective Functions

- Classification
- Regression
- Triplet



SBERT Model

Classification Objection Function
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Figure 1: SBERT architecture with classification ob-
jective function, e.g., for fine-tuning on SNLI dataset.
The two BERT networks have tied weights (siamese
network structure).



SBERT Model

Regression Objective Function
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Figure 2: SBERT architecture at inference, for exam-
ple, to compute similarity scores. This architecture is
also used with the regression objective function.



SBERT Model

Triplet Objective Function
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Evaluation: Semantic Textual Similarity

4 Methods

- Unsupervised STS

- Supervised STS

- Argument Facet Similarity (AFS)
- Wikipedia Sections



®© Dataset Preview

Subset

mnli

premise (string)

Conceptually cream skimming has two basic
dimensions - product and geography.

you know during the season and i guess at at your
level uh you lose them to the next level if if..

One of our number will carry out your
instructions minutely.

How do you know? All this is their information
again.

yeah i tell you what though if you go price some
of those tennis shoes i can see why now you know..

my walkman broke so i'm upset now i just have to
turn the stereo up real loud

But a few Christian mosaics survive above the
apse is the Virgin with the infant Jesus, with..

Split

v train

hypothesis (string)

Product and geography are what make cream
skimming work.

You lose the things to the following level if the
people recall.

A member of my team will execute your orders with
immense precision.

This information belongs to them.

The tennis shoes have a range of prices.

I'm upset that my walkman broke and now I have to
turn the stereo up really loud.

Most of the Christian mosaics were destroyed by
Muslims.

label (class

label)

1 (neutral)

0 (entailment)
0 (entailment)
0 (entailment)

1

(neutral)

(entailment)

(neutral)



Evaluation: Semantic Textual Similarity

Unsupervised STS

Model STS12 | STS13 | STS14 | STS15 | STS16 | STSb | SICK-R Avg.
Avg. GloVe embeddings 55.14 70.66 59.73 68.25 63.66 | 58.02 53.76 61.32
Avg. BERT embeddings 38.78 57.98 57.98 63,10 61.06 | 46.35 58.40 54.81
BERT CLS-vector 20.16 30.01 20.09 36.88 38.08 16.50 42.63 29.19
InferSent - Glove 52.86 66.75 62.15 1277 66.87 | 68.03 65.65 65.01
Universal Sentence Encoder | 64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22
SBERT-NLI-base 70.97 76.53 73.19 79.09 74.30 | 77.03 7291 74.89
SBERT-NLI-large 1227 78.46 74.90 80.99 76,25 | 79.23 73.75 76.55
SRoBERTa-NLI-base 7134 72.49 70.80 78.74 13,69 | 7107 74.46 74.21
SRoBERTa-NLI-large 74.53 77.00 73.18 81.85 76.82 | 79.10 74.29 76.68

Table 1: Spearman rank correlation p between the cosine similarity of sentence representations and the gold labels
for various Textual Similarity (STS) tasks. Performance is reported by convention as p x 100. STS12-STS16:
SemEval 2012-2016, STSb: STSbenchmark, SICK-R: SICK relatedness dataset.



®© Dataset Preview

Subset Split

stsb v train v
sentencel (string) sentence2 (string) label (float) idx (int)
A plane is taking off. An air plane is taking off. 5 0
A man is playing a large flute. A man is playing a flute. 3.8 1

A man is spreading shredded cheese on an uncooked

A man is spreading shreded cheese on a pizza. Gieza, 3.8 2
Three men are playing chess. Two men are playing chess. 2.6 3
A man is playing the cello. A man seated is playing the cello. 4.25 4
Some men are fighting. Two men are fighting. 4.25 5
A man is smoking. A man is skating. 0.5 6
The man is playing the piano. The man is playing the guitar. 1.6 7
A man is playing on a guitar and singing. A woman is playing an acoustic guitar and singing. 2.2 8
A person is throwing a cat on to the ceiling. A person throws a cat on the ceiling. 5 9



STS

Score
explanations

\ Score ] English

Cross-lingual Spanish-English

5 The two sentences are completely equivalent, as they mean the same thing.

The bird is bathing in the sink. El péjaro se esta bafiando en el lavabo.
Birdie is washing itself in the water basin. Birdie is washing itself in the water basin.

4 The two sentences are mostly equivalent, but some unimportant details differ.

In May 2010, the troops attempted to invade | En mayo de 2010, las tropas intentaron invadir
Kabul. Kabul.

The US army invaded Kabul on May 7th last | The US army invaded Kabul on May 7th last
year, 2010. year, 2010.

3 The two sentences are roughly equivalent, but some important information differs/missing.
John said he is considered a witness but not a | John dijo que él es considerado como testigo, y
suspect. no como sospechoso.

“He is not a suspect anymore.” John said. “He is not a suspect anymore.” John said.
2 The two sentences are not equivalent, but share some details.
They flew out of the nest in groups. Ellos volaron del nido en grupos.
They flew into the nest together. They flew into the nest together.
1 The two sentences are not equivalent, but are on the same topic.
The woman is playing the violin. La mujer estd tocando el violin.
The young lady enjoys listening to the guitar. | The young lady enjoys listening to the guitar.
0 The two sentences are completely dissimilar.

John went horse back riding at dawn with a
whole group of friends.

Sunrise at dawn is a magnificent view to take
in if you wake up early enough for it.

Al amanecer, Juan se fue a montar a caballo con
un grupo de amigos.
Sunrise at dawn is a magnificent view to take in

if you wake up early enough for it.

Table 1: Similarity scores with explanations and examples for the English and the cross-lingual Spanish-English subtasks.




STS

Data sources
by year

year | dataset pairs | source

2012 | MSRpar 1500 | newswire

2012 | MSRvid 1500 | videos

2012 | OnWN 750 | glosses

2012 | SMTnews 750 | WMT eval.

2012 | SMTeuroparl 750 | WMT eval.

2013 | HDL 750 | newswire

2013 | FNWN 189 | glosses

2013 | OnWN 561 | glosses

2013 | SMT 750 | MT eval.

2014 | HDL 750 | newswire headlines
2014 | OnWN 750 | glosses

2014 | Deft-forum 450 | forum posts

2014 | Deft-news 300 | news summary

2014 | Images 750 | image descriptions
2014 | Tweet-news 750 | tweet-news pairs
2015 | HDL 750 | newswire headlines
2015 | Images 750 | image descriptions
2015 | Ans.-student 750 | student answers
2015 | Ans.-forum 375 | Q&A forum answers
2015 | Belief 375 | committed belief
2016 | HDL 249 | newswire headlines
2016 | Plagiarism 230 | short-answer plag.
2016 | Postediting 244 | MT postedits

2016 | Ans.-Ans. 254 | Q&A forum answers
2016 | Quest.-Quest. 209 | Q&A forum questions

Table 2: English subtask: Train (2012, 2013, 2014, 2015) and
test (2016) data sets.




Evaluation

Supervised STS benchmark

Table 2: Evaluation on the STS benchmark test set.
BERT systems were trained with 10 random seeds and
4 epochs. SBERT was fine-tuned on the STSb dataset,
SBERT-NLI was pretrained on the NLI datasets, then
fine-tuned on the STSb dataset.

Model | Spearman
Not trained for STS

Avg. GloVe embeddings 58.02
Avg. BERT embeddings 46.35
InferSent - GloVe 68.03
Universal Sentence Encoder 74.92
SBERT-NLI-base 71.03
SBERT-NLI-large 79.23
Trained on STS benchmark dataset
BERT-STSb-base 84.30 + 0.76
SBERT-STSb-base 84.67 + 0.19
SRoBERTa-STSb-base 84.92 + 0.34
BERT-STSb-large 85.64 + 0.81
SBERT-STSb-large 84.45 +0.43
SRoBERTa-STSb-large 85.02 £ 0.76

Trained on NLI data + STS benchmark data

BERT-NLI-STSb-base 88.33 + 0.19
SBERT-NLI-STSb-base $89.39F 0.17
SRoBERTa-NLI-STSb-base | 84.79 £ 0.38
BERT-NLI-STSb-large 88.77 + 0.46
SBERT-NLI-STSb-large 86.10 £+ 0.13
SRoBERTa-NLI-STSb-large | 86.15 £ 0.35




Evaluation

Argument Facet Similarity (AFS)

3 controversial topics:
gun control, gay marriage, death penalty
Different vs equivalent claims + reasoning

Table 3: Average Pearson correlation » and average
Spearman’s rank correlation p on the Argument Facet
Similarity (AFS) corpus (Misra et al., 2016). Misra et
al. proposes 10-fold cross-validation. We additionally
evaluate in a cross-topic scenario: Methods are trained
on two topics, and are evaluated on the third topic.

Model r p
Unsupervised methods

tf-idf 46.77 | 42.95
Avg. GloVe embeddings | 32.40 | 34.00
InferSent - GloVe 27.08 | 26.63
10-fold Cross-Validation

SVR (Misraetal., 2016) | 63.33 -
BERT-AFS-base 77.20 | 74.84
SBERT-AFS-base 76.57 | 74.13
BERT-AFS-large 78.68 | 76.38
SBERT-AFS-large 11:85 | 1593
Cross-Topic Evaluation

BERT-AFS-base 58.49 | 57.23
SBERT-AFS-base 52.34 | 50.65
BERT-AFS-large 62.02 | 60.34
SBERT-AFS-large 53.82 | 33.10




Evaluation

Model Accuracy
Wikipedia Section Distinction mean-vectors 0.65
skip-thoughts-CS 0.62
The anchor and the positive example come from the same Dor et al. 0.74
section, while the negative example comes from a different SBERT-WikiSec-base 0.8042
section of the same article. SBERT-WikiSec-large 0.8078
SRoBERTa-WikiSec-base 0.7945
SRoBERTa-WikiSec-large 0.79173

For example, from the Alice Arnold article:

a: Arnold joined the BBC Radio Drama Company in 1988
p: Arnold gained media attention in May 2012.
n: Balding and Arnold are keen amateur golfers.

Table 4: Evaluation on the Wikipedia section triplets
dataset (Dor et al., 2018). SBERT trained with triplet
loss for one epoch.



Evaluation: SentEval

Toolkit to evaluate quality of sentence embeddings

Model MR CR | SUBJ | MPQA | SST | TREC | MRPC Avg.
Avg. GloVe embeddings 77.25 | 78.30 | 91.17 87.85 80.18 83.0 1287 81.52
Avg. fast-text embeddings 77.96 | 79.23 | 91.68 87.81 82.15 83.6 74.49 82.42
Avg. BERT embeddings 78.66 | 86.25 | 94.37 88.66 84.40 92.8 69.45 84.94
BERT CLS-vector 78.68 | 84.85 | 94.21 88.23 84.13 914 Z71.13 84.66
InferSent - GloVe 81.57 | 86.54 | 92.50 90.38 84.18 88.2 T2 TT 85.59
Universal Sentence Encoder | 80.09 | 85.19 | 93.98 86.70 86.38 93.2 70.14 85.10
SBERT-NLI-base 83.64 | 89.43 | 94.39 89.86 88.96 89.6 76.00 87.41
SBERT-NLI-large 84.88 | 90.07 | 94.52 90.33 90.66 87.4 75.94 87.69

Table 5: Evaluation of SBERT sentence embeddings using the SentEval toolkit. SentEval evaluates sentence
embeddings on different sentence classification tasks by training a logistic regression classifier using the sentence
embeddings as features. Scores are based on a 10-fold cross-validation.



© Dataset Preview

Subset Split

SetFit--SentEval-CR v train v
text (string) label (int) 1label_text (string)
many of our disney movies do n 't play on this dvd player . 0 negative

player has a problem with dual-layer dvd 's such as alias season 1 and season 2 .
0 negative

i know the saying is ' you get what you pay for '' but at this stage of game o | negative
dvd players must have better quality than this - there is no excuse . g
will never purchase apex again . 0 negative

customer service and technical support are overloaded and non responsive - tells
you about the quality of their products and their willingness to stand behind..

0 negative
then my dvds would stop playing in the middle , or not even be read at all . 0 negative

new cds almost always began skipping after a few plays . 0 negative

i thought it was just the player , but then i started checking the discs to find

that the apex 2600 is actually ruining my media . JinEEd e

this player is not worth any price and i recommend that you do n 't purchase it g | negative



®© Dataset Preview

Subset Split

SetFit--subj v train v
text (string) label (int) 1label_text (string)
the tucks have a secret , they 're immortal . they 0 objective

this could be 1lizzy 's only chance to start a new life and recreate the family . .
. . 0 objective
she tragically lost as a child .
the book tells of murray , the old scot patriot , who has had his eyes torn out : :
: s Z z ; 0 objective
and his house taken away during the english invasion .
check your brain and your secret agent decoder ring at the door because you do 1 | subtective
n't want to think too much about what 's going on . the movie does has some.. ]
naturally , he returns to his analyst dr . ben sobel ( crystal ) for help and 0 obiective
finds that sobel needs some serious help himself as he has inherited the family.. ]
still suffering from her hangover , julie does n't realize that ellen is missing : ;
0 objective
when the school bus leaves the cemetery .
several people'are listening to keith 's plight on the radio and are making | et
changes of their own .
a beautifully tooled action thriller about love and terrorism in korea . 1 subjective



®© Dataset Preview

Subset Split
SetFit--sst2 v train v
text (string) label (int) 1label_text (string)

a stirring , funny and finally transporting re-imagining of beauty and the beast :
R 1 positive
and 1930s horror films

apparently reassembled from the cutting-room floor of any given daytime soap . 0 negative

they presume their audience wo n't sit still for a sociology lesson , however o | negative

entertainingly presented , so they trot out the conventional science-fiction.. g

this is a visually stunning rumination on love , memory , history and the war .
1 positive

between art and commerce .

jonathan parker 's bartleby should have been the be-all-end-all of the modern- o

A P : 1 positive

office anomie films .

campanella gets the tone just right -- funny in the middle of sad in the middle "
1 positive

of hopeful .

a fan film that for the uninitiated plays better on video with the sound turned ;
0 negative

down .

béart and berling are both superb , while huppert ... is magnificent . 1 positive



®© Dataset Preview
Subset

SetFit--TREC-QC

text (string)

How did serfdom
develop in and then..

What films featured
the character Popeye..

How can I find a list
of celebrities ' rea..

What fowl grabs the
spotlight after the..

What is the full form
of .com ?

What contemptible
scoundrel stole the..

What team did
baseball 's St. Loui..

label
(int)

label_text
(stxing)

manner of an
action

inventions, books

and other creativ..

manner of an
action

animals

expression
abbreviated

an individual

a group or
organization of..

Split

v train

label_original label_coarse

(strxing) (int)
DESC:manner 0
ENTY:cremat 1
DESC:manner 0
ENTY:animal i |
ABBR:exp 2
HUM: ind 3
HUM: gr 3

label_coarse_text
(strxing)

description and
abstract concepts

entities

description and
abstract concepts

entities

abbreviation

human beings

human beings

label_coarse_original
(string)

DESC

ENTY

DESC

ENTY

ABBR

HUM

HUM



© Dataset Preview

Subset

SetFit--mrpc

textl (string)

Amrozi accused his brother , whom he called
" the witness " , of deliberately distortin..

Yucaipa owned Dominick 's before selling the
chain to Safeway in 1998 for $ 2.5 billion .

They had published an advertisement on the
Internet on June 10 , offering the cargo fo..

Around 0335 GMT , Tab shares were up 19
cents , or 4.4 % , at A $ 4.56 , having.

The stock rose $ 2.11 , or about 11 percent
, to close Friday at $ 21.51 on the New Yor..

Revenue in the first quarter of the year
dropped 15 percent from the same period a..

The Nasdaq had a weekly gain of 17.27 , ox
1.2 percent , closing at 1,520.15 on Friday..

Split

v train

text2 (string)

Referring to him as only " the witness ;
Amrozi accused his brother of deliberately..

Yucaipa bought Dominick 's in 1995 for $ 693
million and sold it to Safeway for $ 1.8..

On June 10 , the ship 's owners had
published an advertisement on the Internet ..

Tab shares jumped 20 cents , or 4.6 % , to
set a record closing high at A $ 4.57 .

PG & E Corp. shares jumped $ 1.63 or 8
percent to $ 21.03 on the New York Stock..

With the scandal hanging over Stewart 's
company , revenue the first quarter of the..

The tech-laced Nasdag Composite .IXIC
rallied 30.46 points , or 2.04 perxcent , to..

label
(int)

idx
(int)

label_text
(stxing)

equivalent

not equivalent

equivalent

not equivalent

equivalent

equivalent

not equivalent



Ablation Study

Pooling strategies: MEAN, MAX, CLS

10 different random seeds,
average performance

Classification Objective trained on
SNLI + MNLI

Regression Objective trained on STSb

NLI | STSb
Pooling Strategy
MEAN 80.78 | 87.44
MAX 79.07 | 69.92
CLS 79.80 | 86.62
Concatenation
(u,v) 66.04 -
(|lw —v|) 69.78 -
(u *v) 70.54 -
(|lu —v|,u*v) 78.37 -
(i, 8, 1o 0) 77.44 -
(u, v, |lu — vl|) 80.78 -
(u, v, |lu —v|,u*xv) | 80.44 -

Table 6: SBERT trained on NLI data with the clas-
sification objective function, on the STS benchmark
(STSb) with the regression objective function. Con-
figurations are evaluated on the development set of the
STSb using cosine-similarity and Spearman’s rank cor-
relation. For the concatenation methods, we only report
scores with MEAN pooling strategy.




Computation Efficiency

Server: Model CPU | GPU
. . g Avg. GloVe embeddings 6469 -

Intel i7-5820K CPU @ 3.30GHz, Nvidia InforSent 2 137 | 1876

Te5|a V100 GPU’ CUDA 9.2 and cuDNN Universal Sentence Encoder 67 1318

SBERT-base 44 1378

SBERT-base - smart batching 83 2042

Table 7: Computation speed (sentences per second) of
sentence embedding methods. Higher is better.



Example: Paraphrase Mining

'pip install sentence-transformers
from sentence-transformers import SentenceTransformer, util

# Single list of sentences - possible tens of thousands of sentences
df = pd.DataFrame (requests.get("https://stampy.ai/w/api.php").json())
sentences = df["fulltext"] .values.tolist()

checkpoint = "paraphrases-multi-ga-mpn"

#@param ['distilbert-base-nli-stsb-quora-ranking', 'multi-ga-mpnet-base-dot-vl',
model = SentenceTransformer (checkpoint)

paraphrases = util.paraphrase mining(model, sentences)

'all-MiniIM-L6-v2']

for paraphrase in paraphrases[0:100]:

score, i, j = paraphrase
print (£"{df['fulltext'][i]}\n{df['fulltext'][j]}\nscore: {score:.2f}\n")

https://sbert.net/



https://stampy.ai/w/api.php
https://sbert.net/docs/pretrained_models.html

Example:
Duplicate
Questions

Question1
Who helped create Stampy?
Is humanity doomed?

What is a canonical question on
Stampy's Wiki?

Why can’t we just “put the Al in a
box” so it can’t influence the
outside world?

How might a superintelligence
technologically manipulate
humans?

Why is Al Safety important?

Can we tell an Al just to figure out
what we want, then do that?

What is Al Safety?

Question2
Who created Stampy?
How doomed is humanity?

What is a canonical version of a
guestion on Stampy's Wiki?

Couldn’t we keep the Al in a box
and never give it the ability to
manipulate the external world?

How might a superintelligence
socially manipulate humans?

Why is safety important for
smarter-than-human Al?

Can we just tell an Al to do what
we want?

Why is Al Safety important?

Score
0.98
0.95

0.93

0.92

0.92

0.91

0.90

0.90



Example: Transformer Setup

'pip install datasets transformers[sentencepiece]
'pip install faiss-gpu
from transformers import AutoTokenizer, AutoModel

df = pd.DataFrame (requests.get("https://stampy.ai/w/api.php").json())
checkpoint = "paraphrases-multi-ga-mpn"
#@param ['distilbert-base-nli-stsb-quora-ranking', 'multi-ga-mpnet-base-dot-vl', 'all-MinilM-L6-v2']

# load pretrained tokenizer and model

tokenizer = AutoTokenizer.from pretrained (checkpoint)
model = AutoModel.from pretrained (checkpoint)
model. to (device)

dataset = Dataset.from pandas (df)

# embed entire set of stampy questions then pkl to file

embeddings_dataset = dataset.map( lambda x: {"embeddings":
get_embeddings (x["text"]) .detach() .cpu() .numpy () [0]})

embeddings dataset.add faiss index(column="embeddings")


https://stampy.ai/w/api.php

Example: Semantic Search

question_embedding = get embeddings ([question]) .cpu() .detach () .numpy ()

scores, samples = embeddings dataset.get nearest examples("embeddings", question embedding, k=6)

samples_df = pd.DataFrame.from dict(samples)
samples df["scores"] = scores

samples df.sort values("scores", ascending=True, inplace=True)

for _, row in samples df.iterrows():
print (£" ({row.scores:.2f}) \t{row.fulltext}")



Sentence-BERT (SBERT) fine-tunes BERT in a siamese / triplet
network architecture. We evaluated the quality on various common
semantic textual search benchmarks, where it could achieve a
significant improvement over state-of-the-art sentence embeddings
methods. SBERT is computationally efficient.




Discussion

Personal experiences?
Potential applications?
Questions?

Key takeaways?



