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Sentence Textual Similarity: Model Evolution Overview

Part 1 — Background of Semantic Textual Similarity (STS)

What: quantitatively measure of between two blocks of texts, i.e., sentences
How: compute between texts, measured by
Intuition: in the text-matching process (words, phrases, whole sentences)

Challenge: lack of large-scale datasets ( =

YV V Y Y V

Semantic Relatedness vs. Semantic Similarity:

analyzing the shared semantic properties of two texts (e.g., “coffee” and “mug”)

Semantic
Relatedness

Semantic
Similarity

Credits: Chandrasekaran et al., Evolution of Semantic Similarity—A Survey, In ACM Computing Survey’21.



Sentence Textual Similarity: Model Evolution Overview

Part 1 — Preliminary of Word Embedding

> Bag-of-words Model (BoW): a model of text represented as an , mainly
used to in different documents [
 “John”, “likes”, “to”, “watch”, “movies”, “Mary”, “likes”, “movies”, “too”
e BoW1={“ohn”:1, “likes”:2, “to”:1, “watch”:1, “movies”:2, “Mary”:1, “too”:1}
» Word Embedding: of words
in such a way that words that are closer in the vector space are expected to be similar in meaning 12
» Distributional Hypothesis: two words tend to be if they occur in [3]
> Word2Vec 12
e Continuously sliding bag-of-words ( ) — predict

e Continuously sliding . predicts

Credits: [1] Li et al., Sentence Similarity Based on Semantic Nets and Corpus Statistics, In IEEE T-KDE’06.
[2] Mikolov et al., Efficient Estimation of Word Representations in Vector Space, In ICLR’13. [3] Firth et al., A Synopsis of Linguistic Theory, In Studies in Linguistic Analysis’1930.



Sentence Textual Similarity: Model Evolution Overview

Part 1 — Preliminary of Word Embedding

> FastText: , can provide embeddings for Out-of-vocabulary (OOV) words 1

n u n u

«— (qull’ (quu ] qua ' ualll’ I(alll

|II

 ‘“equa
> GloVe: within context windows = [2]
* P;j = P(ilj) = Xij/ Xk Xik = the probability that word j appear in the context of word i
> Skip-Thought Embeddings: predicts Bl
» Autoencoder BERT Embeddings: and [4]
“[CLS] The man went to the store. [SEP] He bought a gallon of milk.”

> Universal Sentence Encoder: by and (5]

Credits: [1] Bojanowski et al., Enriching Word Vectors with Subword Information, In TACL'17.

[2] Pennington et al., GloVe: Global Vectors for Word Representation, In EMNLP’14.

[3] Kiros et al., Skip-Thought Vectors, In NeurIPS'15.

[4] Devlin et al., BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, In NAACL'19.
[5] Cer et al., Universal Sentence Encoder, In arXiv’18.



Sentence Textual Similarity: Model Evolution Overview

Part 1 — Preliminary of Knowledge and Statistics Methods

Faced with an embarras de richesse

Bag-of-words Model (BoW) [l

Edge-counting
methods

Term Frequency-Inverse Document Frequency (TF-IDF) [2:3]

Feature-based
methods

Information-Content
based methods

Latent Semantic Indexing (LSI) [

Combined knowledge-
based methods

Latent Dirichlet Allocation (LDA) [>]

Traditional Works mostly focus on Word Similarity [©]

YV V. .V VY V V VY

Please check [6] to know more about Previous Works and Pros and Cons

Credits:

[1] Li et al., Sentence Similarity Based on Semantic Nets and Corpus Statistics, In IEEE T-KDE’06.
[2] Luhn et al., A Statistical Approach to Mechanized Encoding and Searching of Literary Information, In IBM Journal of Research and

Development’1957.

[3] Jones et al., A Statistical Interpretation of Term Specificity and its Application in Retrieval, In Document Retrieval Systems’1988.
[4] Deerwester et al., Indexing by Latent Semantic Analysis, In Journal of the American Society for Information Science’1990.

[5] Blei et al., Latent Dirichlet Allocation, In JMLR’03.

Latent Semantic
Analysis (LSA)

Hyperspace Analogue
to Language (HAL)

Explicit Semantic
Analysis (ESA)

Word-alignment
models

Latent Dirichlet
Allocation(LDA)

>

CNN-based model

LSTM-based model

NASARI

Bi-LSTM based
model

MSSA

UESTS

>

Combined NN model

Normalized Google
Distance (NGD)

Dependency-based
models

b d models

Word-attention
models

[6] Chandrasekaran et al., Evolution of Semantic Similarity—A Survey, In ACM Computing Survey’21.

Transformer-based
model




Sentence Textual Similarity: Model Evolution Overview

Part 1 — Preliminary of Baseline

V V V V V V V VY V

>

Avg. GloVe Embeddings: average of GloVe embeddings [

Avg. Skip-Thought Embeddings: average of word embeddings produced by Skip-Thought vectors [
InferSent: a Siamese BiLSTM network with max-pooling over the output on NLI datasets 3!

Avg. BERT Embeddings: average of word embeddings produced by BERT [4]

BERT [CLS]: scores based on the vector representation of the special token [CLS] in BERT [
BERTScore: the similarity of sentences as a sum of cosine similarities between tokens’ embeddings [
BLEURT: based on BERT and captures similarities by fine-tuning the model ¢!

DPR: two unique BERT encoders and the model weights are optimized to maximize the dot product [7!
Universal Sentence Encoder: encoding sentences into their corresponding embeddings 8!

Sentence-BERT: BERT + Siamese structure to derive sentence embeddings + compared through cosine similarity [

Credits: [1] Pennington et al., GloVe: Global Vectors for Word Representation, In EMNLP’14. [2] Kiros et al., Skip-Thought Vectors, In TACL'22.

[3] Conneau et al., Supervised Learning of Universal Sentence Representations from Natural Language Inference Data, In EMNLP’17.

[4] Devlin et al., BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, In NAACL’19.

[5] Zhang et al., BERTScore: Evaluating Text Generation with BERT, In ICLR’20. [6] Sellam et al., BLEURT: Learning Robust Metrics for Text Generation, In ACL’'20.
[7] Karpukhin et al., Dense Passage Retrieval for Open-Domain Question Answering, In EMNLP’20.

[8] Cer et al., Universal Sentence Encoder, In arXiv'18. [9] Reimers et al., Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks, In EMNLP’19.



Sentence Textual Similarity: Model Evolution Overview

Part 2 — Distance Measurement — Spatial Metrics

» Cosine Similarity — words co-occur — small angle — large cosine

ZWEC(Wl)UC(wz) P(w|wq)XP(w|w,)

\/EWEC(Wl)P<w|w1>2 x JZC(WZ)MMWZ)Z

Cos(wy, w,) =

» Manhattan Distance or L; Norm

Liwaw) = > P(wlw) = Pwiwy)].

wec(w)ucC(w,)

» Euclidean Distance or L, Norm

Ly(wy,wy) = \/zwec(wl)uc(wz)(P(W|W1) - P(W|W2))2-

Credits: Mohammad et al., Distributional Measures of Semantic Distance: A Survey, In arXiv’12.

: a measure of
how close or distant the

. meanings of two units of

language are.

: the set of words that co-
occur (within a certain window)
with the word w in a corpus

: conditional probability
of the co-occurring words given
the target words is used as the
strength of association



Sentence Textual Similarity: Model Evolution Overview

Part 2 — Distance Measurement — Mutual Information

» Hindle
min(I(w, wy), 1(w,w,)), if both I(w,w,) and I(w,w,) > 0;
Hin(w,, w,) = Z . |max(1(w, wy), [ (w, Wz))l, if both I(w,w;) and I(w,w,) < 0;
weew) 0, otherwise.

I(wq,wy) is the Pointwise Mutual Information (PMI) between w; and w,. Using the minimum of the two

PMils captures the similarity of the occurred words w and two words w; and w,.

> Lin

Z(r,w)ET(Wl)nT(wz)(I(Wl; r,w) + I[(w,, T, W))
S rwnerawn U WoTw)) + Zimer oy ([ Wz, m, w™)

where the word w; is related to w by the syntactic relation r, and T'(w, ) is the set of all word pairs (r, w) such as pos. I.

Lin(wq, wy) =

Credits: Mohammad et al., Distributional Measures of Semantic Distance: A Survey, In arXiv’'12.


https://en.wikipedia.org/wiki/Pointwise_mutual_information

Sentence Textual Similarity: Model Evolution Overview

Part 2 — Distance Measurement — Relative Entropy

» Kullback-Leibler Divergence/Distance (KLD)/Relative Entropy — Common Occurrence

P 1
KLD(wq, w,) = D(P(W|W1)||P(W|W2)) = z P(W|W1)108PEVWV—:$3-

wecC(w)UC(w,)
The more P(w|w;) and P(w|w,) are similar, the more w; and w, are semantically similar.

» Kullback-Leibler Divergence (KLD) — Absolute

P
P(w|w;) logpgw—lwli :
weC(wUC(w,) wlw:
» Kullback-Leibler Divergence (KLD) — Average
1 P(w|w;)

wec(w)uc(w,)

» Kullback-Leibler Divergence (KLD) — Maximum

max(KLD(wy, w,), KLD(wy, wy)).

Credits: Mohammad et al., Distributional Measures of Semantic Distance: A Survey, In arXiv’'12.



Sentence Textual Similarity: Model Evolution Overview

Part 2 — Distance Measurement — Relative Entropy

» a-skew Divergence (ASD)
A slight modification of the KLD that obviates the need for smoothed probabilities

P(W|W1)
Pwiwy)log o) + = P (wiwy)’

ASD(wq,w;) =

weC(wq)UC(wy)

where «a is usually set to 0.99. Better estimate word co-occurrence probabilities than KLD.
» Jensen-Shannon Divergence (JSD)/total divergence to the average/information radius

A relative entropy—based measure that overcomes the problem of asymmetry in KLD

JSD(wy, w,) = Z Plwiw) Plwlw,) >

(P(W|W1)10g1 + P(Wlwz)log1
5 (Pwiwy) + P(w|wy)) 5 (P(wWwy) + P(w|w,))

wWEeC(w1)UC(wy)

Credits: Mohammad et al., Distributional Measures of Semantic Distance: A Survey, In arXiv’'12.



Sentence Textual Similarity: Model Evolution Overview

Part 2 — Distance Measurement

>

>

Credits:

Co-occurrence Retrieval Models (CRM)

2XPXR
CRM(w;, w,) = y[

P+R

|+ a-nlster+a-pir,

Dice Coefficient

2X Y ecwucaw,) Mn(Pwiwy), P(w|w,))
ZWEC(WI)P(W|W1) + ZWEC(WZ)P(W|W2)

Dice(Wl, Wz) =

Division Measure
P(W|W1)

Division(wy, w,) = OgP(W—lw)
2

wecC(w)uC(w,)
Jaccard

ZWEC(Wl)UC(WZ) min (P(WlWl), P(W|W2))

Jaccard(wy,w,) = :
z:wec(wl)uc(wz)maX(P(W|W1)rP(W|W2))

Product Measure

P(w|w;)XP(w|w
Product(wq,w,) = (wlwy)xP(w|w,)

2
wWEC(wq)UC(wy) (%P(W|W1) + P(W|W2)>

Mohammad et al., Distributional Measures of Semantic Distance: A Survey, In arXiv'12.



Sentence Textual Similarity: Model Evolution Overview

Part 3 — Model Evolution Overview
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Sentence Textual Similarity: Model Evolution Overview

Part 4 — Matrix-based Methods

» Key Idea: construct a similarity matrix between two sentences, each element of which represents the
similarity between the two corresponding units in two sentences. Then, the matrix is aggregated in

different ways to induce the final similarity score 1l

T,: PCCW's chief operating officer, Mike Butcher, and Alex Arena, the chief financial officer, will report directly to Mr So.
T,: Current Chief Operating Officer Mike Butcher and Group Chief Financial Officer Alex Arena will report to So.

Matching
Score

Semantic
Correspondence

MLP |[—>

More kernels

Kernel 2

Matching Matrix - Dot Product Feature maps Feature maps

Credits: [1] Sun et al., Sentence Similarity Based on Contexts, In TACL'22. [2] Pang et al., Text Matching as Image Recognition, In AAAI'16.



Sentence Textual Similarity: Model Evolution Overview

Part 4 — Matrix-based Methods

» Key Idea: construct a

between two sentences, each element of which represents the

similarity between the two corresponding units in two sentences. Then, the matrix is aggregated in

different ways to induce the

Sentence
Pair
T1; TZ

construct
——

4 )

Similarity
Matrix
M

.

(1]

O (Ty), P(T3)
Matching Patterns
Extraction

)

A 4

Regression
F(CD(Tl), CD(TZ)) Binary Cross Entropy

> Similarity Matrix (Matching Matrix) M: similarity between word w; and v, e.g., cosine, dot product 2!

> Feature Extraction and Regression: ®(-): word embedding. F(-): scoring function (2

Credits: [1] Sun et al., Sentence Similarity Based on Contexts, In TACL'22. [2] Pang et al., Text Matching as Image Recognition, In AAAI’16.



Sentence Textual Similarity: Model Evolution Overview

Part 4 — Matrix-based Methods

» Key Idea: construct a similarity matrix between two sentences, each element of which represents the
similarity between the two corresponding units in two sentences. Then, the matrix is aggregated in

different ways to induce the final similarity score 1

Word-level Phrase-level Sentence-level
Matching Signals Matching Slgnals Matching Signals

a\ . .

HRAFAE

.................... . ENEE

L]

L] ]

More kernels
Kernel1
| | I
Image Edges, corners . Motifs Parts Objects

Figure 2: Relationships between text matching and image recognition.

Credits: [1] Sun et al., Sentence Similarity Based on Contexts, In TACL'22. [2] Pang et al., Text Matching as Image Recognition, In AAAI'16.



Sentence Textual Similarity: Model Evolution Overview

Part 4 — Matrix-based Methods

» Similarity Matrix:
¢ Word2Vec — Cosine and dot product [

Bi-LSTMs — Pairwise interaction (Cosine, L, dot product) — Similarity focus via Weight 12!

MultiGranCNN - radial basis function kernel, inner product and sigmoid, weighted concat [3!

» Feature Extraction and Regression:
e 2-layer CNN + 1-layer MLP 1
e 19-layer Deep ConvNet + 2-layer MLP [
*  mfCNN + 2-layer MLP [3!

Credits:
[1] Pang et al., Text Matching as Image Recognition, In AAAI'16.

[2] He et al., Pairwise Word Interaction Modeling with Deep Neural Networks for Semantic Similarity Measurement, In NAACL'16.
[3] Yin et al., MultiGranCNN: An Architecture for General Matching of Text Chunks on Multiple Levels of Granularity, In ACL'15.



Sentence Textual Similarity: Model Evolution Overview

Part 5 — Alignment/Attention-based Methods

» Key ldea: aligns related words in two sentences
Semantic similarity is a monotonically increasing function of the degree to which [+ 2
* The two sentences
e Such units in the respective sentences
» Output: Predict the pair’s semantic similarity by

» Intuition: More aligned semantic components = higher semantic similarity

Align Align

Align : content content
. ; Align
identical words words

—>| named [ . — .

word entities using using sur-

sequences depen- rounding
dencies words

) Figure 1: The alignment pipeline.
Credits:

[1] Sultan et al., Back to Basics for Monolingual Alignment: Exploiting Word Similarity and Contextual Evidence, In TACL'14.
[2] Sultan et al., DLS@CU: Sentence Similarity from Word Alignment, In SemEval’14.
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Part 5 — Alignment/Attention-based Methods

» Key ldea:

» How: Inter-sequence

Prediction

= G1(lag; a;]),

— GZ([au a; — a{]); ------ 5
a?=63<[al,al a) | GhE Ok
a = G(|at ot @) —

Encoder EXN

x™ = [xi(l); o™V 4 oi(n_z)].

Embedding

y = H([V1} ZH

1eg “papIO

PIS puey-)j3| 3y} se

= 25T e

of two text sequences via

— V|5 vy o vp]).

Aligned
Representations

eij = F(a;)TF(by),

l
2 exp(eij) b

j=1
lq

_ Z exp(eij)
= L a;
Q=1 exp(ekj)

i=1

Credits: Yang et al., Simple and Effective Text Matching with Richer Alignment Features, In ACL'19.
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Part 6 — Word Distance-based Methods

» Key Idea: calculate the from one sentence to another

» Intuition: smaller cost = more similar sentences

> How: (optimal transport cost) — the minimum cost required to turn one pile
of dirt into another pile of dirt [

> How: (WMD) — measure the dissimilarity between two documents as the

that the embedded words of one document need to transform to
words of another document 12
» Each point x; has a €[0,1].c(-)isa
— . ) ) . . .
K= {(xl'ml)}l=,1' c(xi,x]f): determines the transportation cost per unit amount (distance)
I AN L . ’
po= {(xf’mf)}j=1' between two points x; and x;.

Credits: [1] Villani et al., Optimal Transport, In Springer’09. [2] Kusner et al., From Word Embeddings to Document Distances. In ICML'15.



Sentence Textual Similarity: Model Evolution Overview

Part 6 — Word Distance-based Methods

» Key Idea: calculate the from one sentence to another

> How: (optimal transport cost) — the minimum cost required to turn one pile

of dirt into another pile of dirt

» Each point x; has a probability mass m; € [0,1].c(:) is a

= {(x;, mp)}- 1 c(Xp : determines the transportatlon cost per unit amount (distance)
L J

u = {( )}] - between two points x; and x = if ¢ is small

EMD(u, u': c) is
EMD(u,u’;c) := min ZTuc(xl, ]) s )

reRE between two distributions y and u’
TL = m := (m1 m, )T T € RE™ denotes , where each
st § . " = ( o " )’T element Tj; represents the mass transported from x;
T'ly=m :=(my.. m;) .
) ) n

!
to x] .
Credits: Yokoi et al., Word Rotator’s Distance, In EMNLP’20.



Sentence Textual Similarity: Model Evolution Overview

Part 6 — Word Distance-based Methods

» Key Idea: calculate the from one sentence to another
> How: (WMD): is the cost of transporting a set of word vectors in an

embedding space (Euclidean space)

Each sentence s as a uniformly weighted distribution ug comprising word vectors w;

between word vectors CE(Wi, Wj’) is represented by Euclidean distance

1 n
o= {(ma))
1\ WMD(s, s") is defined as the EMD between two such
= {(wh )
n/J)j=1 distributions using the cost function CE(Wi, W]’)
CE(Wi,Wj,) = “Wl — j,| ,

WMD(s,s") = EMD(y, u’; cg).

Credits: Yokoi et al., Word Rotator’s Distance, In EMNLP’20.
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Part 7 — Sentence Embedding-based Methods

Word — Sentence?

0.286 —-0.132
/ 0.792 / 1.129
—-0.177 0.827
o —0.107 .. _| 0.110
Linguistics = 0.109 Natural language processing is fun. = _0.527
—0.542 0.156
\ 0.349 \ 0.349
0.271 —0.286

» Compute sentence similarity, e.g., using the inner product

» Use as features for downstream tasks, e.g., sentence classification

Credits: CS224N Research Highlight (Presenter: Danqi Chen@Princeton)



https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1174/lectures/cs224n-2017-lecture2-highlight.pdf

Sentence Textual Similarity: Model Evolution Overview

Part 7 — Sentence Embedding-based Methods

> Key ldea: . They are expected to contain rich sentence

semantics so that the similarity between two sentences can be computed by
via certain metrics such as cosine similarity

» Paragraph Vector: from variable-length pieces of texts, such as

sentences, paragraphs, and documents

Classifier Classifier [ the] [cat] |sat] [on |
Average/Concatenate frm
Paragraph Matrix----- * I—Ll IJ—l Paragraph Matrix --------- >

Paragraph the cat s Para'gdraph
i

Credits: Le et al., Distributed Representations of Sentences and Documents, In ICML 14.
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Part 7 — Sentence Embedding-based Methods

Paragraph Vector: from variable-length pieces of texts [
Skip-Thought Vectors [2

Smooth Inverse Frequency (SIF) 3!

Sequential Denoising Autoencoders (SDAEs) 4

InferSent B!

Quick-Thought Vectors [©!

YV V.V V V V V

Universal Sentence Encoder 7!

Credits:

[1] Le et al., Distributed Representations of Sentences and Documents, In ICML 14,

[2] Kiros et al., Skip-Thought Vectors, In NeurlPS’15.

[3] Arora et al., A Simple but Tough-to-beat Baseline for Sentence Embeddings, In ICLR’17.

[4] Hill et al., Learning Distributed Representations of Sentences from Unlabelled Data, In NAACL'16.

[5] Conneau et al., Supervised Learning of Universal Sentence Representations from Natural Language Inference Data, In EMNLP’17.
[6] Logeswaran et al., An Efficient Framework for Learning Sentence Representations, In ICLR’18.

[7] Cer et al., Universal Sentence Encoder, In arXiv’'18.
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Part 7 — Sentence Embedding-based Methods

» Sentence Embedding: in the form of a vector which encodes
meaningful semantic information [Wikipedial

» Key Idea: produce sentence embeddings based on the

Softmax classifier

> Sentence-BERT (SBERT) (1 o
> SBERT-WK 1 N
> BERT-flow 3! L L
pooling pooling
> BERT-whitening 4 L .
BERT BERT
Credits:
Sentence A Sentence B

[1] Reimers et al., Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks, In EMNLP’19.

[2] Wang et al., SBERT-WK: A Sentence Embedding Method by Dissecting BERT-based Word Models, In IEEE/ACM T-ASLP’20.
[3] Li et al., On the Sentence Embeddings from Pre-trained Language Models, In EMNLP’20.

[4] Su et al., Whitening Sentence Representations for Better Semantics and Faster Retrieval, In arXiv'21.
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Part 7 — Sentence Embedding-based Methods

» BERT-based Scores Key Idea: automatic evaluation metric for text generation

Contextual Pairwise Cosine Maximum Similarity Importance Weighting
Embedding Similarity (Optional)
— .
the 0.597 0.428 0.408| |1.27
Reference I X
the weather is N TS ‘ N weather {0.462 0.393 0.326| [7.94
| L CIEEEN0.44] 0,441 [1.82
cold today v E 2 > R _ (0.713x1.27)+(0.515X 7.94) +...
& cold {04479 0.45408LTH0.343| | 7.90 BERT = "127+7.04+1.82+7.90+8.88
: A We S |
Candidate €T — today {0.347 0.361 0.307{UEE] |8.88
o, o o d'& b . - T T —
it is freezing today =/ R
2’ < weights

«@
Candidate

Figure 1: Illustration of the computation of the recall metric Rggryr. Given the reference x and
candidate £, we compute BERT embeddings and pairwise cosine similarity. We highlight the greedy
matching in red, and include the optional idf importance weighting.

Credits:
[1] Zhang et al., BERTScore: Evaluating Text Generation with BERT, In ICLR’20.
[2] Sellam et al., BLEURT: Learning Robust Metrics for Text Generation, In ACL 20.
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Part 7 — Sentence Embedding-based Methods

» Contrastive Learning Key Idea:

in the sentence representation space

21 maximize agreement
a(*)
o= hi - hi -+ hj - hy
transformer encoder f(-)
Ecws E; E; E; En
i 1 j i
[CLS] Tok} Tok: Tokj .- Tokj

Credits:

, and

Z2

a(*)

L hy -+ hi -+ hj - hy

transformer encoder f(-)

E s E, E; E; EN
[ I I
[CLS] Tok{ Tok/ Tok!/ Tok!!

Original sentence s

[1] Wu et al., CLEAR: Contrastive Learning for Sentence Representation, In arXiv’20.

[2] Carlsson et al., Semantic Re-tuning with Contrastive Tension, In ICLR’21.

[3] Kim et al., Self-Guided Contrastive Learning for BERT Sentence Representations, In ACL'21.

[4] Yan et al., ConSERT: A Contrastive Framework for Self-Supervised Sentence Representation Transfer, In ACL'21.

[5] Gao et al., SImCSE: Simple Contrastive Learning of Sentence Embeddings, In EMNLP’21.
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Part 8 — Evaluation Metrics for Semantic Textual Similarity

» Pearson correlation (Pearson Linear Correlation Coefficient) r —

=15 =8 (@i — @
\/Z 1(51 —35)? \/Z 1(QL q)? ,

where s; and q; are the gold label and the model’s prediction of the i-th sentence. S and g are the mean

values of s and q. n is the number of sentences.

» Spearman’s rank correlation (Spearman’s Rank-order Correlation Coefficient) p —

6 YL, df

=1 ==t
P nnz-1)’

where d; is the difference between the i-th sentence’s rank in the model’s predictions and gold labels.



Part 9 — Benchmark Databases

o

0: Dissimilar

Dataset Name | Word/Sentence pairs | Similarity i,e(re range | Ye nce
R&G 65 0-4 1965 [107]
M&C 30 0-4 1991 [78]
WS353 Relate@ness 353 0-10 2002 [30]
LiSent 65 Sentences 0-4 2007 [63]
SRS Biomedical 30 0-4 2007 [94]
WS353-Sim 203 0-10 2009 [1]
STS2012 | 5,250 Sentences 0-5 2012 [5]
STS2013 | 2,250 Sentences 0-5 2013 (6]
WP300 300 0-1 2013 [61]
STS2014 ] 3,750 Sentences 0-5 2014 [3]
SL7576 7,576 1-5 2014 [116]
SimLex-999 999 0-10 2014 [40] 900|Si
SICK-Relatednpss | 10,000 Sentendes 1-5 2014 [69]
STS2015 I 3,000 Sentendes 0-5 2015 [2]
SimVerb 3,500 0-10 2016 [34]
STS2016 ] 1,186 Sentendes 0-5 2016 [4]
WiC 5,428 NA 2019 [97]

STS Benchmark 8628 0-5 2017 [Link]

Credits: Chandrasekaran et al., Evolution of Semantic Similarity—A Survey, In ACM Computing Survey’21.
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https://ixa2.si.ehu.eus/stswiki/index.php/STSbenchmark
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Part 10 — Takeaways

» Distance Measurement
» Spatial Metrics

* Cosine Similarity

Manhattan Distance or L; Norm

Euclidean Distance or L, Norm
» Mutual Information

* Hindle

* Lin

» Relative Entropy
* Kullback-Leibler Divergence (KLD) — Common Occurrence, Absolute, Average, and Maximum
a-skew Divergence (ASD)

Jensen-Shannon Divergence (JSD)
» Others

Co-occurrence Retrieval Models (CRM), Dice Coefficient, Division Measure, Jaccard, Product Measure
Credits: Mohammad et al., Distributional Measures of Semantic Distance: A Survey, In arXiv’'12.



Sentence Textual Similarity: Model Evolution Overview

Part 10 — Takeaways

» Evolution of Semantic Similarity

* Knowledge-based Methods
: consider the actual meaning of the text

: not adaptable across different domains and languages

* Corpus-based Methods
: have a statistical background and can be implemented across languages

: don’t consider the actual meaning of the text

* Deep Learning-based Methods
: better performance

: require high computational resources and lack interpretability

Hybrid Methods

: take advantage of the benefits of different methods
Credits: Chandrasekaran et al., Evolution of Semantic Similarity—A Survey, In ACM Computing Survey’21.



Sentence Textual Similarity: Model Evolution Overview

Part 10 — Takeaways (This one is generated by ChatGPT)

> Deep Learning-based Methods (Note: Some works may combine the following ideas.)

Matrix-based Methods

: scalability for handling large datasets efficiently and Interpretability for clear alignment between words

: sensitivity to length (larger matrices and potentially skewed similarity scores) and sparse matrices that

make it challenging to capture nuanced relationships between words.

Alignment-based Methods

: better identify word-level and fine-grained correspondences between sentences

: computationally intensive and not robust to paraphrasing
Word Distance-based Methods

: straightforward to implement and sensitive to Word Choice

: order insensitivity and lack of context

Sentence Embedding-based Methods

: robust to syntax and versatile

: loss of fine-grained Information and embedding quality

E Please describe the pros and cons of the matrix-based, alignment-based, word distance-

based, and sentence embedding-based methods for sentence textual similarity

Textual similarity is a crucial task in natural language processing, and there are various
methods for measuring it. Here are the pros and cons of four common approaches: matrix-
based, alignment-based, word distance-based, and sentence

mbedding-based methods
for sentence textual similarity.

Matrix-Based Methods:
* Pros:

* Scalability: Matrix-based methods can handle large datasets efficiently.

* Interpretable: They provide a clear alignment between words in the sentences,
making it easier to understand the sources of similarity or dissimilarity.

* Cons:

* Sensitivity to Length: These methods can be sensitive to the length of sentences, as
longer sentences may lead to larger matrices and potentially skewed similarity
scores.

* Sparse Matrices: In some cases, the alignment matrices can be sparse, making it
challenging to capture nuanced relationships between words

Alignment-Based Methods:
* Pros:
* Intuitive: A



Sentence Textual Similarity: Model Evolution Overview

Part 10 — Takeaways

> Evaluation Metrics:

e Pearson correlation r —

L Be-D@-D
\/2?:1(&' - §)2 \/2?:1(%’ - C_[)Z

* Spearman’s rank correlation p —

6 Ni1 d

=1 -——==t7
p n(nz —1)

> Benchmark Databases:

e STS12,STS13, STS14, STS15, STS16, STS Benchmark (STSb), and SICK-Relatedness

» Note: Other related tasks have their own set of benchmarks and specific evaluation metrics.



Thank you very much for your attention!
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