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Distributional Semantics

vector U € R?

e Semantically similar words or sentences occur closer

in the vector space

e Each word (w) or sentence (8) is represented using a

e Various methods like word2vec (SGNS) and

Doc2vec ( PV- DBOW).

Averaging vs Partition Averaging

“Data journalists deliver data science news to the
general public. They often take part in interpreting
the data models. Also, they create graphical designs
and interview the directors and CEQOs.”
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e Direct Averaging to represent document
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e Partition Averaging to represent document
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e Weighted Partition Averaging to represent

document
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Text Similarity Task

Long vs Short Documents

Ways to Partition Vocabulary
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Ways to Represent Words Similarity Scores 3
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Ground Truth  weigh-Avg (SIF) P-SIF 3

Noise Robustness Context Aware Word Order-Syntax

SGNS X X X STS12 STS13 STS14 STS15 STS16
MSRpar  headline  deft forum  anwsers-forums headlines Average Document Length (¥words)
Doc2VecC v X X MSRvid OnWN  deft news  answers-students plagiarism
Multi-Sense v v X e Ty eadine beliel posteditng Effect of Sparse Partitioning
+ Doc2VecC nWN SMT images headline answer-answer
SM'T-news OnWN images question-question
BERT v v v tweet news

Model» | PP BERT o Better handling of the multi-sense words
Dataset ! | -Proj (pr)
61 53 62.5 56.2

Kernels meet Embeddings ® Obtains more diverse non-redundant partitions
STS12 60.0 584 62.8 59.5 65.7

o Effectively combine local and global semantics

STS13 56.8 56.7 56.3 56 67 63.4 56.6 61.8 64.0
GSimple Word Vector Averaging 1 STS14 713 709 680 68 62 759 685 735 748
1 »om Takeaways
1 — — STS15 74.8 75.6 64.2 71 73 77.7 71.7 76.3 773
K (Da,Dp) =—=2_> (U1 Uyn)
nm i—ij=1 ! J STS16 - 64.9 - 77 67 - 724 725 737
o T'WLE: Topical Word Embeddings : o Partition Averaging is better than Averaging
] n m . . . _) o o - : : . : :
K2(Dy, Dp) = S ST a - Tn) (0,0 ) Text Classification Task ® Disambiguating multi-sense ambiguity helps
M =1 j=1 : : ®Noise in word representations is of huge impact

© P-SIF: Partition Word Vector Averaging e Multi-class text classification on 20NewsGroup

3 RN cci | e (1) | Precion (1) | Recal (1) | Frseore() Limitations

K°(Dy,Dp) = — > 2. (Uypr - Uwf> X (0 tw§3> P-SIF 26.0 86.1 86.1 86.0
NI =1 j=1 SCDV 84.6 84.6 84.5 84.6

o Relaxed Word Mover Distance BowV 81.6 sid ol.d 592 @ Doesn’t account for syntax, grammar, and order

A J . B weight -Avg (SIF) 81.9 81.7 81.9 81.7 o o .
K (Dy,Dp)=—>" max(vsz : ’Uw;3> BERT (or) = oy prege g ® Disjoint process of partitioning, averaging and task
=1 J NTSG-1 82.6 82.5 81.9 81.2 :_eaming

TWE-1 81.5 81.2 80.6 80.6
Theoretical Justification of P-SIF Doc2Vec 754 74.9 74.3 743
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