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Sentence embedding

* \/ector representation of sentence

—s = “Don’t think, Teel.”
— ¢, =(3.21, 1.23, 0.85, ..., 3.41]

» Desirable properties (Bowman+ Tutorial @ *SEM2019)

o Word contents and word order.
O (Rough) grammatical structure.
o Cues to connotation and social meaning.

o Unambiguous propositional information (of the kind expressed in a semantic parse).

Vz[patient’(z) — Jy[doctor’(y) A treat’(y, z)]]

* Applications: everywnere
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Previous approaches: parametrized

* Encoder is parametrized and requires training

— Skip Thought (Kiros+2017), Sent2Vec (Pagliardini+2018),
QuickThought (Logeswaran+2018), a la carte (Khodak+2018),
Infersent (Conneau+ 2017), Universal Sentence Encoder
(Cer+2018), ELMo (Peters+2017), BERT (Deviin+2019) etc.
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Previous approaches: parameter-free

» Encoder has no parameters and requires NO further
training upon pretrained word embeddings

—SIF (Arora+2017), uSIF (Ethayarajn+2018),
0-mean (Ruckle+2018)

for all sentence s in S do A I v
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end for
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This work: Geometric EMbedding (GEM)

« Key idea
—Parameter-free

v Easy adaptation to novel domain
v’ Fast inference speed

— Sentence embedding = Weighted sum of word embeddings

« Weight = Novelty (#TRRT#) + Significance (EZE14)
+ Corpus-wise unigueness (A —/NA AN LA =3B 14 IDF)

* Key contribution

—New way to quantify semantic meaning (above) of words in
sentences via orthogonal basis

—Qutperforms all previous parameter-free encoders (except for
uSIF)
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Sentence embedding in GEM

 Defines embedding ¢ of sentence s = (wy, wy, ..., Wy,):

Cs = Z A O, (10)

07) Oén‘|_043‘|_04u

—v,,: Pretrained word embedding of w;

—a,,. Novelty of w; wrt contextual window (m words)
—a,. Significance of w; wrt contextual window (m words)
— . Uniqueness of w; in corpus
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Contextual window matrix

« Consider a sequence of contextual word embeddings
w; concatenated with vy,

- (vwi—m’ <o Vw0 Vw0 Vwyp vWi)
—2m + 1 vectors
—e.g. "John loves dogs., (i=2) — (U onns Vdogss Vioves)
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Constructing orthogonal basis

« Construct orthogonal basis q;—_m, <> Qi+m »q; USING

Gram-Schmidt Process

—e.0. (vJOhn) Udogss vloves)

1= VYjohn

d:= VU,john

Ujoves

» Use q; 10 see relation between hyperplane spanned by
qi-m» - Qi+m (CONtEXt NypErplane) and vy,
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Novelty

« Normalized distance from context hyperplane to woro
embedding (sin0)
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Significance

» Absolute distance from context hyper-plane to word

embedding

. lq;ll>
* 2m+1

Ujoves
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Corpus-wise unigueness

« Similar idea to Inverse Document Frequency (IDF)
—Common words (e.g. the, a, Is) — uniqueness |
 Offline processing:
— Calculate K corpus-wide principal vectors {d,, d., ..., d}
« Sentence-dependent processing:

—Rank them according to correlation with sentence embedding
S = [vw,, Vw,s -, Uy, ]

— Take top h vectors D = [dy,, d,., ..., di,] (with singular values
8

ay = exp (—]loq © (¢; D)|2/h)
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# X [F: Sentence-dependent removal of
principle components (SDR)

« Sentence-independent removal (Arora+2017)

1: for all sentence sin S do

20 Vs & 7o Dowes aTarmy Vw

3: end for

4: Form a matrix X whose colur

5:1for all sentence sin S d

6:|7 Vs — Vs — Ul Vg 1 u: first principal component
7:| end for

—Problem: suboptimal, each sentence has different meanings

e [NiS wWork:
c. — ¢, — DD'c,
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Experiments

* Pretrained word embeddings
— LexVec, fastlext, PSL (Wieting+ 2015)

* Hyper-parameters
—m = 7 (Size of contextual window)
— K = 45 (# corpus-wide principal vectors)
— h = 17 (# sentence-dependent principal vectors)

e |estbed

— Unsupervised textual similarity task
« STS: semantic textual similarity (sentence pair — sim. Score)

« CQA: given a community guestion, rank 10 guestions based on sim.

— Supervised task (sentiment analysis, textual entailment etc.)
* Linear classifier is learmed on top of GEM embedding
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Results: STS, CQA

Non-parameterized models dev test
GEM + L.E.P (ours) 83.5 784
GEM + LexVec (ours) 819 765 e STS
SIF (Arora et al., 2017) 80.1 72.0
uSIF (Ethayarajh, 2018) 842 795 — Outperforms parameter-free models
LexVec 58.78 50.43
L.FP @24 920 except for uSIF
word2vec skipgram 70.0  56.5
Glove 524 406 » USIF depends on prior knowledge
ELMo 64.6 559 D
- —— statistics
arameterized models
PARANMT-50M (Wieting and Gimpel, 2017a) - 79.9 — Close to SOTA param eterized model
Reddit + SNLI (Yang et al., 2018) 814 782
GRAN (Wieting and Gimpel, 2017b) 81.8 76.4
InferSent (Conneau et al., 2017) 80.1 75.8
Sent2Vec (Pagliardini et al., 2018) 78.7 5.5
Paragram-Phrase (Wieting et al., 2015a) 739 732 ° GQ A

Table 1: Pearson’s » x 100 on STSB. Best results are

ol — Outperforms or comparable to
parametrized models trained on
GEM + L.F.P (ours) 49.11 oo
Reddit + SNLI tuned ~ 47.44 fraining dataset

KeLP-contrastivel 49.00
SimBow-contrastive2 47.87
SimBow-primary 47.22

Table 2: MAP on CQA subtask B.
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Results: sentence embedding benchmark

Model Dim fl‘:l'enzzf MR CR SUBJ] MPQA SST TREC MRPC SICK-R SICK-E
Non-parameterized models
GEM+LFEP 900 0 798 825 938 899 847 914 75.4/82.9  86.5 86.2
GEM + GloVe 300 0 788 811 931 894 836 886 73.4/823 863 85.3
SIF 300 0 773 786 905 870 82 780 - 86.0 84.6
uSIF 300 0 ; - - - 80.7 - - 83.8 81.1
p-mean 3600 0 784 804 931 889 830  90.6 - - -
GloVe BOW 300 0 787 785 916 876 798 836 72.1/80.9  80.0 78.6
Paraemterized models
InferSent 4096 24 81.1 863 924 902 846 882 76.2/83.1 884 86.3
Sent2Vec 700 65 758 803 91.1 859 - 86.4  72.5/80.8 - ;
SkipThought-LN 4800 336  79.4 83.1 937 893 829 884 - 85.8 79.5
FastSent 300 2 708 784 887 806 ; 768  72.2/80.3 - ;
alacarte 4800 N/A 818 843 938 876 867  89.0 - - ;
SDAE 2400 192 746 780 908 869 - 784 73.7/80.7 - -
QT 4800 28 824 860 948 902 87.6 924 769/840  87.4 ;
STN 4096 168 825 877 940 909 832 930 78.6/84.4  88.8 87.8
USE 512 N/A 8136 8608 93.66 87.14 8624 96.60 - - -

Table 3: Results on supervised tasks. Sentence embeddings are fixed for downstream supervised tasks. Best results
for each task are underlined, best results from models in the same category are in bold. SIF results are extracted
from Arora et al. (2017) and Riicklé et al. (2018), and training time is collected from Logeswaran and Lee (2018).

« Qutperforms all parameter free models, comparable to
supervised models in some tasks
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Results: Ablation study in STS

Configurations STSB dev SUBJ

Mean of L.F.P 62.4
GEM weights 71.0
@{ GEM weights + SIR 81.8
GEM weights + SDR 83.5
an + SDR 81.6 93.42
@ i, s + SDR 81.9 93.6
@ o, e,y + SDR 835 938

» (1) Removal of corpus-wide principal components is
important (consistent with Arora+2017)

— Sentence-dependent removal makes it more effective
» (2) Significance is not effective

» (3) Unigueness is important
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Results: Inference speed

Average run time (s) Variance

GEM (CPU) 20.08 0.23
InferSent(GPU) 21.24 0.15
SkipThought (GPU) 43.36 0.10

Table 5: Run time of GEM, InferSent and SkipThought
on encoding sentences in STSB test set. GEM is run on
CPU, InferSent and SkipThought is run on GPU. Data
are collected from 35 trials.

* Much faster than parameterized models!
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Results: sensitivity to hyper-parameters
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Summary

» Proposed GEM parameter-free sentence encoder
v Mathematically-well founded
v Simple
Y Fast inference

v Outperforms previous parameter-free models (sometimes
comparable to parametrized one)

* Implementation is available at:
https.//github.com/fursovia/geometric_embedding
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https://github.com/fursovia/geometric_embedding

