Efficient Sentence Embedding via Semantic Subspace Analysis
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1. Highlight

Background:
* Words are represented as numerical vectors [1]

* Sentences are composed of variant-length word tokens

e VLAD algorithm in image processing [2,3]
* Goal: Encode sentence into fixed size vector

Motivations:
» Efficiency: encoder large amounts of sentences
* Semantic grouping property of word embedding

2. Methodology

Step 1: Semantic Group Construction

* Leveraging Semantic grouping property of word
vectors

* Handling variant-length input

*  Weighted k-means algorithm
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Step 2: Intra-group Descriptor
* Assign words into semantic groups
* Compute group center
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* Find discriminate representation for current group
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* Matrix representation of a sentence
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Step 3: Inter-group Descriptor
* Model interaction between groups as sentence
representation
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* Vectorization

v(S) = vect(C) = {

V20, if i<j,

3. Application and Analysis

- Sentence Similarity

Model [ Dim | STSI2 [ STSI3 | STSI4 | STSI5 | STSI6 | STSB | SICK-R || Avg.
Parameterized models
skip-thought [5] | 4800 308 | 248 | 314 | 310 - - 860 | 4080
InferSent [6] 4096 586 | 515 | 678 | 683 | 704 | 747 | 883 | 6851
ELMo [23] 3072 550 | 510 | 630 | 690 | 640 | 650 | 840 || 6443
Avg. BERT [24] 768 469 | 528 | 572 | 635 | 645 | 652 | 805 | 6151
SBERT-WK [10] | 768 702 | 681 | 755 | 769 | 745 | 800 | 874 | 76.09
Non-parameterized models
Avg. Glove 300 523 | 505 | 552 | 567 | 549 | 658 | 800 [ 5934
SIF [11] 300 562 | 566 | 685 | 717 ) 720 | 860 || 6850
p-mean [14] 3600 540 | 520 | 630 | 660 | 670 | 720 | 860 | 6571
S3E (GloVe) | 3551575 | 595 | 624 | 685 | 723 | 709 | 755 | 827 | 6959
S3E (FastText) | 355-1575 | 625 | 678 | 702 | 761 | 743 | 775 | 847 | 7264
S3E(LEP) | 9552175 | 610 | 693 | 732 | 761 | 744 | 786 | 847 | 7390

*  Cosine similarity between sentences

- Classification Tasks

Model | Dim
Parameterized models

MR | CR [ SUBJ | MPQA | SST | TREC | MRPC [ SICK-E || Avg.

skip-thought [5] 4800 | 766 | 810 | 933 | 871 | 818 | 910 | 732 843 83.54
FastSent [22] 300 708 | 784 | 887 | 806 - 768 | 722 - 77.92
InferSent [6] 4096 79.3 | 855 | 923 90.0 832 87.6 75.5 85.1 84.81
Sent2Vec [21] 700 75.8 | 80.3 | 911 85.9 - 86.4 72.5 - 82.00
USE [7] 512 802 | 860 | 937 | 87.0 | 86.1 | 938 | 723 833 85.30
ELMo (23] 3072 80.9 | 84.0 | 94.6 91.0 86.7 93.6 72.9 824 85.76
SBERT-WK [10] 768 830 | 891 | 952 | 90.6 | 892 | 932 | 774 85.5 87.90

Non-parameterized models

GloVe(Ave) 300 776 | 785 [ 915 87.9 79.8 83.6 72.1 79.0 81.25
SIF [11] 300 77.3 | 786 | 905 87.0 822 78.0 - 84.6 82.60
p-mean [14] 3600 78.3 | 80.8 | 92.6 89.1 84.0 88.4 73.2 83.5 83.74
DCT [15] 300-1800 | 78.5 | 80.1 | 928 | 884 | 837 | 898 | 750 80.6 83.61
VLAWE [18] 3000 777 | 792 | 91.7 88.1 80.8 87.0 728 81.2 82.31
S3E (GloVe) 355-1575 | 783 | 804 [ 925 89.4 82.0 88.2 74.9 82.0 83.46
S3E (FastText) 355-1575 | 78.8 | 814 | 929 88.5 83.5 87.0 75.7 81.4 83.65
S3E(L.FP) 9552175 | 79.4 | 814 | 929 | 894 | 835 | 890 | 756 82.6 84.23

*  Cosine similarity between sentences

Complexity Analysis

Model CPU inference time (ms) o Word clusters can be pre-
InferSent 53.07 computed
SBERT-WK 179.27 *  Low time complexity with CPU
GSI;I:’I 2165564 «  Suitable for large scale inference
- comparing with deep learnin,
Proposed S3E 0.69 (comparing P J

models)

4. Conclusions and Future Work

-~

e S3E (ours) is very competitive among non-parameterized
sentence embedding models
* Low time complexity

~

Future Work:

e With modularized design of S3E, we can try stronger
clustering and correlation descriptors including subspace
clustering, non-linear correlation computation with

\ different kernel functions
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Code: https://github.com/BinWang28/Sentence-Embedding-S3E




