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Motivation

* Natural Language requires good semantic representations of textual documents
for

* Text Categorization

* Information Retrieval
* Sentiment Analysis

e Text Similarity

 Good semantic representation of words exists i.e. Word2vec (SGNS, CBOW)
created by Mikolov et al., Glove (Socher et al.) and many more.

e What About Documents?

* Multiple Approaches based on local context, topic modelling, context sensitive learning

* Semantic Composition in natural language is the task of modelling the meaning of a larger
piece of text (document) by composing the meaning of its constituents/parts (words).

* Our work focus on using simple semantic composition



Efforts for Document Representation
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Weighted Average of Word Vectors

*Varying weight capture the relative importance of the words
e tf-idf weight
* Smooth inverse frequency (SIF)

A
stop word removal

graded word weighting

>

graded weighted by Mukerjee et. al.
* Arora et.al also appiicu r vn wascu puse prucesSing on vectors

e Common Component Removal (WR)

* Work better than seq2seq model for representing a sentence



Background Semantic Composition

* Each word in corpus is assign to a topic using topic modeling algo

(LDA)

* Four strategy was discussed to obtain the word and topic embeddings

* Document vectors
weighted by tfidf
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Topical Word Embedding (TWE)

* TWE-1 learns word and topic embeddings by considering each topic
as pseudo word (V + K vocabulary)

 TWE-2 directly consider each word-topic pair as a pseudo word (kV
vocabulary, k is average active topic for each word)

* TWE-3 builds distinct embeddings for the topic and word separately
and for each word-topic assignment, corresponding word embedding
and topic embedding are concatenated after learning (weights are
share)



Problems with TWE

* TWE-1 interaction between a word and the corresponding assign topic is
not accounted.

* TWE-2, each word is differentiated into multiple topics which create
sparsity and learning problemes.

* TWE-3, the word embeddings are influenced by the corresponding topic
embedding, making words in same topic less discriminative.

* TWE uses topic modelling algorithm like LDA to annotate words with topic,
which make the feature formation slower

* Aggregating word-topic vectors to form document vectors average
semantically different words.



Neural Tensor Skip Gram Model

* TWE extension by learning a context sensitive word embeddings by using a
tensor layer to model the interaction of words and topics.

* NTSG outperform majority embedding methods including TWE-1 on

20NewsGroup dataset

* Document vectors are
weighted by tfidf
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Averaging vs Partition Averaging

Data journalists deliver the news of data science to general public, they often take part in interpreting the data
models, creating graphical designs and interviewing the director and CEQ’s.
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Proposed Algorithms (SCDV, P-SIF)

* Obtain word vectors for vocabulary words

* Partition vocabulary words using corresponding word vectors
* K-Means

*GMM
* Sparse Dictionary

* For a document, do following
* Weighted average intra partition
* Concatenate averages inter partitions

* Post Processing Step
* Hard Thresholding
* Common Component Removal



Word w. (wv.) Word-cluster vector
1 |

a(c lw) wev, =wv, x d(c |w.)

Word-topics vector

wtv; = W(w;) x F_; wevy,

@ -> concatenation operator



Final Document Vectors

Word-topics
vectors

Post
Processing
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Several Partitioning Approaches
| Name | PartitionType | Properties __________|Method

K-Means Hard Clustering Polysemic Words ©, Vectors Sparsity © , Partition Diversity ©, BOWV
Pre-Computation @
GMM Fuzzy Clustering Polysemic Words © , Vectors Sparsity®, Partition Diversity®, SCDV
Manual Vector Sparsity (Hard Thresholding) © ,
Pre-Computation ©

K-SVD Sparse Dictionary  pglysemic Words © , Vectors Sparsity © , Partition Diversity P-SIF
Learnin
© © , Pre-Computation ©

Weighting Algorithms
" fechniue | Operation | Method
Inverse document frequency Concatenation BOWV

Inverse document frequency Multiplication SCDV

Smooth Inverse frequency Multiplication P-SIF
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Manual Sparsity by Hard Thresholding (SCDV)
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Fuzzy vs Hard clustering? (SCDV context sensitive learning)

Subject:1 Physics, chemistry, maths, science 0.27
Subject:2 Mail, letter, email, gmail 0.72
Interest:1 Information, enthusiasm, question 0.65
Interest:2 Bank, market, finance, investment 0.32
Break:1 Vacation, holiday, trip, spring 0.52
Break:2 Encryption, cipher, security, privacy 0.22
Break:2 If, elseif, endif, loop, continue 0.23
Unit:1 Calculation, distance, mass, length 0.25
Unit:2 Electronics, KWH, digital, signal 0.69

‘ similar results Arora et al., 2017



Topic Modelling using GMM

LDA
-85.23 -92.33 -108.72
Topic Image Topic Health Topic Mail
GMM LTSG LDA GMM LTSG LDA GMM [TSG LDA
file image  image heath stimulation doctor ftp anonymous list
bit ipeg file study diseases disease mail faq mail
image gif color medical disease coupons internet send information
files format gif drug toxin treatment phone ftp internet
color file jpeg test toxic pain email mailing send
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Textual Classification

* Multi-Class Classification
* 20 NewsGroup — 20 classes, Equal Sampling, 200-300 words documents

* Multi-Label Classification
* Reuters - ~5000 labels, Unequal Sampling, 400-500 words documents



Multi-Class Classification — 20NewsGroup Dataset

___ Model | Acuray | Precsion | Recall | _ FlScore

P-SIF (Doc2VecC) 86.0 86.1 86.1 86.0
P-SIF 85.4 85.5 85.4 85.2
SCDV 84.6 84.6 84.5 84.6

BoE 83.1 83.1 83.1 83.1
BoWV 81.6 81.1 81.1 80.9
NTSG-1 82.6 82.5 81.9 81.2

LTSG 82.8 82.4 81.8 81.8
TWE-1 81.5 81.2 80.6 80.6

PV-DBoW 75.4 74.9 74.3 74.3
PV-DM 72.4 72.1 71.5 71.5
Doc2Vec Formation 1250
Total Training 1320 740 200

Total Prediction 780 120 25
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Class performance on 20 NewsGroup

BoW SCDV P-SIF P-SIF(Doc2VecC)
Class Name Pie, Rec. Pre. Rec. Pré. Rec. | Pre. Rec.
alt.atheism 67.8 2.1 80.2 | 795 83.3 | 80.2 83.0 799
comp.graphics 67.1 13.5 T72.3 77.4 76.6 78.1 76.8 79.2
comp.os.ms-windows.misc | 77.1 66.5 786 | 712 | 76.3 | 717 | T1.2 78.2
comp.sys.ibm.pc.hardware 62.8 724 75.60 V6 73.4 | 74.5 Tkl 74.2
comp.sys.mac.hardware 774 78.2 83.4 85.5 87.1 84.4 | 87.5 87.5
comp.windows.x 83.2 13.2 87.6 | 78.6 | 89.3 | 78.0 | 888 78.5
misc.forsale 81.3 88.2 81.4 83.9 82.7 88.0 382.4 36.4
rec.autos 80.7 82.8 91.2 | 90.6 | 93.0 | 90.1 02.8 90.7
rec.motorcycles 02.3 87.9 054 | 95.7 | 93.6 | 95.5 97.0 96.5
rec.sporl.baseball 89.8 89.2 93.2 94.7 93.3 95.2 95.2 95.7
rec.sport.hockey 933 93.7 96.3 | 99.2 | 956 | 985 96.8 98.8
sci.crypt 022 86.1 92.5 94.7 89.8 93.2 | 934 96.7
sci.electronics 70.9 13.3 74.6 | 749 | 79.6 | 78.6 | 78.0 79.3
sci.med 79.3 81.3 91.3 88.4 | 91.9 88.6 | 92.7 89.9
scl.spacc 90.2 88.3 88.5 | 93.8 | 89.4 | 94.0 | 90.7 94.4
soc.religion.christian T3 87.9 83.3 92.3 34.0 94.3 86.0 92.5
talk.politics.guns 4 85.7 127 90.6 | 73.1 91.2 1723 89.8
talk.politics.mideast 01.7 169 96.2 | 954 | 97.0 | 945 91.5 94.2
talk.politics.misc Th1 36.5 80.9 | 359.7 81.0 [ 59.0 | 82.0 62.0
talk.religion.misc 63.2 55.4 735 T2 | 122 59.0 | 674 62.4
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formance

Effect of Hyperparameters (SCDV)

Effect of number of clusters Effect of word vector dimension
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Multi-Label Classification - Reuters Dataset

Prec@1 nDCG@5 Coverage LRAPS F1-Score
nDCG@1

P-SIF(Doc2VecC) 94.92 37.98 50.40 6.03 93.95 82.87
P-SIF 94.77 37.33 49.97 6.24 93.72 82.41
SCDV 94.20 36.98 49.55 93.52 93.30 81.75
BoWV 92.90 36.14 48.55 91.84 91.46 79.16

TWE-1 90.91 35.49 47.54 91.84 90.97 79.16
PV-DBoW 88.78 34.51 46.42 88.72 87.43 73.68
PV-DM 87.54 33.24 44.21 86.85 86.21 70.24

Mean average precision (MAP) on Information Retrieval Datasets

SIM
WSJ
Robust04

0.2742
0.2052
0.2618
0.2516

0.2856
0.2105
0.2705
0.2684

0.3283
0.2341
0.3027
0.2819

0.3395
0.2409
0.3126
0.2933
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Comparison with WMD and WME

Dataset Bbcsport Twitter Ohsumed Classic Reuters Amazon 20NewsGroup Recipe-L
BOW 794 L+ 1.2 564 +04 38.9 64.0 £ 0.5 86.1 715 E£0.5 42.2 -
TF-IDF 78.5 £ 2.8 66.8 £ 09 37.3 65.0 £ 1.8 70.9 585 +1.2 45.6 -
BM25 83.1F1.5 37.3 478 33.8 594 £ 2.7 67.2 412 £2.6 44.1 -
LSI 95.7+ 0.6 68.3 0.7 55.8 9331+ 04 93.7 90.7 £ 04 71.1 -
LDA 93.6 £ 0.7 66.2 0.7 49 95.0£0.3 93.1 88.2 + 0.6 68.5 -
mSDA 91.6 £ 0.8 67.7 £ 0.7 50.7 93.1+04 91.9 829 + 04 60.5 -

SIF(GloVe) 97.31+1.2 57.8 125 67.1 9271+ 0.9 87.6 94.1 £0.2 12:3 Tl =205
Word2Vec 97.31+09 12.0+:15 63 952+04 96.9 94.0 £ 0.5 71.7 749 £ 0.5

+nbow
Word2Vec 96.9 &+ 1.1 71.9 1+ 0.7 60.6 939+ 04 95.9 922 £ 04 70.2 73.1 £ 0.6
+tf-idf

PV-DBOW 97.2 £ 0.7 67.8 04 55.9 97.0+£ 0.3 96.3 89.2 £ 0.3 71 T30 05

PV-DM 97.9:1:1.3 673103 59.8 96.5 £ 0.7 94.9 88.6 + 0.4 74 71.1 £ 04
Doc2VecC 90.5 £ 1.7 71.0+04 63.4 96.6 + 0.4 96.5 91.2 £ 0.5 78.2 76.1 £ 0.4
Doc2VecC 80.2 1+ 14 69.8 + 0.9 59.6 96.2 £ 0.5 96 89.5 £ 04 72.9 75.6 £ 0.4

(Train)

KNN-WMD | 954+ 1.2 71.3 4+ 0.6 55.5 97.2 £ 0.1 96.5 926 £0.3 13:2 714 £ 0.5
WME(SR) 95.5 £ 0.7 1725105 55.8 96.6 + 0.2 96 92.7 £0.3 72.9 725 £ 04
WME(LR) 98.2 + 0.6 745 £ 05 64.5 97.1+ 04 97.2 943 £ 04 78.3 79.2 + 0.3

P-SIF 99.05 £ 0.9 | 73.39 £ 09 67.1 96.95 £ 0.5 97.67 94.17 £ 0.3 79.15 78.24 £ 0.3
P-SIF 99.68 +0.9 | 72.39 £ 0.9 67.1 97.7 1 0.5 97.62 9483 + 0.3 86.31 77.61 £0.3

(Doc2VecC)
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Semantic Textual Similarity

STS12 STS13 STS14 STS15 STS16

MSRpar
MSRvid
SMT-eur
OnWN
SMT-news

headline deft forum answers-forums headline
OnWN deft news answers-students plagiarism
FNWN headline belief postediting
SMT images headline answer-answer
OnWn images question-question

tweet news
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Results (Pearson r X 100) on Semantic Textual Similarity Task

Supervised Supervised UnSupervised Semi Supervised

or Not

Tasks PP PP DAN RNN iRNN LSTM LSTM GRAN ST avg tfidf avg Glove PSL P-SIF
-Proj (no) (o.g.) Glove Glove -PSL +WR +WR +PSL

STS12 58.7 60.0 56.0 48.1 584 510 464 625 308 525 587 528 56.2 595 65.7
STS13 55.8 56.8 54.2 447 56.7 452 415 634 248 423 521 464 56.6 618 64.0
STS14 709 713 695 577 709 598 515 759 314 542 63.8 595 685 735 7438
STS15 758 748 727 572 756 639 560 77.7 310 52.7 606 600 71.7 763 773
SICK14 /716 716 70.7 612 712 639 590 729 498 659 694 664 722 729 734

Twitterl5 529 528 53.7 451 529 476 36.1 502 247 303 33.8 363 480 49.0 54.9
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Results (Pearson r X 100) on Semantic Textual Similarity Task (16)

Tasks Skip LSTM | Tree | Sent2Vec | Doc2Vec | avg tfidf avg tfidf Glove PSL P-SIF
Thoughts LSTM Glove | Glove | PSL PSL +WR +WR +PSL

STS16 514 64.9 64.0 73.7 69.4 47.2 511 633 66.9 72.4 72.5 73.7

Relative Performance (P-SIF —SIF / SIF %) Improvement on 26 STS

Relative Performance vs Document Length

cy Improvement (P-SIF -SIF)/SIF(%)

Relative Accura

Average Document Length (#words)
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Theoretical Justification

We showed connections of P-SIF with generative random-walk based
latent variable models (Arora et. al. 2016a)

Total number of topics in entire corpus (K) and can be determine by
sparse dictionary learning (Arora et. al. 2016b)

The context vector does not change significantly much while words are
generated from random walk except topic change

The partition function remain same in all directions for only words
coming from a same context

Taylor expansion followed by Maximum Likelihood Estimation over the
distribution give the required context vector.

Concatenation of context vector give the required document
embedding.

28



Kernel Connection of embeddings

m

; 7 - word vector averaging
K'(Da,Dg) — ZZ U, U,v,sz>

=1 9g=1
1 n m
K?(Da,Dp) = %<Z’wtvw{1 ’wawJB> - Our P-SIF model
=1 =1
m
K?*(Da,Dp) ZZ WU ,,4 - WU, B> (t0,, A tv, ])
T, .
K*(Da,Dg) Zmax WA - W,s) Relax word mover distance
U o1
J

- Word mover distance
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Summary

* Novel simple unsupervised technique to form compositional document
vectors
 Capture distinctiveness of words
e Capture semantics of words
* Represent Sparse & Higher Dimension
* Simple and Efficient

* Perform SoTA on standard multi-class, multi-label classification, semantic
textual similarity and information retrieval tasks.

* GMM clustering over words vectors can be used for context sensitive
learning and topic modelling.

* Sparse dictionary produce diverse clusters, which reduces the size of the
word topic vectors.



Future Directions

Using multi sense embedding based on context in use instead of skip gram embeddings

One can project the sparse word topic vector into a continuous low dimensional

manifold, useful in downstream tasks especially deep learning

Instead of using unsupervised weighting over word-topic vectors, one can learn weights

in a supervise task

X Providing a more significant theoretical justification of embedding
X How we can take ordering into consideration e.g. LSTM along with partitioning

X Joint partitioning and classification (single step process)
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P-SIF Algorithm (Sparse Dictionary)

Algorithm 1: Main Algorithm

Data: Documents {D,, : D,, € D}, Word embeddings {w7,, : w € V}, a
set of sentences 1), parameter a and estimated probabilities
{p(w) : w € V} of the words, a sparsity parameter %, and an upper
bound m.
Result: Document vectors {vp, : D, € D}
/* Dictionary learning for word-vectors wi
for each word w in 'V do
WUy = Z;ﬂzl gy, A 3 T Nw:
end
/* Word topic-vector formaticn *x/
for each word w in V do
for each coefficients av,, j of word w do
WEVik 4= W; X O s

end

wtv; @{\:1 WDk

/* € 1is concatenation */
end
/+ SIF reweighed document vector embecding */

for each document D,, in D do

VD, le:;:Dﬂ ”ﬂ‘ﬁ Wl
end
Form a matrix X whose columns are {v
singular vector;
for cach document D,, € D do
vp, —vh, -wulvp, ;
end

Dy, € D}, and let u be the first

e




Results (Pearson r X 100) on Semantic Textual Similarity Task

Supervised Supervised UnSupervised Semi Supervised P-SIF
or nol

Tasks PP PP DAN | RNN | iRNN LSTM | LSTM GRAN| ST avg tfidf avg Glove | PSL P-SIF

-proj (no) (0.8.) -Glove -Glove -PSL +WR | +WR +PSL
MSRpar 42.6 43.7 40.3 18.6 43.4 16.1 0.3 477 16.8 47.7 50.3 41.6 35.6 433 524
MSRvid 74.5 74.0 70.0 66.5 73.4 713 11.3 85.2 41.7 63.9 779 60.0 83.8 84.1 85.6
SMT-eur 47.3 49.4 43.8 40.9 47.1 41.8 44.3 49.3 35:2 46.0 54.7 12.4 49.9 44.8 58.7
OnWN 70.6 70.1 65.9 63.1 70.1 65.2 560.4 71.5 29.7 55.1 64.7 63.0 606.2 71.8 722
SMT-news 58.4 62.8 60.0 1.3 S8.1 60.8 51.0 58.7 30.8 49.6 45.7 57.0 45.6 53.6 590.5
STS12 58.7 60.0 56.0 48.1 58.4 51.0 46.4 62.5 300.8 52.5 58.7 52.8 56.2 59.5 63.7
headline T2 72.6 71.2 39.5 72.8 57.4 48.3 76.1 34.6 63.8 6Y.2 08.8 0Y.2 74.1 799
OnWN 67.7 68.0 64. 1 34.6 69.4 68.5 50.4 814 10.0 49.0 729 48.0 82.8 82.0 84.4
FNWN 439 46.8 43.1 30.9 45.3 24.7 38.4 55.6 30.4 34.2 36.6 379 39.4 524 54.8
SMT 39.2 39.8 383 338 39.4 30.1 28.8 40.3 243 22.3 29.6 31.0 37.9 383 41.0
STS13 55.8 56.8 54.2 44.7 56.7 45.2 41.5 634 248 42.3 52. 46.4 56.6 61.8 64.0
deft forum 48.7 St 400 41.5 49.0 44.2 46.1 557 12.9 271 37.5 37.2 41.2 514 232
deft news 73.1 22 117 537 72.4 52.8 39.1 T | 235 68.0 68.7 67.0 69 4 72.6 752
headline 69.7 70.8 69.2 57.5 70.2 75 50.9 72.8 37.8 59.5 63.7 65.3 64.7 70.1 70.2
mages 78.5 78.1 76.9 67.6 78.2 68.3 62.9 85.8 ST aql.0 T25 62.0 82.6 84.8 84.8
OnWN 78.8 79.5 7537 67.7 78.8 76.9 61.7 85.1 23:3 58.4 152 6l.1 828 84.5 88.1
tweet news 764 75.8 742 38.0 76.9 58.7 48.2 78.7 39.9 51.2 05.1 04.7 70.1 TLD 715
STS14 70.9 71.3 69.5 8T 70.9 508 515 75.8 31.4 54.2 63.8 59.3 68.5 73.5 748
answers-forum 68.32 65.1 62.6 32.8 67.4 519 50.7 73.1 6.1 30.5 45.6 38.8 63.9 70.1 70:7
answers-student 78.2 71.8 78.1 647 78.2 71.5 55.7 729 33.0 63.0 63.9 69.2 70.4 73.9 79.6
belicf 76.2 75.4 72.0 51.9 75.9 61.7 52.6 78 24.6 40.5 49.5 53.2 71.8 75.3 753
headline 74.8 732 183 65.3 o4 64.0 56.6 78.6 436 61.8 70.9 69.0 70.7 73.9 768
images 814 R0.3 77.5 714 81.1 70.4 64.2 85.8 17.7 7.5 729 699 81.5 84.1 84.1
STS13 75.8 74.8 72.7 572 75.6 63.9 56.0 T7.7 31.0 527 60.6 60.0 719 76.3 773
SICK 14 71.6 71.6 70.7 6l1.2 T2 63.9 59.0 72.9 408 65.9 69.4 66.4 72.2 72.9 734
Twitterl5 529 52.8 337 45.1 52.9 47.6 36.1 50.2 24.7 30.3 338 36.3 48.0 49.0 | 3554.9




Results (Pearson r X 100) on Semantic Textual Similarity Task (16)

Tasks Skip Tree | Sent2Vec | Doc2Vec | avg tfidf avg tfidf Glove PSL
Thoughts LSTM Glove | Glove | PSL PSL +WR +WR
STS16 514 64.9 64.0 73.7 69.4 47.2 51.1 63.3 66.9 72.4 72.5 73.7
Tasks Skip LSTM| Tree Sent2Vec| Doc2Vec | Glove | Glove PSL PSL Glove PSL P-SIF
thoughts LSTM Avg tf-idf Avg tf-idf +WR +WR +PSL
headlines 51.019 Va7 74.08 75.06 69.16 49.66 5376 70.86 7224 | 72.86 74.48 75.6
plagiarism 66.708 71.73 | 67.62 80.06 80.6 59.84 61.48 77.96 80.06 79.46 79.74 81.6
post editing 69.947 1231 70.65 82.85 82.85 59.89 62.34 80.41 81.45 82.03 82.05 83.7
answer answer 28.626 44,17 | 52.27 3173 41.12 19.8 22.47 38.5 41.56 58.15 59.98 60.2
question question 40.459 60.69 53.26 73.03 73.03 46.84 56.58 48.69 39.1 69.36 66.41 67.2
STS16 S51.4 64.9 64.0 73.7 69.4 47.2 = 63.3 66.9 724 7235 3.7
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Positive Qualitative Resu

ts (MSRvid)

sentencel sentence?2 T NGT STE . PSTE

People are playing baseball . The cricket player hit the ball . 0.5 0.1 0.2928 0.0973
A wornan 1s carrying a boy . A woman is carrying her baby . 2.333 0.4666 0.5743 0.4683
A man is riding a motorcycle . A woman is riding a horse . 0.75 0.15 0.5655 0.157
A woman slices a lemon . A man 1s talking into a microphone . 0 0 -0.1101 -0.0027
A man is hugging someone . A man is taking a picture . 0.4 0.08 0.2021 0.0767
A woman is dancing . A woman plays the clarinet . 0.8 0.16 0.3539 0.1653

A (rain 1s moving . A man is doing yoga . 0 0 0.1674 -0.0051
Runners race around a track . Runners compete 1n a race . 3.2 0.64 0.7653 0.6458
A man 1s driving a car . A man 1s riding a horsc . 1.2 0.24 0.3584 0.2443

A man is playing a guitar . A woman is riding a horse . 0.5 0.1 -0.0208 0.0955
A man is riding on a horse . A girl is riding a horse . 2.6 0.52 0.6933 0.5082
A woman 1s deboning a [ish . A maun calches a fish . 1:25 0.25 0.4538 0.2336
A man 1s playing a guitar . A man 1s eating pasta . (.533 (.1066 -0.0158 (0.00962
A woman 1s dancing . A man is cating . 0.143 0.0286 -0.1001 0.0412
The ballerina is dancing . A man is dancing . 175 0.25 0.512 0.3317
A woman plays the guitar . A man sings and plays the guitar . 1.75 0.35 0.5036 0.3683
A girl is styling her hair . A girl is brushing her hair . 25 0.5 0.7192 0.5303
A guy 1s playing hackysack A man 1s playing a key-board . I 0.2 (.3718 (0.2268
A man 1s riding a bicyclce . A monKkey is riding a bike . 2 0.4 0.6891 0.4614
A woman is swimming underwater . A man is slicing some carrots . 0 0 -0.2158 -0.05362
A plane is landing . A anmimaled airplane is landing . 2.8 0.56 0.801 0.6338

The missile exploded . A rocket exploded . 3.2 0.64 0.8157 0.6961
A woman 1is peeling a potato . A woman is pecling an apple . 2 0.4 0.6938 0.5482
A woman is writing . A woman is swimming . 0.5 0.1 0.3593 0.2334

A man is riding a bike . A man is riding on a horse . 2 0.4 0.6781 0.564

A puanda is climbing . A mun is climbing a rope . 1.6 0.32 0.4274 0.3131
A man 1s shooting a gun A man 1s spitting . 0 0 0.2348 0.1305
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Negative Qualitative Results (MSRvid)

sentence | sentence? GT NGT ] | e P-SIF ;.
takes off his sunglasses . A boy is screaming . 0.5 0.1 0.1971 0.3944
The rhino grazed on the grass . A rhino 1s grazing in a field . 4 0.8 0.7275 0.538
An animal 1s biting a persons finger . A slow loris 1s biting a persons finger . 3 0.6 0.6018 0.7702
Animals are playing in water . Two men are playing ping pong . 0 0 0.0706 0.2238
Someone is feeding a animal . Someone 1s playing a piano . 0 0 -0.0037 0.1546
The lady sliced a tomatoe . Someone is cutting a tomato . 4 0.8 (0.693 0.5591
The lady peeled the potatoe . A woman is peeling a potato . 4.75 0.95 0.7167 0.5925
A man is slicing something . A man is slicing a bun . 3 0.6 0.5976 0.4814
A boy is crawling into a dog house . A boy 1s playing a wooden flute . 0.75 0.15 0.1481 0.2674
A man and woman are talking . A man and woman 1s eating . 1.6 0.32 0.3574 0.4711
A man is cutting a potato . A woman plays an electric guitar . 0.083 0.0166 -0.1007 -0.2128
A person is cutting a meat . A person riding a mechanical bull 0 0 0.0152 0.1242
A woman 1s playing the flute . A man is playing the guitar . I 0.2 0.1942 0.0876
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