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PROBLEM
Humans can easily recognise the words

that contribute to the meaning of a sentence
(i.e. content words) from words that serve
only a grammatical functionality (i.e. func-
tional words). If we can accurately com-
pute the salience of words, then we can de-
velop better representations of texts that can
be used in downstream NLP tasks such as
similarity measurement or text (e.g. senti-
ment, entailment) classification.

CONTRIBUTIONS
We define the salience q(w) of a word w in

a given text T as the semantic contribution
made by w towards the overall meaning of
T . We propose a method that first randomly
initialises these scores, and subsequently up-
dates them such that we can accurately pre-
dict the words in local contexts. The method:

• Learns a salience score for each word
from a corpus, and is not based on
heuristics.

• It does not require labelled data for
learning NWS scores. It only needs
semantically similar and semantically
dissimilar pairs of sentences for learn-
ing the NWS scores, which are au-
tomatically extracted from the given
training corpus.

• Requires significantly less training and
prediction times than similar methods
that aim to learn sentence embeddings.

PERFORMANCE IN SENTENCE SIMILIARITY TASKS

Dataset SMOOTH[1] skip-thought[4] Siamese-CBOW[3] AVG ISF NWS
2012
MSRpar 43.6 5.6 43.8 28.4 39.1 28.5
OnWN 54.3 60.5 64.4 47.1 60.5 65.5∗

SMTeuroparl 51.1∗ 42.0 45.0 37.1 44.5 50.1
SMTnews 42.2 39.1 39.0 32.2 34.9 44.7∗

2013
FNWN 23.0 31.2 23.2 26.9 29.4 25.2
OnWN 68.0∗ 24.2 49.9 25.0 63.2 78.1∗

headlines 63.8 38.6 65.3∗ 40.2 59.4 57.0
2014
OnWN 68.0 46.8 60.7 41.1 68.5 80.8∗

deft-forum 29.1 37.4 40.8 27.1 37.1 29.9
deft-news 68.5 46.2 59.1 48.8 63.6 65.4
headlines 59.3 40.3 63.6∗ 41.9 58.8 56.2
images 74.1∗ 42.6 65.0 35.3 66.3 75.9∗

tweet-news 57.3 51.4 73.2∗ 41.7 57.1 64.5∗

2015
answers-forums 41.4 27.8 21.8 25.7 37.6 49.6∗

answers-students 61.5 26.6 36.7 56.5 67.1 68.0
belief 47.7 45.8 47.7 29.3 43.2 54.3∗

headlines 64.0 12.5 21.5 49.3 65.4 65.3
images 75.4∗ 21 25.6 49.8 66.1 76.6∗

Overall Average 55.1 35.5 47.0 38.0 53.4 57.6
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We take pre-trained word embeddings of
the words in a sentence Si as the input
and compute a weighted average Si, where
the weights correspond to the word salience
scores of the words in Si. We expect ad-
jacent sentences to be topically related and
so their vector representations should have a
high degree of similarity.
The similarity between two sentence embed-
dings is computed using a softmax function:

h(si, sj) =
ecos (si,sj)∑

Sk∈C ecos (si,sk)

Following noise-contrastive estimation[2],
we approximate the normalization term. The
model is trained using the two adjacent sen-
tences to Si as positive examples, and two
negative examples sampled uniformly from
the whole corpus .The loss function is de-
fined as:

L = t log (h(si, sj))+(1−t) log (1− h(si, sj))

t =


1 j = i+ 1

1 j = i− 1

0 otherwise

SAMPLE WORDS

Table 1: Words with low salience scores

ISF NWS (ISF init.) NWS (rand init.)

the your alexis
to our tobias
i we copyright

and my rupert
a you spotted
of us vehicle

was me sword
he i isaac
his voice fletcher
you has cook

Table 2: Words with high salience scores

ISF NWS (ISF init.) NWS (rand init.)

pathways guess hurdling
conspiratorial boulder happen

henna autopsy weird
alejandro hippy alejo
bedpost alejandro bolivians

swiveling philosophy his
confederate arrow answer

mid-morning germany her
alejo spotted yesterday
phd bookstore replied

Table 3: Correlations with psycholingusitic
scores

Embed. ArousalConc. Dom. Img. Valance
GloVe 0.03 0.26 0.09 0.25 0.03
CBOW 0.04 -0.35 -0.04 -0.37 0.04
SGNS -0.01 0.27 0.06 0.27 -0.01
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