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General layout of this presentation of Wieting et Kiela (2019) :
É A word on sentence embeddings
É No training required ?
É Evaluation results



Sentence embeddings



Sentence Embeddings
How to train a sentence representation ?

É Landmark paper for the ‘opaque’ approach : Skipthought by Kiros et al.
(2015)
É train a GRU seq2seq model to generate the surrounding sentences ; the

output of the encoder is the representation for that sentence.
É InferSent (Conneau et al., 2017)

É consider this problem as twofold : 1/ ‘what architecture ?’, 2/ ‘how to
train it ?’ and settle for a BiLSTM trained on natural language inference.

É Quickthought (Logeswaran et Lee, 2018)
É reformulate Kiros et al. (2015) as a classification problem (do encoded

sentences appear in the same context ?) rather than a generation problem
(knowing sentence, generate context).

É Universal Sentence Encoder (Cer et al., 2018)
É train a Transformer in a multi-task framework, including NLI, context

generation and conversation-based generation (also test a deep averaging
network).
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Sentence Embeddings
How to train a sentence representation ?

Another approach focuses on mimicking compositional semantics so as to
make composition ‘transparent’ :
É Baroni et Zamparelli (2010) suggest that ”words are vectors, adjectives

are matrices ; ie. of different types.
É Grefenstette et al. (2013) propose to use tensors and vectors to model

functions and arguments
É Paperno, Pham et Baroni (2014) treat functions of arity n as tensors of

rank n, and learn different representations for each words based on their
usage

É Hill et al. (2016) et Hill, Cho et Korhonen (2016) use dictionaries to
propose a rational supervised objective for composition ; thus taking a
middle ground between the ‘opaque’ and ‘transparent’ approaches
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Sentence Embeddings
Composition ?

É All these architectures entail that you need a “composition function”.
É however compositional distributional semantics is still an open problem

(Lenci, 2018, ao.) ; simple summations or element-wise products
(Mitchell et Lapata, 2008) don’t really cut it

É As a side note, these models also questions linguistic theories on
composition, as they try to combine distributional semantics
(Wittgenstein, 1921 ; Quine, 1960) with Frege’s compositionality
principle (Frege, 1892).
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Sentence Embeddings
Analyzing sentence encoders

É Circumventing all that, recent work has focused on putting sentence
representations to the test
É most notable is SentEval (Conneau et Kiela, 2018) which lists an array of

tasks with which sentence representations should help.
É another popular benchmark is GLUE (Wang et al., 2018), the “General

Language Understanding Evaluation benchmark”
É Adi et al. (2016) propose to train classifiers on low-level sentence

properties (length, word content, word order...)
É Conneau et al. (2018) suggest to probe sentence representations for

linguistic properties
É Linzen, Dupoux et Goldberg (2016) study whether sentence encoder are

able to work out long-term syntactic dependencies like agreement the way
humans do.

É Today’s paper is related to this last trend : Wieting et Kiela (2019)
study whether sentence encoders do better than randomly initialized
architectures.
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How random is a sentence encoder ?



Random encoders

The main insight is drawn from Cover (1965) :
A complex pattern-classification problem, cast in a
high-dimensional space nonlinearly, is more likely to be linearly
separable than in a low-dimensional space, provided that the space
is not densely populated

Therefore, to evaluate sentence encoders, one needs to tease apart what is to
be attributed to the nonlinear high-dimension projection from what is due to
the training regimen
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Random encoders
Why so random ?

Teasing these two factors apart is crucial for multiple reasons :
É Sentence encoders require extensive resources for training
É Raw word-embeddings with simple pooling mechanisms already perform

quite well (Shen et al., 2018)
É Such studies shed light on whether some architectures are sounder

models than others
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Random encoders
What do you mean, random ?

The proposed methodology is the following :
É take pre-trained word embeddings
É initialize a composition function, don’t (fully) train it
É train a linear classifier on top of the untrained composed representation

for each senteval task
É compare results
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Random encoders
Random models

Wieting et Kiela (2019) suggest two random models, with values initialized
in [− 1p

d
, 1p

d
] where d is the size of the input embeddings :

1. a random linear transformation (BOREP : “bag of random embedding
projections”) : hi =Wei, with an optional reLU non-linearity (max(0, h))

2. a BiLSTM, as used in InferSent (Conneau et al., 2017)
as well as three ‘pooling’ mechanisms

1. summation : ~sentence=
∑

h

2. max-pooling : ~sentence=max(h)

3. mean-pooling : ~sentence= |h|−1
∑

h
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Random encoders
Random models

É Wieting et Kiela (2019) also study a bidirectional Echo State Network
(Jaeger, 2001), which assigns a representation ŷi to each embedding ei
of a sequence based on a gating mechanism :

h̃i = pool(W ie+W hhi−1 + bi)

hi = (1−α)hi−1 +αh̃i

ŷi =W o(ei ⊕ hi) + bo

É Contrarily to the two previous models, the output linear transformation
parameters W o and bo are learned. A sentence representation is derived
using max-pooling over all predicted outputs ŷi.

É An additional property, called ‘echo state property’, required of this
model is that the intermediary representations hi must be uniquely
determined by the input history of the ESN. This property is guaranteed
by specific initialization procedures for W h and W i
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Evaluation Results



Results
Recap

É Wieting et Kiela (2019) are teasing apart effects of high-dimensionality
projection and training procedures

É They compare results on SentEval (Conneau et Kiela, 2018), by training
a classifier on top of sentence representations

É They compare randomly or partially randomly initialized models to
existing sentence encoders, namely Skipthought (Kiros et al., 2015) and
InferSent (Conneau et al., 2017)
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Results
SentEval

SentEval (Conneau et Kiela, 2018) is a benchmark composed of multiple
sentence-level tasks :
É Sentiment analysis : MR (movie reviews, Pang et Lee (2005)), CR

(customer reviews, Hu et Liu (2004)), MPQA (opinion polarity, Wiebe,
Wilson et Cardie (2005)), and SST (movie review, Socher et al. (2013))

É Semantic properties : TREC (question type, Voorhees et Tice (2000)),
STSB (relatedness, Cer et al. (2017)), SICK-R (relatedness, Marelli
et al. (2014)), SICK-E (entailment, Marelli et al. (2014)), SNLI
(entailment, Bowman et al. (2015)), SUBJ (subjectivity/objectivity
classification, Pang et Lee (2004)) and MRPC (paraphrases, Dolan,
Quirk et Brockett (2004))
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Results
Comparing on 4096 dimensions
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Results
Comparing on 4096 dimensions

É We already see that random models constitute a strong baseline :
É In other words, InferSent does not improve that much over random models
É On average, SkipThought performs worse than random models.

É Lower results from SkipThought might be due to the fact it uses older
embeddings,

É Higher results from ESN might be due to the wider number of
hyperparameters available

É what happens for even higher dimensionalities ?
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Results
Comparing on even more dimensions
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Results
Comparing on even more dimensions

É Performance of random models increases with dimensionality
É Random projections of sentence encoders is detrimental to their

performance
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Recap



Recap
Random systems are a very strong baseline

É Dimensionality matters, especially to downstream classifications
É Random projections of embeddings and random initialization are strong

and cheap baselines

There’s more in the paper : the authors also tested their random models on
the probing tasks from Conneau et al. (2018)
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