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Research areas/ projects

I Deep learning at scale in various domains
I Creating deep learning software ecosystem for Fugaku

I Japan’s flagship supercomputer being deployed as we speak
I 150000 nodes with general-purpose ARM-based CPUs which look more like GPUs by

performance characteristics.
I Natural Language Processing / Computational Linguistics
I Artificial Life and other attempts to pursue AGI :)

past: GPGPU, bioinformatics, sorting, geo-spatial, performance modeling
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Natural Language Processing / Computational Linguistics

I interaction of computers and human language
I rapidly developing field
I one of the keys to solve AGI?
I one with huge appetite for compute resources: thousands of GPU-days to train

one model.
I self-supervised pre-training / transfer learning is commonly used
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So what is this talk about?

I compositionality as an angle to look at NLP models:
I a bit on NLP models / representations of textual data
I a bit on compositionality (and also contextuality)
I and how these are related
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Defining “representations”

Representations in DL are sets of features that reflect the properties of the target
phenomenon (at least partially). In this sense, input, output and intermediate weights
can all be considered as representations.
I “representations” are often associated with pre-trained weights such as word2vec

or BERT, but both end-to-end and transfer learning can be viewed as
representation learning.

I end-to-end learning: representations are learned “on the job” directly;
I transfer learning: representations learned from one task are used for another;
I techniques largely overlap, but different focus;
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Confusing terms

I ”model” in NLP: neural net used for a task or as pre-trained representation
I ”language model”

I explicit or implicit part of the model which relates to language knowledge
I model (representation) trained on task of language modeling: BERT, ELMO, etc
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Language model in sense I

acoustic model

I ate banana I eight banana

language model language model

high probability low probability
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Language model in sense II

”this ___ some text”

model

”this is some text”

language model as pre-training objective
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The principle of compositionality
The meaning of a compound expression is a function of the meanings of its parts and
of the way they are syntactically combined.

[Partee, 1984]

+ =
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Productivity argument

Argument: humans can understand previously unseen complex expressions, so they
must possess knowledge out of which the meanings of new expressions can be deduced.

“I couldn’t be more petrified if a wild Rhinoceros had just come home from a hard day
at the swamp and found me wearing his pyjamas, smoking his cigars, and in bed with his
wife.” (Blackadder III)
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Compositional view of meaning representations in NLP

I Treat words as building blocks for sentences and phrases;
I Treat subword units as building blocks for words;
I Treat dimensions of meaning representations as semantic components;
I The objective is to find the right way to combine the building blocks. The best

representation should yield best performance on downstream NLP tasks.
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Problems with compositionality

I meaning of the whole does not always depend on the meaning of the constituents
(“raining cats and dogs”);

I composition operation may involve a lot of world knowledge (“good car” vs “good
party);

I the result of the composition operation has to make sense in the wider context
(e.g. sentence in a text), and can be influenced by it.
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Did we get it all backwards?

I Words that occur in similar contexts tend to have similar meanings. [Harris, 1954];
I You shall know a word by the company it keeps [Firth, 1957];
I For a large class of cases... the meaning of a word is its use in the language.

[Wittgenstein, 1953].
I Never ask for the meaning of a word in isolation, but only in the context of a

sentence. [Frege, 1884]

If meanings of words come from sentences/texts, how can we use them to represent
sentences/texts?
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Contextuality vs compositionality: we need it both ways

I we do draw on prior knowledge to recognize and process most of what we hear;
I the context does also influence our interpretation, and can even be the only

source of information.

We found a cute little wampimuk sleeping in a tree.
[Lazaridou et al., 2014]
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Storage vs computation trade-off

I Compositionality saves storage: given a vocabulary, we can account represent
phrases, sentences, posts, tweets, etc.

“I couldn’t be more petrified if a wild Rhinoceros had just come home from a hard
day at the swamp and found me wearing his pyjamas, smoking his cigars, and in bed
with his wife.”

I Full compositionality could result in too much computation, “unless the balance
between storage and computation is upset in favor of storage”
[Baggio et al., 2012]
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NLP models though a prism of compositionality

I how to select the representation components for composition?
I how to compose them?
I bonus question: how meaningful are individual dimensions?
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Problem 1: selecting representations for composition

I manually
I using syntactic/morphological parsers
I constrained by network design (CNN, LSTM)
I learned mechanism: e.g. attention or controller for tree traversal

17 / 95



Problem 2: composition mechanisms

I explicit compositional operations
I learned with neural networks
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Embeddings

”apple”

from torch.nn import Embedding
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Embeddings

this is some text

prediction
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Embeddings

this is some text

prediction

LSTM

this is some text

prediction

CNN

this is some text

prediction
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Transfer learning

this is some text

pre-training

model A

this is some text

down-stream task

model B
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Transfer learning

this is some text

pre-training

model A

this is some text

down-stream task

model A
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Components of meaning

10 felines: cat, lion, tiger, leopard, cougar, cheetah, lynx, 
bobcat, panther, puma

10 random words: emergency, bluff, buffet, horn, human, 
like, american, pretend, tongue, green

0

-1

1

0

-1

1

DimensionsDimensions

[Gladkova and Drozd, 2016]
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Inducing meaning shifts by analogy

man

woman

uncle

aunt

king

queen
king − man + woman = queen
(BTW this is not working as advertised!!!
[Rogers et al., 2017])

[Mikolov et al., 2013b]
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Algebraic methods of combining distributional representations
[Mitchell and Lapata, 2010]

model function
Additive p = u + v

Weighted additive p = αu + βv
Multiplicative p = uv
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Addition

I classic [Widdows, 2004] and intuitive method, where all components of source
vectors contribute towards the resulting representation;

I [Mikolov et al., 2013a]: trained Skip-gram representations of phrases are similar
to the results of the addition of the corresponding token vectors.

Czech + currency Vietnam + capital German + airlines Russian + river French + actress
koruna Hanoi airline Lufthansa Moscow Juliette Binoche

Check crown Ho Chi Minh City carrier Lufthansa Volga River Vanessa Paradis
Polish zolty Viet Nam flag carrier Lufthansa upriver Charlotte Gainsbourg

CTK Vietnamese Lufthansa Russia Cecile De
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Averaging

I simple mean [Hill et al., 2016, Adi et al., 2017]
I weighted mean, e.g. with with TF-IDF scores

[Boom et al., 2015, Corrêa Júnior et al., 2017]
I The overall pattern of results is the same for sums and average

[White et al., 2015]

Sentence representations based on averaged word vectors are surprisingly effec-
tive, and encode a non-trivial amount of information regarding sentence length.
[Adi et al., 2017]
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Multiplication

I Pointwise multiplication: keeps only the components which had corresponding
non-zero values

I not clear how semantically motivated that is, to just get rid of non-shared
components.

car has many semantic components not present in blue, but arguably should
keep them in the representation of blue car

I less popular than sums and means, but was the best in phrase similarity and
paraphrase tasks [Blacoe and Lapata, 2012].

I More discussion: [Mitchell and Lapata, 2010, Clarke, 2012, among others]
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Attempts to explicitly introduce algebraic compositionality in training
objectives

in a good model of distributive semantics representation and composition must go
hand in hand, i.e., they must be mutually learned. [Blacoe and Lapata, 2012]

I linear combination [Peng and Gildea, 2016]
I weighted addition [Fyshe et al., 2015]
I [Rudolph and Giesbrecht, 2010] propose a semantic space consisting of quadratic

matrices rather than vectors, with matrix multiplication as the only compositional
operation
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Pros and cons of simple algebraic methods

I Con: not expressive;
I Con: all words contribute equally;
I Con: no syntactic finesse;

I Pro: trivial to implement, fast and often works well enough!
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Problem for simple algebraic methods: language is not commutative!

I It was not the sales manager who hit the bottle that day, but the office
worker with the serious drinking problem.

I That day the office manager, who was drinking, hit the problem sales worker
with the bottle, but it was not serious.

[Landauer et al., 1997]

Particularly poor results for bag-of-word version of paragraph vectors
[Le and Mikolov, 2014]
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Tensor products

I the core idea: different words should contribute differently to the resulting
representation

I matrices capture only 2-way cooccurrences
I tensors are multidimensional arrays that enable accounting for multi-way

cooccurrence

Discussion: [Clark and Pulman, 2007, Mitchell and Lapata, 2010, Clarke, 2012,
Van de Cruys et al., 2013]
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Success varies by relation type and model
Correlation with human phrase similarity judgements: the basic co-occurrence sparse
model [Mitchell and Lapata, 2010]

Model Adjective-Noun Noun-Noun Verb-Object
Additive .36 .39 .30
Kintsch .32 .22 .29
Multiplicative .46 .49 .37
Tensor product .41 .36 .33
Convolution .09 .05 .10
Weighted Additive .44 .41 .34
Dilation .44 .41 .38
Target Unit .43 .34 .29
Head only .43 .17 .24
Humans .52 .49 .55
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Adjectives as weight matrices on noun meanings
[Baroni and Zamparelli, 2010]

I adjective-specific linear map (alm) method: an adjective-noun phrase is
represented by multiplying an adjective weight matrix with a noun (column) vector

I experiments with phrase generation with SVD embeddings: how close is the
generated phrase to a pre-computed one?

I composed phrases shown to be similar to observed phrases, e.g. the real neighbor
of the phrase common understanding was common approach, while composition
yielded common vision
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Matrix-vector RNN [Socher et al., 2012]

I builds on the above, but with vector-matrix representations for all words: a, b are
vectors, A, B are matrices

I input-specific composition function p:

p = g ( W (

[
Ba
Ab

]
) )

I for g a non-linear function is chosen, but could be identity function.
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Example: “a very good movie” [Socher et al., 2012]

Semantic Compositionality through Recursive Matrix-Vector Spaces

Richard Socher Brody Huval Christopher D. Manning Andrew Y. Ng
richard@socher.org, {brodyh,manning,ang}@stanford.edu

Computer Science Department, Stanford University

Abstract

Single-word vector space models have been
very successful at learning lexical informa-
tion. However, they cannot capture the com-
positional meaning of longer phrases, prevent-
ing them from a deeper understanding of lan-
guage. We introduce a recursive neural net-
work (RNN) model that learns compositional
vector representations for phrases and sen-
tences of arbitrary syntactic type and length.
Our model assigns a vector and a matrix to ev-
ery node in a parse tree: the vector captures
the inherent meaning of the constituent, while
the matrix captures how it changes the mean-
ing of neighboring words or phrases. This
matrix-vector RNN can learn the meaning of
operators in propositional logic and natural
language. The model obtains state of the art
performance on three different experiments:
predicting fine-grained sentiment distributions
of adverb-adjective pairs; classifying senti-
ment labels of movie reviews and classifying
semantic relationships such as cause-effect or
topic-message between nouns using the syn-
tactic path between them.

1 Introduction

Semantic word vector spaces are at the core of many
useful natural language applications such as search
query expansions (Jones et al., 2006), fact extrac-
tion for information retrieval (Paşca et al., 2006)
and automatic annotation of text with disambiguated
Wikipedia links (Ratinov et al., 2011), among many
others (Turney and Pantel, 2010). In these mod-
els the meaning of a word is encoded as a vector
computed from co-occurrence statistics of a word
and its neighboring words. Such vectors have been
shown to correlate well with human judgments of
word similarity (Griffiths et al., 2007).

…      very                        good                           movie          ...
       (  a  ,  A  )                (  b  ,  B  )                     (  c  ,  C  )  

Recursive Matrix-Vector Model

f(Ba, Ab)=

 Ba=                        Ab=

- vector

- matrix
...

…

Figure 1: A recursive neural network which learns se-
mantic vector representations of phrases in a tree struc-
ture. Each word and phrase is represented by a vector
and a matrix, e.g., very = (a,A). The matrix is applied
to neighboring vectors. The same function is repeated to
combine the phrase very good with movie.

Despite their success, single word vector models
are severely limited since they do not capture com-
positionality, the important quality of natural lan-
guage that allows speakers to determine the meaning
of a longer expression based on the meanings of its
words and the rules used to combine them (Frege,
1892). This prevents them from gaining a deeper
understanding of the semantics of longer phrases or
sentences. Recently, there has been much progress
in capturing compositionality in vector spaces, e.g.,
(Mitchell and Lapata, 2010; Baroni and Zamparelli,
2010; Zanzotto et al., 2010; Yessenalina and Cardie,
2011; Socher et al., 2011c) (see related work). We
extend these approaches with a more general and
powerful model of semantic composition.

We present a novel recursive neural network
model for semantic compositionality. In our context,
compositionality is the ability to learn compositional
vector representations for various types of phrases
and sentences of arbitrary length. Fig. 1 shows an
illustration of the model in which each constituent
(a word or longer phrase) has a matrix-vector (MV)
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Pros and cons

I Pro: expressive;
I Pro: linguistically motivated;

I Con: much explicit linguistic knowledge (and math) required;
I Con: linguistic motivation not entirely clear
I Con: computationally expensive;
I Con: not necessarily outperforming simple algebraic baselines

[Mitchell and Lapata, 2010]
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Other proposals

I sentence vectors as Kroenecker products, which enables applying relational words
as filters on nouns
[Grefenstette and Sadrzadeh, 2011, Grefenstette and Sadrzadeh, 2015];

I sentence vectors based on orthogonal basis of the subspace spanned by a word
and its surrounding context, efficient and competitive with recent neural baselines
[Yang et al., 2019].
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Compositionality as a by-product

I DL models for NLP typically receive as input representations for individual words
/ subword elements;

I At some point all the input information passes through an element serving as an
information bottleneck;

I The resulting representation must be compositional in some way.
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End-to-end sequence encoding [Sutskever et al., 2014]

One LSTM reads the input sequence “ABC”, one timestep at a time, to obtain large
fixed-dimensional vector representation, and then to use another LSTM to extract the
output sequence “WXYZ” from that vector.

A B C <EOS> W X Y Z

W X Y Z <EOS>
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End-to-end sequence encoding [Sutskever et al., 2014]

2-dimensional PCA projection of the LSTM hidden states for the phrases in the figures.

Method test BLEU score (ntst14)

Bahdanau et al. [2] 28.45

Baseline System [29] 33.30

Single forward LSTM, beam size 12 26.17

Single reversed LSTM, beam size 12 30.59

Ensemble of 5 reversed LSTMs, beam size 1 33.00

Ensemble of 2 reversed LSTMs, beam size 12 33.27

Ensemble of 5 reversed LSTMs, beam size 2 34.50

Ensemble of 5 reversed LSTMs, beam size 12 34.81

Table 1: The performance of the LSTM on WMT’14 English to French test set (ntst14). Note that
an ensemble of 5 LSTMs with a beam of size 2 is cheaper than of a single LSTM with a beam of
size 12.

Method test BLEU score (ntst14)

Baseline System [29] 33.30

Cho et al. [5] 34.54

State of the art [9] 37.0

Rescoring the baseline 1000-best with a single forward LSTM 35.61

Rescoring the baseline 1000-best with a single reversed LSTM 35.85

Rescoring the baseline 1000-best with an ensemble of 5 reversed LSTMs 36.5

Oracle Rescoring of the Baseline 1000-best lists ∼45

Table 2: Methods that use neural networks together with an SMT system on the WMT’14 English
to French test set (ntst14).

a sizeable margin, despite its inability to handle out-of-vocabulary words. The LSTM is within 0.5
BLEU points of the previous state of the art by rescoring the 1000-best list of the baseline system.

3.7 Performance on long sentences

We were surprised to discover that the LSTM did well on long sentences, which is shown quantita-
tively in figure 3. Table 3 presents several examples of long sentences and their translations.

3.8 Model Analysis
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Mary admires John
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I gave her a card in the garden

In the garden , I gave her a card

She was given a card by me in the garden

She gave me a card in the garden
In the garden , she gave me a card

I was given a card by her in the garden

Figure 2: The figure shows a 2-dimensional PCA projection of the LSTM hidden states that are obtained
after processing the phrases in the figures. The phrases are clustered by meaning, which in these examples is
primarily a function of word order, which would be difficult to capture with a bag-of-words model. Notice that
both clusters have similar internal structure.

One of the attractive features of our model is its ability to turn a sequence of words into a vector
of fixed dimensionality. Figure 2 visualizes some of the learned representations. The figure clearly
shows that the representations are sensitive to the order of words, while being fairly insensitive to the

6
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Paragraph vectors [Le and Mikolov, 2014]

Distributed Memory version

Distributed Representations of Sentences and Documents

example, “powerful” and “strong” are close to each other,
whereas “powerful” and “Paris” are more distant. The dif-
ference between word vectors also carry meaning. For ex-
ample, the word vectors can be used to answer analogy
questions using simple vector algebra: “King” - “man” +
“woman” = “Queen” (Mikolov et al., 2013d). It is also pos-
sible to learn a linear matrix to translate words and phrases
between languages (Mikolov et al., 2013b).

These properties make word vectors attractive for many
natural language processing tasks such as language mod-
eling (Bengio et al., 2006; Mikolov, 2012), natural lan-
guage understanding (Collobert & Weston, 2008; Zhila
et al., 2013), statistical machine translation (Mikolov et al.,
2013b; Zou et al., 2013), image understanding (Frome
et al., 2013) and relational extraction (Socher et al., 2013a).

2.2. Paragraph Vector: A distributed memory model

Our approach for learning paragraph vectors is inspired by
the methods for learning the word vectors. The inspiration
is that the word vectors are asked to contribute to a predic-
tion task about the next word in the sentence. So despite
the fact that the word vectors are initialized randomly, they
can eventually capture semantics as an indirect result of the
prediction task. We will use this idea in our paragraph vec-
tors in a similar manner. The paragraph vectors are also
asked to contribute to the prediction task of the next word
given many contexts sampled from the paragraph.

In our Paragraph Vector framework (see Figure 2), every
paragraph is mapped to a unique vector, represented by a
column in matrix D and every word is also mapped to a
unique vector, represented by a column in matrix W . The
paragraph vector and word vectors are averaged or concate-
nated to predict the next word in a context. In the experi-
ments, we use concatenation as the method to combine the
vectors.

More formally, the only change in this model compared
to the word vector framework is in equation 1, where h is
constructed from W and D.

The paragraph token can be thought of as another word. It
acts as a memory that remembers what is missing from the
current context – or the topic of the paragraph. For this
reason, we often call this model the Distributed Memory
Model of Paragraph Vectors (PV-DM).

The contexts are fixed-length and sampled from a sliding
window over the paragraph. The paragraph vector is shared
across all contexts generated from the same paragraph but
not across paragraphs. The word vector matrix W , how-
ever, is shared across paragraphs. I.e., the vector for “pow-
erful” is the same for all paragraphs.

The paragraph vectors and word vectors are trained using

stochastic gradient descent and the gradient is obtained via
backpropagation. At every step of stochastic gradient de-
scent, one can sample a fixed-length context from a random
paragraph, compute the error gradient from the network in
Figure 2 and use the gradient to update the parameters in
our model.

At prediction time, one needs to perform an inference step
to compute the paragraph vector for a new paragraph. This
is also obtained by gradient descent. In this step, the pa-
rameters for the rest of the model, the word vectors W and
the softmax weights, are fixed.

Suppose that there are N paragraphs in the corpus, M
words in the vocabulary, and we want to learn paragraph
vectors such that each paragraph is mapped to p dimen-
sions and each word is mapped to q dimensions, then the
model has the total of N × p + M × q parameters (ex-
cluding the softmax parameters). Even though the number
of parameters can be large when N is large, the updates
during training are typically sparse and thus efficient.

Figure 2. A framework for learning paragraph vector. This frame-
work is similar to the framework presented in Figure 1; the only
change is the additional paragraph token that is mapped to a vec-
tor via matrix D. In this model, the concatenation or average of
this vector with a context of three words is used to predict the
fourth word. The paragraph vector represents the missing infor-
mation from the current context and can act as a memory of the
topic of the paragraph.

After being trained, the paragraph vectors can be used as
features for the paragraph (e.g., in lieu of or in addition
to bag-of-words). We can feed these features directly to
conventional machine learning techniques such as logistic
regression, support vector machines or K-means.

In summary, the algorithm itself has two key stages: 1)
training to get word vectors W , softmax weights U, b and
paragraph vectors D on already seen paragraphs; and 2)
“the inference stage” to get paragraph vectors D for new
paragraphs (never seen before) by adding more columns
in D and gradient descending on D while holding W,U, b
fixed. We use D to make a prediction about some particular
labels using a standard classifier, e.g., logistic regression.

Distributed Bag-of-words version

Distributed Representations of Sentences and Documents

Advantages of paragraph vectors: An important ad-
vantage of paragraph vectors is that they are learned from
unlabeled data and thus can work well for tasks that do not
have enough labeled data.

Paragraph vectors also address some of the key weaknesses
of bag-of-words models. First, they inherit an important
property of the word vectors: the semantics of the words. In
this space, “powerful” is closer to “strong” than to “Paris.”
The second advantage of the paragraph vectors is that they
take into consideration the word order, at least in a small
context, in the same way that an n-gram model with a large
n would do. This is important, because the n-gram model
preserves a lot of information of the paragraph, including
the word order. That said, our model is perhaps better than
a bag-of-n-grams model because a bag of n-grams model
would create a very high-dimensional representation that
tends to generalize poorly.

2.3. Paragraph Vector without word ordering:
Distributed bag of words

The above method considers the concatenation of the para-
graph vector with the word vectors to predict the next word
in a text window. Another way is to ignore the context
words in the input, but force the model to predict words
randomly sampled from the paragraph in the output. In re-
ality, what this means is that at each iteration of stochastic
gradient descent, we sample a text window, then sample
a random word from the text window and form a classifi-
cation task given the Paragraph Vector. This technique is
shown in Figure 3. We name this version the Distributed
Bag of Words version of Paragraph Vector (PV-DBOW), as
opposed to Distributed Memory version of Paragraph Vec-
tor (PV-DM) in previous section.

Figure 3. Distributed Bag of Words version of paragraph vectors.
In this version, the paragraph vector is trained to predict the words
in a small window.

In addition to being conceptually simple, this model re-
quires to store less data. We only need to store the softmax
weights as opposed to both softmax weights and word vec-
tors in the previous model. This model is also similar to the

Skip-gram model in word vectors (Mikolov et al., 2013c).

In our experiments, each paragraph vector is a combina-
tion of two vectors: one learned by the standard paragraph
vector with distributed memory (PV-DM) and one learned
by the paragraph vector with distributed bag of words (PV-
DBOW). PV-DM alone usually works well for most tasks
(with state-of-art performances), but its combination with
PV-DBOW is usually more consistent across many tasks
that we try and therefore strongly recommended.

3. Experiments
We perform experiments to better understand the behavior
of the paragraph vectors. To achieve this, we benchmark
Paragraph Vector on two text understanding problems that
require fixed-length vector representations of paragraphs:
sentiment analysis and information retrieval.

For sentiment analysis, we use two datasets: Stanford sen-
timent treebank dataset (Socher et al., 2013b) and IMDB
dataset (Maas et al., 2011). Documents in these datasets
differ significantly in lengths: every example in Socher et
al. (Socher et al., 2013b)’s dataset is a single sentence while
every example in Maas et al. (Maas et al., 2011)’s dataset
consists of several sentences.

We also test our method on an information retrieval task,
where the goal is to decide if a document should be re-
trieved given a query.

3.1. Sentiment Analysis with the Stanford Sentiment
Treebank Dataset

Dataset: This dataset was first proposed by (Pang & Lee,
2005) and subsequently extended by (Socher et al., 2013b)
as a benchmark for sentiment analysis. It has 11855 sen-
tences taken from the movie review site Rotten Tomatoes.

The dataset consists of three sets: 8544 sentences for train-
ing, 2210 sentences for test and 1101 sentences for valida-
tion (or development).

Every sentence in the dataset has a label which goes from
very negative to very positive in the scale from 0.0 to 1.0.
The labels are generated by human annotators using Ama-
zon Mechanical Turk.

The dataset comes with detailed labels for sentences,
and subphrases in the same scale. To achieve this,
Socher et al. (Socher et al., 2013b) used the Stanford
Parser (Klein & Manning, 2003) to parse each sentence
to subphrases. The subphrases were then labeled by hu-
man annotators in the same way as the sentences were
labeled. In total, there are 239,232 labeled phrases
in the dataset. The dataset can be downloaded at:
http://nlp.Stanford.edu/sentiment/

At prediction time, the paragraph vectors are inferred by fixing the word vectors and
training the new paragraph vector until convergence.
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Encoder/decoder: Skip-Thought [Kiros et al., 2015]

Given a tuple of sentences (si−1, si , si + 1), the sentence si is encoded and used to
reconstruct si−1 and next sentence si + 1.
Example tuple: (I got back home. I could see the cat on the steps. This was strange.)

Figure 1: The skip-thoughts model. Given a tuple (si−1, si, si+1) of contiguous sentences, with si
the i-th sentence of a book, the sentence si is encoded and tries to reconstruct the previous sentence
si−1 and next sentence si+1. In this example, the input is the sentence triplet I got back home. I
could see the cat on the steps. This was strange. Unattached arrows are connected to the encoder
output. Colors indicate which components share parameters. 〈eos〉 is the end of sentence token.

# of books # of sentences # of words # of unique words mean # of words per sentence
11,038 74,004,228 984,846,357 1,316,420 13

Table 1: Summary statistics of the BookCorpus dataset [9]. We use this corpus to training our
model.

of sentences from a model trained on the BookCorpus dataset. These results show that skip-thought
vectors learn to accurately capture semantics and syntax of the sentences they encode.

We evaluate our vectors in a newly proposed setting: after learning skip-thoughts, freeze the model
and use the encoder as a generic feature extractor for arbitrary tasks. In our experiments we con-
sider 8 tasks: semantic-relatedness, paraphrase detection, image-sentence ranking and 5 standard
classification benchmarks. In these experiments, we extract skip-thought vectors and train linear
models to evaluate the representations directly, without any additional fine-tuning. As it turns out,
skip-thoughts yield generic representations that perform robustly across all tasks considered.

One difficulty that arises with such an experimental setup is being able to construct a large enough
word vocabulary to encode arbitrary sentences. For example, a sentence from a Wikipedia article
might contain nouns that are highly unlikely to appear in our book vocabulary. We solve this problem
by learning a mapping that transfers word representations from one model to another. Using pre-
trained word2vec representations learned with a continuous bag-of-words model [8], we learn a
linear mapping from a word in word2vec space to a word in the encoder’s vocabulary space. The
mapping is learned using all words that are shared between vocabularies. After training, any word
that appears in word2vec can then get a vector in the encoder word embedding space.

2 Approach

2.1 Inducing skip-thought vectors

We treat skip-thoughts in the framework of encoder-decoder models 1. That is, an encoder maps
words to a sentence vector and a decoder is used to generate the surrounding sentences. Encoder-
decoder models have gained a lot of traction for neural machine translation. In this setting, an
encoder is used to map e.g. an English sentence into a vector. The decoder then conditions on this
vector to generate a translation for the source English sentence. Several choices of encoder-decoder
pairs have been explored, including ConvNet-RNN [10], RNN-RNN [11] and LSTM-LSTM [12].
The source sentence representation can also dynamically change through the use of an attention
mechanism [13] to take into account only the relevant words for translation at any given time. In our
model, we use an RNN encoder with GRU [14] activations and an RNN decoder with a conditional
GRU. This model combination is nearly identical to the RNN encoder-decoder of [11] used in neural
machine translation. GRU has been shown to perform as well as LSTM [2] on sequence modelling
tasks [14] while being conceptually simpler. GRU units have only 2 gates and do not require the use
of a cell. While we use RNNs for our model, any encoder and decoder can be used so long as we
can backpropagate through it.

Assume we are given a sentence tuple (si−1, si, si+1). Let wt
i denote the t-th word for sentence si

and let xt
i denote its word embedding. We describe the model in three parts: the encoder, decoder

and objective function.

Encoder. Let w1
i , . . . , w

N
i be the words in sentence si where N is the number of words in the

sentence. At each time step, the encoder produces a hidden state ht
i which can be interpreted as the

representation of the sequence w1
i , . . . , w

t
i . The hidden state hN

i thus represents the full sentence.

1A preliminary version of our model was developed in the context of a computer vision application [9].

2
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Siamese LSTM for sentence similarity [Mueller and Thyagarajan, 2016]
The final hidden state of LSTM acts as representation of sentences and is used to
compare them.

ture for face verification developed by Chopra, Hadsell, and
LeCun (2005), which utilizes symmetric ConvNets where
we use LSTMs. Siamese neural networks been proposed
for a number of metric learning tasks (Yih et al. 2011;
Chen and Salman 2011), but to our knowledge, recurrent
connections remain largely unexplored in this context.

Manhattan LSTM Model

The proposed Manhattan LSTM (MaLSTM) model is out-
lined in Figure 1. There are two networks LSTMa and
LSTMb which each process one of the sentences in a given
pair, but we solely focus on siamese architectures with tied
weights such that LSTMa = LSTMb in this work. Neverthe-
less, the general untied version of this model may be more
useful for applications with asymmetric domains such as
information retrieval (where search queries are stylistically
distinct from stored documents).

y
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He is smart. A truly wise man.

Figure 1: Our model uses an LSTM to read in word-vectors
representing each input sentence and employs its final hid-
den state as a vector representation for each sentence. Subse-
quently, the similarity between these representations is used
as a predictor of semantic similarity.

The LSTM learns a mapping from the space of vari-
able length sequences of din-dimensional vectors into R

drep

(din = 300, drep = 50 in this work). More concretely,
each sentence (represented as a sequence of word vectors)
x1, . . . , xT , is passed to the LSTM, which updates its hidden
state at each sequence-index via equations (2)-(7). The final
representation of the sentence is encoded by hT ∈ R

drep ,
the last hidden state of the model. For a given pair of sen-
tences, our approach applies a pre-defined similarity func-
tion g : Rdrep × R

drep → R to their LSTM-representations.
Similarities in the representation space are subsequently
used to infer the sentences’ underlying semantic similarity.

Note that unlike typical language modeling RNNs, which
are used to predict the next word given the previous text,
our LSTMs simply function like the encoder of Sutskever,
Vinyals, and Le (2014). Thus, the sole error signal backprop-
agated during training stems from the similarity between
sentence representations h

(a)
Ta

, h
(b)
Tb

, and how this predicted
similarity deviates from the human annotated ground truth
relatedness. We restrict ourselves to the simple similarity
function g(h

(a)
Ta

, h
(b)
Tb

) = exp(−||h(a)
Ta

− h
(b)
Tb

||1) ∈ [0, 1].

This forces the LSTM to entirely capture the semantic dif-
ferences during training, rather than supplementing the RNN
with a more complex learner that can help resolve shortcom-
ings in the learned representations as done by Kiros et al.
(2015) and Tai, Socher, and Manning (2015).

As Chopra, Hadsell, and LeCun (2005) point out, using a
�2 rather than �1 norm in the similarity function can lead to
undesirable plateaus in the overall objective function. This
is because during early stages of training, a �2-based model
is unable to correct errors where it erroneously believes se-
mantically different sentences to be nearly identical due to
vanishing gradients of the Euclidean distance. Empirically,
our results are fairly stable across various types of simple
similarity function, but we find that g utilizing the Manhat-
tan distance slightly outperforms other reasonable alterna-
tives such as cosine similarity (used in Yih et al. 2011).

Semantic relatedness scoring
The SICK data contains 9927 sentence pairs with a
5,000/4,927 training/test split (Marelli et al. 2014). Each pair
is annotated with a relatedness label ∈ [1, 5] corresponding
to the average relatedness judged by 10 different individu-
als. Although their skip-thoughts RNN is trained on a vast
corpus for two weeks, Kiros et al. (2015) point out that it is
unable to distinguish between many of the test-set sentences
shown in Table 1, highlighting the difficulty of this task.

Sentence pair G S M

A little girl is looking at a woman in costume.
A young girl is looking at a woman in
costume. 4.7 4.5 4.8
A person is performing tricks on a motorcycle.
The performer is tricking a person on a
motorcycle. 2.6 4.4 2.9
Someone is pouring ingredients into a pot.
A man is removing vegetables from a pot. 2.4 3.6 2.5
Nobody is pouring ingredients into a pot.
Someone is pouring ingredients into a pot. 3.5 4.2 3.7

Table 1: Example sentence pairs from the SICK test data. G
denotes ground truth relatedness ∈ [1, 5], S = skip-thought
predictions, and M = MaLSTM predictions.

To enable our model to generalize beyond the limited vo-
cabulary present in the SICK training set, we provide the
LSTM with inputs that reflect relationships between words
beyond what can be inferred from the small number of train-
ing sentences. LSTMs typically require large datasets to
achieve good generalization due to their vast numbers of pa-
rameters, and we thus augment our dataset with numerous
additional training examples, a common practice in SemEval
systems (Marelli et al. 2014) as well as high-performing
neural networks. Like many top performing semantic simi-
larity systems, our LSTM takes as input word-vectors which
have been pre-trained on an external corpus. We use the
300-dimensional word2vec embeddings1 which Mikolov et
al. (2013) demonstrate can capture intricate inter-word rela-
tionships such as vec(king) − vec(man) + vec(woman) ≈

1Publicly available at: code.google.com/p/word2vec
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Siamese LSTM [Mueller and Thyagarajan, 2016]
t-SNE representation of the SICK dataset

Ranking by Dependency Tree-LSTM Model Tree M

a woman is slicing potatoes
a woman is cutting potatoes 4.82 4.87
potatoes are being sliced by a woman 4.70 4.38
tofu is being sliced by a woman 4.39 3.51
a boy is waving at some young runners from
the ocean
a group of men is playing with a ball on the
beach

3.79 3.13

a young boy wearing a red swimsuit is jumping
out of a blue kiddies pool

3.37 3.48

the man is tossing a kid into the swimming pool
that is near the ocean

3.19 2.26

two men are playing guitar
the man is singing and playing the guitar 4.08 3.53
the man is opening the guitar for donations and
plays with the case

4.01 2.30

two men are dancing and singing in front of a
crowd

4.00 2.33

Table 3: Most similar sentences (from 1000-sentence sub-
sample) in the SICK test data according to the Tree-LSTM.
Tree / M denote relatedness (with the sentence preceding
each group) predicted by the Tree-LSTM / MaLSTM.

Sentence representations

We now investigate the geometry of the sentence
representation-space learned by the MaLSTM network. As
the �1 metric is the sum of element-wise differences, we hy-
pothesize that by using specific hidden units (i.e. dimensions
of the sentence representation) to encode particular charac-
teristics of a sentence, the trained MaLSTM infers seman-
tic similarity between sentences by simply aggregating their
differences in various characteristics.

Some examples supporting this idea are shown in Fig-
ure 2, which depicts the values that particular sentences take
along specific dimensions of hT . It is evident that the hidden
unit shown at the top has learned to detect negation, separat-
ing sentences containing words like “no” or “not” from the
rest, regardless of the other content in the text. The hidden
unit in the middle plot is particularly sensitive to catego-
rization of the direct objects, separating sentences describ-
ing actions on balls, grass, cosmetics, and vegetables. The
hidden unit depicted at the bottom of Figure 2 clearly sep-
arates sentences based on their subject, imposing an inter-
esting ordering that reflects broader similarity between the
subject categories: cats, general animals, dogs, boys, gen-
eral people (someone), and men. Unlike the ConvNet of He,
Gimpel, and Lin which measures similarity explicitly across
multiple scales and locations in the sentence, the delineation
of these underlying characteristics emerges naturally in the
MaLSTM representations, which are guided solely by the �1
metric and overall semantic similarity labels.

Next, we shift our attention from local characteristics of
different hidden units toward the global geometry of the sen-
tence representation space. Due to our training criterion, this
space is naturally endowed with the �1 metric and avoids
being highly warped. While analysis of neural network rep-
resentations typically requires nonlinear dimensionality re-

Figure 2: MaLSTM representations of test set sentences de-
picted along three different dimensions of hT (indices 1, 2,
and 6). Each number above the axis corresponds to a sen-
tence representation and its location represents the value this
particular hidden unit assigns to the sentence (shown below).

duction like t-SNE (van der Maaten and Hinton 2008), we
can simply use principal components analysis (PCA) for in-
formative visualization of the MaLSTM representations due
to their simple structure.

Figure 3: MaLSTM representations for all sentences from
the SICK test set, projected onto two principal components.
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Sentence matching: Architecture 1 [Hu et al., 2014]

3 Convolutional Matching Models
Based on the discussion in Section 2, we propose two related convolutional architectures, namely
ARC-I and ARC-II), for matching two sentences.

3.1 Architecture-I (ARC-I)
Architecture-I (ARC-I), as illustrated in Figure 3, takes a conventional approach: It first finds
the representation of each sentence, and then compares the representation for the two sentences
with a multi-layer perceptron (MLP) [3]. It is essentially the Siamese architecture introduced
in [2, 11], which has been applied to different tasks as a nonlinear similarity function [23]. Al-
though ARC-I enjoys the flexibility brought by the convolutional sentence model, it suffers from a
drawback inherited from the Siamese architecture: it defers the interaction between two sentences

Figure 3: Architecture-I for matching two sentences.

(in the final MLP) to until their indi-
vidual representation matures (in the
convolution model), therefore runs at
the risk of losing details (e.g., a c-
ity name) important for the match-
ing task in representing the sen-
tences. In other words, in the forward
phase (prediction), the representation
of each sentence is formed without
knowledge of each other. This can-
not be adequately circumvented in
backward phase (learning), when the
convolutional model learns to extrac-
t structures informative for matching
on a population level.

3.2 Architecture-II (ARC-II)
In view of the drawback of Architecture-I, we propose Architecture-II (ARC-II) that is built directly
on the interaction space between two sentences. It has the desirable property of letting two sentences
meet before their own high-level representations mature, while still retaining the space for the indi-
vidual development of abstraction of each sentence. Basically, in Layer-1, we take sliding windows
on both sentences, and model all the possible combinations of them through “one-dimensional” (1D)
convolutions. For segment i on SX and segment j on SY , we have the feature map

z
(1,f)
i,j

def
= z

(1,f)
i,j (x,y) = g(ẑ

(0)
i,j ) · σ(w(`,f)ẑ

(0)
i,j + b(`,f)), (3)

where ẑ
(0)
i,j ∈ R2k1De simply concatenates the vectors for sentence segments for SX and SY :

ẑ
(0)
i,j = [x>i:i+k1−1, y>j:j+k1−1]>.

Clearly the 1D convolution preserves the location information about both segments. After that in
Layer-2, it performs a 2D max-pooling in non-overlapping 2× 2 windows (illustrated in Figure 5)

z
(2,f)
i,j = max({z(2,f)2i−1,2j−1, z

(2,f)
2i−1,2j , z

(2,f)
2i,2j−1, z

(2,f)
2i,2j }). (4)

In Layer-3, we perform a 2D convolution on k3 × k3 windows of output from Layer-2:

z
(3,f)
i,j = g(ẑ

(2)
i,j ) · σ(W(3,f)ẑ

(2)
i,j + b(3,f)). (5)

This could go on for more layers of 2D convolution and 2D max-pooling, analogous to that of
convolutional architecture for image input [11].

The 2D-Convolution After the first convolution, we obtain a low level representation of the inter-
action between the two sentences, and from then we obtain a high level representation z

(`)
i,j which

encodes the information from both sentences. The general two-dimensional convolution is formu-
lated as

z
(`)
i,j = g(ẑ

(`−1)
i,j ) · σ(W(`)ẑ

(`−1)
i,j + b(`,f)), ` = 3, 5, · · · (6)

where ẑ
(`−1)
i,j concatenates the corresponding vectors from its 2D receptive field in Layer-`−1. This

pooling has different mechanism as in the 1D case, for it selects not only among compositions on
different segments but also among different local matchings. This pooling strategy resembles the
dynamic pooling in [19] in a similarity learning context, but with two distinctions: 1) it happens on
a fixed architecture and 2) it has much richer structure than just similarity.

4
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Sentence matching: Architecture 2 [Hu et al., 2014]

Figure 4: Architecture-II (ARC-II) of convolutional matching model

3.3 Some Analysis on ARC-II

Figure 5: Order preserving in 2D-pooling.

Order Preservation Both the convolution
and pooling operation in Architecture-II have
this order preserving property. Generally, z(`)i,j
contains information about the words in SX

before those in z
(`)
i+1,j , although they may be

generated with slightly different segments in
SY , due to the 2D pooling (illustrated in Fig-
ure 5). The orders is however retained in a
“conditional” sense. Our experiments show that
when ARC-II is trained on the (SX , SY , S̃Y )

triples where S̃Y randomly shuffles the word-
s in SY , it consistently gains some ability of
finding the correct SY in the usual contrastive
negative sampling setting, which however does
not happen with ARC-I.

Model Generality It is not hard to show that ARC-II actually subsumes ARC-I as a special case.
Indeed, in ARC-II if we choose (by turning off some parameters in W(`,·)) to keep the representa-
tions of the two sentences separated until the final MLP, ARC-II can actually act fully like ARC-I,
as illustrated in Figure 6. More specifically, if we let the feature maps in the first convolution layer
to be either devoted to SX or devoted to SY (instead of taking both as in general case), the output
of each segment-pair is naturally divided into two corresponding groups. As a result, the output for
each filter f , denoted z

(1,f)
1:n,1:n (n is the number of sliding windows), will be of rank-one, possessing

essentially the same information as the result of the first convolution layer in ARC-I. Clearly the 2D
pooling that follows will reduce to 1D pooling, with this separateness preserved. If we further limit
the parameters in the second convolution units (more specifically w(2,f)) to those for SX and SY ,
we can ensure the individual development of different levels of abstraction on each side, and fully
recover the functionality of ARC-I.

Figure 6: ARC-I as a special case of ARC-II. Better viewed in color.

5
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Pros and cons

Pros:
I expressive
I seems to work on its own

Cons:
I sensitive to dozens of parameters;
I computationally expensive;
I lack of syntactic finesse, unless cheating;
I not clear that it’s really not compositional, as long as the tokenized words are fed

one by one, and especially if word embeddings are used;
I since it is a black box, hard to understand how to improve them.
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Tree-LSTM: LSTM generalized to tree-structured network topologies
[Tai et al., 2015]
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Abstract

Because of their superior ability to pre-
serve sequence information over time,
Long Short-Term Memory (LSTM) net-
works, a type of recurrent neural net-
work with a more complex computational
unit, have obtained strong results on a va-
riety of sequence modeling tasks. The
only underlying LSTM structure that has
been explored so far is a linear chain.
However, natural language exhibits syn-
tactic properties that would naturally com-
bine words to phrases. We introduce the
Tree-LSTM, a generalization of LSTMs to
tree-structured network topologies. Tree-
LSTMs outperform all existing systems
and strong LSTM baselines on two tasks:
predicting the semantic relatedness of two
sentences (SemEval 2014, Task 1) and
sentiment classification (Stanford Senti-
ment Treebank).

1 Introduction

Most models for distributed representations of
phrases and sentences—that is, models where real-
valued vectors are used to represent meaning—fall
into one of three classes: bag-of-words models,
sequence models, and tree-structured models. In
bag-of-words models, phrase and sentence repre-
sentations are independent of word order; for ex-
ample, they can be generated by averaging con-
stituent word representations (Landauer and Du-
mais, 1997; Foltz et al., 1998). In contrast, se-
quence models construct sentence representations
as an order-sensitive function of the sequence of
tokens (Elman, 1990; Mikolov, 2012). Lastly,
tree-structured models compose each phrase and
sentence representation from its constituent sub-
phrases according to a given syntactic structure
over the sentence (Goller and Kuchler, 1996;
Socher et al., 2011).

x1 x2 x3 x4

y1 y2 y3 y4

x1

x2

x4 x5 x6

y1

y2 y3

y4 y6

Figure 1: Top: A chain-structured LSTM net-
work. Bottom: A tree-structured LSTM network
with arbitrary branching factor.

Order-insensitive models are insufficient to
fully capture the semantics of natural language
due to their inability to account for differences in
meaning as a result of differences in word order
or syntactic structure (e.g., “cats climb trees” vs.
“trees climb cats”). We therefore turn to order-
sensitive sequential or tree-structured models. In
particular, tree-structured models are a linguisti-
cally attractive option due to their relation to syn-
tactic interpretations of sentence structure. A nat-
ural question, then, is the following: to what ex-
tent (if at all) can we do better with tree-structured
models as opposed to sequential models for sen-
tence representation? In this paper, we work to-
wards addressing this question by directly com-
paring a type of sequential model that has recently
been used to achieve state-of-the-art results in sev-
eral NLP tasks against its tree-structured general-
ization.

Due to their capability for processing arbitrary-
length sequences, recurrent neural networks
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Tree-LSTM [Tai et al., 2015]

I gating vectors and memory cell updates can depend on several child units;
I there is a forget gate for each child.

can learn to represent information over multiple
time scales.

2.2 Variants

Two commonly-used variants of the basic LSTM
architecture are the Bidirectional LSTM and the
Multilayer LSTM (also known as the stacked or
deep LSTM).

Bidirectional LSTM. A Bidirectional LSTM
(Graves et al., 2013) consists of two LSTMs that
are run in parallel: one on the input sequence and
the other on the reverse of the input sequence. At
each time step, the hidden state of the Bidirec-
tional LSTM is the concatenation of the forward
and backward hidden states. This setup allows the
hidden state to capture both past and future infor-
mation.

Multilayer LSTM. In Multilayer LSTM archi-
tectures, the hidden state of an LSTM unit in layer
` is used as input to the LSTM unit in layer `+1 in
the same time step (Graves et al., 2013; Sutskever
et al., 2014; Zaremba and Sutskever, 2014). Here,
the idea is to let the higher layers capture longer-
term dependencies of the input sequence.

These two variants can be combined as a Multi-
layer Bidirectional LSTM (Graves et al., 2013).

3 Tree-Structured LSTMs

A limitation of the LSTM architectures described
in the previous section is that they only allow for
strictly sequential information propagation. Here,
we propose two natural extensions to the basic
LSTM architecture: the Child-Sum Tree-LSTM
and the N-ary Tree-LSTM. Both variants allow for
richer network topologies where each LSTM unit
is able to incorporate information from multiple
child units.

As in standard LSTM units, each Tree-LSTM
unit (indexed by j) contains input and output
gates ij and oj , a memory cell cj and hidden
state hj . The difference between the standard
LSTM unit and Tree-LSTM units is that gating
vectors and memory cell updates are dependent
on the states of possibly many child units. Ad-
ditionally, instead of a single forget gate, the Tree-
LSTM unit contains one forget gate fjk for each
child k. This allows the Tree-LSTM unit to se-
lectively incorporate information from each child.
For example, a Tree-LSTM model can learn to em-
phasize semantic heads in a semantic relatedness

h1c1u1x1

c3

c2

h3

h2

f2

f3

i1 o1

Figure 2: Composing the memory cell c1 and hid-
den state h1 of a Tree-LSTM unit with two chil-
dren (subscripts 2 and 3). Labeled edges cor-
respond to gating by the indicated gating vector,
with dependencies omitted for compactness.

task, or it can learn to preserve the representation
of sentiment-rich children for sentiment classifica-
tion.

As with the standard LSTM, each Tree-LSTM
unit takes an input vector xj . In our applications,
each xj is a vector representation of a word in a
sentence. The input word at each node depends
on the tree structure used for the network. For in-
stance, in a Tree-LSTM over a dependency tree,
each node in the tree takes the vector correspond-
ing to the head word as input, whereas in a Tree-
LSTM over a constituency tree, the leaf nodes take
the corresponding word vectors as input.

3.1 Child-Sum Tree-LSTMs
Given a tree, let C(j) denote the set of children
of node j. The Child-Sum Tree-LSTM transition
equations are the following:

h̃j =
∑

k∈C(j)

hk, (2)

ij = σ
(
W (i)xj + U (i)h̃j + b(i)

)
, (3)

fjk = σ
(
W (f)xj + U (f)hk + b(f)

)
, (4)

oj = σ
(
W (o)xj + U (o)h̃j + b(o)

)
, (5)

uj = tanh
(
W (u)xj + U (u)h̃j + b(u)

)
, (6)

cj = ij � uj +
∑

k∈C(j)

fjk � ck, (7)

hj = oj � tanh(cj), (8)

where in Eq. 4, k ∈ C(j).
Intuitively, we can interpret each parameter ma-

trix in these equations as encoding correlations be-
tween the component vectors of the Tree-LSTM
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Honourable Mentions

InferSent [Conneau et al., 2017] - BiLSTM with max-pooling trained on NLI task
Sent2Vec [Pagliardini et al., 2018] Averaging embeddings of words and n-grams of

words in a sentence.
Quick Thoughts [Logeswaran and Lee, 2018] - Simplification of Skip Though:

classifying whether candidate sentences belongs to adjacent sentences.
a la carte [Khodak et al., 2018] - learn a matrix to predict target words from

context words and use it to predict representations for rare targets or
n-grams

Universal Sentence Encoder [Cer et al., 2018] - two models (transformer and FF layers
on top of averaged bi-grams) + multi-task training
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Birds-eye view on NLP models

I High-level structure: classifier, seq-2-seq, Siamese, etc
I Building blocks: LSTM, CNN, self-attention etc
I Training objective: language modeling, labeling, generation etc
I Transfer learning: removing parts, adding parts, gradual freezing while fine-tuning

etc.
I Down-stream task.
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High-level structure

I Classifier (in lack of better word)
I classify whole text
I label every token (POS, NER etc.)

I Siamese networks
I Sequence to sequence models
I Generative adversarial network aka GAN

55 / 95



Building blocks

I embedding layer (more on it later)
I dense
I LSTM cells
I convolutional filters
I [self] attention
I other exotic beasts
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Objectives

I text classification (e.g. sentiment or effect stock prices)
I sequence labeling
I machine translation
I other forms of text generation
I language modeling: predicting missing words

I sequential
I masked
I bag of word / skipgram-like

57 / 95



NLP models through a prism of compositionality, again

I how to select the representation
components for composition?

I how to compose them?
I this is not to say that a given model

as a whole can’t do something which
is not decomposable to composition in
each building blocks
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Let’s look at convnets

what to compose:

”field of view” is limited
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what to compose:
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Addressing this with dilated convolutions

[Kalchbrenner et al., 2016, Strubell et al., 2017]

but now we might miss some important pieces
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Would be nice to pick up just relevant bits
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Alone Come Transformers [Vaswani et al., 2017]

I How to select: self-attention
I How to compose: addition in one head, MLP across heads
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Attention to input
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Multi-head attention
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Multi-head attention
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Concatenate

concat

dense
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But does it actually ”look” at something sensible?

I There’s a study showing that syntax trees can be recovered
[Hewitt and Manning, 2019]

I Also studies showing that this information is not used in GLUE tasks
[Kovaleva et al., 2019]
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Attention pattern types in BERT [Kovaleva et al., 2019]

Typical self-attention classes used for training a neural network. 67 / 95



Ratio of different self-attention patterns in BERT for GLUE tasks
[Kovaleva et al., 2019]

the ratio of potentially useful attention maps varies by task, but in most cases it is less
than half of BERT.
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Differences in fine-tuned and pre-trained BERT self-attention heads
[Kovaleva et al., 2019]

The last two layers change the most in fine-tuning. Ideally, this should reflect the kinds
of linguistic relations important for a given task.
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Fine-tuning can reinforce
non-informative attention
patterns, as in this QNLI
example
[Kovaleva et al., 2019].
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Pre-trained vs fine-tuning [Kovaleva et al., 2019]

Dataset Pre-trained Fine-tuned, initialized with Metric Sizenormal distr. pre-trained

MRPC 0/31.6 81.2/68.3 87.9/82.3 F1/Acc 5.8K
STS-B 33.1 2.9 82.7 Acc 8.6K
SST-2 49.1 80.5 92 Acc 70K
QQP 0/60.9 0/63.2 65.2/78.6 F1/Acc 400K
RTE 52.7 52.7 64.6 Acc 2.7K
QNLI 52.8 49.5 84.4 Acc 130K
MNLI-m 31.7 61.0 78.6 Acc 440K

BERT with completely random self-attention weights still works pretty well on all
tasks, except textual similarity!
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Still trying to figure out what’s going on

Explosion of papers doing different ways of analysis/ probing tasks etc on BERT-like
models. Good survey by [Rogers et al., 2020]
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Modular architectures

architecture components as task components

I motivated by analogies with brain modules;
I intuitively, should help with catastrophic forgetting and domain adaptation.
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Modular architecture

Continuous arrows represent data flow, while dotted arrows represent flow of modules
[Kirsch et al., 2018]

74 / 95



Self-assembling modular network for multi-hop QA

Modular network with a controller (top)
and the dynamically-assembled modular
network (bottom). At every step, the
controller produces a sub-question vector
and predicts a distribution to weigh the
averages of the modules’ outputs.
[Jiang and Bansal, 2019]
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Direction 2: learning separate aspects of the input

I Encoder decomposes the input into
“meaning” and “form” vectors;

I Generator takes those vectors to
produce an output sequence

I Discriminator tries to classify form
based on meaning (> encoder is
penalized to make this hard)

I Motivator tries to classify form based
on form (encoder is penalized to make
this easy)

[Romanov et al., 2019]
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Dissociated meaning and form vectors [Romanov et al., 2019]

Form and meaning embeddings for news (green) and scientific (orange) article
headlines

Decoding Shakespeare from Early Modern English (EME) into contemporary English
(CE)
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Sub-word level compositionality

I pencils = pencil + multiple of
I essentially the sub-word compositionality allows vocabulary to not be fixed
I good fore for rare words
I or languages without spaces
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FastText [Bojanowski et al., 2017]

I one of the first popular subword models
I composition function is defined as f (w) =

∑
g∈Gw

~g , where g is the character
n-gram, and ~g is its corresponding n-gram vector with length N.

I Gw is the set of character n-grams for word w . For example, when n = 3, Gw for
word “bigger” is defined as <bi, big, igg, gge, ger, er>.
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Case of FastText [Bojanowski et al., 2017]

target word

characters or character ngrams

char 1 char 2 char 3 char 4 char 5

lookup table (character vectors)

lookup table

(word vectors )

hybrid training schema

(optional)sum

word 3word 2word 1

contextual word

sum

characters and character ngrams belonging to a word
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Neural net as compositional function [Li et al., 2018]

word 3word 2word 1

contextual word

flatten+fully 

connected layer

max pooling

1D convolution

char 1 char 2 char 3 char 4 char 5

target word

characters or character ngrams

lookup table (character vectors)

lookup table

(word vectors )

hybrid training schema

(optional)sum

char 1 char 2 char 3 char 4 char 5

word 3word 2word 1

contextual word

characters or character ngrams

lookup table

(word vectors )

hybrid training schema

(optional)sum

target word

Bi-direction

LSTM

sum

lookup table (character vectors)
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Neural net as compositional function

-ment re- -ize -ist -less -y in- un- -ion -al -ly -ful -ic -ity -able -ous -ness -er

(a) Skip-Gram (b) FastTextsubword (c) CNNsubword (d) RNNsubword

t-SNE projection of representations

I performing on par/better on a range of morphological tasks even when train on
char-unigrams

I while taking order of magnitude smaller memory footprint
82 / 95



Subcharacter composition

I Subword embeddings provide building blocks for rare vocabulary;
I What about logographic languages?
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Kanji decomposition

Original sentence: 彼は数学の天才だが、パソコンには劣る。

Translation: 
He is a genius at math, but will lose to a computer.

Shallow decomposition: 
(彳皮 )彼は (娄攵 )数 (�冖子 )学の
(一大 )天 (才 )才だが、パソコンには (少力 )劣る。

for language modelling: [Nguyen et al., 2017]
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Subcharacter embeddings in Japanese [Karpinska et al., 2018]
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Are the bushus worth it? [Karpinska et al., 2018]

I Some improvement over vanilla skip-gram for kanji-rich newspaper domains on
tasks involving single-character words;

I A new Japanese analogy dataset and improved Japanese similarity dataset
(http://vecto.space/projects/).
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Shared semantic space for kanji, kana and bushu

Example bushu: closest single kanji (upper row) and multiple kanji/katakana (lower
row) for SG+kanji+bushu model [Karpinska et al., 2018].
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Recent sub-word level approaches

Byte Pair encoding [Sennrich et al., 2016]: start from a vocabulary of individual
bytes/chars; merge together most frequent pairs; repeat until vocabulary
size limit is reached. Rooted in

Wordpiece encoding [Kudo, 2018]: almost identical to BPE. merges the bigram that,
when merged, would increase the likelihood of a unigram language model
trained on the training data.

I The overall idea is to have common words in once peace, and decompose rare
words into whatever pieces available.
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Recent sub-word level approaches

original:

hi, how do you do nonetkn?

BertWP:

'hi', ',', 'how', 'do', 'you', 'do', 'none', '##t', '##k', '##n', '?'

BERT-like models
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Recap: background

I Compositionality - intuitive idea, but lots of theoretical issues
I tension between compositionality and contextuality

I And don’t go bothering him – he’s never really re-covered from Fanny’s death.
[COCA]

I The re-covered books were three times more likely to be checked out than those
with plain cloth covers. [COCA]

I Directly relates to problems which are hard to current SOTA models
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Recap: compositionality methods

I macro level
I black box model with some sort of bottlneck

I micro level
I simple algebraic methods
I syntax-aware methods
I building blocks od DNN
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Recap: compositionality at different levels

I distributional representations of phrases, sentences, paragraphs and texts
I subword-level embeddings
I character and subcharacter embeddings

I identifying meaning components: interpretable dimensions and controllable
meaning shifts

92 / 95



Challenges for compositionality

I It’s still not clear what a representation of a complex unit is even supposed to be
I Distributional representations and composition functions for function words.
I Informative evaluation metrics
I More error analysis
I Understanding based on both compositionality and contextuality
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Special thanks to collaborators:

Anna Rogers, Bofang Li, Marzena Karpinska, Anna Rumshisky, Amir Bakarov,
Roman Suvorov, Shashwath Hosur Ananthakrishna
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Thank you for your attention! / Questions time

Some of out resouces: � https://vecto.space

me: � blackbird.pw � bkbrd � undertherain

� p.s.: observe reasonable hygienic measures
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