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Abstract
The transformer has become a central model for natural language processing tasks
ranging from translation to classification to representation learning. Its success
demonstrates the effectiveness of stacked attention as a replacement for recurrence
for many tasks. Attention is broadly interpreted as selectively attending to different parts on an input. So, in theory, attention offers more insights into the model’s
internal decisions; however, in practice, when stacked, it quickly becomes nearly
as fully-connected, making it hard to disentangle final decision dependencies.
In this work, we propose an alternative transformer architecture, discrete transformer, with the goal of improving model interpretability. We use discrete latentvariable attention to ensure that decision steps only depend on a limited context.
We separate out attention decisions from representation modeling by using a separate stream for each.
Empirically, on both classification and translation tasks, this approach maintains similar levels of performance on several datasets as the standard transformer,
while obtaining quantitatively better attention interpretability and separating out
syntactic features in the learned representations.
Finally, our two-stream formulation can be used to transfer knowledge in a
multiview arithmetic evaluation task.
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1 | Introduction
The transformer has become a central model for natural language processing.
State-of-the-art models in a wide range of sequence modeling tasks are built upon
the transformer architecture. These include language modeling using GPT-2 (Radford et al., 2019), machine translation using the original transformer (Vaswani
et al., 2017), question answering using GPT-2 and BERT (Radford et al., 2018;
Devlin et al., 2018), among others.
Unlike recurrent neural networks, the transformer requires no recurrence and
instead uses an attention mechanism to draw global dependencies between input
and output. It builds up feed-forward hidden states by attending to the source
side (inter-attention) and attending to its past predictions (self-attention) with
multiple heads in multiple layers (Vaswani et al., 2017). Compared to recurrent
models, this attention mechanism has the potential to increase decision interpretability through its softmax bottleneck (Bahdanau et al., 2014; Xu et al., 2015;
Chan et al., 2015).
However, all elements in a soft attention mechanism (Luong et al., 2015) have
non-zero weight, and these weights are propagated through a highly non-linear
model. It is unclear whether the magnitude of attention weights inherently reflects
the relative importance of the corresponding inputs (Jain and Wallace, 2019). Having high attention weight for a particular component doesn’t necessarily mean that
the component is more important than the other components with lower weights,
making it challenging to interpret soft attention. This problem is compounded
in the transformer because the multiple stacked attention layers make it harder
to discriminate the contributions of each input to the final decisions made by the
model.
Can we force the transformer to more cleanly separate out its routing decisions? In this work, we consider a variant of the transformer architecture with the
goal of maintaining performance while forcing discrete and segmented decisions.
Specifically, we consider a discrete transformer with two changes to the architecture: (a) attention is a categorical latent-variable (Deng et al., 2018; Shankar
et al., 2018) that makes discrete attention decisions, (b) the routing mechanism is
5

separated into controller and representation modeling streams.
The training mechanism for our model is a slightly modified version of standard
transformer training - we use the Gumbel-Softmax approximation (Jang et al.,
2016; Maddison et al., 2016), which is differentiable, to approximate discrete attention. At inference time, we only use argmax “attention”. Each intermediate
representation is built up based on a subset of the attended lower-layer, guaranteeing that hidden states solely depend on attended elements.
To validate this approach, we perform experiments on classification and translation. For both tasks, we achieve similar performance to standard transformer
models, but much stronger attention interpretability based on the metrics by Jain
and Wallace (2019). Analysis also shows how the controller and model streams
separate out model concerns (the controller is concerned with attention decisions
while the model stream is concerned with composing modeling representations).
In particular, we observe that the controller stream utilized highly-syntactic representation for routing. Finally, we apply our two-stream approach to a multi-view
arithmetic reasoning problem and find that our model can transfer knowledge from
one view to another via shared a representational modeling stream.

1.1

Thesis Structure

This thesis is structured as follows:
Chapter 2 reviews related work.
Chapter 3 provides the background. We provide an overview of attention
mechanism as used in NLP and describe the transformer architecture. An understanding of the transformer architecture allows us to later focus only on the
modifications introduced in the discrete transformer. We then discuss the GumbelSoftmax approximator.
Chapter 4 describes the proposed model architecture. We describe the changes
we make on the original transformer architecture to discretize attention and to
separate the controller and representation modeling streams.
Chapter 5 describes the experimental setup. We provide descriptions of the
data and model settings used for the different tasks.
Chapter 6 provides the experimental results and analysis. We evaluate the
interpretibility of the models in text classification and machine translation. We
then describe the separation of syntactic from semantic properties in the twostreams. We explore this phenomenon further by analysing the results of the
multiview arithmetic evaluation experiment.
Chapter 7 concludes our thesis.
6

2 | Related Work
Attention has been used to imply transparency into a model’s prediction. This
is crucially important in domains such as health care (Caruana et al., 2015; Choi
et al., 2016; Rajkomar et al., 2018) but has also been used in other natural language
sequence modeling tasks (Rush et al., 2015; Deng et al., 2017; Alvarez-Melis and
Jaakkola, 2017). Since the soft attention mechanism assigns non-zero weights
everywhere, to get interpretability, a general assumption is that larger attention
weights correspond to higher importance in making a decision (Unanue et al.,
2018). However, a recent work (Jain and Wallace, 2019) shows that attention
magnitude does not correlate well with gradient-based measures of input elements
importance (Selvaraju et al., 2017).
To get around with the difficulty of credit assignment in soft attention, researchers have proposed to use sparse attentions. Peters et al. (2018) uses sparsemax (Martins and Astudillo, 2016) to induce sparse attention structures in LSTMs.
Lei et al. (2016) model attention as Bernoulli random variables and use an encoder
to produce the final prediction only from the attended input elements such that
the final predictions can be rationalized. To optimize the final objective, Lei et al.
(2016) apply policy gradients. Our work follows the spirit of their work, but we
consider multi-head multi-layer attentions in the transformer, which subjects the
REINFORCE algorithm to large gradient variance. Instead, we use the GumbelSoftmax trick (Jang et al., 2016; Maddison et al., 2016) to get parameterizable
samples and reduce the gradient variance (Kingma and Welling, 2013). Our work
appears most similar to the recent work of adaptively sparse transformers, which
also tries to induce sparsity in transformers (Correia et al., 2019), but a notable
difference is that some layers in adaptively sparse transformers are dense, such
that eventually every output word still depends on all input words. In contrast,
in our case, every layer uses discrete attentions.
Broadly speaking, there are two directions of work towards improving interpretability: model interpretability and prediction interpretability (Alvarez-Melis
and Jaakkola, 2017). Prediction interpretability relies on an external interpreter
that is both interpretable and locally consistent with the black box model being
7

explained, through which we can analyze the causal relationships between inputs
and outputs (Ribeiro et al., 2016). In model interpretability, researchers try to
build models that are commonly regarded as interpretable (Louppe, 2014; Calders
et al., 2013; Doshi-Velez and Kim, 2017; Peters et al., 2018). Our approach aims
to improve model interpretability by modifying the attention mechanism and objective function where we implicitly assume that more sparsity in the attention
structure implies more interpretability, rather than relying on another model to
analyze an existing one. While our approach does not directly lead to prediction
interpretability, we can draw connections between our approach and the prediction
interpretability framework of Alvarez-Melis and Jaakkola (2017) if we consider local permutations of input embeddings: for inputs not being directly or indirectly
attended to at a specific prediction step, the local interpreter does not need to use
them at all; hence there is no causal relationship between these inputs and the
prediction.
The separation between query mechanism and value computation resembles the
two-stream attention mechanism in XLNet (Yang et al., 2019), where a separate
query stream is introduced in addition to the normal content stream to enable
the usage of target position information while avoiding “cheating” to work with
arbitrary generation factorization order. Recently, Russin et al. (2019) used word
embeddings as content vectors, whereas the attention is computed based on the
outputs of an LSTM network. This approach shares a similar goal with ours to
separate syntax and semantics, but the transformer presents its unique challenges
due to the existence of multiple layers and multi-headed attentions and its lack of
recurrence.

8

3 | Background
Attention is a key tool in machine learning for NLP. Bahdanau et al. (2014) first
used attention mechanism in an encoder-decoder model for machine translation.
During decoding, the model uses attention to automatically (soft-)search for parts
of a source sentence that are relevant to predicting a target word. The transformer uses attention mechanisms to draw global dependencies between input and
output without making use of recurrence. In this work, we replace the standard soft attention with discrete attention by modeling the attention as a discrete
categorical random variable. However, training latent variable models exactly is
computationally intractable, and Monte-Carlo estimation using techniques such as
REINFORCE is slow and fraught with variance issues as we cannot backpropagate
through the samples. The Gumbel-Softmax estimator is an efficient gradient estimator that replaces the non-differentiable sample from a categorical distribution
with a differentiable sample from the Gumbel-Softmax distribution (Jang et al.,
2016; Maddison et al., 2016). In the following, I give background on attention,
the transformer, and the Gumbel-Softmax approximator.

3.1

Attention

Attention, as its name suggests, is motivated by human attention to some extent.
When we look at a scene, we expend different levels of attention to different regions
of the scene. We view a particular region in high resolution and everything else
in low resolution. We can shift our focus to different regions and perform the
necessary inference.
Attention mechanisms can also be used to pick up relationships between words
in sentences. For instance, in the sentence “Jambay gave his sister a birthday gift.”,
the word “his” refers to “Jambay,” and having seen “gave” and “birthday” we expect
a word such as “gift” to follow. Therefore, a contextual representation for “his”
would most probably include information about “Jambay.” If we were generating
the sentence word by word, it would make sense for “gift” to be generated after
attending to the words “gave” and “birthday.”
9

Attention is a mechanism where the model makes predictions or infers an
element such as a token in a sentence by selectively attending to different parts of
the input. We take the sum of the input values weighted by a vector of attention
weights and use this weighted average for the prediction. Attention weights are
learned during training.
It is worth noting that although attention can be broadly interpreted as a
vector of importance weights, it is not clear whether the magnitude of attention
weights inherently reflects the relative importance of the corresponding inputs
(Jain and Wallace, 2019).

3.1.1

Mathematical Formulation

In models based on attention, we generate and use three sequences,
>

Q = q0 , q1 , ..., qm , qi ∈ Rdq
>

K = k0 , k1 , ..., kn , ki ∈ Rdk
>

V = v0 , v1 , ..., vn , vi ∈ Rdv
We call these sequences query, key, and value, respectively.
Q, K, V can either be generated from a single input sentence x (self-attention)
or Q can be generated from a target sequence y and K, V from x (inter-attention).
We explain the differences between the two methods in the next sub-section.
In attention, we use the queries Q and keys K to generate attention weights
α and use these weights to combine the values V to generate a new sequence,
>

usually called the context, C = c0 , c1 , ..., cm , ci ∈ Rdv . C is then used for
further downstream tasks such as prediction. The following equations describe
how C is generated:

ct =

n−1
X

αt,i vi

i=0

exp(score(qt , ki ))
αt,i = Pn−1
0
i0 =0 exp(score(qt , ki ))
score(qt , ki ) is a measure of the match between query qt and key ki . There are
many different forms of the score function such as
• General: score(qt , ki ) = qt> W ki where W is learned
• Dot-Product: score(qt , ki ) = qt> ki
• Scaled Dot-Product: score(qt , ki ) =
10

qt> ki
√
n

3.1.2

Inter-attention

Inter-attention is normally used to align two sequences, usually known as the
source sequence x and the target sequence y. For instance, in encoder-decoder1
sequence-to-sequence2 models used for machine translation (Bahdanau et al., 2014;
Luong et al., 2015), the key and value vectors k, q are generated from x after
passing it through an encoder network. The query qt at time t is generated by
passing the target sequence up to and including index t − 1, i.e. y0:t−1 through a
decoder network. The context vector ct obtained after attention is then used for
predicting the next word (at time t) in the translation.

3.1.3

Self-attention

Self-attention is used to make a prediction for one part of a sequence x using other
parts of the same sequence. In this case, all of q, k, v are generated using x. This
type of attention can be used to encode a sequence to draw global information
such as context or to generate sequences by attending to the words generated so
far.

3.2

Transformer

The transformer is a transduction model3 that uses self-attention to compute
representations of its input and output without using recurrent neural networks
or convolution. It has an encoder-decoder structure where it uses stacked selfattention and position-wise4 , fully connected layers for both the encoder and
decoder. We note here that although the original transformer is a sequence to
sequence model used for machine translation, its components have been used independently for different tasks. For instance, the encoder is used for language
understanding and text classification (Devlin et al., 2018) while the decoder is
used for decoder language modeling (Radford et al., 2019).
We describe the transformer model in the following sub-sections.5
1

In an encoder-decoder model, an encoder network encodes an input x into some hidden
representation h. A decoder network uses h to generate output y
2
In a sequence-to-sequence model, the input x and the output y are both sequences.
3
A transduction model transforms an input sequence into another form.
4
Position-wise means it applies the same linear transformation to each element in the sequence
5
I adapted Lilian Weng’s post on the transformer at https://lilianweng.github.io/
lil-log/2020/04/07/the-transformer-family.html along with the original transformer paper by Vaswani et al. (2017) for this overview.
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3.2.1

Attention

The transformer uses scaled dot-product attention. The input consists of queries
and keys of dimension dk , and values of dimension dv . For a query qi and key kj ,
the attention score is given by
√
exp(qi> kj / dk )
√
αi,j = P
>
r∈Si exp(qi kr / dk )
where Si is a collection of key positions for the i-th query to attend to.
In practice, the attention function is computed on set of queries simultaneously. We pack the queries into a matrix Q where the rows are the query vectors
transposed. We similarly create a key matrix K and a value matrix V . The
attention matrix is then computed as
QK >
Attention(Q, K, V ) = softmax( √ )V
dk
where the softmax is over the elements of each row.
Multi-Head Self Attention Rather than only computing the attention once,
the multi-head mechanism linearly projects the queries, keys, and values h times
with different learned linear projections into dk , dk , and dv dimensions respectively.
It then computes the scaled dot-product attention over each of the h subspaces
in parallel, leading to h sets of dv -dimension output values. These outputs are
concatenated and linearly transformed into expected dimensions.

MultiHeadAttention(Q, K, V ) = concat(head1 , . . . , headh )W O
where headi = Attention(QWiQ , KWiK , V WiV )
WiQ ∈ Rdmodel ×dk , WiK ∈ Rdmodel ×dk , WiV ∈ Rdmodel ×dv , and W O ∈ Rdv ×dmodel are
learned matrices.

12

3.2.2

Encoder-Decoder Architecture

Figure 3.1: Transformer model architecture. Source: Figure 1 in Vaswani et al.
(2017)

Encoder The encoder maps an input sequence of tokens x = (x1 , . . . , xT ) into
a sequence of vector representations h = (h1 , . . . , hT ) using a stack of 6 identical
layers as shown in Figure 3.1. The output a layer l − 1 becomes the input of
the layer l. Each of these layers is made up of two sub-layers - a multi-head selfattention layer followed by a position-wise fully connected feed-forward network.
Each sub-layer has a residual connection6 and layer normalization7 .
6

Residual Connections (He et al., 2016) are of the form y = F (x) + x where F (x) is a
non-linear transformation of x.
7
Layer normalization (Ba et al., 2016) normalizes the inputs across the features.
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Decoder The decoder of the transformer uses information from the encoder representation to generate the final output (for instance, translation). Its architecture
is similar to the encoder, but it uses two multi-head attention sub-layers instead of
one. The extra attention sub-layer performs multi-head attention over the output
of the encoder stack. The self-attention sub-layer in the decoder stack is modified
to prevent positions from attending to the future.
Simplified Notation For the sake of notational simplicity, we will use the following to describe the architecture. We elide layernorm, dropout, most residual
connections, and multi-headedness, but they are all included in the final models.
We begin by encoding tokens xi with a position-specific embedding function e
8
to vectors h0i . Each layer of the transformer then produces new vectors under
the following recursion:
(l−1)

Bi ← FFN(hi

) ∀ i ∈ 1, . . . , n

K , V , Q ← (BW (K) , BW (V ) , BW (Q) )
QK T
A ← softmax( √ )
dk
(l)

hi

(l−1)

← hi

+ Ai V

(3.1)

∀ i ∈ 1, . . . , n
Here l is the layer index, FFN is a feed-forward neural network, and W are learned
projection parameters. At the final layer L we can make a prediction utilizing h(L) ,
e.g. a softmax over possible y labels to compute p(y|x).

8

Self attention is permutation invariant. The positional encoding provides order information
to the model. This is done by adding a position-specific vector such as a sinusoidal encoding to
the word embeddings of each token xi

14

3.3

Gumbel Softmax Estimator

The Gumbel-Softmax distribution (Jang et al., 2016; Maddison et al., 2016) is a
continuous distribution over the simplex that provides a continuous approximation
to sampling from the categorical distribution. Given a categorical distribution
(with K categories) defined by log probabilities l, the Gumbel-Softmax generative
process is defined by first sampling Uk ∼ Uniform(0, 1), and then returning a
K-dimensional sample vector s ∈ ∆K−1 where
exp((lk + gk )/τ )
sk = P K
j=1 exp((lj + gj )/τ )

for k = 1, . . . K

where gk = − log(− log(Uk )) is Gumbel noise and τ is a temperature parameter controlling the entropy of the distribution. As τ → 0, samples given by
the Gumbel-Softmax distribution conforms to the same distribution as one-hot
categorical samples.
The Gumbel-Softmax distribution is smooth for τ > 0, and so the sample s
is differentiable with respect to l. We can thus use backpropagation to compute
gradients during training. This procedure is called Gumbel-Softmax Estimator.
At non-zero temperature, the Gumbel-Softmax samples are, however, not identical to samples from the corresponding categorical distribution. The samples are
close to one-hot at low temperatures, but the variance of the gradients is large.
Meanwhile, at higher temperatures, the samples are smooth, but the variance of
the gradients is small. To manage this tradeoff during training, we usually start
at a high temperature and anneal to a low temperature.

15

4 | Proposed Model Architecture
The main processing work of the transformer happens in the feed-forward neural network layers which contain the majority of the non-embedding parameters.
However, for these layers to be effective it is crucial that information from other
tokens be aggregated together. The attention layer serves as the single source of
this routing in the model.
Because attention is central for routing and determines the receptive field 1 of
the transformer, it has been a main source of study for the transformer and related
models. If attention can be understood, then, in theory, the interconnections
between words can be mapped and perhaps even manipulated.
Unfortunately, much of this work has so far produced negative results (Kovaleva et al., 2019; Jawahar et al.). The underlying problem is that while any one
attention layer may target only a small amount of keys, in aggregate repeated applications of multi-headed attention quickly connect every position to every other.
Learned attention acts in a soft way and roughly pools together all elements into
a vector. While this may be usable for high-level analysis, it does not allow us to
truly separate out anything about the model decisions.

4.1

Discrete Attention Transformer

Several recent works (Deng et al., 2018; Shankar et al., 2018) have explored alternatives to soft attention for single-layer attention models. The goal has been
to build models that can replace soft-attention with latent control variables that
select a single position to use.
We apply this approach directly to the transformer. Formally, we modify the
above deterministic Eq 3.1 with a single sampling step:
(l)

hi

(l−1)

← hi

+ Vzil where zil ∼ Categorical(Ai )

∀ i ∈ 1, . . . , T
1

By receptive field, we mean the subset of the input sequence that affects the output
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This change requires marginalization to compute a prediction, i.e. p(y|x) =
z p(y, z|x) since we do not observe z. In a single layer model, this might be a
tractable sum, but for transformer it is combinatorial. Even with single-headed
attention it would require O(T L ) time.
To avoid this issue at training, we use the Gumbel-Softmax estimator. However, when testing, we replace Gumbel-Softmax with the greedy argmax at each
step.
Training in this way requires only minor modifications, but leads to different
attention structure. Figure 4.1 shows an experiment demonstrating the model’s
ability to learn sharper dependencies on a simple short term language modeling
task.

P

Figure 4.1: Synthetic variable distance language modeling experiment showing
aggregate attention of (left) discrete transformer (right) transformer under a sparsity regularizer. (Experimental details in Appendix.)

4.2

Controller / Model Separation

Due to the hard decision in discrete attention, model predictions are made based
on a well-defined pathway from the original words. This is a key property for
model interpretability; however, it also means that internal routing decisions go
through this hard bottleneck when it might be better for the router to have more
contextual information (through soft attention).
We consider an extension that avoids this issue while maintaining the key benefit of discrete transformer. We propose separating out the routing controller from
the core model. This controller can use soft attention for its internal computation,
but only interacts with the full model to make hard routing decisions. Only the
17

model stream representations are used for downstream task.
The architecture for this extension is shown in Figures 4.2. Let the controller
(l)
(l)
representation at timestep i in layer l be gi and the model representation be hi .
The first layer representations are set to the corresponding word embeddings.
Intuitively, in this model, values are computed only by the model network, keys
and queries are computed only by the controller network, and attention is shared.

Figure 4.2: Two-Stream Discrete Transformer architecture. Controller stream
computes the attention distribution which is used to produce next hidden states
while also constructing the model architecture through latent hard attention.
For each attention layer l, the two-streams are updated as follows:
Model Stream
(l−1)

Ci ← FFN(hi
0

Controller Stream

)

(l−1)

Bi ← FFN(gi

) ∀ i ∈ 1, . . . , T

V ← CW (h)

(l)

K , V , Q ← (BW (K) , BW (V ) , BW (Q) )
QK T
A ← softmax( √ )
dk

(l−1)

hi ← hi

+ Vz0l
i

(l−1)

(l)

gi ← gi

where zil ∼ Cat(Ai )

18

+ Ai V ∀ i ∈ 1, . . . , T

Note that the controller stream is completely independent of the model stream
and could even be computed before hand. Furthermore, assuming a fixed controller distribution, the model stream becomes a vanilla feedforward network. In
practice, the two streams distributions can be trained together as a single network.
We evaluate the interpretability and performance of the proposed model in the
following chapters.
Additional benefits of the separation The two-stream architecture was motivated by Russin et al. (2019) that uses a distinct parser and a composition function
to solve a synthetic dataset called ListOps. The parser generates a tree structure
for a sequence while the composition function follows the tree generated by the
parser to produce a sequence representation. The two components are trained
together.
The controller stream in our architecture corresponds to the parser, while the
model stream corresponds to the composition function. This analogy suggests that
in addition to allowing the use of soft attention in the controller stream, the twostream architecture could enable the separation of model concerns between the
streams, in particular utilizing highly-syntactic representation for the controller
stream. The controller stream only gets training signals through the attention
weights A, i.e., from how well it combines the model representations.
The two sentences “Jambay walked to his home” and “Kinley ran to her school”
have the same syntactic structure. In a task such as translation, given a correct attention distribution (same for both sentences), a well-trained model stream should
produce correct outputs that differ only in meaning and not structure (here we
assume that their translations also have the same structure as each other). It
is sufficient for the controller stream to know that the sentences are of the form
“Noun Verb Preposition Possessive_Pronoun Noun”.
It is thus possible that the controller stream picks up syntactic structures
as it learns how to compose the model representations. We indeed observe this
phenomenon in our experiments.
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5 | Experimental Setup

5.1

Tasks

Text Classification Given a sentence x, the goal is to predict a class y. We use
this task to evaluate the performance and interpretability of the model.
Machine Translation Given a sentence x in a source language, the goal is to its
translation in the target language. We use this task to evaluate the performance
and interpretability of the model.
Multiview Arithmetic Evaluation This is formulated as a classification task
where given an arithmetic expression x, the goal is to predict the value y of
the expression. We have two parallel corpora for prefix and infix notations of
arithmetic expressions. We call this multiview since the two different notations
can be thought of as viewing the same underlying expressions in different ways.
This task is used to explore the application of the two-stream architecture in
multiview learning, where we simultaneously train on both views for improved
performance.

5.2

Data

We use several benchmark datasets for text classification and machine translation.
We generate a synthetic dataset for multiview arithmetic evaluation.
Text Classification Following Jain and Wallace (2019), we use the following
binary classification datasets:
Stanford Sentiment Treebank (SST) (Socher et al., 2013). This dataset consists
of 10,662 sentences tagged with sentiment on a scale from 1 (most negative) to 5
(most positive). Neutral (3) sentences are filtered out and the remaining sentences
are made re-classified as positive (4,5) or negative (1,2).
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IMDB Large Movie Reviews Corpus (IMDB) (Maas et al., 2011). This dataset
consists of 50,000 polarized (positive or negative) movie reviews. It is split into
half for training and testing.
20 Newsgroups (Hockey vs Baseball) 1 . The 20 Newsgroups dataset consists of
20,000 newsgroup correspondences, divided into 20 categories with a nearly even
distribution. We use the instances belonging to the baseball and hockey categories.
AG News Corpus (Business vs World) 2 . The AG News Corpus consists of
496,835 news articles from 2000+ sources. We use the articles belonging to world
and business categories.
Machine Translation We conduct experiments on two machine translation
datasets:
IWSLT (Cettolo et al., 2014). This is a standard small-scale English-German
benchmark consisting of around 160000 training examples (pairs of English and
German sentences) and 7000 test examples. The shared source-target vocabulary
is made of about 10000 tokens.
WMT 2014 (Bojar et al., 2017). This is a larger English-German benchmark
consisting of about 4.5 million sentence pairs. Sentences were encoded using bytepair encoding. The shared source-target vocabulary is made of about 35700 tokens.
Multiview Arithmetic Evaluation We adapt the arithmetic reasoning dataset
from Kim et al. (2017) to a multi-view classification setting, where the same math
expression can be expressed in both prefix order and infix order.
For instance, the below is a math expression in infix order:
((4+1)*3)+(2+4)
The same expression can be represented in the prefix order:
(+(*(+41)3)(+24))
We limit the operations to multiplication * and addition +. We also limit the
depth of nesting to 3. The example above has depth 2 nesting.
To keep the number of classes bounded, we restrict the numbers to the set
{0, 1, 2, 3, 4}, and evaluate the expressions modulo 5 such that the above example
evaluates to 1. This creates a 5-class classification problem. We can perform the
modulo operation without breaking the structure of the problem since (A + B)
mod C = A mod C + B mod C and (A * B) mod C = A mod C * B mod C.
We generate 30000 training samples and 3000 test samples with the samples
evenly distributed among the depth levels.
1
2

http://qwone.com/~jason/20Newsgroups/
http://www.di.unipi.it/~gulli/AG_corpus_of_news_articles.html
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5.3

Model Architectures and Settings

We use standard transformer architectures in all experiments. We implement our
models based on Fairseq (Ott et al., 2019).
Text Classification We use the transformer encoder. Each sentence x is prepended
with a special token <cls> and fed through the encoder to obtain h(L) . We use a
(L)
learned linear layer to project h0 to a 5-dimensional space and pass it through
softmax to get a distribution ỹ over the classes. During training, we optimize the
Cross-Entropy loss. At test time, we predict the class by taking argmax over the
final outputs.
We consider two models: Transformer, standard soft-attention transformer
model; and Discrete Transformer: two-stream controller / model separation.
We use dmodel = 64, dff = 128, L = 6, h = 4 (we refer to Vaswani et al. (2017)
for hyperparameter definitions).
The Gumbel temperature is set to 1 throughout this paper.
Machine Translation We use the standard encoder-decoder architecture. Our
Discrete Transformer uses encoder and decoder stacks analogous to those in
Transformer.
For encoder-decoder attention, the controller stream of the encoder provides
0
the keys K and the values V , the encoder’s value stream provides the values V ,
and the decoder’s controller stream provides the queries Q.
We consider three models: Transformer, standard soft-attention transformer model; Single-Stream Discrete Transformer, transformer with discrete attention; and Discrete Transformer: two-stream controller / model
separation.
For WMT, we use the base model with dmodel = 512, dff = 2048, L = 6, h = 8.
For IWSLT, we use dmodel = 512, dff = 1024, L = 6, h = 4 since it is more prone
to overfitting.
Multiview Arithmetic Evaluation Similar to text classification, we use the
transformer encoder followed by a linear projection layer.
We consider two models: Two-Stream Transformer, two-stream controller / model separation with soft attention3 ; and Multiview Two-Stream
3

We use soft attention due to issues with training a discrete attention model with good
accuracy. This experiment is used to demonstrate the advantage of the two-stream architecture
so using soft-attention doesn’t affect the results.
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Transformer, modified Two-Stream Transformer with two controller streams
and a model stream.
A separate Two-Stream Transformer is trained for each of the infix and
prefix views.
The Multiview Two-Stream Transformer is trained on the infix and
prefix views simultaneously. For a give pair of expressions (xinfix , xprefix ), we use a
separate controller stream for each of xinfix and xprefix and share the same model
stream. We make two corresponding predictions ỹinfix and ỹprefix and optimize
for the Cross-Entropy Loss for each. The motivation here is that given the correct expression tree, evaluation is the same for both views. The numbers and
the operations have the same meaning in both. Thus if the controller streams
learn the correct attention decisions, the model stream should perform the same
computations for both views.
We use dmodel = 64, dff = 128, L = 6, h = 4.

5.4

Metrics

Model Performance We evaluate the performances of the models by computing
accuracy for the text classification tasks and BLEU score4 for machine translation.
Model Interpretability To quantify model interpretability, we follow Jain and
Wallace (2019) and use the correlation between attention weights and gradientbased inputs relevance measure, i.e. whether attention corresponds to first-order
impact of words.
∂ ŷ
We measure the importance of the i-th token xi as k ∂h
0 k2 where ŷ is the
i
model’s prediction.
Since transformers have multiple attention layers, we add up all attentions to
get a sequence a1 , · · · , aT . This serves as an approximation for the amount of
attention paid by the model to each of the input tokens when computing ŷ.
For every example in the dataset, we compute the Kendall τ rank correlation
∂ ŷ 0
k . The Kendall τ ranking correlation measures the agreement
between ai and k ∂h
i 2
over two rankings and has a value of 1 when the agreement is perfect.

4

BLEU Score (Papineni et al., 2002) is an automatic machine translation evaluation that
correlates highly with human evaluation. It is the standard metric used to evaluate machine
translation.

23

6 | Results and Analysis

6.1

Text Classification

Figure 6.1 compares the histogram of the correlations of the Transformer and
the Discrete Transformer on 20 News, and Table 6.1 presents the mean/standard
deviation on multiple datasets.
We find that Discrete Transformer exhibits on average higher correlation
than its soft counterpart Transformer, at the cost of slightly worse performance
on some benchmarks.
Jain and Wallace (2019) showed that in soft attention models, the attention
weights (nonzero everywhere) are not very correlated with the actual importance
for the prediction. We observe the same phenomenon in Transformer.
However, Discrete Transformer correlates better - the model attends
more to the relevant features/tokens, which is not very unexpected since in Discrete Transformer, tokens never attended to are not used at all and would
not affect the final prediction. This is unlike soft attention where every token
is assigned a nonzero weight, and the model can rely on a token with a small
attention weight heavily.

Figure 6.1: Histogram of attention correlations for text classification on AG News.
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Dataset

Transformer

Disc Transf

SST
IMDB
20 News
AG News

0.69±0.11
0.64±0.05
0.67±0.11
0.66±0.06

0.71±0.09
0.79±0.03
0.72±0.07
0.84±0.05

(79.6)
(87.8)
(88.2)
(96.3)

(76.1)
(83.2)
(89.3)
(94.3)

Table 6.1: Text Classification Results. Mean and standard deviation of correlations on text classification datasets. The original task accuracy (%) is shown in
parentheses.

6.2

Machine Translation

Table 6.2 shows the BLEU scores of the models along with attention correlations. Our baseline soft transformer performs identically to the published results.
Single-Stream Discrete Transformer performs slightly worse than the soft
counterpart Transformer by 0.7 BLEU points on WMT. On the other hand,
our Discrete Transformer achieves similar performance as the soft baseline,
showing that the soft controller stream helps alleviate model expressivity issues.
The results are reversed on the much smaller IWSLT dataset, with the singlestream model performing better and nearing the results of the soft model, possibly
due to overfitting in the two-stream model.
The correlation results further confirm that Discrete Transformer achieves
better correlations than Transformer at a similar performance. Single-Stream
Discrete Transformer also show higher correlations, but at a slightly worse
performance.
Model
Vaswani2017 (base)
Transformer
S S Discrete Transformer
Discrete Transformer

WMT

IWSLT

27.3

-

27.2 (0.68±0.07)
26.1 (0.75±0.06)
26.5(0.78±0.05)

28.7
28.5
28.0

Table 6.2: WMT English-German (En-De) and IWSLT14 Results. For WMT
mean and standard deviation of correlations are shown in parentheses.

Stream Analysis We observe that the model learns to separate out syntactic
from semantic properties in its two streams.
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Model

Nearest Neighbors

Transformer

SS Discrete Transformer

Discrete Transformer controller

Discrete Transformer model

somewhat, slight, little, easily, differently, modest, bit, easy, briefly,
rather
somewhat, slight, briefly, little,
bit, easily, minor, minimal, barely,
partly
somewhat, twice, little, substantially, constantly, almost, considerably, partly, easily, largely
somewhat, slight, minor, mild, light,
little, easily, growth, significantly,
Light

Table 6.3: Nearest neighbors of word “slightly” using internal representations from
different modules. Colors mark POS tags (same legends as Figure 6.2)
For example, Figure 6.2 shows the t-SNE projections for word embeddings.
Embeddings from the controller stream cluster by part-of-speech (POS) tags while
those from the model stream do not. The qualitative nearest neighbors example
in Table 6.3 further confirms this.
To quantify the difference in learned representations, we consider utilizing the
learned representations. We experiment with using different source encoders from
the WMT model as pre-trained representations for performing a syntactic chunking task from the CoNLL-2000 dataset. Syntactic chunking consists of dividing
a text into syntactically correlated parts of words. For this task, we use the pretrained encoder to obtain some vector representation of the source sentence, which
is then passed through a linear layer to project it to the space of chunk types. The
encoder is frozen, and only the linear projection layer is trained. For words broken
into multiple tokens using the BPE tokenization, we use the vectors from the first
token.
Table 6.4 shows the results from different models. The baseline result was
obtained by selecting the chunk tag, which was most frequently associated with the
current part-of-speech tag. Both discrete models outperform a transformer,
and but the controller stream of the Discrete Transformer does the best.
Interestingly the model stream, which does not have to determine word relations,
performs worse than even the baseline model.
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(a) Transformer

(b) Discrete Transformer Model

(c) Discrete Transformer Controller

Figure 6.2: t-SNE embedding plot colored by POS tag on the WMT train corpus.
Best viewed in color.
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Model

accuracy

precision

recall

F1

Baseline
Transformer
SS Disc Transformer
D Transformer controller
D Transformer model

89.83
90.70
91.80
83.17

72.58
82.25
83.78
85.39
73.07

82.14
87.58
88.45
89.51
81.28

77.07
84.83
86.05
87.40
76.96

Table 6.4: CoNLL-2000 Chunking. All models are trained with a linear projection
over the final encoder layer of fixed WMT model.
Model

all depth

depth 1

depth 2

depth 3

TS Transformer prefix
TS Transformer infix
Multiview TS Transf prefix
Multiview TS Transf infix

45.9
66.0
65.3
68.3

0.75
97.6
97.9
97.9

33.6
63.7
62.6
66.9

29.2
36.8
35.5
40.1

Table 6.5: Accuracy on multiview arithmetic dataset broken down by depth

6.3

Multiview Arithmetic Evaluation

Table 6.5 shows the accuracy of the models for the two views. Multiview TwoStream Transformer trained on both prefix and infix views gets a comparable
performance on infix order, but it performs much better on prefix ordering compared to Two-Stream Transformer, showing its ability to transfer knowledge
learned from infix view to prefix view. We speculate that this could be because the
model stream, which is learned well through the infix view, guides the controller
stream for prefix view. Moreover, the use of the same model stream makes it more
robust as it needs to deal with two different syntactic structures.
This suggests that the two-stream architecture can be used for multiview learning by simultaneously learning multiple views through a shared stream.
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7 | Conclusion
In this work, we present discrete transformer, a modification to the transformer
with discrete attention, and separate routing. Through experiments on several
benchmarks datasets for text classification and machine translations, we show
that the model is able to maintain similar levels of performance as the standard transformer. Our analysis using correlations between model attention and
gradient-based feature importance shows that the model makes more interpretable
decisions.
Also, we discover that the two-stream architecture enables the model to separate out syntactic properties. We further explore the benefits of this separation
by using the two-stream architecture in a type of multiview learning. We show
that training on two views of arithmetic expressions simultaneously with a shared
controller stream improves model performance.

7.1

Future Work

This style of model opens up the potential for many possible experiments in NLP.
Because the model makes hard intermediary decisions, the semantic model can
be shown to only depend on a subset of the data. This property could be used to
check for or remove bias from a model, for instance, to ensure that the production
of gendered pronoun does not depend on spurious context.
Similarly, because the dependencies (attentions) are predicted separately, additional priors or regularization could be used to enforce specific syntactic structures.
We describe such an experiment in the Appendix. Using a sparsity regularizer,
our model recovers the true dependencies in a synthetic language modeling dataset
without direct supervision (using the receptive fields): we get precision of 0.959
and recall of 0.92. However, in soft attention models, since attention weights in
every layer are nonzero everywhere, every final prediction depends on all previous
words.
There has been significant recent work on the separation of syntax and semantics (Chen et al., 2019; John et al., 2018; Russin et al., 2019). Our architecture and
29

results provide a potential avenue for similar work in transformer-based models.
Finally, there is room for the application of multiview learning on real-world
tasks and datasets.
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Appendix
Dependency Learning On A Synthetic Language modeling
Task
To test whether the sparse attentions learned by our approach correspond to true
underlying dependencies, we adapt a synthetic stack language dataset from Strobelt et al. (2017) where we know the true dependencies.
Data The vocabulary of the language consists of {0, 1, 2, 3, 4, (, )}, and the language must match parentheses. Numbers are emitted randomly, but must match
the nesting level (the number of open left parentheses). Nesting is limited to depth
4. We follow this grammar and created a training set of 50k sequences, validation/test sets of 5k/5k sequences, with sequence length being 30. We train models
to do language modeling on this dataset, where the true dependency for a given
target word is the span between the last number and the previous word.
Sparsity Regularization Our goal on this dataset is to recover the true dependencies for any given word in an unsupervised way. To get a trade-off between
precision and recall, we apply a sparsity regularizer. Here we consider a way to
S
penalize the size of the receptive field at the final layer | i r(i, L)|. We want a
S
differentiable version of | i r(i, L)|. Let’s use slij to denote whether the representation of token i relies on embedding of token j at layer l, i.e. j ∈ r(i, l), then we
have the recursion that
!
X
l l−1
zik
skj , 1
slij = min sl−1
ij +
k

Where the internal representation of token i depends on embedding of token
l−1
j if sij
= 1 (due to residual connections, the dependencies of a layer below are
also the current dependencies) or if i attends to k at layer l − 1 and sl−1
kj = 1 (the
dependencies of the token attended to also become the current dependencies).
Based on this recursion (and initial conditions that s0ij = 1(i = j)), the final layer
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P

S
P
L
receptive field size can be calculated as | i r(i, L)| = i min
s
,
1
. We note
j ij
that since during training z comes from the Gumbel-Softmax, the zik values are
computed as a soft approximation (as opposed to indices). Therefore it provides
useful gradients and can be directly applied as a regularizer.
Experiments On this dataset, we train Single Stream Discrete Transformer with proper sparsity regularization (coefficient 0.1). At test time, we use
argmax to get discrete attentions, and aggregate attentions to get the receptive
field of each prediction. We were able to get precision of 0.959 and recall of 0.920
compared to the ground truth dependencies. In Figure 4.1, we show an example
of the learned receptive field versus the ground truth dependency. On the other
hand, if we aggregate attentions of a soft Transformer model via Eq. 7.1, the
result is much messier, even with the attention sparsity regularizer.
We use dmodel = 64, dff = 256, L = 4, h = 2.
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