Highlights of Attention Mechanisms for Model Interpretability
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Attention Mechanisms

Cho et al. (2014) and Sutskever et al. (2014) introduce the RNN Encoder-Decoder architecture for
machine translation. Bahdanau et al. (2014) augment the decoder part by introducing an attention
mechanism to form a weighted context vector. The
differences between the architectures are shown in
Figure 1.
Bahdanau et al. (2014) define the attention
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(a) RNN Encoder-Decoder
without attention
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Neural networks have advanced the state-of-theart in natural language processing (Wu et al., 2019;
Joulin et al., 2017). Their performance has made
their use ubiquitous, but their lack of interpretability has been a long-standing issue (Li et al., 2016).
Attention-based models offer a way to improve
performance without sacrificing interpretability.
Attention mechanisms were first introduced for
machine translation (Bahdanau et al., 2014; Luong
et al., 2015), and have since been extended to text
classification (Yang et al., 2016), natural language
inference (Chen et al., 2016) and language modeling (Salton et al., 2017).
Self-attention and transformer architectures
(Vaswani et al., 2017) are now the state of the art in
language understanding (Devlin et al., 2018), extractive summarization (Liu, 2019), semantic role
labeling (Strubell et al., 2018) and machine translation for low-resource languages (Rikters, 2018;
Rikters et al., 2018).
In this short survey, we first explain attention
mechanisms and compare their interpretability in
machine translation and text classification. Then,
we explore self-attention and highlight the limits
of its interpretability. Finally, we provide alternatives and challenges from the literature to attention
for model interpretability, and outline suggestions
for future work.
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(b) RNN Encoder-Decoder
with attention

Figure 1: Comparison of the Decoder architectures
of (a) Cho et al. (2014); Sutskever et al. (2014) and
(b) Bahdanau et al. (2014). The colored squares on
the right are the corresponding cells on the attention
heatmap, with black being 0 and white being 1.

weight of the i-th target language word wit with
regard to the j-th source language word wjs as:
α(wit , wjs ) = softmax(a(hti−1 , hsj ))

(1)

where hti−1 is the output of the (i − 1)-th cell of
the decoder RNN, hsj is the output of the j-th cell
of the encoder RNN, and a is the alignment model
between them.
Yang et al. (2016) extend this attention mechanism to document classification. The architecture
of their Hierarchical Attention networks consists
of two levels: sentences and words. Each level is a
bidirectional GRU encoder, followed by an attention mechanism. A sentence (resp. a document) is
then an attention-weighted combination of GRU
outputs of words (resp. sentences). Accordingly,
this model is able to give an attention weight to
each component of the document.
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Self-Attention
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Vaswani et al. (2017) introduce an encoderdecoder architecture. Each cell in the model contains a multi-head self-attention layer. For a sentence of length L, self-attention attributes attention
weights to each word w1 , w2 , ..., wL in the sentence, with regard to a head: a given word wi of
the same sentence. As such, this process is multihead when it is repeated with all words of the sentence taking turns at being the self-attention head.
More formally, given a head word whead and
a word wi of the same sentence, we compute the
corresponding attention weight as follows:
qhead · ki
√
α(whead , wi ) = softmax
vi
d




(2)

where qhead is the query vector of whead , ki and vi
are respectively the key vector and the value vector
of wi , and d is the dimension of both the query
and key vectors. Given three learned matrices WQ ,
WK and WV , we have:
qhead = whead ∗ WQ

(3)

ki = wi ∗ WK

(4)

v i = wi ∗ W V

(5)

The multi-head self-attention offers as many attention distributions as there are words in the sentence. Therefore it becomes harder to visualise attention weights, and equally harder to interpret.
Devlin et al. (2018) introduce the BERT embedding model. Its architecture consists of multiple stacked transformer encoder layers, making
it difficult to interpret. It has however performed
strongly on benchmarks such as GLUE (Wang
et al., 2018).
Liu and Lapata (2019) introduce a multidocument summarization model. It contains interparagraph attention using the same formulas as
self-attention. The resulting context vectors are
added to words for summarization worthiness prediction.
All of the cited papers in this section have
beaten the previous state of the art. However, they
have not provided visualisations of the learned attention distributions, nor have they attempted to
interpret their models.

Alternatives to Attention

Jain and Wallace (2019) argue that it has not been
proven that attention distributions can provide interpretations for a model’s predictions. They provide examples where non-learned attention distributions get the same predictions as learned ones,
and find that attention distributions rarely correlate with feature importance weights. Serrano and
Smith (2019) erase intermediate representations
by zeroing out their attention weights, and find that
attention weights only noisily predict overall importance with regard to the model. Both studies
focus on classification and omit language modeling and machine translation.
Attention has been proposed as a way to deal
with the forgetfulness of LSTM networks. Haviv
et al. (2019) study the memory cells of LSTMs by
proposing the following problem: at the first step,
an LSTM is shown an image of a number from the
MNIST dataset. The LSTM is then shown noise
until step t. At the t-th step, the LSTM is asked
to predict what number it has seen at the first step.
Their results show that the faster a representation
moves across steps, the more likely it is to be forgotten, and that the forgetfulness grows as t grows.
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Future Work

We suggest a number of future directions.
Providing Explainable Self-Attention. The
number of distributions that self-attention produces makes it difficult to have interpretable predictions. A way to address that would be to backpropagate the attention weights through the layers
to obtain global self-attention distributions. Selfattention can also provide weights for hierarchical
combinations, similarly to Yang et al. (2016).
Memory in LSTM and GRU Networks. RNN
networks with memory do not represent efficiently
long text sequences, but how much do we know
about their memory potential? A similar study
to Haviv et al. (2019) for an NLP problem would
help to show how words, or sentences, are represented in the hidden space, and how they are remembered or forgotten.
Information Learned in Text Embeddings.
Another aspect of interpretability is to know what
information models learn. Conneau et al. (2018)
propose probing tasks for learned sentence embeddings, and Li et al. (2016) erase parts of the
learned representations to observe the effects on
predictions and interpret them.
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