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This session

• LLM architectures (Q&A) 

• Deep-dive into attention 

• Attention is explanation? (in-class assignment) 

• Looking ahead (lab 2, unit 3)



LLM architectures (Q&A)



Overview of Unit 2

2.1	 	 Introduction to machine translation 

2.2	 	 Neural machine translation 

2.3	 	 Attention 

2.4	 	 The Transformer architecture 

2.5	 	 Decoder-based language models (GPT) 

2.6	 	 Encoder-based language models (BERT)



Lecture 2.2, question 5
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Lecture 2.3, question 3



Lecture 2.3, question 4



Lecture 2.4, question 2



Example translation
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Lecture 2.4, question 5
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Lecture 2.5, question 2



GPT model architecture

Radford et al. (2018)
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https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf


Lecture 2.6, question 3



Fine-tuning on a single-sentence classification task
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Deep-dive into attention



𝒉1 𝒉2 𝒉3

Contextual embeddings via attention
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A general characterisation of attention

• In general, attention can be described as a mapping from a 
query 𝒒 and a set of key–value pairs ⟨𝒌𝑖, 𝒗𝑖⟩ to an output. 

• The output is the weighted sum of the 𝒗𝑖, where the weight of 
each 𝒗𝑖 is given by the attention score between 𝒒 and 𝒌𝑖:

Vaswani et al. (2017)

<latexit sha1_base64="9AoRSjPvr/XONyXAhkthGHsuI+o="></latexit>𝜶𝑖 = softmax(score(𝒒,𝑲))𝑽
<latexit sha1_base64="MS11dj+s3F+Gl3PVPwpCscZQ5yc="></latexit>𝒒 ∈ ℝ𝑑𝑄 , 𝑲 ∈ ℝ𝑛×𝑑𝐾 , 𝑽 ∈ ℝ𝑛×𝑑𝑉 , 𝑑𝑄 = 𝑑𝐾

https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf


In-class assignment

https://forms.office.com/e/wx071fCvwd



Attention is explanation?



Attention as word alignmentsPublished as a conference paper at ICLR 2015

(a) (b)

(c) (d)

Figure 3: Four sample alignments found by RNNsearch-50. The x-axis and y-axis of each plot
correspond to the words in the source sentence (English) and the generated translation (French),
respectively. Each pixel shows the weight ↵ij of the annotation of the j-th source word for the i-th
target word (see Eq. (6)), in grayscale (0: black, 1: white). (a) an arbitrary sentence. (b–d) three
randomly selected samples among the sentences without any unknown words and of length between
10 and 20 words from the test set.

One of the motivations behind the proposed approach was the use of a fixed-length context vector
in the basic encoder–decoder approach. We conjectured that this limitation may make the basic
encoder–decoder approach to underperform with long sentences. In Fig. 2, we see that the perfor-
mance of RNNencdec dramatically drops as the length of the sentences increases. On the other hand,
both RNNsearch-30 and RNNsearch-50 are more robust to the length of the sentences. RNNsearch-
50, especially, shows no performance deterioration even with sentences of length 50 or more. This
superiority of the proposed model over the basic encoder–decoder is further confirmed by the fact
that the RNNsearch-30 even outperforms RNNencdec-50 (see Table 1).

6

Image source: Bahdanau et al. (2015)

In the context of the  
encoder–decoder  
architecture for neural  
machine translation,  
attention weights resemble 
soft word alignments.

https://arxiv.org/abs/1409.0473


Attention is not Explanation
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Abstract

Attention mechanisms have seen wide adop-
tion in neural NLP models. In addition to
improving predictive performance, these are
often touted as affording transparency: mod-
els equipped with attention provide a distribu-
tion over attended-to input units, and this is
often presented (at least implicitly) as com-
municating the relative importance of inputs.
However, it is unclear what relationship ex-
ists between attention weights and model out-
puts. In this work we perform extensive exper-
iments across a variety of NLP tasks that aim
to assess the degree to which attention weights
provide meaningful “explanations" for predic-
tions. We find that they largely do not. For
example, learned attention weights are fre-
quently uncorrelated with gradient-based mea-
sures of feature importance, and one can iden-
tify very different attention distributions that
nonetheless yield equivalent predictions. Our
findings show that standard attention mod-
ules do not provide meaningful explanations
and should not be treated as though they do.
Code to reproduce all experiments is avail-
able at https://github.com/successar/
AttentionExplanation.

1 Introduction and Motivation

Attention mechanisms (Bahdanau et al., 2014) in-
duce conditional distributions over input units to
compose a weighted context vector for down-
stream modules. These are now a near-ubiquitous
component of neural NLP architectures. Attention
weights are often claimed (implicitly or explic-
itly) to afford insights into the “inner-workings”
of models: for a given output one can inspect the
inputs to which the model assigned large attention
weights. Li et al. (2016) summarized this com-
monly held view in NLP: “Attention provides an
important way to explain the workings of neural
models". Indeed, claims that attention provides
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f(x|↵, ✓) = 0.01 f(x|↵̃, ✓) = 0.01

↵ ↵̃

Figure 1: Heatmap of attention weights induced over
a negative movie review. We show observed model at-
tention (left) and an adversarially constructed set of at-
tention weights (right). Despite being quite dissimilar,
these both yield effectively the same prediction (0.01).

interpretability are common in the literature, e.g.,
(Xu et al., 2015; Choi et al., 2016; Lei et al., 2017;
Martins and Astudillo, 2016; Xie et al., 2017; Mul-
lenbach et al., 2018).1

Implicit in this is the assumption that the inputs
(e.g., words) accorded high attention weights are
responsible for model outputs. But as far as we
are aware, this assumption has not been formally
evaluated. Here we empirically investigate the re-
lationship between attention weights, inputs, and
outputs.

Assuming attention provides a faithful expla-
nation for model predictions, we might expect
the following properties to hold. (i) Attention
weights should correlate with feature importance
measures (e.g., gradient-based measures); (ii) Al-
ternative (or counterfactual) attention weight con-
figurations ought to yield corresponding changes
in prediction (and if they do not then are equally
plausible as explanations). We report that neither
property is consistently observed by a BiLSTM
with a standard attention mechanism in the context
of text classification, question answering (QA),
and Natural Language Inference (NLI) tasks.

1We do not intend to single out any particular work; in-
deed one of the authors has himself presented (supervised)
attention as providing interpretability (Zhang et al., 2016).
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In-class assignment

• Answer the question on the form: 

Jain and Wallace (2019) criticise the claim that attention provides 
“insights into the ‘inner-workings’ of models”. One technique they 
use to substantiate their criticism is the construction of 
counterfactual attention weight configurations. Explain the idea 
behind this technique in your own words.





Source

http://trustllm.ai


In-class assignment

• Discuss in small groups: 

Inspecting attention patterns has been used as a technique for 
explaining NLP systems based on Transformer models. Give an 
example of (1) an aspect of trust which this technique can help 
build; (2) an aspect of trust that is beyond this technique. 

• Summarise your discussion in the form by providing one 
example from each category: (1) an aspect of trust which 
attention patterns can build; (2) an aspect that is beyond.



In-class assignment

https://forms.office.com/e/wx071fCvwd



Looking ahead (lab 2, unit 3)


