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Where We Are

Previously, we introduced embeddings.
A discrete object is mapped to a dense

vector: A 4-dimensional embedding

token — e € R

For a sequence of tokens: cat => | 12| 01| 43| 32

[wl,wz,...,’wT] mat => |04 | 25 | 09| 05

on - 2.1 0.3 0.1 0.4

we obtain a sequence of embeddings:

[Xl,Xg,...,XT] = RTXd oo v

How do we make each vector depend
on the surrounding context?



From Static to Contextual Embeddings

Classical approaches like Word2Vec assign one vector, e to each token. These
approaches learn one static embedding per word.

e in "cold weather”, cold refers to temperature

e in "cold symptoms”, cold refers to illness

The embedding, e.qq, is the same, but the meaning is different.
Contextual models can produce different vectors for the same token depending

on the surrounding words. A contextual embedding depends on the full
sequence:

h; :f(xta:Xla"'aXT)

So the representation of token ¢t changes depending on its context.



Why Context Matters

Besides the natural language processing domain, in healthcare and biology, the
meaning of one element often depends on other elements.

Examples:

e A medication is meaningful given previous diagnoses.

e A clinical word depends on the sentence.

e A protein residue depends on nearby and distant residues.
e A DNA variant depends on its sequence context.

e A patient visit depends on previous visits.

We need models that can capture dependencies across a sequence.



Recurrent Neural Networks

As we saw in previously, an RNN reads a sequence one element at a time. At each
step, to produce a new hidden state, it combines:

e the current input, x;

e the previous hidden state, h;_;

The hidden state is then passed to the next time step.
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Sequence-to-Sequence Learning

Let us consider machine translation as an example. When generating a translation
of a source text, we first pass the source text through an encoder to obtain a
sequence of encoder hidden states, and the last one is used by the decoder.

e all relevant information about a source
sequence is translated into some
internal fixed-dimensional state
representation by the encoder.

Encoder

e this state is used by the decoder as the
complete and exclusive source of
information for generating the
translated sequence.

While this is quite reasonable for short sequences, it is clear that it is infeasible
for long ones



Sequence-to-Sequence Learning

Encoder Decoder
lls regardent : <eos>
—31 —31 —3 —3 3] E— 3
] ] 1 1 f 1 A ty vy 4
They are watching : <eos> : | , |
<bos> lls regardent
Encoder Decoder
The encoder transforms the hidden
states at all time steps into a context FC
vector through a customized function: 1
n X Recurrent —> Recurrent X n
C:f(hl,...,hT) T ?
. . . . Embedding Embedding
which is often just the last hidden f T
state, i.e., ¢ = hry. Sources Targets



Sequence-to-Sequence Learning

Encoder Decoder

lls regardent : <eos>

t 1

—>| —> —> —> — —> ——>|

t t t t ?I* ) )

They are watching : <eos> ' , |
<bos> lls regardent

Given a target output sequence, yi,...,y7, for each decoder time step t’ the
decoder assigns a predicted probability to each possible token occurring at step
t' + 1, based on the current state, sy, which contains information about:

e the previous step’s target token
e the hidden RNN state from the previous time step
e and the context variable

sy = g(yy—1,¢€,S¢-1).



Sequence-to-Sequence Learning

Sequence-to-Sequence Learning gives the model memory, but also creates
limitations:

e Information must pass through many intermediate states.

e Long-range dependencies can be difficult to preserve.

e Computation is sequential.

e Parallelization is limited.

Attention was introduced to reduce this bottleneck.



Attention and Transformers

The Attention Mechanism



Queries, Keys, and Values

Attention in neural networks can be seen as a soft lookup operation in a database
(or a dictionary), D, using a query, q.

Key (last name) Value (first name) We can operate on D using queries, g:
Zhang AEET e an exact query for “Li” which would
Lipton Zachary return the value “Mu”.
¥ ™ e if (“Li”, “Mu”) was not a record in D,
there would be no valid answer.

Smola Alex . _

e if we also allowed for approximate
Hu Rachel

matches, we would also retrieve
Werness Brent (“Lipton”, “Zachary”)
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Attention Pooling

def
Given D = {(ki,v1),...(Km,Vm)}, a dabase of m key-value pairs, and a query,
q, we define the attention over D as:

def <
Attention(q, D) = Za(qa k;)v;,
=1

(4

where a(q, k;) € R are scalar attention weights and (usually):
o the weights are positive: a(q,k;) > 0
o the weights sum to one: ) . a(q,k;) =1

This is just a weighted average of all the values in the database, depending on
how well the query matches each key.

The name attention derives from the fact that the operation pays particular attention to the values for
which the weight is significant (i.e., large) 12



Dot Product Attention

The most common scoring
function « is just the dot

ntion i —> Output
product between the query A;(::?)r;n% Atenton (o .
q S Rd and the key, k Rd, functlon(_\ B

rescaled by 1/\/— * d.e.,
a'k/Va o BR[O

To ensure the weights sum to N
one, we apply a softmax: J

ola ) - SRAKNVD
X, exp(ak/Vad)

*The reason is that large dot products push softmax into saturation/vanishing gradient territory 13
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Dot Product Attention Example

Query: q = [0.95,0.35]

Value v; : Weight «;

0.9,0.1] 110, 2] 0.89 0.51
0.4, 0.6] 4, 8] 0.59 0.38
[—0.7,0.2] 11, 9] —0.60 0.11

Attention output:
0.51 19 + 0.38 : + 0.11 ! ~ 0.7
T2 U8l T 9] T |5.05

14



Attention is Flexible

If the query and key dimension do not match, i.e., q € R% and k € R%*, with
dy # dg, instead of q'k you can use:

Bilinear Attention: q' Mk

where M € R%*% 1M is a learnable matrix that make the dimensions of query
and key compatible: (1 x d,;)(d, X di)(dr, x 1) =1 x 1

15



Bahdanau Attention Mechanism

The attention mechanism can be used in a sequence-to-sequence RNN
architecture. Instead of keeping the context variable ¢ fixed, we dynamically
update it, as a function of:

e the original text (the encoder

hidden state ht) Encoder Decoder
e the text that was already |
generated (the decoder hidden Aggr;gate FAC
state sy—1) — | Attention  [«———
This yields ¢y, which is updated o« [ Recurrent T Recurrent l<dx n
after any decoding time step: } }
Embedding Embedding
T
! !
Cy = Z a(st’—la ht)ht° Sources Targets
t=1

16



Bahdanau Attention Mechanism

In Bahdanau attention:

T
Cy — a0 St’ 17ht h
t=1

e The query q is the previous decoder state, sy_;.
e The keys and values are the encoder hidden states, h;.

e The current context vector, ¢y, is a weighted average of the encoder hidden
states, based on how relevant each encoder state is to the previous decoder state.

But do we really need the recurrent structure? Turns out that:

Attention is all you need!

17



Self-Attention

Instead of using the attention mechanism in a recurrent neural network, imagine
feeding a sequence of tokens, X1,...,X7 into an attention mechanism such that
at every step, each token, x; has its own query, keys, and values.

Hidden
size

Hidden size

SR
-

Keys

Wk

'ji

Query, keys, and values for X,
are learned via three different
linear projections: ‘are’

H

lﬂ[ll

Linear layer

‘How’

Hidden .
size Queries

A 5

Hidden size

‘you’

q: — WQXta

‘doing’

Linear layer
Hidden

K — Hidden siz
kt — W Xt7 L & Wordlto.ken Wv PP,
embedding T

Values

Vi — WVXt

|
H

Linear layer
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Self-Attention

We then compute the dot product between all the keys and the queries.

‘How’ ‘are’ ‘you’ ‘doing’ ‘¥’

‘How’
‘How’ ‘are’
‘are’ ‘you’
‘you’ ‘dOing’
‘doing’ Wv 00000 v
Word / token A
- embedding L » Values g@ }

:

00000

19



Self-Attention

After a softmax
transformation, this matrix
of interactions is called the
attention matrix.

The resulting output hidden
states of the attention layer
are the matrix
multiplication of

e the attention matrix

e and the values vectors.

‘How’j
‘are
‘you’

‘doing’

>

Word / token
embedding

>

Wk

Keys

f){

m

J Querles

Values

0000 ®
0000 ®
CXX X )
00009
©e0ea

Self-attentions

—>(Sonma)>
{ Softmax |
\\\H-___-- /

p) [eToJoTo1e)
07307361

l

r COOO00]
co000l
[e]elelele]
Co000l

s
V M

0000
Hidden

states
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Multi-Head Attention

In practice, given the same set of queries, keys, and values we may want our
model to combine knowledge from different behaviors of the same attention
mechanism. Instead of performing a single attention pooling:

e queries, keys, and values are

transformed with independently Ff
learned linear projections; [—> Concat <——j
e projected queries, keys, and values are pr—— o
fed into attention pooling in parallel; ¥ ¥ ¥ ¥ T 7
e attention-pooling outputs are FC FC FC FC FC FC
concatenated and transformed with T I T ) JA J

another learned linear projection to Queries Keys  Values
produce the final output.

Each of the attention pooling outputs is a head.

21



Why Multiple Heads?

Different relationships may be useful at the same time.
For clinical sequences:

e one head may focus on recent visits
e one head may focus on medications
e one head may focus on diagnoses

e one head may capture long-range dependencies

For biological sequences:

e one head may focus on local motifs
e one head may capture long-range residue interactions

e one head may focus on repeated patterns

Multi-head attention gives the model multiple representation subspaces.

22



Attention Has No Order by ltself

Self-attention compares every token with every other token. However, if we only
provide token embeddings, the model does not know their positions in the
sequence.

For example, these two sequences contain the same vectors, but in a different
order:

[X17X27X3] and [X37X17X2]

o Without positional information, self-attention sees only the vectors, not whether a
token came first, second, or third.

e Therefore, transformers add positional encodings to the token embeddings.

23



Positional Encodings

We add a positional vector Thclex - : :
i Sequence  of token Positional Encoding Mabrix
to each token embedding:
Xt = Xt T Pt
am — 1 4 P P11 P14
where:
e X; is the token embedding a — 2 — P P21 Pag
e Pp; is the positional Robot —» 3 s Pso P P,

encoding

e X; is the input to the
transformer

The model can then distinguish the same token appearing in different positions:

e what it is: token embedding

e where it is: positional encoding

Positional Encoding Matrix for the sequence ‘I am a robot’

24



Attention and Transformers

The Transformer Architecture



The Transformer

Decoder
. FC
The Transformer removes recurrence entirely. It e s
processes the whole sequence in parallel using Add 8 o M |
attention mechanisms, without RNN or [ Postionwise | | |
Encoder | |
convolutional layers. ! —
y et ‘l ————— \ | Add & norm [ :
: ~>| Add & norm : : .4 :
It has two main parts: | ey 4| 1 | atenton | |
: | . R S e
e encoder: reads the source sequence - ; T
| [ | !
o decoder: generates the target sequence (e e |
| Multi-head | : multi-head :
. : attention : I attention |
Before entering the model, source and target LI
embeddings are combined with positional Postional | (., )+ Postiona
encodings, so the model knows both token ——— ———
identity and token position. . t ] Tt
ources argets

26



Transformer Encoder Block

\
~> Add & norm
4
Positionwise
FFN
. A

~>| Add & norm

(
|
|
|
|
|
|
|
A transformer encoder block applies: nx |
|
|
|
|
|
|
|

1. Multi-head self-attention 7
2. Residual connection and normalization Multi-head
3. Feed-forward network attention
4. Residual connection and normalization \:___t_ *_ _)A___/
Positional
encoding
Embedding
$

Sources 27



Multi-Head Attention

Context Vector

0\

Linear

1

Concat

D

Context Vectors

Scaled Dot-Product Attention

— Heads

A A £

( Linear _]‘ ILinear _]1 Linear
r 1T 1
Q K \'
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Feed-Forward Layer

After multi-head attention, each token position

T demb

FFN

has an updated representation h;. The same T demt,
feed-forward network is then applied / Cinear \
independently to every h;:
T difn
FFN(h) = c(hW; 4+ b;)W, + b, Activation
e This adds nonlinear transformation after dsn
information exchange. \ Linear /
e Attention mixes information across positions. T demb

e The feed-forward layer transforms each
position independently.

T demb

It is called position-wise because the same FFN is applied independently to each token position. It
transforms each token representation separately and does not mix information across different positions.

29



Residual Connections and Normalization

{ \
I . .
e Addg;”orm . An encoder block also uses residual connections and
I . .
| Positionwi | normalizations.
: ositionwise | . . o . .
, FFN | e Residual connections help optimization by allowing
. N 4 : information and gradients to flow through deep
! »| Add&norm | | networks.
| .
| 4 | e Instead of forcing each layer to learn a complete
| Multi-head | : :
: attention . transformation, the layer learns a correction to the
'L T F § ¢ | input representation.
/ . . op . .
Dty bt e Layer normalization stabilizes training.
Positional o
encoding In practice, residual connections and normalization are
Embedding essential for training deep transformers.

Sources 30



Stacking Encoder Blocks

~» Add & norm

{

| |

|

| 4 |

: Positionwise :

, FFN .

| A I
nx | . A transformer is built by stacking several blocks:

. > Add & norm | .

: y | e Each layer produces more contextualized

| Multi-head | representations.

| attention l :

. T | e Early layers may capture local or simple patterns.

I \ | . .

\_ _ _ __J1-____ / e Deeper layers may capture more abstract relationships.
Positional o
encoding

Embedding

Sources 31



Transformer for Classification

The encoder is enough for many tasks. For classification, a transformer encoder
produces contextual representations:

H=|h,,..., hy

Then we need one vector for the whole sequence. Common strategies:

e Use the encoder output corresponding to a special classification token, h[CLS]

e average the token representations
e use the last representation for ordered sequences

Then a classifier predicts: [JIj [OI"] [I] BRI () o
y = softmax(hg W + b) | ' l ‘ ‘

32



FC
: JUU S \
The decoder is used to generate an output sequence one token | ————_)
. . I I
at a time. It receives: ! 1 |
I Positionwise I
e the target tokens generated so far ! FFN !
| r
e positional encodings ' [Add & nom < |
| |
: : 1
e information from the encoder output \ Twoereaa] | 1
: attention :
' 1T 5 F J
Then: ; f :
o ) ) I Add & norm <
e At training time, the decoder sees the true previous target : ) !
I Masked
tokens. | muthead | |
, attention !
e At inference time, it uses its own previous predictions. | !
" Positional
The decoder must not look at future target tokens. Q“ encoding
This is why it uses masked self-attention. Embedding
!

Targets 3 3



Decoder Block

A transformer decoder block contains three main sublayers: Ff
1. Masked multi-head self-attention: looks at previous target :'—_;d;;;o_”;_:‘:
tokens | 1 l
I Positionwise I
l FFN |
2. Encoder-decoder attention: looks at the encoder output | 7 |
| |
3. Feed-forward network: transforms each target position ! Addg;norm i
independently i Muti-head i xn
N N |
Each sublayer is followed by residual connection and . [ Add &norm |« |
. . ' ) !
normalization. ! O |
: multi-head :
| attention |
The decoder output is a contextual representation for each o r
target position. fo}_ ——
encoding
The final linear layer and softmax convert it into probabilities Embedding
t

over the vocabulary. Targets 34



Masked Self-Attention

In the decoder, each target position can attend only to previous target positions.

> >
L. g £ . g 2
3 5 & £ ¢ § 3 5 & £ ¢ §
. . > 2 @ 2 6 ®w > S @ 3 o
For example, when predicting Masked out
Your [0.19//0.16/(0.16|[0.15[/0.17 | 0.15 Your | 1.0 o~
future tokens
] € »
token Y4, the decoder can use: journey (0.20[0.16(0.16|[0.14 |[0.16|0.14 journey |0.55(0.44 :‘;:(::e Your
starts [0.20/(0.16|0.16{[0.14 [|0.16[0.14 starts [0.38[0.30/|0.31

y17 y27 y3 bllt not: y5’ y67 vt with [0.18|[0.16][0.16][0.15][0.16[[0.15| T with 0.27|(0.24|[0.24 |[0.23

Th]S revents information one [0.18(0.16/|0.16{[0.15]/0.16//0.15 one |0.21/l0.19l0.19/l0.18[0.19
l K p d . £ .. step [02191|0=161 (016 {CR15]{I0S16] 015 step [0.19(/0.16/|0.16({0.15||0.16((0.15
eakage during training. ~

Th]s 'is Called a Causa[ mask. Attention weight for input tokens

corresponding to “step” and “Your”

35



Encoder-Decoder Attention

After masked self-attention, the decoder attends to the encoder outputs. The
decoder asks:

Which source tokens are useful for generating the next target token?

Here:
e queries come from the decoder

1

r

|
| Add & Norm |

~
e keys and values come from the encoder —{_Add & Norm J Ml Hoad
Feed Attention
This connects the generated target Forward

sequence to the original input
sequence.

36



Autoregressive Generation

So the decoder is autoregressive: each prediction depends on previous
predictions. During inference, the decoder generates tokens sequentially.

1. Start with a special beginning token.
2. Predict the next token.
3. Append the predicted token to the input.

4. Repeat until an end token is generated.
Example:
<bos> — y;
<bos>,y; — Yo

<bos>,y1,Y2 — Y3
37



Encoder, Decoder, Encoder-Decoder

There are three common transformer families.

Architecture

Encoder-only

Main idea

reads the full input sequence

Typical use

classification, representation
learning

Decoder-only

predicts the next token

generation

Encoder-
decoder

maps input sequence to output
sequence

translation, summarization

Many modern language models are transformer-based, but they do not all use the

same architecture.

For many healthcare and biological prediction tasks, encoder-only transformers

are often the most natural starting point.




Famous Text Transformers

Different transformer families use different parts of the architecture.

Model

) Architecture Main idea Typical tasks
family
read the full sequence classification, tagging,
BERT Encoder-only . . q : 5 .g
bidirectionally representation learning
redict the next token , ,
GPT Decoder-only P . text generation, chat, reasoning
autoregressively
Encoder- convert every task into text- . .
T5 y translation, summarization, QA
decoder to-text
Encoder- L. :
BART reconstruct corrupted text summarization, generation
decoder

39



BERT: Encoder-Only Transformer

BERT uses only the transformer encoder. It reads the whole input sequence at
once and produces contextual representations for all tokens.

e BERT is not naturally a text generator.

e |t is mainly useful when the model must understand or classify an input sequence.

BERT Size & Architecture M
Typical uses: P
72
e text classification 'QAJ [ BERTimee |
. oy i BERTBAsE 1
e named entity recognition " N
e clinical-note classification FS:,d
e medical code prediction 1 o)
e extracting sentence or patient
representations N 2 L >,
110M Parameters 340M Parameters

40



GPT: Decoder-Only Transformer

Generative Pre-trained Transformers (GPT) use only
the transformer decoder.

They are trained to predict the next token. During
generation, the model repeatedly predicts one token
at a time. Typical uses:

e text generation

question answering

dialogue

summarization

code generation

GPT-style models are autoregressive language
models.

Text Text
Prediction | Classifier

— N7

Layer Norm

—

Feed Forward
r 3

12x _|

Layer Norm

be—o
Masked Multi
Self Attention

Text & Position Embed

41



Encoder-Decoder Transformers

Encoder-decoder models use both parts of the transformer.

e The encoder reads the input sequence.

e The decoder generates the output sequence.

e £ ( Softmax )
> Add & Normalize 2
E' C 3 3 ) ' ( Lin:ar )
: GRS G| N Examples include T5 and BART.
'.;( Add & Normalize ) : _ : o
c 3 T S : »( : Add & Normalize : ) Typ]cal uses:
: s ; eed Forwar eed Forwar .
(SPberrres o =t /| §|\ CEED EEEEED e translation
{ Add & Normalize ) "( Add & Normalize ) . t .
A 4 ([
' ( Feed Forward ) ( Feed Forward ) ."( Encoder-Decoder Attention ) S u m m a r] Za ] O n
S R S e s i ‘vevancens | I I3 P
,»( : Add & Normalize : ) ,o( Add & Normalize ) ® teXt reW r] t] n g
: 3 [ : % ) . .
C Self-Attention )) ( self-Attention ) e question answering
=0 $ 5 b e report generation

42



Why Transformers Became Important

Transformers became dominant because they combine:

e contextual representations

long-range dependency modeling

parallelizable training

scalability to large datasets

flexible use across text, images, sighals, and biological sequences

The same basic mechanism can be reused across many data modalities.

This is why transformers are central to modern foundation models.

43



Large Language Models

Large Language Models are transformer-based language models trained on very
large text collections.

e Most modern LLMs are decoder-only transformers for next-token prediction

e Their main capability is given a context, predict a plausible continuation.

After large-scale pretraining, they can be adapted or prompted for many tasks:

e answering questions
e summarizing documents
e generating text

e extracting information...

The core mechanism is still the transformer: embeddings, self-attention, feed-
forward layers, and autoregressive generation.

44



Attention and Transformers

Healthcare Applications



Healthcare Examples

Transformers can model many healthcare data types.

Clinical notes words or subwords

Patient history visits, diaghoses, procedures, medications
ECG or signals time windows or patches

Medical images image patches

Multimodal records text, codes, signals, images

The common structure is:

objects — embeddings — contextual representations — prediction

46



Biology Examples

Transformers are also useful for biological sequences.

e DNA sequence modeling

e protein sequence modeling

variant effect prediction

gene expression modeling

single-cell representation learning

A protein sequence, for example, can be treated as a sequence of amino acid
tokens:

[aflaa'27 ¢ o 7a'T]

Self-attention allows distant residues to influence each other.

47



Attention Models in Healthcare

The book presents attention models for four healthcare tasks:

Case study Data Main task
RETAIN longitudinal EHR heart failure prediction
GRAM medical ontology + EHR codes heart failure prediction
CAML clinical notes ICD code assighnment
MINA ECG signals heart disease detection

The common idea is: use attention to decide which visits, codes, words, or signal
segments are most relevant.

48



RETAIN: Attention over Longitudinal EHR

Problem: predict future heart failure from a patient’s EHR history.

Input data:

e sequence of patient visits Step 3: RN N
e each visit represented by medical codes 2
e diagnosis, medication, and procedure Step 1 - Step 4
groups v, : O
O NI A
Method: ; Step 2: RNN,
e embed each visit i) g @
e compute attention over previous visits
e compute attention over variables within =
visits

e predict future heart failure risk

Xiao and Sun, Chapter 9.3: Attention Model over Longitudinal EHR. 49



RETAIN: Why Attention Helps

RETAIN is designed not only for prediction, but also for interpretation.

s = (a) HF risk: 0.2474 l\l\)l \'l":‘""“l"d"\’” esion (ﬂ:\: ('(;l"ulnur\i ;-lt;;'}\;;clcrusig { “"‘D
. ) -% - Beni @ HVD: Heart valve disorder OA P rigoend
The model can highlight: £ sy SRk
= . B
e which previous visits 80"5 b ST, EST—5p 5w SO, ESC S5, 15T, D R j -
influenced the prediction R o T
. . B
e which medical codes B PO
. . . B : CA ‘
= CD -
c?l?trlbuted within those g0 p— - - " » Time
Visits e SD
1.5
. - HF risk: 0.2165 cp HY
e whether recent cardiac-  § %™ o
=]
related codes matter E
S Ofsp SD; TSI SD, 7% 8D, TS SD, IS, Al X5 AC ARAC . * Time
more than older ° I8 s ke sl ) 5125 AK
g SD
unrelated events 0(day) 57 95 126 171 219 294 328 " 35354
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GRAM: Attention over Medical Ontologies

Problem: medical codes are sparse and hierarchical. Example:

e a specific diagnosis code may be rare
e its parent category may have more examples

e ontology ancestors can provide useful generalization

Method: KnowledgeDAG Aot ettt

e represent each medical e/'\c{ ---------- ~GaiX e [NN Model
code s Wahel | ;" \\ 7

e also represent its (ca) @) /\ ,,",,.’ac"xec Sikiaiiod xom f-.l;ﬁn;’;ﬁ;i)ol,lol...l
ancestors in the ontology ,:cj:/‘c"' ic&"‘:,{v'f.:'aﬂx - i’t} E HEDS

e use attention to combine éD & . ™ i-th columaof 6
the code and ancestor & o ” e ooy
embeddings

A medical ontology is a structured hierarchy or graph of medical concepts and their relationships, such as
diaghosis codes, procedures, medications, and broader disease categories. 51



CAML: ICD Classification from Clinical Notes

Problem: assign International Classification of Diseases (ICD) codes from clinical
notes.

e Clinical notes are long text documents

written during patient encounters. de dc 1
A7 ) (G )
e |CD codes are usually assighed

—
s N X T—H- ~=>lal

manually by human coders, which is Convolution a, = softmax(HTu,)
labor-intensive and error-prone. v -

Method: o

e use a convolutional layer over the note

. 1] Y1 =0(Blv, + b))
e use attention for each ICD label

e predict multiple ICD codes

Xiao and Sun, Chapter 9.5: ICD Classification from Clinical Notes. 52



CAML: Label-Specific Attention

CAML uses a different attention distribution for each ICD code.

This means:

e the model can look at different words for different diagnoses
e one note can support many labels
e each label attends to the text span most relevant for that label

CAML is evaluated on MIMIC-III discharge summaries for ICD-9 code prediction.

53



MINA: Attention for ECG Classification

Problem: classify heart disease from ECG signals.

ECG interpretation traditionally relies on expert-defined patterns such as:

Normal Beat Level . Rhythm Level Frequency Level

e QRS complex =
e RR interval - - MU\MJJJA
Time (ms)

Power

Magnitude (mV)

Method:

e use deep learning on ECG signals
e use attention to focus on informative parts of the signal
e classify heart rhythm or heart disease patterns

Xiao and Sun, Chapter 9.6: Heart Disease Detection from Electrocardiography. 54



MINA: Why Attention Helps

e ECG signals are long and noisy.

e Attention helps the model focus on signal regions that are more informative for

classification.
p
+ - Atterti Prediction Layer . .
+‘ Rf;:e"‘::t A ’ﬂLd This is useful because:
m Attention ‘
@ Beat Attention ) e not every time segment 1s
equally diagnostic
R h(?) _L\h'”' d y S
B.Lsmﬂ ai:g** e 8'?1,.} e clinically meaningful patterns
b | L ‘+I O g - may occur only in parts of the
CNN CNN CNN 3
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MINA: Why Attention Helps

QRS complex Irregular RR inlterval An example of ECG data Absence of P wave Frequency level attention
| | | shows QRS complex is dominant
between 10Hz ~ 50 Hz.

< 0.5Hz

All

Beat level attention 0.67Hz ~ 5Hz

- ] - I ¥ i ! I | ' 'T'; TI - I o 1 W o ] 'T'T'”; o  sort

Beat level attention points the location of QRS complex and absent P waves. B Bl s B

/\ | | ) ] 10Hz ~50Hz
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