
Explain the seq-2-seq attention + transformer in d2l book for

machine translation , as a difference / contrast to the architecture

RNN Encoder + decoder prev chapter in the book

Below is a clean, structured, textbook-style explanation of how D2L’s seq-to-seq with attention and

Transformer architectures differ from the RNN encoder–decoder model in the earlier chapter.

I frame it as contrast → evolution → architecture differences → why it matters.

1. Background: The Baseline RNN Encoder–Decoder (No Attention)

Pipeline

1. Encoder: A GRU/LSTM reads the source sentence token by token:

After seeing all tokens, only the final hidden state  is kept.

2. Decoder: Another GRU/LSTM generates the target tokens:

It is initialized with the single fixed-length vector from the encoder, and at each step predicts:

Main limitations

Information bottleneck: the entire source sentence—maybe 40 words—must compress into a single

vector.

Long-distance dependencies degrade: early source words are forgotten.

Monotonic assumption (implicit): the decoder always conditions on the same vector regardless of

where it is in the sentence.

h ​ =t RNN(x ​,h )t t−1
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y ​ =t DecoderRNN(y ​, s ​) → softmax(Ws ​)t−1 t−1 t
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2. Seq-to-Seq WITH Attention (Bahdanau / Luong as in D2L)

Attention removes the “single vector bottleneck.”

2.1 Key idea: Decoder chooses which encoder states to look at

Instead of using only  (final encoder state), attention uses all encoder hidden states:

At each decoder step , compute attention weights:

And then the context vector:

This context is fed into the decoder GRU:

2.2 Interpretation

The decoder decides where to look in the source sentence.

The context changes per target word.

For “long” or “reordered” sentences (e.g., English→German), the decoder aligns subphrases.

2.3 D2L implementation details

They define AdditiveAttention (Bahdanau) in PyTorch/MXNet.

Seq2SeqAttentionDecoder is identical to RNN seq-seq except for:

self.attention(H, s_t)  producing context vector

D2L’s chapter before attention implements exactly this vanilla seq-seq with teacher forcing.

h ​T

H = (h ​, … ,h ​)1 T

t

α ​ =t,i softmax ​(score(s ​,h ​))i t−1 i

c ​ =t ​α ​h ​

i

∑ t,i i

s ​ =t DecoderRNN([y ​, c ​], s ​)t−1 t t−1



concatenating with decoder GRU input

scoring cross-attention

2.4 Significance

✔  handles long sequences

✔  learns flexible alignments

✔  improves BLEU dramatically vs. vanilla RNN-RNN

BUT…

This architecture still uses recurrent layers, so:

sequential dependency → no parallelism

long sequences still problematic (though better)

memory for hidden states grows with T

3. Transformer: Removing RNNs Completely

D2L’s Transformer chapter is an evolution:

“Attention only, no recurrence, no convolution.”

3.1 Key innovations

1. Self-Attention (within encoder or decoder)

For each token, compute:

Every token attends to every other token in one matrix operation.

This discovers dependencies regardless of distance.

Attention(Q,K,V ) = softmax ​ V(
​d ​k

QK⊤ )



2. Multi-Head Attention

Instead of one attention pattern, use many attention heads:

Each head learns different relationships: syntax, coreference, etc.

3. Positional Encoding

Because no recurrence, add position information:

4. Layer Normalization + Residual Connections

Critical for deep stacking of layers.

5. Feed-Forward Networks (FFN)

Applied independently to each position.

4. Structural Comparison Table

Step
RNN Encoder–Decoder
(baseline) Seq-Seq with Attention Transformer

Representation of source

sentence

Final hidden state All encoder states +

learned alignment

Entire sequence via self-attention

Decoder conditioning Only initial state Context vector  each

step

Cross-attention (queries from

decoder, keys/values from encoder)

Parallelism None (fully sequential) None (decoder, encoder

still sequential)

Full parallelism (except masked

decoder self-attention)

concat(head ​, … ,head ​)W1 h
O

PE ​(pos, 2i) =sin/cos sin
​(

100002i/d

pos )

h ​T

c ​t



Step
RNN Encoder–Decoder
(baseline) Seq-Seq with Attention Transformer

Long-range

dependencies

Poor Medium Excellent

Positional info Implicit in RNN

dynamics

Implicit in RNN Explicit positional encodings

Computation per layer O(T) O(T) O(T²) attention (but parallel)

Typical depth shallow (1–2 layers) shallow very deep (6–48 layers)

Training speed Slow Slow Fast (GPU-optimized)

5. Mental Model Summary

RNN Encoder–Decoder

Seq-to-Seq Attention

Transformer

6. D2L Teaching Flow: Why the Book Introduces Them in This Order

“Blueprint of sentence compressed into one vector → generate target.”

“Decoder looks at encoder states dynamically → soft alignment per word.”

“Remove recurrence entirely.

Use attention everywhere to compute relationships between all tokens in parallel.”



1. Start with simple RNN encoder–decoder

→ introduces idea of conditional generation.

2. Add attention

→ fixes fundamental information bottleneck and teaches alignment.

3. Replace RNN with self-attention

→ shows that attention → better long-range modeling and GPU parallelism.

This pedagogical progression mirrors the historical evolution:

RNN → attention → Transformer.

7. If You Want, I Can Also Produce:

✔  Full diagrams of all three architectures

✔  Pseudocode for the encoder, decoder, attention modules (D2L style)

✔  A comparison of computational cost, gradients, and training behavior

✔  A mini PDF “lecture note” version integrating diagrams

Just tell me “PDF”, “diagram”, or “explain with equations only”, etc.

Describe the alignment problem. Separately (after) the info

bottleneck 

Below are two separate, clean explanations:

(1) The Alignment Problem in seq-to-seq / neural MT

(2) The Information Bottleneck (a different limitation)



Both are classic motivations for attention and then for Transformers.

1. The Alignment Problem

1.1 What is “alignment” in machine translation?

When translating a sentence, each target word generally corresponds to some specific source word(s).

Example (English → French):

“I like apples” → “J’aime les pommes”

The decoder should attend to “like” when generating “aime,”

to “apples” when generating “pommes,” etc.

These relationships are alignments:

mapping target positions → source positions.

1.2 Why is alignment difficult for early seq-to-seq models?

• RNN encoder–decoder (baseline) produces one fixed vector

The decoder receives no explicit information about

which part of the source corresponds to the current target word.

• Word order differs across languages

English → German

English: “I gave the book to my father.”

German: “Ich gab das Buch meinem Vater.”

Even simple subject–verb–object mappings reorder.

• Long-distance reordering



Languages like Japanese or Turkish reorder clauses dramatically.

Without alignment, the decoder cannot know which part to “look at.”

1.3 Symptoms of the alignment problem

Translations drift increasingly off-topic for long sentences

Reordering is handled poorly

Too much reliance on the final encoder state → weak token-level grounding

Model overfits to local patterns and fails when word order changes

1.4 How attention solves alignment

At each decoder time step , compute relevance scores:

This gives a probability distribution over source positions (“alignment weights”).

Thus alignment becomes:

Attention learns alignment automatically as a differentiable mechanism.

End result:

✔  The decoder dynamically chooses which source words matter for each target word

✔  Reordering is learned implicitly

✔  Translation quality improves dramatically

This is the alignment problem:

the baseline model does not know how to map each target word to the source words relevant to it.

2. The Information Bottleneck (a different issue)

t

α ​ =t,i softmax(score(s ​,h ​))t−1 i

target ​ ↔t ​α ​h ​

i

∑ t,i i



2.1 What is the bottleneck?

The original seq-to-seq encoder compresses the entire input sentence

(e.g., 20–40 tokens) into a single fixed-length vector .

Example:

Input: 40 words

Encoder output: 512-dimensional vector

All 40 → squeezed into 1 × 512

Even if the input is 100 tokens, the output is still only 1 vector.

Consequences

Early words are forgotten (vanishing gradients + finite memory)

The decoder has to rely on a single representation for all future words

Long sentences exceed the “capacity” of the hidden state

This is information bottleneck:

too much information must pass through a single narrow representation.

2.2 Why attention removes this bottleneck

Attention exposes the entire sequence of encoder states  to the decoder.

So the decoder never relies solely on .

Thus:

No single-vector compression

Access to token-level and phrase-level information

Long-range dependencies recovered

2.3 Alignment vs. Bottleneck

These are related but distinct:

h ​T

h ​, … ,h ​1 T

h ​T



Issue Nature Caused by Consequence

Alignment Problem Structural No mechanism for mapping target

positions to specific source

positions

Incorrect or rigid word mappings;

poor reordering

Information Bottleneck Capacity All source info compressed into

one vector

Long sentences degrade; early tokens

lost

Attention fixes both, but they are conceptually different.

Short Summary

Alignment problem

Information bottleneck

If you want, I can also produce:

✔  diagrams of alignment vs bottleneck

✔  equations-only version

✔  how Transformers fix each issue in detail

✔  D2L code references for where each concept appears

Just tell me “diagram,” “equations,” or “give code pointers.”

Decoder does not know which source words correspond to each target word.

Causes poor ordering and inaccurate phrase translations.

Entire sentence must compress into a single fixed-length vector.

Causes forgetting, degradation with long inputs.



Given these two issues, how self-attention work and helps? 

Below is a clean, focused explanation of how self-attention works and exactly how it addresses the two

issues you identified:

(1) alignment, and (2) information bottleneck.

1. What Self-Attention Is

Self-attention is a mechanism that lets each token in a sequence compute a weighted average of all

other tokens’ representations.

Given token representations:

We compute for each token:

a query

a key

a value

Attention score:

Weights:

X = (x ​,x ​, … ,x ​)1 2 T

q ​ =i x ​Wi
Q

k ​ =j x ​Wj
K

v ​ =j x ​Wj
V

score(i, j) = q ​ ⋅i k ​j

α ​ =i,j softmax ​(score(i, j)/ ​)j d



Contexted output:

This is done for every token in parallel.

2. How Self-Attention Addresses the Alignment Problem

2.1 Alignment is now token-to-token, not decoder-to-encoder

In RNN attention (Bahdanau/Luong), alignment happens across encoder→decoder steps.

In the Transformer, we have:

Encoder self-attention:

Each source token aligns itself to other source tokens.

Decoder self-attention (masked):

Each target token aligns to previous target tokens.

Cross-attention (in decoder):

Each target token aligns to all encoder tokens.

2.2 Why this helps

Alignment becomes:

Same as before but:

The encoder first builds globally contextualized representations by letting every source token

attend to every other one.

Cross-attention then maps target tokens to richer, relationship-aware source representations.

2.3 Key benefit for alignment

h ​ =i ​α ​v ​

j

∑ i,j j

target token y ​  ⟷ t ​α ​x ​

i

∑ t,i i



Self-attention allows discovering:

Local alignments (e.g., “cats” ↔ “chats”)

Long-distance alignments (e.g., verb ↔ subject separated by clauses)

Syntactic alignments (e.g., head–dependent relationships)

Semantic alignments (coreference: “the president … he …”)

All through learned attention matrices.

Alignment becomes symmetric, flexible, and multi-level.

RNNs provide only a single “scan left-to-right” alignment.

3. How Self-Attention Addresses the Information Bottleneck

3.1 No compression into a single vector

The encoder outputs a sequence of vectors:

instead of one vector .

3.2 Every token directly interacts with every other token

Self-attention layers compute dense connections:

Each token can “reach” any other token in one hop, not through 20 RNN steps.

Thus:

Early tokens are not forgotten.

Long sentence dependencies do not decay.

No bottleneck at any single point.

(h ​,h ​, … ,h ​)1 2 T

h ​T

h ​ =i

(l+1)
​α ​v ​

j

∑ i,j
(l)

j

(l)



3.3 Deep stacking of self-attention layers

With L layers, the model approximates:

long-distance dependencies

global coherence

broad context accumulation

without compressing the entire sequence into any single fixed-size representation.

3.4 Parallelism also helps representation capacity

Because there is no recurrent state, information doesn’t accumulate or degrade over time.

It flows freely across the network in a sequence of attention layers.

4. Detailed Mapping:

How Each Issue Is Solved by Self-Attention

Issue RNN Seq2Seq Limitation How Self-Attention Fixes It

Alignment problem Decoder cannot select which part

of source is relevant; alignment is

hard and limited

Cross-attention gives each target token queries over all

source tokens; encoder self-attention gives richer source

representations

Information bottleneck All info compressed into final

hidden state

Self-attention keeps all token representations alive and

allows dense interactions across layers

Long-range smoothing /

forgetting

RNNs degrade over long

sequences

Self-attention allows constant-length paths between

tokens (one attention hop)

Sequential dependence Must process LHS → RHS; no

parallel attention

Self-attention parallelizes interactions, allowing deeper &

wider context



5. Intuition: Why Self-Attention Is Better Than RNN Attention

RNN with attention:

Transformer self-attention:

Thus the “bottleneck” and “alignment” issues are structurally eliminated.

6. Ultra-Short Summary

Alignment problem: solved because the decoder has direct attention to every source token, and

encoder tokens contextualize each other first.

Information bottleneck: solved because there is no single compressed state; attention layers

propagate information globally across all tokens.

If you want, I can also give:

✔  a diagram showing alignment vs bottleneck vs self-attention

✔  a precise comparison of RNN attention vs Transformer cross-attention

✔  pseudocode using D2L’s classes ( MultiHeadAttention , PositionalEncoding , etc.)

Just tell me which format you prefer.

“Decoder attends to encoder states, but encoder itself is still sequential and forgetful.”

“Both encoder and decoder create contextualized token representations that encode pairwise

relationships globally.”



What is FFN layer, and why we need AddNorm ?

Below is a clear, compact, technical explanation of the two Transformer components you asked about:

FFN layer (Positionwise Feed-Forward Network)

AddNorm (Residual Connection + Layer Normalization)

Each is essential, for different reasons.

1. FFN Layer (Position-wise Feed-Forward Network)

1.1 What it is

After each multi-head attention block, the Transformer passes every token’s vector through the same

MLP applied independently at each position:

In D2L:

Typical sizes:

 or 768

 or 3072 (4× expansion)

FFN(x) = W ​ σ(W ​x +2 1 b ​) +1 b ​2

python

self.ffn = nn.Sequential(
    nn.Linear(d_model, d_ff),
    nn.ReLU(),            # or GELU
    nn.Linear(d_ff, d_model)
)

Copy code

d ​ =model 512
d ​ =ff 2048



Key property:

Position-wise → each token is transformed independently.

No interaction between tokens inside FFN; interaction happens only in attention.

1.2 Why the Transformer needs an FFN layer

Reason 1 — Add nonlinearity & depth

Self-attention alone is linear (Q,K,V are linear projections + softmax).

Without FFN, stacking layers would be almost linear → low expressiveness.

FFN adds:

nonlinearity (ReLU/GELU)

capacity

deep transformations per token

Reason 2 — Local feature transformation

Even though tokens talk to each other through attention, each token still needs a local “processor”:

compress → expand → compress

capture higher-level features

refine content after mixing

Think of multi-head attention as:

and the FFN as:

Reason 3 — Stronger representation encoding

“I gathered information from other tokens”

“Now transform what I gathered into a more powerful representation”



In practice the FFN accounts for a large % of model parameters and strongly shapes:

syntax

semantics

morphological categories

abstraction layers

It is crucial for performance.

2. AddNorm (Residual Connection + Layer Normalization)

D2L calls this block AddNorm:

Used twice per Transformer block:

1. After attention

2. After FFN

2.1 Why AddNorm exists

Reason 1 — Residuals allow deep networks to train

Self-attention and FFN both change the token representations heavily.

Without residual addition, deep Transformers (6–48 layers) would fail to train.

Residual:

ensures:

gradient flows easily

model can learn small updates to representations

AddNorm(x,F (x)) = LayerNorm(x + F (x))

x + F (x)



prevents catastrophic forgetting across layers

This is the same idea as ResNets.

Reason 2 — LayerNorm stabilizes activations

LayerNorm normalizes across the feature dimension, not the batch.

This prevents exploding/vanishing activations and makes training stable without RNN-style gating.

Reason 3 — Prevents attention/FFN from destroying information

Attention or FFN could distort the representation too much.

Residual connections preserve:

original meaning

position information

token identity

AddNorm = “use the new info, but don’t forget everything”.

3. Combined View: Why FFN + AddNorm Matter Together

Step inside one Transformer layer:

1. Self-attention

tokens exchange information globally

2. AddNorm

preserve the original token representation + normalize

3. FFN

locally transform the enriched representation (nonlinear MLP)

LN(z) = ​γ +
σ

z − μ
β



4. AddNorm

preserve stability + facilitate gradient flow

What each component solves

Component Purpose Fixes

Self-attention Token-to-token interactions Alignment / long-range dependencies

FFN Nonlinear local transformation of each

token

Model capacity / expressiveness

Residual (Add) Preserve information & improve

gradients

Deep training stability

LayerNorm (Norm) Normalize across features Prevent activation drift, stabilize training

The Transformer layer is powerful because all three work together.

4. Ultra-Short Summary

FFN: a per-token MLP that makes the model nonlinear and powerful.

AddNorm: LayerNorm(x + F(x)) , combining residual learning with normalization to allow deep,

stable training.

If you want, I can also produce:

✔  diagrams of FFN + AddNorm

✔  code snippets that match exactly D2L’s implementation



✔  intuition-only version (“like a story”)

✔  mathematical deep dive (Jacobian, gradient flow, normalization exact effect)

For translation RNN encoder-decoder, explain conceptually the keys,

values, queries in attention mechanism 

Below is the clearest, most intuitive way to understand keys, values, queries in the RNN encoder–

decoder attention mechanism (Bahdanau/Luong style) specifically for machine translation, without yet

invoking the Transformer formulation.

This is exactly the level of abstraction D2L intends.

⚙️ The Setting: RNN Seq2Seq WITH Attention

Encoder processes the source sentence → produces hidden states

Decoder generates the target sentence word by word:

At decoder step , the model must figure out:

This is where queries, keys, values come in.

h ​,h ​, … ,h ​1 2 T

s ​, y ​t t

t

“Which source word(s) should I pay attention to when predicting the next target word?”



🎯 1. What Are Queries, Keys, and Values (Conceptually)?

Query = what I am looking for

Comes from the decoder state

Represents: “What information do I need from the source right now?”

When generating a French word “mange” (eat), the decoder query tries to find:

a verb

matching tense/subject

matching semantic content in the source

Keys = how to match me

Derived from each encoder hidden state

Each key represents:

“What kind of information does this source position contain?”

Keys carry:

word identity

grammatical/semantic hints

positional/syntactic info the encoder has learned

Values = the information to retrieve

Also derived from encoder hidden states (often same as )

Values represent:

“If you decide I’m relevant, here is the representation you can take from me.”

Values contain the content we want to pass to the decoder after alignment.

🎯 2. Alignment as Query–Key Matching

At decoder step :

s ​t

h ​i

h ​i

t



Query  = decoder state 

Keys  = transformations of each encoder state 

The model computes a compatibility score:

This score means:

These scores are turned into alignment weights:

This produces a probability distribution over source positions.

🎯 3. Retrieving Information With Values

Once we know which source tokens matter, we gather their values:

This context vector is:

a weighted mixture of the encoder states

exactly the information the decoder needs at this step

Then the decoder uses  to predict the next word.

🔍 4. Intuition via a Simple Example

English → French

q ​t s ​t

k ​i h ​i

score(q ​, k ​)t i

“How relevant is source word  to predicting target word at time ?”i t

α ​ =t,i softmax ​(score(q ​, k ​))i t i

c ​ =t ​α ​v ​

i

∑ t,i i

c ​t



Source: “I eat apples”

Target: “Je mange des pommes”

When generating “mange”:

Query = decoder state when it has read “Je”

Keys = encoder states for (“I”, “eat”, “apples”)

Values = semantic content of these encoder states

Matching:

score(query, key_for_eat) ≫ score(query, key_for_apples)

→ alignment peak near “eat”

Thus context vector  ≈ representation of “eat,”

which helps the decoder output “mange”.

🧠 5. Summary: The Conceptual Roles

Component Where It Comes From What It Represents

Query Decoder hidden state What information the decoder needs now

Keys Encoder hidden states What information each source position contains

Values Encoder hidden states What information to retrieve if aligned

Query = question

Keys = how searchable each source token is

Values = the content you actually want

🪄 Ultra-Short Version

c ​t



Query = “What am I trying to find?”

Keys = “What do I contain?”

Values = “Here is what you get if you pick me.”

Attention = computing how well query matches each key,

then retrieving the corresponding values.

If you want, I can also provide:

✔  diagrams for RNN-attention with Q/K/V

✔  comparison to Transformer Q/K/V

✔  math-only deep version

✔  a step-by-step example using an actual sentence

Just tell me “diagram,” “math,” or “example.”

Are keys=values= encoder states? 

Short answer:

In classic RNN seq-to-seq attention (Bahdanau / Luong) as used in D2L,

yes — keys and values are both derived from the encoder hidden states, often identical to them (or

small linear transforms of them).

But they play different conceptual roles even if they are the same vectors.

Below is the full explanation.



✅ In RNN Encoder–Decoder Attention:

Keys = Values = Encoder Hidden States (usually)

Take encoder hidden states:

For the attention mechanism:

Keys:

Used to compute alignment scores with the decoder query.

Values:

Used to form the context vector once alignment weights are computed.

Most early implementations, including D2L’s RNN-attention, simply take:

Thus, yes, in the simple RNN seq-to-seq model:

🚫 But Why Have Different Names?

Even though numerically they may be the same vectors,

their roles in the attention computation are different:

Key role

Used only to compute:

h ​,h ​, … ,h ​1 2 T

k ​ =i W ​h ​ (often W ​ =k i k I)

v ​ =i W ​h (often W ​ =v i v I)

k ​ =i v ​ =i h ​i

Keys and values are both just encoder states.



Keys define “how the query should match me.”

Value role

Used only for:

Values define “what you actually retrieve if you attend to me.”

In RNN-attention, both roles use the same encoder state ,

but conceptually they are distinct.

🔥 Why They Become Different in Transformers

Transformers always use three separate learned projections:

Keys and values differ because:

keys model matchability

values model retrieved content

multiple heads project into different subspaces

This separation is essential for multi-head attention.

So conceptually, RNN attention uses degenerate Q/K/V:

Q comes from decoder state

K = V = H (encoder states)

sometimes with a small linear transform

score(q ​, k ​)t i

c ​ =t ​α ​v ​

i

∑ t,i i

h ​i

Q = XW , K =Q XW , V =K XW V



🧠 Intuition

Encoder hidden state  is a rich embedding of the i-th source word.

The same vector is used:

for matching relevance (key)

for retrieving semantic content (value)

This works fine in early models because attention is simple.

h ​i


