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What's Lacking with CNN/RNN

CNNs incorporate inductive bias into architecture, then train for parameters.

This bias is useful if we are doing supervised learning and have small data sets.

But, this is restrictive with larger sets.

RNNs add in (long) short-term memory to learn (but training hidden nodes takes time). 

Sequence modelling also precludes parallelization.
--- --- ---
Transformers give a flexible alternative, with shorter training time on larger sets.



Attention is All You Need

Nixes recurrence.

Counterintuitive b/c incorporates less inductive bias.



Dot-product Self-Attention

input tokens in embedding space
     ↓ (attention)

tokens in embedding space with richer 
semantic structure

Easiest attempt is y_n = a_n dotprod x_m.

(a_n in [0,1] and sum a_{nm} = 1)

"attention coefficients" should depend on input data.

Bishop, §12



Dot-product Improvements

1. Modify feature vectors (X' = X U w/ U learnable DxD).

2. Above transformer matrix (w/o softmax) is symmetric…

Softmax still is not flexible -> we want to emphasize 
asymmetric attention weights (e.g. tool vs. chisel).

Solution via 3 trainable weight matrices query + key + value.
(scaled to not kill subtleties in softmax )

Vaswani, et. al



Multihead Self-Attention

Want to attend to different patterns (e.g. vocab vs. tense in NLP)

H_i is old Softmax [Q_i K_i^T] V_i

concatenate output
x

new learnable weight matrix 
to allocate to attention heads



Final Transformer Architecture
Even with softmax, multi-head structure is mostly linear

↓

Post-compose multilayer perceptron (MLP, 
"feed-forwards") nonlinear neural networks (ReLU 
activation fns) for expressiveness

↓

Normalize

since our transformer is unfortunately permutation-equivariant wrt. the 
inputs, we add position encoding vectors r_n to each x_n (where the r_n are 
likely almost orthogonal since the embedding space's dimension is so large)(                                            )



Complexity of Base Transformer

n = # of input tokens, each of dimension (length) d



Success of Base Transformer ("bigger models are better")

[



Vision Transformer (Motivation)
Pre-Transformer, state of the art for image 
processing: ResNet: CNNs + Skip connection

Advantages:
● Less weights -> More data efficient
● CNNs were tailored for images

○ “Inductive biases”: 
■ Equivariance - f(Tx) = Tf(x)
■ Locality - pixels in neighborhood more 

important than pixels far away
● With residual connections:

○ Deep CNNs with hierarchical feature 
learning + addresses vanishing/exploding 
gradient problem



Vision Transformer (Motivation)

But…
● Hard to Scale

○ Pooling, Striding needs careful tuning
○ ResNets only help up to a point

● Inductive bias is a bottleneck for big 
supervised data

It would be great if we could have a scalable and more generalizable 
architecture for big data image tasks…



Vision Transformer (Model)

NO DECODER!



Vision Transformer (Model)

Big Idea: 
● Image Preprocessing -> Standard Transformer Encoder

Preprocessing: 
● Break image into small square patches of size P. Patches = Tokens

Input to Transformer: For original image of (H, W, C), patch size P
● Flattened Patch embeddings: N_patches = HW/P^2, Patch dim = P^2C
● x_class token: A learnable embedding that draws attention from all patches in 

order to make a classification at output layer L
● Position Embeddings: Encodes spatial position of each patch relative to other 

patches 



Vision Transformer (Model)

● z_i = output to transformer encoder
○ z_i^0 = the classification token

● E = learnable embedding projection matrix
● MSA = Multi-Headed Self Attention (Each Head attends to a feature in 

parallel)
● MLP = Multilayer Perceptron (FC + Nonlinear activation)
● LN = Layer Norm (for bad gradients and stability)



Vision Transformer (Model)

Summary of Learnable params
● X_class – token
● E  – embedding projection matrix
● E_pos – embedding matrix for position
● Transformer encoder weights (L layers)

○ W_k, W_Q, W_v, W_0
○ MLP
○ Layer Norms

● MLP Head 



Vision Transformer (Training)

Supervised Pretrain:
● General training for a dataset
● Low resolution images

Finetuning:
● Specialized training for smaller specialized tasks
● Replace original classification MLP head with custom MLP head for new 

problem
● Higher resolution data with same patch size
● Interpolate 2D position encodings

○ You resize the old positional encodings from 14×14 → 24×24 using 2D 
interpolation (like resizing an image).



Vision Transformer (Experiments)

Pretrain Various ViT models above on varying size datasets and compare to 
ResNet:
● ImageNet (1k classes, 1.3M images)
● ImageNet-21k (21k classes, 14M images)
● JFT (18k classes, 303M HiRes images)



Vision Transformer (Experiment 1)

Goal: Classify images, compare accuracy between ViT and previous SOTA 
models



Vision Transformer (Experiment 1)

Results: 

● Huge ViT achieves 
better accuracy that 
SOTA on training and 
takes less compute

● Huge ViT does better 
on assorted visual 
tasks in VTAB

Huge/P=14 Large/P=16

VTAB includes image classification of natural images (flowers, cats), niche images (satellites 
and aerial photographs), structured tasks (count how many dots)



Vision Transformer (Experiment 2)

Goal: Compare performance of ViT with varying model size and sample size



Vision Transformer (Experiment 2)

Results: 

● ViT H/14 outperforms 
ResNet on JFT

● ResNet saturates 
earlier, ViT eventually 
outperforms



Vision Transformer (Experiment 3)

Goal: Compare Accuracy vs Compute between ViT, ResNet, Hybrid



Vision Transformer (Experiment 3)

Results: 

● Hybrid performs best in 
small compute budget

● At large compute 
budget, pure 
transformer wins



Vision Transformer (Inspection)

Heads (in MSA) attend to components of image 
which are highly relevant for classification.
● Attention is the same shape as input x, it 

“lights up” in patches of x with high attention



Vision Transformer (Inspection)



Vision Transformer (Inspection)

1. Principal Components of Embedding Projection matrix
a. Each tile represents PC of E. These are reshaped (P, P) 

tiles with R, G, B overlaid
2. Embedding of Position per patch location

a. Tile = corresponds to one specific patch
b. Colors inside tile = cosine similarity to all other patch 

position embeddings 
3. How far in pixel space does head look

a. In early layers, high locality, behaves like CNN
b. In deeper layers, global structure, looks farther



Vision Transformer (Conclusion)

● Transformers in Vision have shown many successes over 
ResNets
○ More computationally efficient
○ Comparable if not better accuracy

● Identifies features for classification purely through attention 
rather than convolutional layers

● Works better on larger supervised datasets
● Demonstrates the multimodality of transformer architecture, 

not just NLP but image classification as well



Transformer-XL (motivation)
Recall self-attention complexity per layer is of order O(n^2 * d).

As context window length n increases linearly, attention scales quadratically.

Seemingly, RNNs are better-suited because complexity is O(n * d^2).

But, their effective context stabilizes:

Attention may give long-term dependency.

[K
handelw

al, et. al]



Transformer-XL (first look, Al-Rfou)
A non-recurrent model (deep 64-layer transformer) outperforms RNNs (2018)

Character-level language modeling of natural language is very challenging: 
(i) no vocab, (ii) dependencies, (iii) computation

RNNs use 200 token batches with hidden state from previous batch revealed.
(But we know this extra info is not effectively used by last slide.)

Al-Rfou, et. al's model used mini-batches at random starts w/ NO info passed on.

same Vaswani, et. al block



Transformer-XL (first look, Al-Rfou)

Attention layers are 
masked via causal 
attention (i.e. no 
leftward arrows).

transformer processes

transformer predicts



A few experiments improvements:

1. Auxiliary losses (w/ decay) resolved slow
 conv./accuracy (due to high (>10 layers) depth).

2. Added predictions (+ loss fns) at each t_i
in final and intermediate layers (red arrows).
(This resembles what an RNN does.)
(middle layers decay w/ lower layers faster)

3. Vaswani, et. al's sinusoidal pos. embedding in
layer 1 is replaced w/ a learned-per-layer pos.
embedding since order information could be lost in propagation.

Transformer-XL (first look, Al-Rfou)



Transformer-XL (first look, success but limitation)

Al-Rfou, et. al's pos. embedding = 512-dim embedding for L positions * N layers

L*N*512 added parameters!

Only possible since model does not accept longer contexts than L -> need XL.

"context fragmentation"

bits req. to 
predict next 
token

[



"[...] although the self-attention mechanism is less affected by the
 vanishing gradient problem compared to RNNs, the [Al-Rfou] model is not able 

to fully exploit this optimization advantage." - [Dai, et. al]

Al-Rfou, et. al's model is limited because:
1) largest dependency is batch segment length from training,
2) chunking wrt. semantic boundaries (".", ";", etc.) still leaves out longer context 
    and is surprisingly less efficient than careless selection.

3) it adds one position at a time, so new segment is gen. from scratch each iter. 
    (computationally expensive)

Transformer-XL addresses these by adding recurrence + relative pos. embeddings.

Transformer-XL (Dai, et. al)
"extra-long"



Recurrence: computed hidden state sequence cached for next segment
Difference w/ RNN-LMs: recurrent dependency shifts one layer down

Can carry as much memory as GPU memory allows, e.g. tracking last M states gives:
  memory := m_{time step tau}^k ∈ R^{M x d} (k is layer #)

Transformer-XL (Recurrence)



Secret New Problem: how will we embed the positions of the old hidden states?

Wrong Ans: if we simply add the same pos. vectors to +1-shifted states, the model 
cannot distinguish states corresponding to \tau and \tau + 1 → LOSS

Right Intuition: want to encode relative pos. info (absolute can be found recursively)

In detail: 
1. Say: x_i embedded as E_i, added to pos. embedding U_i.
2. Recall: Attention(x_i, x_j) = (E_i+U_i) W_K W_Q^T (E_j + U_j)^T

3. Expanding:
 

4. Replacing:

[Feng, T. Lec N
otes]

Transformer-XL (Positional Embedding)

u^T, v^T, R are learnable!



(content) + (global bias for token) + (pos. bias for token) + (global rel. bias)

Transformer-XL (Positional Embedding)

cols = attention heads 
   (left is #1)

rows = rel. location
    (top is #1)

darker = higher value

Model has 
16 10-head 
transformers 
+ memory of 
length 640

avg dist. over past 
640 tokens

sim
ilar

focus on bottom
…



Transformer-XL (Positional Embedding)

Model has 
16 10-head 
transformers 
+ memory of 
length 640

middle layer 
focused; rows 
share locations

final layer; rows 
(targets) have diff. 
context locations, 
but some loc. 
specialized

first layer 
almost uniform, 
screening for 
higher layers



Transformer-XL (Results)



Transformer-XL (Results)

+    →
…



COLAB

NEXT WEEK! :)
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