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Deep Learning for Sequences

DL4CV @ Weizmann
Slide credit: Justin Johnson (EECS-498-007, UMich)

One to one

Feed-forward:
e.g., classification

image -> label

One to many

e.g., image captioning
image -> sequence of words

Many to one

e.g., video classification
sequence of frames -> label

e.g., video frames classification
sequence of frames -> seq. of labels

Many to many

e.g., Machine translation
sequence of words -> seq. of words

Many to many

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


Recurrent Neural Networks
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Recurrent Neural Networks
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(-) No temporal dependency



Recurrent Neural Networks

DL4CV @ Weizmann

Many to manyOne to one

(+?) Temporal dependency (via trained parameters)
(-) Parameter inefficiency
(-) Fixed sequence length



Recurrent Neural Networks

DL4CV @ Weizmann

Many to manyOne to one

(+) Temporal dependency (via “hidden state”)
(+) Parameter efficiency
(+) Arbitrary sequence length



Recurrent Neural Networks

DL4CV @ Weizmann

Many to manyOne to one

ℎ𝑡 = 𝑓 ℎ𝑡−1, 𝑥𝑡;𝑾 = tanh 𝑊ℎℎℎ𝑡−1 +𝑊𝑥ℎ𝑥𝑡 + 𝑏ℎ

𝑦𝑡 = 𝑔 ℎ𝑡;𝑾 = 𝑊ℎ𝑦ℎ𝑡 + 𝑏𝑦



Example: Language Modeling

Task:
Given characters 𝑐0, 𝑐1, … , 𝑐𝑡−1
Predict 𝑐𝑡

Training sequence: “hello”

Vocabulary: [‘h’, ‘e’, ‘l’, ‘o’]

DL4CV @ Weizmann
Slide credit: Justin Johnson (EECS-498-007, UMich)

`h` `e` `l` `l`Input sequence:

1
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0
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0
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1
0
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0
0

0
0
1
0

Embedding Layer:
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Example: Language Modeling

Task:
Given characters 𝑐0, 𝑐1, … , 𝑐𝑡−1
Predict 𝑐𝑡

At test time: generate new text
Sample one char at a time

Training sequence: “hello”

Vocabulary: [‘h’, ‘e’, ‘l’, ‘o’]

DL4CV @ Weizmann
Slide credit: Justin Johnson (EECS-498-007, UMich)
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Example: Language Modeling

Task:
Given characters 𝑐0, 𝑐1, … , 𝑐𝑡−1
Predict 𝑐𝑡

At test time: generate new text
Sample one char at a time

Training sequence: “hello”

Vocabulary: [‘h’, ‘e’, ‘l’, ‘o’]

DL4CV @ Weizmann
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Example: Language Modeling
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Predict 𝑐𝑡
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Vocabulary: [‘h’, ‘e’, ‘l’, ‘o’]
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Agenda

DL4CV @ Weizmann

Perceptron

Images
static

Sequences
time-dependent

Convolution CNN Recurrent NN Memory Attention



Sequence to Sequence 

DL4CV @ Weizmann

We אנו (ANU)
Learn לומדים (LOMDIM)
Computer ממוחשבת (MEMUCHSHEVET)
Vision ראיה (RE’EYA)



DL4CV @ Weizmann

Initial hidden state

Slide credit: Justin Johnson (EECS-498-007, UMich)

Sequence to Sequence: RNN 
Encoder RNN Decoder RNN

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


DL4CV @ Weizmann

context

Initial hidden state

“context” is a bottleneck
What if seq is very long?

Slide credit: Justin Johnson (EECS-498-007, UMich)

Sequence to Sequence: RNN 
Encoder RNN Decoder RNN

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


DL4CV @ Weizmann

softmax
+

⨀⨀⨀⨀

Slide credit: Justin Johnson (EECS-498-007, UMich)

Sequence to Sequence: RNN & Attention 

𝑸𝑲

𝑽

No need to provide: 
Learned end-to-end

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


DL4CV @ Weizmann
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+
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Slide credit: Justin Johnson (EECS-498-007, UMich)

Sequence to Sequence: RNN & Attention 

𝑲

𝑽

𝑸
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DL4CV @ Weizmann

softmax
+

⨀⨀⨀⨀

Slide credit: Justin Johnson (EECS-498-007, UMich)

Sequence to Sequence: RNN & Attention 

𝑲

𝑽

𝑸

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


DL4CV @ Weizmann

softmax
+

⨀⨀⨀⨀

Slide credit: Justin Johnson (EECS-498-007, UMich)

Sequence to Sequence: RNN & Attention 

𝑲

𝑽

𝑸

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


DL4CV @ Weizmann

Sequence to Sequence: RNN & Attention 

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
Slide credit: Justin Johnson (EECS-498-007, UMich)

Example: English to French translation

Input (English):
The agreement on the European Economic Area 
was signed in August 1992. 

Output (French):
L’accord sur la zone économique européenne 
a été signé en août 1992.

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html
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Example: English to French translation
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DL4CV @ Weizmann

Sequence to Sequence: RNN & Attention 

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
Slide credit: Justin Johnson (EECS-498-007, UMich)

Example: English to French translation

Input (English):
The agreement on the European Economic Area 
was signed in August 1992. 

Output (French):
L’accord sur la zone économique européenne 
a été signé en août 1992.
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DL4CV @ Weizmann

softmax
+

⨀⨀⨀⨀

Slide credit: Justin Johnson (EECS-498-007, UMich)

Attention Layer

𝑲

𝑽

𝑸

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


Inputs:
Query: 𝑸 (shape: 𝑁𝑞 × 𝐷𝑞)
Input: 𝑿 (shape: 𝑁𝑥 × 𝐷𝑥)

Layer’s Parameters:
𝑿 → 𝑲:  𝑾𝒌 (shape: 𝐷𝑥 × 𝐷𝑞)
𝑿 → 𝑽:  𝑾𝒗 (shape: 𝐷𝑥 × 𝐷𝑣)

Compute:

Keys: 𝑲 = 𝑿𝑾𝒌 (shape: 𝑁𝑥 × 𝐷𝑞)

Values: 𝐕 = 𝐗𝑾𝒗 (shape: 𝑁𝑥 × 𝐷𝑣)

Similarities: 𝑬 = 𝑸𝑲𝑇/ 𝐷𝑞 (shape: 𝑁𝑞 × 𝑁𝑥)

Attention: 𝑨 = softmax 𝑬; ↑ (shape: 𝑁𝑞 × 𝑁𝑥)

Outputs: 𝐘 = 𝐀𝐕 (shape: 𝑁𝑞 × 𝐷𝑣)

DL4CV @ Weizmann
Slide credit: Justin Johnson (EECS-498-007, UMich)

Attention Layer

𝑥1

𝑥2

𝑥3

𝑞1 𝑞2 𝑞3 𝑞4

𝑾𝒗

𝑾𝒌

𝑘3

𝑘2

𝑘1

𝑎4,3

𝑎4,2

𝑎4,1

𝑎2,3

𝑎3,2𝑎2,2

𝑎3,1𝑎2,1𝑎1,1

𝑎1,2

𝑎1,3

softmax (↑)

𝑎3,3

prod(→), sum (↑)

𝑦1 𝑦2 𝑦3 𝑦4

𝑒2,2

𝑒1,1

𝑒3,3𝑒2,3

𝑒2,1

𝑒1,2

𝑒1,3 𝑒4,3

𝑒4,1𝑒3,1

𝑒4,2𝑒3,2

𝑣1

𝑣2

𝑣3
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Input:

Input: 𝑿 (shape: 𝑁𝑥 × 𝐷𝑥)

Layer’s Parameters:
𝑿 → 𝑸:  𝑾𝒒 (shape: 𝐷𝑥 × 𝐷𝑞)
𝑿 → 𝑲:  𝑾𝒌 (shape: 𝐷𝑥 × 𝐷𝑞)
𝑿 → 𝑽:  𝑾𝒗 (shape: 𝐷𝑥 × 𝐷𝑣)

Compute:

Query: 𝑸 = 𝑿𝑾𝒒 (shape: 𝑁𝑥 × 𝐷𝑞)

Keys: 𝑲 = 𝑿𝑾𝒌 (shape: 𝑁𝑥 × 𝐷𝑞)

Values: 𝐕 = 𝐗𝑾𝒗 (shape: 𝑁𝑥 × 𝐷𝑣)

Similarities: 𝑬 = 𝑸𝑲𝑇/ 𝐷𝑞 (shape: 𝑁𝑞 × 𝑁𝑥)

Attention: 𝑨 = softmax 𝑬; ↑ (shape: 𝑁𝑞 × 𝑁𝑥)

Outputs: 𝐘 = 𝐀𝐕 (shape: 𝑁𝑞 × 𝐷𝑣)

DL4CV @ Weizmann
Slide credit: Justin Johnson (EECS-498-007, UMich)

Self-Attention Layer

𝑾𝒗

𝑾𝒌

𝑥1

𝑥2

𝑥3 𝑘3

𝑘2

𝑘1

𝑎2,3

𝑎3,2𝑎2,2

𝑎3,1𝑎2,1𝑎1,1

𝑎1,2

𝑎1,3

softmax (↑)

𝑎3,2

prod(→), sum (↑)

𝑦1 𝑦2 𝑦3

𝑒2,2

𝑒1,1

𝑒3,3𝑒2,3

𝑒2,1

𝑒1,2

𝑒1,3

𝑒3,1

𝑒3,2

𝑣1

𝑣2

𝑣3

𝑞1 𝑞2 𝑞3
𝑾𝒒

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


Self Attention in Vision

DL4CV @ Weizmann

𝑥:
𝐷𝑥 × 𝑇 × 𝐻 ×𝑊

𝑘:
𝐷𝑞 × 𝑇 ⋅ 𝐻 ⋅ 𝑊

𝑣:
𝐷𝑦 × 𝑇 ⋅ 𝐻 ⋅ 𝑊

𝑞:
𝐷𝑞 × 𝑇 ⋅ 𝐻 ⋅ 𝑊

𝑊𝑞:

1 × 1 × 1
𝑊𝑣:

1 × 1 × 1
𝑊𝑘:

1 × 1 × 1

𝑇 ⋅ 𝐻 ⋅ 𝑊
×

𝑇 ⋅ 𝐻 ⋅ 𝑊

𝑦:
𝐷𝑦 × 𝑇 × 𝐻 ×𝑊

⨂softmax
𝑥:

𝐷𝑥 × 𝑇 × 𝐻 ×𝑊

CNN
Backbone

Wang, X., Girshick, R., Gupta, A. and He, K., “Non-local neural networks” CVPR (2018)

https://arxiv.org/pdf/1711.07971.pdf
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Wang, X., Girshick, R., Gupta, A. and He, K., “Non-local neural networks” CVPR (2018)

CNN
Backbone

Self Attention in Vision Avg 
Pool

+
MLP

https://arxiv.org/pdf/1711.07971.pdf
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Self-Attention Layer: Properties

𝑾𝒗

𝑾𝒌

𝑥1

𝑥2

𝑥3 𝑘3

𝑘2

𝑘1

softmax (↑)

prod(→), sum (↑)

𝑦1 𝑦2 𝑦3

𝑒2,2

𝑒1,1

𝑒3,3𝑒2,3

𝑒2,1

𝑒1,2

𝑒1,3

𝑒3,1

𝑒3,2

𝑣1

𝑣2

𝑣3

𝑞1 𝑞2 𝑞3
𝑾𝒒

SelfAtt 𝜋 𝑥1, … , 𝑥𝑛 = 𝜋 SelfAtt(𝑥1, … , 𝑥𝑛)

Self-Attention is permutation equivariant

“I am studying” ? “Am I studying” 𝑎2,3

𝑎3,2𝑎2,2

𝑎3,1𝑎2,1𝑎1,1

𝑎1,2

𝑎1,3 𝑎3,2
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Self-Attention Layer: Properties

𝑾𝒗

𝑾𝒌

𝑥1

𝑥2

𝑥3 𝑘3

𝑘2

𝑘1

softmax (↑)

prod(→), sum (↑)

𝑦1 𝑦2 𝑦3

𝑒2,2

𝑒1,1

𝑒3,3𝑒2,3

𝑒2,1

𝑒1,2

𝑒1,3

𝑒3,1

𝑒3,2

𝑣1

𝑣2

𝑣3

𝑞1 𝑞2 𝑞3
𝑾𝒒

1

2

3

Positional Encoding

𝑎2,3

𝑎3,2𝑎2,2

𝑎3,1𝑎2,1𝑎1,1

𝑎1,2

𝑎1,3 𝑎3,2



Multi-head Self-Attention

DL4CV @ Weizmann 𝒙

𝒚

Slide credit: Justin Johnson (EECS-498-007, UMich)

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


Three Ways of Processing Sequences

DL4CV @ Weizmann

Recurrent Neural Network 1D Convolution

Works on Ordered Sequences
(+) large and adaptive receptive 
field via hidden state
(-) Not parallelizable: need to 
process states sequentially

Slide credit: Justin Johnson (EECS-498-007, UMich)

Works on Multidimensional Grids
(-) Fixed receptive field. Need to 
stack many layers to have a 
decent one
(+) Highly parallelizable

Works on Sets
(+) receptive filed = entire 
sequence
(+) parallelizable
(-) Very memory intensive

Self-Attention

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


Three Ways of Processing Sequences

DL4CV @ Weizmann

Recurrent Neural Network 1D Convolution Self-Attention

Works on Ordered Sequences
(+) large and adaptive receptive 
field via hidden state
(-) Not parallelizable: need to 
process states sequentially

Slide credit: Justin Johnson (EECS-498-007, UMich)

Works on Multidimensional Grids
(-) Fixed receptive field. Need to 
stack many layers to have a 
decent one
(+) Highly parallelizable

Works on Sets
(+) receptive filed = entire 
sequence
(+) parallelizable
(-) Very memory intensive

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html
https://proceedings.neurips.cc/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html


Transformer Layer

DL4CV @ Weizmann
Slide credit: Justin Johnson (EECS-498-007, UMich)

𝑥1, … , 𝑥𝑛

𝑦1, … , 𝑦𝑛

Layer Norm 

Multi-head
Self-Attention 

Layer Norm 

MLP

+

+

Input: 𝑥1, … , 𝑥𝑛 (𝑛 tokens in 𝐷 dimensions)

Layer Norm:
𝛾, 𝛽: scale and shift parameters (𝐷 dimensions)

Compute:
𝜇𝑖 = σ𝑗 𝑥𝑖𝑗 /𝐷 (𝑛 scalars)

𝜎𝑖 = σ𝑗 𝑥𝑖𝑗 − 𝜇𝑖 /𝐷 (𝑛 scalars)

output: 𝑜𝑖 = 𝛾 ⋅
𝑥𝑖−𝜇𝑖

𝜎𝑖
+ 𝛽

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


Transformer Layer

DL4CV @ Weizmann
Slide credit: Justin Johnson (EECS-498-007, UMich)

𝑥1, … , 𝑥𝑛

Layer Norm 

Multi-head
Self-Attention 

Layer Norm 

MLP

𝑦1, … , 𝑦𝑛

+

+

Input: 𝑥1, … , 𝑥𝑛 (𝑛 tokens in 𝐷 dimensions)
Output: 𝑦1, … , 𝑦𝑛 (𝑛 tokens in 𝐷 dimensions)

Highly scalable

Highly parallelizable

https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html


Transformers Network

DL4CV @ Weizmann
𝑥1, … , 𝑥𝑛

𝑦1, … , 𝑦𝑛

Pretraining:
Download a LOT of text from the internet

Train a transformers network using self-supervision

Finetuning:

Fine-tune the transformer to specific NLP task at hand

Model Layers Width (𝑫) #Heads #Params Data

BERT-base 12 768 12 110M 13GB

BERT-large 24 1024 16 340M 13GB

GPT-2 48 1600 ? 1.5B 40GB

GPT-3 96 12288 96 175B 694GB



Example of GPT-3 generated text

DL4CV @ Weizmann
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Perceptron

Images
static

Sequences
time-dependent

Convolution CNN Recurrent NN Memory AttentionViT



Vision Transformers (ViT)

DL4CV @ Weizmann

Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T.,
Dehghani M., Minderer M., Heigold G., Gelly S., Uszkoreit J. and Houlsby N. “An Image
is Worth 16x16 Words: Transformers for Image Recognition at Scale” (ICLR 2021)

1

*

Embedding

2 3 4 5 6 7 8 90

MLP

ℝ1000

*

Multi Layer Transformers Encoder

𝑥1, … , 𝑥𝑛

Layer Norm 

Multi-head
Self-Attention 

Layer Norm 

MLP

𝑦1, … , 𝑦𝑛

+

+

https://openreview.net/forum?id=YicbFdNTTy


Vision Transformers (ViT)

DL4CV @ Weizmann

Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T.,
Dehghani M., Minderer M., Heigold G., Gelly S., Uszkoreit J. and Houlsby N. “An Image
is Worth 16x16 Words: Transformers for Image Recognition at Scale” (ICLR 2021)

Model Layers Width (𝑫) #Heads #Params

ViT-Base 12 768 12 86M

ViT-Large 24 1024 16 307M

ViT-Huge 32 1280 16 632M

https://openreview.net/forum?id=YicbFdNTTy


Vision Transformers (ViT)

DL4CV @ Weizmann

Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T.,
Dehghani M., Minderer M., Heigold G., Gelly S., Uszkoreit J. and Houlsby N. “An Image
is Worth 16x16 Words: Transformers for Image Recognition at Scale” (ICLR 2021)

1

*

Embedding

2 3 4 5 6 7 8 90

*

Multi Layer Transformers Encoder

𝑥1, … , 𝑥𝑛

Layer Norm 

Multi-head
Self-Attention 

Layer Norm 

MLP

𝑦1, … , 𝑦𝑛

+

+
[cls]

Self Attention Maps

https://openreview.net/forum?id=YicbFdNTTy
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Vision Transformers (ViT)

Caron, M., Touvron, H., Misra, I., Jégou, H., Mairal, J., Bojanowski, P. and Joulin, A., 
“Emerging Properties in Self-Supervised Vision Transformers”. ICCV (2021)

https://ai.facebook.com/blog/dino-paws-computer-vision-with-self-supervised-transformers-and-10x-more-efficient-training/


Vision Transformers (ViT)

DL4CV @ Weizmann

Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T.,
Dehghani M., Minderer M., Heigold G., Gelly S., Uszkoreit J. and Houlsby N. “An Image
is Worth 16x16 Words: Transformers for Image Recognition at Scale” (ICLR 2021)

1

*

Embedding

2 3 4 5 6 7 8 90

*

Multi Layer Transformers Encoder

𝑥1, … , 𝑥𝑛

Layer Norm 

Multi-head
Self-Attention 

Layer Norm 

MLP

𝑦1, … , 𝑦𝑛

+

+
[cls]

Self Attention Maps

https://openreview.net/forum?id=YicbFdNTTy
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Vision Transformers (ViT)

Caron, M., Touvron, H., Misra, I., Jégou, H., Mairal, J., Bojanowski, P. and Joulin, A., 
“Emerging Properties in Self-Supervised Vision Transformers”. ICCV (2021)

https://ai.facebook.com/blog/dino-paws-computer-vision-with-self-supervised-transformers-and-10x-more-efficient-training/


Vision Transformers (ViT)

DL4CV @ Weizmann

Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T.,
Dehghani M., Minderer M., Heigold G., Gelly S., Uszkoreit J. and Houlsby N. “An Image
is Worth 16x16 Words: Transformers for Image Recognition at Scale” (ICLR 2021)

1

*

Embedding

2 3 4 5 6 7 8 90

*

Multi Layer Transformers Encoder

𝑥1, … , 𝑥𝑛

Layer Norm 

Multi-head
Self-Attention 

Layer Norm 

MLP

𝑦1, … , 𝑦𝑛

+

+
[cls]

[cls] token

https://openreview.net/forum?id=YicbFdNTTy


Vision Transformer (ViT)

DL4CV @ Weizmann
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Perceptron

Images
static

Sequences
time-dependent

Convolution CNN Recurrent NN Memory AttentionViT



What’s next?

Next tutorial:

Sequences and ViT (Shir)

Next lecture:

Detection and  Segmentation (Shai)

DL4CV @ Weizmann


