Lecture 13:
Modern Architectures
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Administrative: Assignment 4

Due 2/27 11:59pm
- PyTorch

- RNNs

- LSTMs
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Administrative: Fridays

This Friday

Coding Agent with Ethan
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Image Captioning with RNNs & Attention

Alignment scores:  Attention: This entire process is differentiable.
Hx W HxW - model chooses its own
attention weights. No attention
€100(€101 [€102 1009101 | 3102 . . .
’ supervision is required
e, . .le e
140|510 | F12@ 408949 (8192 person wearing hat [END]
€120/€121 €122 Q1003921322
T y1 y2 y?, y4
Z. .z .|z
201 01} 02 -+ h, h, > h, —> h, — h,
CNN | %0 %11 %2
Zy0| 221 | %22 TT TT TT TT
Extract spatial Features:
features from a HxWxD i || Yo C, (| Y4 Cs || Y2 IR
retrained CNN
: ! | S SR S
Xu et al, “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015 [START] person wearing hat
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General attention layer

Yo || Yq || Y2

¥ f f Outputs:
| R | context vectors: y (shape: ')
tt
> V0 —>| 3 8,1 8y c
9
| Yy [ e |l fa | %e | T Operations:
[0}
= Key vectors: k = xW
™| V, [ 2p 31 3, | <C K
2 : ' : Value vectors: v = x
t t 1 Alignment: e;; =q, - k / \D
" | softmax (1) | Attention:aisoftjmax(e)
§ i f { Output: y, = 2. a,;
8 TT7 XO > kO —>| ©oo €01 €02 'E
> £
"5‘ T X1 ] k1 | €0 €1 €12 c
Q 2
C L e e e <
—_ X2 —> k2 —> € 2.1 22 | <C
A A
ﬂ Inputs:
q, || 9, | 9, Input vectors: x (shape: N x D)

Queries: q (shape: M x D, )
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Self attention layer

Yo |[ Y1 ][ Y2

f f f Outputs:
| SRS | context vectors: y (shape: ')
tt
> V0 —>| 3 8,1 8y c
e
" Ve T e || e | S Operations:
[0}
. E= Key vectors: k = xW
>V, ™| 3p 31 3, | <C k
2 : : : Value vectors: v = x
t bt Query vectors: q = xW_
| softmax (1) | Alignment: e, = g - k /\D
%’ ot Attention: a = softmax(e)
‘.8 B XO ™ kO —>| €oo €01 €02 'E OUtpUt y ZI alj
> £
"5‘ Bl X1 ] k1 | €0 €1 €12 c
Q 2
C e e e <
—_ X2 —> k2 —> € 21 22 | <C
A A
ﬂ Inputs:
q, | a, | a, Input vectors: x (shape: N x D)
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- attends over sets of inputs

yf’ y: {2 Outputs:
| RS | context vectors: y (shape: ')
tt
1" VO —>| o0 8,1 32 -
i) Yo | ¥q || Y
MR | RS Operations: 0 1 2
2 Key vectors: k = xW L
— —>| a a a ' k = i
v, s | %% < [ \iue vectors: v = x self attfenhon
t t t Query vectors: q = xW,_
|_softmax (1) | Alignment: e, = ¢ - k/\/D Xo || %1 || X2
%’ i f { Attention: a = softmax( )
O X, K e €01 €2 | = OUtpUt y Z| alj
[0 0 0 c
Z £
"5' 1| X1 11 k1 —>| €0 €4 e1,2 c
Q 2
C e e e Pe
-_— X2 11 k2 = 2,0 2,1 22 | <C
T T T Inputs:
q || 9, | a9, Input vectors: x (shape: N x D)
) i T
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Positional encoding

Options for pos(.)

Yo Il Yq || Yo
f 1.  Learn a lookup table:
. o  Learn parameters to use for pos(t
self-attention for t 8[% T) pos(t)
i o  Lookup table contains T x d
Xo Il X4 || %5 parameters.
Po || P4 ]| Po 2. Design a fixed function with the
— 1 - desiderata
position encoding o Intuition:
I " sin(wn.t) | 0: 0000 8: 1000
cos(wi. £) 1% 001 9: 001
Xo || X1 || %2 o 2: 0010 10: 1010
. . . . 3: 011 11 014
Concatenate special positional encoding sin(wp. £) i: 041060 13z 14 60
p, to each input vector x (t) = cos(ws- ) 5: 0101 13: 1101
Pt = 6: 110 14: 110
We use a function pos: N —R¢ 7: 0111 15: 1111
to process the position | of the vector into » ;
a d-dimensional vector (L __ 1
| cos(wya-t) |, where < 100002/ ,

. Image source
So, p, = pos()
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https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

Causal attention layer

yTO yT1 3;2 Outputs:
| SRS | context vectors: y (shape: ')
tt
> V. | 2 8,1 8y
0 : : e
4 v, [ o [la 8 £  oOperations: - Prevent vectors from
Sy o o [ |§  Keyvectors: k=xW, looking at future vectors.
2 T B Value vectors: v = x - Manually set alignment
Query vectors: q = xW,_ e
| softmax (1) | Alignment: e = q -k /\D scores to -infinity
%’ ot Attention: a = softmax(e)
© T X0 — kO —>| €oo €01 €02 | += OUtpUt y Z| aIJ
() c
> £
"5‘ Bl X1 ] k1 > €11 €12 c
o k=,
£ X, —1 K, | ~ = | e | <
A A
ﬂ Inputs:
q, | a, | a, Input vectors: x (shape: N x D)
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Multi-head self-attention layer

- Multiple self-attention heads in parallel

Yo Il Y4 || Y,

Add or concatenate

head, head, head,,
Yo Il Yi Il Y> Yo Il Yi | Ys Yo Il Yy || Y
| t t 1 t t 1
Self-attention Self-attention e Self-attention
T 1 1 | T 1 1
Xo || X4 1| % Xy || X4 1| % Xo || X4 || %,
Split
Xo || %1 || %2
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General attention versus self-attention

yo y1 y2 yo y1 y2
f f
atter?tlon self-attention
I I
kO k1 k2 VO V1 V2 qO q1 q2 XO X1 X2
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Attention layers can process sequential inputs

Yo Il Y4 || Y,

Add or concatenate

head, head, head,,
Yo || Y1 || Y2 Yo || Y1 | Y2 VYo || Yy | Yo
t t ¢ t t t 1t Self-attention layers
Self-attention Self-attention Self-attention are masked
T T 1 I
Xo || X4 1| % Xy || X4 1| % Xo || X4 || %,
Split
X0 X1 X2
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Comparing RNNs to masked multi-neaded attention

RNNs

(+) LSTMs work reasonably well for long sequences.

(-) Expects an ordered sequences of inputs

(-) Sequential computation: subsequent hidden states can only be computed after the
previous ones are done.

Masked multi-headed attention:

(+) Good at long sequences. Each attention calculation looks at all inputs.

(+) Can operate over unordered sets or ordered sequences with positional encodings.

(+) Parallel computation: All alignment and attention scores for all inputs can be done in
parallel.

(-) Requires a lot of memory: N x M alignment and attention scalers need to be calculated
and stored for a single self-attention head. (but GPUs are getting bigger and better)
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Today's Agenda:

- Transformers
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Image Captioning using transformers

Input: Image |
Output: Sequencey =y, Y,,..., ¥;

» Zo0| 201 | Zo2
\) CNN | %0 %11 %2
Zy0| 221 | %22

Extract spatial Features:
features from a HxWxD
pretrained CNN
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Image Captioning using transformers

Input: Image |
Output: Sequencey =y, Y,,..., ¥;

Encoder: c =T, (2)
where z is spatial CNN features
T, () is the transformer encoder

A Z Z
0,0/ ~0,1 0,2 CO,O CO,1 00’2 CZ,2
CNN | %0 %11 %2 i
2o | 2t | Za Transformer encoder
Extract spatial Features: i
features from a HxWxD 10200 |1 201 || 202 | - 1229

pretrained CNN
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Image Captioning using transformers

Input: Image | Decoder:y, = T (¥, C)
Output: Sequence y =y, Y,...., ¥; where T(.) is the transformer decoder

A [ hat END
Encodelj. c= Tw(z) person wearing a [ |
where z is spatial CNN features
T, () is the transformer encoder Y, Y, Y, Y,

Z00| %01 | %02 © © © .. lc

S e e 2.2 Transformer decoder
CNN Z10| %11 | %12 i .

Z0l 21| 2o Transformer encoder
Extract spatial Features: 1 y y y y
features from a HxWxD "Il Zoo || Zon || %02 | - | %22 ’ 1 ‘ ’
pretrained CNN _

[START] person wearing hat
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The Transformer encoder block

C0,0 C0,1 CO,2 e C2,2
—
[}
3
o : XN
C
()
o
= T Made up of N encoder blocks.
[ .
3
c : In vaswani et al. N = 6, Dq= 512
=

Positional encoding
|
Z0,0 Z0,1 Z0,2 22,2
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The Transformer encoder block

C0,0 CO,1 CO,2 ) CZ,2
—
[}
3
o : XN
C
()
o
£ T Let's dive into one encoder block
[ .
o
c
S f
[ .
|_
| |
Positional encoding
|
X0 X1 X2 X3
Z0,0 Z0,1 Z0,2 ) Z2,2
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The Transformer encoder block

C0,0 C0,1 CO,2 "t C2,2
—
()
IS
O : XN
c
(D)
o)
£ !
O
&
© t
=

Multi-head self-attention Attention attends over all the vectors
| :
Positional encoding
|
X0 X1 X2 X3
Z0,0 Z0,1 Z0,2 Z2,2
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The Transformer encoder block

C0,0 CO,1 CO,2 "t CZ,Z
—
()
3
O : XN
c
(D)
o)
£ !
qg . .
= : (? Residual connection
| -

| Multi-head self-attention Attention attends over all the vectors
A
Positional encoding
|
X0 X1 X2 X3
Z0,0 Z0,1 Z0,2 Z2,2
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The Transformer encoder block

C0,0 CO,1 CO,2 "t C2,2
—
()
IS
O : XN
c
(D)
)
£ T Layer norm LayerNorm over each vector individually
g 1 . |
= : > ; Residual connection
| -
X | Multi-head self-attention Attention attends over all the vectors
A
Positional encoding
|
X0 X1 X2 X3
Z0,0 Z0,1 Z0,2 Z2,2
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The Transformer encoder block

C0,0 CO,1 CO,2 C2,2
—
[}
3
o : xN MLP (2 layers with GeLU) over each
) M;-P vector individually
—
) . ..
£ T Layer norm LayerNorm over each vector individually
E &
= : - ; Residual connection
= X | Multi-head self-attention Attention attends over all the vectors

Positional encoding
' X, || X || %, 1] %y
Z0,0 Z0,1 Z0,2 22,2
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The Transformer encoder block

C0,0 CO,1 CO,2 C2,2
s Residual connection
O -®
3
o : xN ! MLP (2 layers with GeLU) over each
& M;-P vector individually
) . ..
£ T Layer norm LayerNorm over each vector individually
2 &
% y - ; Residual connection
= . | Multi-head self-attention Attention attends over all the vectors

Positional encoding
' Xo (I X, || %, | X,
Z0,0 Z0,1 Z0,2 22,2
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The Transformer encoder block

Co0 || Co41 || Co2 | | Co2 Yoll Yi Il Yo | Y3
: Transformer Encoder Block:
Layer norm
. Inputs: Set of vectors x
3 (I) Outputs: Set of vectors y
Q : !
8 : xN
) MLP Self-attention is the only
Q f interaction between vectors.
£ T Layer norm
o
2 CI) Layer norm and MLP operate
© ! $ independently per vector.
= X Multi-head self-attention
| ] Highly scalable, highly
Positional encoding parallelizable, but high memory
| Xo | X || X, | Xy usage.
Z0,0 Z0,1 Z0,2 e Z2,2
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Now very common for LN to

The Transformer encoder block  come before operations

instead of after

Co0 || Co41 || Co2 | | Co2 Yoll Yi Il Yo | Y3
: Transformer Encoder Block:
Layer norm
. Inputs: Set of vectors x
3 (I) Outputs: Set of vectors y
§ : XN !
) MLP Self-attention is the only
Q f interaction between vectors.
£ T Layer norm
o
2 CI) Layer norm and MLP operate
© ! $ independently per vector.
= X Multi-head self-attention
| ] Highly scalable, highly
Positional encoding parallelizable, but high memory
| Xo | X || X, | Xy usage.
Z0,0 Z0,1 Z0,2 e Z2,2
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The Transformer
Decoder block

person wearing hat [END]
Yo Y Y2 Y3
=
= Made up of N decoder blocks.
2R
: x N o .
2 X 3 In vaswani et al. N = 6, Dq= 512
D
C -
0,0 T %
8
Co,1 o
4 =
C0,2
C22 Y, Y, Y, Y,

[START] person wearing hat
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The Transformer
Decoder block

person wearing hat [END]

Yo Y, Y5 Y3
_|
-5
Q
S
@
: xN Q
3
L1 Q
C ol
0,0 T 2
3
Co.1 T o
1 0]
®
Coz2 N
i |
c
— Yo Y Y5 Y3

[START] person wearing hat

Yo Il Y4 |l Y2 || Y3
*
| FC
T
C0,0
CO,1
C0,2
C2,2
Yo Il Ya |l Yo || ¥s

Let's dive into the
transformer decoder block

Feb 19, 2026
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The Transformer
Decoder block

person wearing hat [END]

Yo Y, Y5 Y3
_|
-5
Q
S
@
: xN Q
3
L1 ('_Ds
C ol
0,0 T 2
3
Co.1 T o
1 0]
®
Coz2 N
i |
c
— Yo Y Y5 Y3

[START] person wearing hat

| Layer norm

| MLP
*

0,0
0,1

0,2

2,2

| Laver; norm

©)
f

| Layer norm

t

Masked Multi-head

self-attention

Most of the network is the
same the transformer

encoder.
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The Transformer
Decoder block

person wearing hat [END]
Yo Y Y2 Y3
=
)
>
28
: xN S
3
L @
Cc
0,0 T g‘)_
3
CO,1 > %
{ =
Co,z L1
‘ |
22| || |V Y, | | Ys

[START] person wearing hat

MLP |
*

0,0
0,1

0,2

Laver; norm |

?

Multi-head attention

k

v g

2

AIT

Layer norm |

2,2

t

Masked Multi-head

self-attention

Multi-head attention block
attends over the transformer
encoder outputs.

For image captions, this is
how we inject image
features into the decoder.
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The Transformer
Decoder block

person wearing hat [END]

Yo Y, Y5 Y3
_|
-5
Q
S
@
: xN Q
3
L1 Q
C ol
0,0 T 2
3
Co.1 T o
1 0]
®
Coz2 N
i |
c
— Yo Y Y5 Y3

[START] person wearing hat

MLP |
*

0,0
0,1

0,2

Laver; norm |

t

Multi-head attention

K

Vv

1

q
i

Layer norm |

2,2

t

Masked Multi-head
self-attention

Transformer Decoder
Block:

Inputs: Set of vectors x and
Set of context vectors c.
Outputs: Set of vectors y.

Masked Self-attention only
interacts with past inputs.

Multi-head attention block is
NOT self-attention. It
attends over encoder
outputs.

Highly scalable, highly
parallelizable, but high
memory usage.
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Image Captioning using transformers

- No recurrence at all

person wearing hat [END]
Y, Ys Ys Vs
Zo0| %01 | %02 c c c .. |le
DO O 02 22 Transformer decoder
CNN Z10/ %11 | 412 1 .
2o | 2t | Za Transformer encoder
Extract spatial Features: i . v y y
features from a HxWxD 1| Zoo || Zoa || Zo2 | - | Z22 ° 1 ’ ’
pretrained CNN :
[START] person wearing hat
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Image Captioning using transformers

- Perhaps we don't need
convolutions at all?

person wearing hat [END]
Y, Y, Ys Ys
Z50| %01 | %02 c c c .. |le
o0 O B0 22 Transformer decoder
Zi0| %11 %12 { 3
2o | 2t | Za Transformer encoder
Extract spatial Features: i . v y y
features from HxWxD 1l %00 || %041 || %02 | - | %22 ’ 1 ’ ’
pretrained N _
[START] person wearing hat
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Image Captioning using ONLY transformers

Transformers from pixels to language

person wearing hat [END]

Y4 Y, Yj Y4
C © C . C
0,0 0,1 0,2 2,2
T Transformer decoder
Transformer encoder
1
EnE N > "

[START] person wearing hat
Colab link
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https://colab.research.google.com/github/google-research/vision_transformer/blob/master/vit_jax.ipynb

Image Captioning using ONLY transformers

Average-5 ImageNet
g 90 g
gJ
= 951
g 1 ®
—
=
9
Q
<
2 80 1
E ®  Transformer (ViT) ® Transformer (ViT)
204 ResNet (BiT) ResNet (BiT)
Hybrid Hybrid
— . . 75+ . .
10% 103 10* 10? 10° 104

Total pre-training compute [exaFLOPs]

Figure 5: Performance versus cost for different architectures: Vision Transformers, ResNets, and
hybrids. Vision Transformers generally outperform ResNets with the same computational budget.

Hybrids improve upon pure Transformers for smaller model sizes, but the gap vanishes for larger
models.

Colab link
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https://colab.research.google.com/github/google-research/vision_transformer/blob/master/vit_jax.ipynb

New large-scale transformer models

TEXT PROMPT
an illustration of a baby daikon radish in a tutu walking a dog

AI-GENERATED IMAGES
Q 4

;H il ~ ﬂ

Edit prompt or view more images v

TEXT PROMPT
an armchair in the shape of an avocado [...]

ALK

Edit prompt or view more images v

AI-GENERATED IMAGES

link to more examples
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https://openai.com/blog/dall-e/

Transformers today

Y Y Y Y B S

Transformer-Base ? | 8xP100 (12 hours)

Transformer-Large 12 1024 16 213M ? | 8x P100 (3.5 days)

Vaswani et al, “Attention is all you need”, NeurlPS 2017
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Transformers today

Y Y Y Y B S

Transformer-Base ? | 8xP100 (12 hours)
Transformer-Large 12 1024 16 213M ? | 8x P100 (3.5 days)
BERT-Base 12 768 12 119M 13GB | ?
BERT-Large 24 1024 16 340M 13GB | ?

Devlin et al, "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding”, EMNLP 2018
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Transformers today

Y Y Y Y B S

Transformer-Base ? | 8xP100 (12 hours)
Transformer-Large 12 1024 16 213M ? | 8x P100 (3.5 days)
BERT-Base 12 768 12 119M 13GB | ?

BERT-Large 24 1024 16 340M 13GB | ?

XLNet-Large 24 1024 16 ~340M 126GB | 512x TPU-v3 (2.5 days)
RoBERTa 24 1024 16 355M 160GB | 1024x V100 GPUs (1 day)

Yang et al, XLNet: Generalized Autoregressive Pretraining for Language Understanding”, 2019 (Google)
Liu et al, "RoBERTa: A Robustly Optimized BERT Pretraining Approach", 2019 (Meta)
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Transformers today

Y Y Y Y B S

Transformer-Base ? | 8xP100 (12 hours)
Transformer-Large 12 1024 16 213M ? | 8x P100 (3.5 days)
BERT-Base 12 768 12 119M 13GB | ?

BERT-Large 24 1024 16 340M 13GB | ?

XLNet-Large 24 1024 16 ~340M 126GB | 512x TPU-v3 (2.5 days)
RoBERTa 24 1024 16 355M 160GB | 1024x V100 GPUs (1 day)
GPT-2 48 1600 25 1.5B 40GB | ?

Radford et al, "Language models are unsupervised multitask learners”, 2019 (OpenAl)
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Transformers today

Y Y Y Y B S

Transformer-Base 8x P100 (12 hours)
Transformer-Large 12 1024 16 213M ? | 8x P100 (3.5 days)
BERT-Base 12 768 12 119M 13GB | ?

BERT-Large 24 1024 16 340M 13GB | ?

XLNet-Large 24 1024 16 ~340M 126GB | 512x TPU-v3 (2.5 days)
RoBERTa 24 1024 16 355M 160GB | 1024x V100 GPUs (1 day)
GPT-2 48 1600 25 1.5B 40GB | ?

Megatron-LM 72 3072 32 8.3B 174GB | 512x V100 GPU (9 days)

Shoeybi et al. "Megatron-Im: Training multi-billion parameter language models using model parallelism." 2019. (Google)
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Transformers today

Y Y Y Y B S

Transformer-Base

Transformer-Large 12
BERT-Base 12
BERT-Large 24
XLNet-Large 24
RoBERTa 24
GPT-2 48
Megatron-LM 72
Turing-NLG 78

1024

768

1024

1024

1024

1600

3072

4256

16

12

16

16

16

25

32

28

213M

119M

340M

~340M

355M

1.5B

8.3B

17B

Microsoft, "Turing-NLG: A 17-billion parameter language model by Microsoft", 2020

13GB

13GB

126GB

160GB

40GB

174GB

8x P100 (12 hours)

8x P100 (3.5 days)

?

512x TPU-v3 (2.5 days)
1024x V100 GPUs (1 day)
?

512x V100 GPU (9 days)

256x V100 GPUs
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Transformers today

Y Y Y Y B S

Transformer-Base

Transformer-Large 12
BERT-Base 12
BERT-Large 24
XLNet-Large 24
RoBERTa 24
GPT-2 48
Megatron-LM 72
Turing-NLG 78
GPT-3 96

1024

768

1024

1024

1024

1600

3072

4256

12288

16

12

16

16

16

25

32

28

96

Brown et al, "Language Models are Few-Shot Learners", NeurlPS 2020

213M

119M

340M

~340M

355M

1.5B

8.3B

17B

175B

13GB

13GB

126GB

160GB

40GB

174GB

694GB

8x P100 (12 hours)

8x P100 (3.5 days)

?

512x TPU-v3 (2.5 days)
1024x V100 GPUs (1 day)
?

512x V100 GPU (9 days)

256x V100 GPUs
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Rae et al, “Scaling Language Models: Methods, Analysis, & Insights from

Tra n Sfo rm e rS tOd ay Training Gopher”, arXiv 2021 (Google)

Y Y Y Y B S

Transformer-Base 8x P100 (12 hours)
Transformer-Large 12 1024 16 213M ? | 8x P100 (3.5 days)
BERT-Base 12 768 12 119M 13GB | ?

BERT-Large 24 1024 16 340M 13GB | ?

XLNet-Large 24 1024 16 ~340M 126GB | 512x TPU-v3 (2.5 days)
RoBERTa 24 1024 16 355M 160GB | 1024x V100 GPUs (1 day)
GPT-2 48 1600 25 1.5B 40GB | ?

Megatron-LM 72 3072 32 8.3B 174GB | 512x V100 GPU (9 days)
Turing-NLG 78 4256 28 17B ? | 256x V100 GPUs

GPT-3 96 12288 96 175B 694GB | ?

Gopher 80 16384 128 280B 10.55TB | 4096x TPU-v3 (38 days)
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Y Y S

Transformer-Base
Transformer-Large
BERT-Base
BERT-Large
XLNet-Large
RoBERTa

GPT-2
Megatron-LM
Turing-NLG
GPT-3

Gopher

GPT-4

12

12

24

24

24

48

72

78

96

80

1024

768

1024

1024

1024

1600

3072

4256

12288

16384

16

12

16

16

16

25

32

28

96

128

213M

119M

340M

~340M

355M

1.5B

8.3B

17B

175B

280B

1.8T

13GB

13GB

126GB

160GB

40GB

174GB

694GB

10.55TB

?

8x P100 (12 hours)

8x P100 (3.5 days)

?

512x TPU-v3 (2.5 days)
1024x V100 GPUs (1 day)
?

512x V100 GPU (9 days)

256x V100 GPUs

4096x TPU-v3 (38 days)

?
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Summary

- Adding attention to RNNs allows them to "attend" to different
parts of the input at every time step
- The general attention layer is a new type of layer that can be
used to design new neural network architectures
- Transformers are a type of layer that uses attention and layer
norm.
o Itis highly scalable and highly parallelizable
o Faster training, larger models, better performance across
vision and language tasks
o They are quickly replacing RNNs, LSTMs, and may even
replace convolutions.
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Today: Modern Architectures
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Review: LeNet-5

[LeCun et al., 1998]

Image Maps

Fully Connected

Input

Convolutions
Subsampling

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-FC-FC]
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Today: Modern Architectures

Case Studies
- AlexNet
- VGG
- GoogLeNet
- ResNet
- VIiT
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30 282
152 layers| |152 layers| |152 layers
25
20
16.4
15
11.7 19 layers| (22 layers
10
7.3 6.7
5.1
5 / 3.6
‘BN
. S
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez &  Krizhevsky etal  Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30 282
25.8 First CNN-based winner 152 layers| |152 layers| |152 layers
25
20 /
16.4
15
11.7 19 layers| (22 layers
10
7.3 6.7
. ‘e 5.1
shallow 8 layers A . 3 23 .
5 - E =
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez & | Krizhevsky etal| Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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Case Study: AlexNet

[Krizhevsky et al. 2012]

EN e
128 204¢ 2048 dense
\ 13

1000

Architecture:
CONV1

MAX POOL1
NORM1
CONV2
MAX POOL2
NORM2
CONV3
CONV4
CONV5

Max POOL3

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4 W=(W-F+2P)/S+1

=>
Q: what is the output volume size? Hint: (227-11)/4+1 = 55

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

A. Farhadi, S. Pratt Lecture 13 - 53 Feb 19, 2026




Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
First layer (CONV1): 96 11x11 filters applied at stride 4 W=(W-F+2P)/S+1
=>

Output volume [55x55x96] 227

Z
55 x 55
227 | ﬁ
96

3

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4

s m,/ 1 x 11
Output volume [55x55x96]

Q: What is the total number of parameters in this layer?

W

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4

=> m,/ 11 x 11
Output volume [55x55x96]

Parameters: (11*11*3 + 1)*96 = 35K

W

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96 W= (W-F+2P)/S+1
Second layer (POOL1): 3x3 filters applied at stride 2

Q: what is the output volume size? Hint: (55-3)/2+1 = 27

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96 W= (W-F+2P)/S+1

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96

Q: what is the number of parameters in this layer?

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96
Parameters: 0!

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96
After POOL1: 27x27x96

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

128 204¢ 2048 dense
\ 13

13 dense dense)

1000

192 192 128 Max

Full (simplified) AlexNet architecture: X . — I i
[227x227x3] INPUT lora pooling pooling

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0

[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2

[13x13x256] MAX POOL2: 3x3 filters at stride 2

[13x13x256] NORM2: Normalization layer

[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1

[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1

[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1 000] 1000 neurons (C|aSS Scores) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

202 2048
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Case Study: AlexNet

[Krizhevsky et al. 2012]

E s
128 204¢ 2048 dense
\ 13

13 dense dense)

Full (simplified) AlexNet architecture: B\ 0N e L K B
[227x227x3] INPUT Jora \__| poolina pooling

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer

[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (C|aSS Scores) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

1000

Details/Retrospectives:

- first use of ReLU

- used Norm layers (not common anymore)
- heavy data augmentation

- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate 1e-2, reduced by 10
manually when val accuracy plateaus
- L2 weight decay 5e-4

-7 CNN ensemble: 18.2% -> 15.4%
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Case Study: AlexNet

[Krizhevsky et al. 2012]

E s
128 204¢ 2048 dense
\ 13

13 dense dense)

1000

Full (simplified) AlexNet architecture: B\ 150N e M Mex o dow ams
[227x227x3] INPUT < AL

|[55x55x96] CONV1: 96 11x11 filters at stride 4, pad
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer

[55x55x48] X 2

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 Historical note: Trained on GTX 580
[13x13x256] MAX POOLZ2: 3x3 filters at stride 2 GPU with only 3 GB of memory.
[13x13x256] NORM2: Normalization layer Network spread across 2 GPUs, half
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1 the neurons (feature maps) on each
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1 GPU.

[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1

[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1 000] 1 000 neurons (ClaSS Scores) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

128 204¢ 2048 dense
\ 13

13 dense dense)

1000

128 Max - L
204 2048

Full (simplified) AlexNet architecture:

[227x227x3] INPUT UGrENL_| o pooing

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 /4/7
[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization layer CONV1, CONV2, CONV4, CONVS5:
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 Connections only with feature maps
[13x13x256] MAX POOL2: 3x3 filters at stride 2 on same GPU

[13x13x256] NORM2: Normalization layer

[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1

[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1

[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1 000] 1000 neurons (C|aSS Scores) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Case Study: AlexNet

[Krizhevsky et al. 2012]

13 dense dense)

.~‘.:>:- g 3' N e
192 128 204 Joag \dense
ffffffz;:,' \ |\
— ﬁ] T

1000

192 128 Max

224 S"t‘-"d Max Max pooling 204 2048

Full (simplified) AlexNet architecture:

[227x227x3] INPUT of'é | ok % pooling

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 /
[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization layer CONV3, FC6, FC7, FC8:

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 Connections with all feature maps in
[13x13x256] MAX POOLZ2: 3x3 filters at stride 2 preceding layer, communication
[13x13x256] NORM2: Normalization layer across GPUs

[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1

[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1

[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1 000] 1000 neurons (C|aSS Scores) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30 282
25.8 First CNN-based winner 152 layers| |152 layers| |152 layers
25
20 /
16.4
15
11.7 19 layers| (22 layers
10
7.3 6.7
. ‘e 5.1
shallow 8 layers A . 3 23 .
5 - E =
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez & | Krizhevsky etal| Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30
28.2 ZFNet: Improved
hyperparameters over 152 Iayers 152 Iayers 152 Iayers
25 AlexNet \
20
16.4
15
11.7 19 layers| (22 layers
10
7.3 6.7
. ‘e 5.1
5 - E =
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez &  Krizhevsky et al| Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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Z F N et [Zeiler and Fergus, 2013]

image size 224 110 26 13 13 13
filter size 7 I3 L3
¢1 384 B

V1 w384 256

;\2‘56 '\ \
stride 2 96 3x3 max 3x3 max C
3x3 max pool| | contras pool| |contrast pool 4096 4096 class

stride 2 stride 2| |norm. stride 2 units units softmax

3 55/ ] 3 i
a ‘3[%\256 6 256

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer?7 Output

Input Image

AlexNet but:
CONV1: change from (11x11 stride 4) to (7x7 stride 2)
CONV3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512

ImageNet top 5 error: 16.4% -> 11.7%
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30

28.2

25

20

16.4

15

10

5
0
2010 2011 2012
Lin et al Sanchez &  Krizhevsky et al
Perronnin (AlexNet)

Deeper Networks 152 layers| |152 layers| |152 layers
11.7 |19 layers| |22 layers
7.3 6.7
i - 5.1
8 layers / .
y ‘TR

2013 2014 2014 2015 2016 2017 Human
Zeiler & Simonyan &  Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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Case Study: VGGNet

[ Softmax FC 4096 |

[Simonyan and Zisserman, 2014] oo : : Foa0s ]
1 —
Small filters, Deeper networks
8 layers (AlexNet) __
-> 16 - 19 layers (VGG 16Net)
l Pool || Pool ]
Only 3x3 CONYV stride 1, pad 1
and 2x2 MAX POOL stride 2 e
11.7% top 5 error in ILSVRC’13 (ZFNet) =) =]
-> 7.3% top 5 error in ILSVRC'14 = SN S
AlexNet VGG16 VGG19
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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: Why use smaller filters? (3x3 conv)

A. Farhadi, S. Pratt

FC 1000

FC 4096

FC 4096
AlexNet

Lecture 13 - 71

FC 1000
[ Softmax | | FC 4096 |
[ FC 1000 ] | FC 4096 |
l FC 4096 ] | Pool |
FC 4096
l Pool | | Pool |
| Pool | | Pool |
| Pool | | Pool |
| Input | I | Input |
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Case Study: VGGNet

[ Softmax FC 4096 |

| |
[Simonyan and Zisserman, 2014] oo 1 roaow ]
l FC 4096 ] | Pool |
Q: Why use smaller filters? (3x3 conv)
Stack of three 3x_3 conv (str_lde 1_) layers
has same effective receptive field as e
C—Poo 1
one 7x7 conv layer
l Pool ] | Pool |
Q: What is the eﬁegtlve receptive field of SEENNNNES S
three 3x3 conv (stride 1) layers?
| Input | | Input |
AlexNet VGG16 VGG19
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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: What is the effective receptive field
of three 3x3 conv (stride 1) layers?

Input A1 A2 A3

Conv1 (3x3) Conv2 (3x3) Conv3 (3x3)

FC 1000
[ Softmax ] | FC 4096 ]
[ FC 1000 ] | FC 4096 ]
| FC 4096 ] | Pool |
FC 4096
| Pool | | Pool |
| Pool | | Pool |
| Pool | | Pool |
| Input | I | Input |
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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: What is the effective receptive field
of three 3x3 conv (stride 1) layers?

Input A1 A2 A3
LTI T
- =
N | | 1| l_l,r| =
N i ‘__J-==::::_____-__-_-

Conv1 (3x3) Conv2 (3x3) Conv3 (3x3)

FC 1000
[ Softmax | | FC 4096 |
[ FC 1000 ] | FC 4096 |
| FC 4096 ] | Pool |
FC 4096
| Pool | | Pool |
| Pool | | Pool |
| Pool | | Pool |
| Input | I | Input |
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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: What is the effective receptive field
of three 3x3 conv (stride 1) layers?

Input A1 A2 A3
(L] |_|__|_|
§ J AT
B i ‘__J-==::::_____-__-_-

Conv1 (3x3) Conv2 (3x3) Conv3 (3x3)

FC 1000
[ Softmax | | FC 4096 |
[ FC 1000 ] | FC 4096 |
| FC 4096 ] | Pool |
FC 4096
| Pool | | Pool |
| Pool | | Pool |
| Pool | | Pool |
| Input | I | Input |
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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: What is the effective receptive field
of three 3x3 conv (stride 1) layers?

Input A1 A2 A3
-..____________- ! !
| ‘__J-==::::_____-__-_-

Conv1 (3x3) Conv2 (3x3) Conv3 (3x3)

FC 1000
[ Softmax | | FC 4096 |
[ FC 1000 ] | FC 4096 |
| FC 4096 ] | Pool |
FC 4096
| Pool | | Pool |
| Pool | | Pool |
| Pool | | Pool |
| Input | I | Input |
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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: What is the effective receptive field
of three 3x3 conv (stride 1) layers?

Input A1 A2 A3
MO
—— | ‘__J-==::::_____-__-_-
w

Conv1 (3x3) Conv2 (3x3) Conv3 (3x3)

FC 1000
[ Softmax | | FC 4096 |
[ FC 1000 ] | FC 4096 |
| FC 4096 ] | Pool |
FC 4096
| Pool | | Pool |
| Pool | | Pool |
| Pool | | Pool |
| Input | I | Input |
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Case Study: VGGNet

[ Softmax FC 4096 |

|
[Simonyan and Zisserman, 2014] oo 1] : ORI
l FC 4096 ] | Pool |
Q: Why use smaller filters? (3x3 conv)
_
Stack of three 3x3 conv (stride 1) layers
: . —m— R ——
has same effective receptive field as
one 7x7 conv layer 1
[7X7] =1 ]
| Input | | Input |
AlexNet VGG16 VGG19
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Case Study: VGGNet

[ Softmax FC 4096 |

|
[Simonyan and Zisserman, 2014] oo 1] : ORI
l FC 4096 ] | Pool |
Q: Why use smaller filters? (3x3 conv)
Stack of three 3x3 conv (stride 1) layers =
has same effective receptive field as =
one 7x7 conv layer 1 ]
. iy [ Pool ] | Pool |
But deeper, more non-linearities
—— N ——
And fewer parameters: 3 * (32C?) vs.
7%C? for C channels per layer )
AlexNet VGG16 VGG19
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INPUT: [224x224x3] memory: 224*224*3=150K params: 0 (not counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: O

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: O

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000
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FC 1000
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Input

VGG16

Feb 19, 2026




INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (not counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)"64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: O
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456

POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

POOL2: [14x14x512] memory: 14*14*512=100K params: 0
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 VGG16

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (for a forward pass)
TOTAL params: 138M parameters
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INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (not counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 Note:

CONV3-64: [224x224x64] memory: 224*224*64=3.2M s: (3"3*64)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K params: O .
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 Most memory is in
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 early CONV

POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

POOL2: [14x14x512] memory: 14*14*512=100K params: O Most params are
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 in late FC
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters
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INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (not counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 iy
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 f;
POOL2: [112x112x64] memory: 112*112*64=800K params: 0 (o6
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 convs-3
POOL2: [56x56x128] memory: 56*56*128=400K params: O °°""z'f
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912 o
CONV3-256: [56x56x256] memory: 56"56*256=800K params: (3*3*256)256 = 589,824 o
CONV3-256: [66x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 conva.2
POOL2: [28x28x256] memory: 28*28*256=200K params: 0 conva-1
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 conva-2
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 conva-1
POOL2: [14x14x512] memory: 14*14*512=100K params: 0
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 Z::::f
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 convi-2
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 conv1-1
FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 VGG16 /
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (only forward! ~*2 for bwd) Common names

TOTAL params: 138M parameters
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.
Case Study: VGGNet
| Softmax | | |
[Simonyan and Zisserman, 2014] ws | Fof:ooo 1 : ;‘222 ,
fc7 | FC 4096 ] | POl ]
fe6
I
Detal IS conv5-3
- ILSVRC’14 2nd in classification, 1st in o
localization
- Similar training procedure as Krizhevsky o
2012 fc7 conva-1
- No Local Response Normalisation (LRN) = .= =
- Use VGG16 or VGG19 (VGG19 only convs conv3-
. conv4 00| 00
slightly better, more memory) e
- Use ensembles for best results conva com | N 1
. __m_ Pool Pool
- FCTY features generalize well to other o2 comvia
convi convi-1
taSkS | Input | | Input |
AlexNet VGG16 VGG19




ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30

28.2

25

20

16.4

15

10

5
0
2010 2011 2012
Lin et al Sanchez &  Krizhevsky et al
Perronnin (AlexNet)

Deeper Networks 152 layers| |152 layers| |152 layers
11.7 |19 layers| |22 layers
7.3 6.7
i - 5.1
8 layers / .
y ‘TR

2013 2014 2014 2015 2016 2017 Human
Zeiler & Simonyan &  Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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Case Study: GooglLeNet =

[Szegedy et al., 2014]

Deeper networks, with computational /\i ;
efficiency ==
- ILSVRC’14 classification winner o Ea i
(6.7% top 5 error) " X %
- 22 layers N
- Only 5 million parameters! - esw
12x less than AlexNet Inception module -
27x less than VGG-16 ?/\J\
- Efficient “Inception” module |
- No FC layers
5\
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Case Study: GooglLeNet

[Szegedy et al., 2014]

“Inception module”: design a
good local network topology
(network within a network) and
then stack these modules on
top of each other

Inception module SEFASIE
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Apply parallel filter operations on
— the input from previous layer:
SN - Multiple receptive field sizes
o for convolution (1x1, 3x3,

pooling 5X5)
‘M - Pooling operation (3x3)

Previous Layer

Concatenate all filter outputs
Naive Inception module together channel-wise
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Apply parallel filter operations on
o the input from previous layer:
concatenation - Multiple receptive field sizes
= for convolution (1x1, 3x3,

pooling 5X5)
w - Pooling operation (3x3)

Previous Layer

Concatenate all filter outputs
Naive Inception module together channel-wise

Q: What is the problem with this?
[Hint: Computational complexity]
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Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]
Example:
Filter
concatenation
1x1 cony, 3x3 conv, 5x5 convy,
Module input: Input
28x28x256

Naive Inception module
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Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q1: What are the output sizes of

Example: all different filter operations?

Filter
concatenation

1x1 conv, 3x3 convy, 5x5 conv,
12 192 96 3x3 pool
Module input: Input
28x28x256

Naive Inception module
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Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q1: What are the output sizes of

Example: all different filter operations?

Filter
concatenation

28x28x128 28x28x192 28x28x96  28x28x256

-~ \ ~
1x1 conv, 3x3 conv, 5x5 conv,
12 192 96 3x3 pool
Module input: Input
28x28x256

Naive Inception module
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Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]
. Q2:What is output size after
Example. filter concatenation?

Filter
concatenation

28x28x128 28x28x192 28x28x96  28x28x256

-~ \ ~
1x1 conv, 3x3 conv, 5x5 conv,
12 192 96 3x3 pool
Module input: Input
28x28x256

Naive Inception module
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Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]
. Q2:What is output size after
Example. filter concatenation?

28x28x(128+192+96+256) = 28x28x672

Filter
concatenation

28x28x128 28x28x192 28x28x96  28x28x256

1x1 conv, 3x3 Conv, 5x5 conv, 3; ool
12 192 96 P
Module input: Input
28x28x256

Naive Inception module
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Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q2:What is output size after

Example: filter concatenation?
Conv Ops:
28x28x(128+192+96+256) = 28x28x672 [1x1 conv, 128] 28x28x128x1x1x256
=~ [3x3 conv, 192] 28x28x192x3x3x256
= [5x5 conv, 96] 28x28x96x5x5x256
28x28x128 28x28x192 28x28x96  28x28x256 Total: 854M ops
1x1 , 3 3<§m , 5 5‘E:on , —
Module input: Input
28x28x256

Naive Inception module
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Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q2:What is output size after

Example: filter concatenation?
Conv Ops:

28x28x(128+192+96+256) = 28x28X672 [1x1 conv, 128] 28x28x128x1x1x256

" [3x3 conv, 192] 28x28x192x3x3x256
C‘ﬂ/c‘af_“,i“oﬂ [5x5 conv, 96] 28x28x96x5x5x256
28x28x128 28x28x192 28x28x96  28x28x256 Total: 854M ops
1x1 cony, 3x3 &mv, 5x5‘éonv, 3;‘)00' .
1% Very expensive compute

Module input: Input Pooling layer also preserves feature
28x28x256 depth, which means total depth after
Naive Inception module Ic:;](;/r:ec';?tenatlon can only grow at every
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Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q2:What is output size after

Example: filter concatenation?

28x28x(128+192+96+256) = 529k Solution: “bottleneck™ layers that
e use 1x1 convolutions to reduce
28x28x128 _ 28x28x192 ~ 28x28x96  28x28x256 feature channel size
~ N\ ——
1x1 cony, 3x3 conv, 5x5 convy,
Module input: Input
28x28x256

Naive Inception module
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Review: 1x1 convolutions

56

64

56

1x1 CONV
with 32 filters

(each filter has size
1x1x64, and performs a
64-dimensional dot
product)

32

56

56
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Review: 1x1 convolutions Alternatively, interpret it as applying

the same FC layer on each input pixel

56

64

56

1

FC —
V

1x1x64 1x1x32

1x1 CONV
with 32 filters

(each filter has size
1x1x64, and performs a
64-dimensional dot
product)

32

56

56
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Review: 1x1 convolutions Alternatively, interpret it as applying

the same FC layer on each input pixel
i
64 32

1x1 CONV
o6 with 32 filters 56

preserves spatial
dimensions, reduces depth!

56 Projects depth to lower 56
64 dimension (combination of 32
feature maps)
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Filter
concatenation

3x3 max
pooling

T 7 —

Previous Layer

Naive Inception module

*

Filter
concatenation

*

Previous Layer

A

3x3 max
pooling

T

Inception module with dimension reduction

A. Farhadi, S. Pratt

Lecture 13 - 101

Feb 19, 2026



Case Study: GooglLeNet

[Szegedy et al., 2014]
1x1 conv “bottleneck”

layers
. Filter
Filter . concatenation
concatenation
1x1
3x3 ?ﬂax convolution

pooling * * *
w 11 1x1 3x3 max
convolution convolution pooling

Previous Layer

Previous Layer

Naive Inception module

Inception module with dimension reduction
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Case Study: GooglLeNet

[Szegedy et al., 2014]

28x28x480
Filter
concatenation

28x28x128 _ 28x28x192  28x28x96  28x28x64

—— Z N\ ~
1x1 conv, 3x3 cony, 5x5 convy, 1x1 conv,

128 1 ?2 9A6 6A4
28x28x64  28x28x64 28x28x256
1 1 1
1x1 cony, 1x1 cony,
64 64 3x3 pool

~ 7 —

Module inpUt: Previous Layer
28x28x256

Inception module with dimension reduction

Using same parallel layers as
naive example, and adding “1x1
conv, 64 filter” bottlenecks:

Conv Ops:

[1x1 conv, 64] 28x28x64x1x1x256
[1x1 conv, 64] 28x28x64x1x1x256
[1x1 conv, 128] 28x28x128x1x1x256
[3x3 conv, 192] 28x28x192x3x3x64
[5x5 conv, 96] 28x28x96x5x5x64
[1x1 conv, 64] 28x28x64x1x1x256
Total: 358M ops

Compared to 854M ops for naive version
Bottleneck can also reduce depth after
pooling layer
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Stack Inception modules
with dimension reduction
on top of each other

P i

\L/)'

H L
Inception module EEE
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Full GoogLeNet
architecture

Bl \i

|

Stem Network:
Conv-Pool-
2x Conv-Pool
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Full GoogLeNet
architecture

A

Stacked Inception
Modules
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Full GoogLeNet
architecture

b

Classifier output
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Case Study: GoogleNet e | AY9Pool

[Szegedy et al., 2014] 1X1XC

Full GoogLeNet
architecture

i

i

Note: after the last convolutional layer, a global
average pooling layer is used that spatially averages
across each feature map, before final FC layer. No
longer multiple expensive FC layers!

Classifier output
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Full GoogLeNet
architecture

b

LA
W]
N

Auxiliary classification outputs to inject additional gradient at lower layers
(AvgPool-1x1Conv-FC-FC-Softmax)
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Full GoogLeNet
architecture

b

22 total layers with weights
(parallel layers count as 1 layer => 2 layers per Inception module. Don’t count auxiliary output layers)
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Case Study: GooglLeNet =

[Szegedy et al., 2014]

Deeper networks, with computational
efficiency

- 22 layers

- Efficient “Inception” module

- Avoids expensive FC layers ) e

- 12x less params than AlexNet TR

- 27x less params than VGG-16 Inception module é

- ILSVRC’14 classification winner e
=0

(6.7% top 5 error)
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners
“Revolution of Depth”

30

25

20

15

10

28.2

16.4

2010 2011 2012
Lin et al Sanchez &  Krizhevsky et al
Perronnin (AlexNet)

11.7

2013

Zeiler &
Fergus

152 layers| |152 layers| |152 layers
19 layers| |22 layers
7.3 6.7
3.6
! H m =
2014 2014 2015 2016 2017
Simonyan &  Szegedy et a| He et al Shao et al Hu et al
Zisserman (VGG) (GooglLeNet (ResNet) (SENet)

Lecture 13 - 112

5.1

Human

Russakovsky et al
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Case Study: ResNet

[He et al., 2015]

Very deep networks using residual
connections

- 152-layer model for ImageNet

- ILSVRC’15 classification winner
(3.57% top 5 error)

- Swept all classification and
detection competitions in
ILSVRC’15 and COCO’15!

T relu
F(x) + x
F(x) Irelu
X

Residual block

X
identity

oftmax
FC 1000

3x3 conv, 64
3x3 conv, 64

—
: 3x3 conv, 64 =>
3x3 conv, 64
o—
I 3x3 conv, 64 I>
3x3 conv, 64
) A—

3x3 conv, 128
3x3 conv, 128
O

3x3 conv, 128

3x3 conv, 128

O———o

128
3x3 conv, 128 /2

—

3x3 conv, 64
3x3 conv, 64
O
3x3 conv, 64
3x3 conv, 64

 —
3x3 conv, 64
onv, 64

|

it

Input

A. Farhadi, S. Pratt

Lecture 13 - 113

Feb 19, 2026



Case Study: ResNet

[He et al., 2015]

What happens when we continue stacking deeper layers on a “plain” convolutional
neural network?
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Case Study: ResNet

[He et al., 2015]

What happens when we continue stacking deeper layers on a “plain” convolutional

neural network?
\\\%ayer

[terations [terations

56-layer

Test error
Training error
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Case Study: ResNet

[He et al., 2015]

What happens when we continue stacking deeper layers on a “plain” convolutional

neural network?
\\\%ayer

[terations [terations

56-layer

Test error
Training error

56-layer model performs worse on both test and training error
-> The deeper model performs worse, but it's not caused by overfitting!
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Case Study: ResNet

[He et al., 2015]

Fact: Deep models have more representation power
(more parameters) than shallower models.

Hypothesis: the problem is an optimization problem,
deeper models are harder to optimize
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Case Study: ResNet

[He et al., 2015]

Fact: Deep models have more representation power
(more parameters) than shallower models.

Hypothesis: the problem is an optimization problem, H(x)
deeper models are harder to optimize 1
What should the deeper model learn to be at least H(X) i

as good as the shallower model? Xrelu relu
A solution by construction is copying the learned i i
layers from the shallower model and setting X X

additional layers to identity mapping.
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Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

H(x)

X
relu

!

X
“Plain” layers
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Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

T el |dentity r_napping:
H(x) H(x) = F(x) + x H(x) = xif F(x) =0
‘ X
relu F(x) I relu identity
T
X X
“Plain” layers Residual block
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Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

H(x) = F(x) + T | |dentity mapping:
X)=F(X)*X relu o =
H(X)/ mF(x) + X H(X) = x if F(X) =0
Use layers to
‘ X fit residual
relu F(x) Irelu identity F(X) = H(X) - X
instead of
T H(x) directly
X X
“Plain” layers Residual block
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Case Study: ResNet

[He et al., 2015] ;

3x3 conv, 512
3x3 conv, 512

3x3 conv, 512
3x3 conv, 512

3x3 cony, 512
3x3 conv, 512, /2

Full ResNet architecture:
- Stack residual blocks
- Every residual block has
two 3x3 conv layers

Trem
F(x) + x

3x3 conv, 128

FeI I relu ide)rftity

3x3 conv, 64
O

3x3 conv, 64
3x3 conv, 64

X
Residual block
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Case Study: ResNet

[He et al., 2015]

Full ResNet architecture:

- Stack residual blocks

- Every residual block has
two 3x3 conv layers

- Periodically, double # of
filters and downsample
spatially using stride 2 (/2
in each dimension)
Reduce the activation
volume by half.

T relu
F(x) + x
F(x) Irelu
X

Residual block

X
identity

FC 1000
T R

O
3x3 conv, 512
3x3 conv, 512

3x3 conv, 512
3x3 conv, 512

Q
3x3 cony, 512
3x3 conv, 512, /2
O

3x3 conv, 128
filters, /2
spatially with
stride 2

3x3 conv, 64
filters

e Bl

X3 conv, 64
O

3x3 conv, 64
O

3x3 conv, 64
3x3 conv, 64

A. Farhadi, S. Pratt

Lecture 13 - 123

Feb 19, 2026



Case Study: ResNet

[He et al., 2015] ;

3x3 conv, 512
3x3 conv, 512

3x3 conv, 512
3x3 conv, 512

Q
3x3 cony, 512
3x3 conv, 512, /2
O

Full ResNet architecture:
- Stack residual blocks
- Every residual block has
two 3x3 conv layers
- Periodically, double # of
filters and downsample F(x) Irem X
spatially using stride 2 (/2 identity
in each dimension)
- Additional conv layer at -
the beginning (stem)
Residual block

T relu
F(x) + x

4——— Beginning
Tnout conv layer
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Case Study: ResNet

[He et al., 2015]

Full ResNet architecture:

Stack residual blocks
Every residual block has
two 3x3 conv layers
Periodically, double # of
filters and downsample
spatially using stride 2 (/2
in each dimension)
Additional conv layer at
the beginning (stem)

No FC layers at the end
(only FC 1000 to output
classes)

(In theory, you can train a ResNet with
input image of variable sizes)

T relu
F(x) + x
F(x) Irelu
X

Residual block

X
identity

FC 1000
______Pool |

O
3x3 conv, 512
3x3 conv, 512

3x3 conv, 512
3x3 conv, 512

Q
3x3 cony, 512
3x3 conv, 512, /2
O

3x3 conv, 64
O

3x3 conv, 64
3x3 conv, 64

No FC layers
besides FC
1000 to
output
classes

Global
average
pooling layer
after last
conv layer
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Case Study: ResNet

[He et al., 2015]

Total depths of 18, 34, 50,
101, or 152 layers for
ImageNet
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Case Study: ResNet

[He et al., 2015]

28x28x256
output

For deeper networks
(ResNet-50+), use “bottleneck”
layer to improve efficiency
(similar to GooglLeNet)

28x28x256
input
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Case Study: ResNet

[He et al., 2015]

28x28x256
output
1x1 conv, 256 filters projects
back to 256 feature maps

For deeper networks (28x28x256)
(ResNet-50+), use “bottleneck”
layer to improve efficiency 3x3 conv operates over
(similar to GooglLeNet) only 64 feathre maps

1x1 conv, 64 filters to

project to 28x28x64

28x28x256
input
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Case Study: ResNet

[He et al., 2015]

Training ResNet in practice:

- Batch Normalization after every CONV layer

- Xavier initialization from He et al.

- SGD + Momentum (0.9)

- Learning rate: 0.1, divided by 10 when validation error plateaus
- Mini-batch size 256

-  Weight decay of 1e-5

- No dropout used
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Case Study: ResNet

[He et al., 2015]

Experimental Results
- Able to train very deep
networks without degrading
(152 layers on ImageNet, 1202
on Cifar)

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” (quote vann) 152-layer nets

D t K hi * ImageNet Detection: 16% better than 2nd
) eeper networks now achieve * ImageNet Localization: 27% better than 2nd

lower training err.or as expected » COCO Detection: 11% better than 2nd
- Swept 1st place in all ILSVRC * COCO Segmentation: 12% better than 2nd
and COCO 2015 competitions
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Case Study: ResNet

[He et al., 2015]

Experimental Results
- Able to train very deep
networks without degrading
(152 layers on ImageNet, 1202
on Cifar)

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” (quote vann) 152-layer nets

D t K hi * ImageNet Detection: 16% better than 2nd
) eeper networks now achieve * ImageNet Localization: 27% better than 2nd

lower training err.or as expected » COCO Detection: 11% better than 2nd
- Swept 1st place in all ILSVRC * COCO Segmentation: 12% better than 2nd
and COCO 2015 competitions

ILSVRC 2015 classification winner (3.6%
top 5 error) -- better than “human
performance” (Russakovsky 2014)
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Case Study: ResNet

[He et al., 2015]

Skip connections
smooth out the loss
landscape, easier
optimization

(a) without skip connections (b) with skip connections

Figure 1: The loss surfaces of ResNet-56 with/without skip connections. The proposed filter
normalization scheme is used to enable comparisons of sharpness/flatness between the two figures.

Li, H., Xu, Z., Taylor, G., Studer, C., & Goldstein, T. (2018). Visualizing the Loss Landscape of Neural Nets. Advances in Neural Information
Processing Systems (NeurlPS)
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Comparing complexity...

80 §

751

& 704

)

S 65 1

2

F 60

55 1

Ry o ® A6 A9 ah O o gl D

\2 \\ AL o) 0 c) N2 N

e V;\e \\\ '& oy \166 \@e $e’; \\\6‘6 e‘eﬂpoe O
Y Q87 Qe P (B¢

Top-1 accuracy [%]

Inception-v4
80 1 :
Inception-v3 ResNet-152
ResNet-50 VGG-16 VGG-19
751 ResNet-101
. ResNet-34
70 4 ResNet-18
GooglLeNet
ENet
65 1
© BN-NIN
60 1 5M 35M 65M 95M 125M---155M
BN-AlexNet
551 AlexNet
50 T T T T T T T
0 5 10 15 20 25 30 35 40

Operations [G-Ops]

An Analysis of Deep Neural Network Models for Practical Applications, 2017.

Figures copyright Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017. Reproduced with permission.
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Comparing complexity...

Inception-v4: Resnet + Inception!

J Inception-v4

80 1 80 4 :
Inception-v3 ResNet-152
ResNet-50 VGG-16 VGG-19
751 751 ResNet-101
. ResNet-34
9 5
270 1 270 1 ResNet-18
- .y
© ® GooglLeNet
3 3 ENet
S 65 1 S 65
- ~—~
5 s © BN-NIN
F 60 F 60 5M 35M - 65M-----95M-----125M ---155M
BN-AlexNet
551 55 1 AlexNet
>0 < N D A0 A9 O .o el O b 03 5 10 15 20 25 30 35 40
e St e A% Af DY 40> 45 V2o
P\e P\e \\\ (',\\\‘ e$ e" 6\160 \@ ‘-\\\e\. e\. Aot ,00(\ Operations [G-Ops]
Y 0%0e® e 65\(\(,33(\0@?

An Analysis of Deep Neural Network Models for Practical Applications, 2017.

Figures copyright Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017. Reproduced with permission.
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VGG: most
parameters, most

Comparing complexity...

operations
Inception-v4
8 80 1 : J
Inception-v3 ResNet-152
ResNet-50 VGG-16 VGG-19
751 751 ResNet-101
. ResNet-34
< <
270 1 270 1 ResNet-18
- -] 0
© ® GooglLeNet
3 3 ENet
S 65 1 S 65
- ~—~
5 s © BN-NIN
F 60 F 60 5M 35M----65M-----95M-----125M---155M
BN-AlexNet
55 1 55 1 AlexNet
>0 < N D A0 A9 O.ab.cl O g 03 5 10 15 20 25 30 35 40
e St e A% Af DY 40> 45 V2o
P\e P\e \\\ (',\\\‘ e$ e" 6\160 \@ ‘-\\\e\. e\. Aot ,00(\ Operations [G-Ops]
Y 0%0e® e 65\(\(,33(\0@?

An Analysis of Deep Neural Network Models for Practical Applications, 2017.

Figures copyright Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017. Reproduced with permission.
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_ _ GoogleNet:
Comparing complexity... most efficient

Inception-v4
80 1 80 4 :
Irgception-v3 ResNet-152
Resljet-50 VGG-16 VGG-19
75 4 751 ResNet-101
. ResNet-34
< 5
270 1 270 1 ResNet-18
- -’ 0D
© ® GooglLeNet
3 3 ENet
S 65 1 8 651
2 % © BN-NIN
) (o]
F 60 F 601 5M 35M 65M 95M 125M---155M
BN-AlexNet
55 4 551 AlexNet
20° RS D A0 A9 ak O V.l O & 03 5 10 15 20 25 30 35 40
S N et NN DT DY ADY ADF (N2 (N
p,\e*\\\p,\ e*\\\ $\\\ (,,\\\ oW \\\ 66\166 g $e& $e\_\\\e‘_,'\ e‘_:\‘.'\o(\ O Operations [G-Ops]

An Analysis of Deep Neural Network Models for Practical Applications, 2017.

Figures copyright Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017. Reproduced with permission.
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_ _ AlexNet:
Comparing complexity... Smaller compute, still memory

heavy, lower accuracy

Inception-v4
80 1 80 4 :
Inception-v3 ResNet-152
Reslflet-50 VGG-16 VGG-19
751 751 ResNet-101
. ResNet-34
£ 70 A é 70 1 ResNet-18
>
8 ® o GooglLeNet
3 3 ENet
S 65 S 651
- ~—~
g g_ BN-NIN
t= 60 1 = 60 1 5M 35M 65M 95M 125M ---155M
BN-AlexNet
55 1 55 1 AlexNet
>0 < N D A0 A9 O.ab.cl O g 03 5 10 15 20 25 30 35 40
e et \et, A% A DY 40> 45 V2o
P\e P\e \\\ (',\\\‘ e$ e" 6\160 \@ ‘-\\\e\. e\. Aot ,00(\ Operations [G-Ops]
Y 0%0e® e 65\(\(,33(\0@?

An Analysis of Deep Neural Network Models for Practical Applications, 2017.

Figures copyright Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017. Reproduced with permission.
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: : ResNet:
Comparing complexity... Moderate efficiency depending on

model, highest accuracy

Inception-v4
80 1 80 4 :
Inception-v3 ResNet-152
ResNet-50 VGG-16 VGG-19
75 1 751 ResNet-101
. ResNet-34
< S
=704 =704 ResNet-18
- -1 0D
© ® GooglLeNet
3 3 ENet
S 65 1 S 65 1
—~ ~
3 2 © BN-NIN
F 60 F 60 5M 35M 65M 95M 125M---155M
BN-AlexNet
55 4 55 1 AlexNet
50 - 50 T r v r v v r :
\\\e‘ \\\\\\\ X AD A0 A9 2k <O AO> 5T ’\\3 R 0 5 10 15 20 25 30 35 40
\e \e " 6 \160 \@ &6‘ \\\e\. e\_ ,00 ’{,\0(\ Operations [G-Ops]
> \Y Sa e Qe ae? (,33 e

An Analysis of Deep Neural Network Models for Practical Applications, 2017.

Figures copyright Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017. Reproduced with permission.
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

Network ensembling

30 282
25
20
16.4
15
10
S
0
2010 2011 2012
Lin et al Sanchez &  Krizhevsky et al
Perronnin (AlexNet)

\

152 layers|||152 layers|||152 layers
11.7 |19 layers| |22 layers
7.3 6.7
e 5.1
AN E =

2013 2014 2014 2015 2016 2017 Human
Zeiler & Simonyan &  Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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Improving ResNets...
“Good Practices for Deep Feature Fusion”

[Shao et al. 2016]
- Multi-scale ensembling of Inception, Inception-Resnet, Resnet,

Wide Resnet models
- ILSVRC’16 classification winner

Inception- | Inception- | Resnet-

Err. (%) 4.20 2.92 (-0.6)
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

Adaptive feature map reweighting

30 282
25
20
16.4
15
10
S
0
2010 2011 2012
Lin et al Sanchez &  Krizhevsky et al
Perronnin (AlexNet)

152 layers| |152 layers|||152 layers
19 layers| |22 layers
7.3 6.7
3.6
! H = =
2014 2014 2015 2016 2017
Simonyan &  Szegedy et al He et al Shao et al Hu et al

Zisserman (VGG) (GooglLeNet)

Lecture 13 - 141

(ResNet)

(SENet)

5.1

Human

Russakovsky et al
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Improving ResNets...
Squeeze-and-Excitation Networks (SENet)

[Hu et al. 2017]

- Add a “feature recalibration” module that %
learns to adaptively reweight feature maps ™"
- Global information (global avg. pooling

layer) + 2 FC layers used to determine
feature map weights

- ILSVRC’17 classification winner (using
ResNeXt-152 as a base architecture)

X U p,/ o~
1x1xC 1x1xC \
F.\'('(I[(' ()

w' W

H' Flr H
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30

28.2
152 layers| |152 layers| |152 layers
25
20
16.4
15
19 layers| |22 layers
10
7.3 6.7
! 5.1

| 20w
; E & =

2010 2011 2012 2013 2014 2014 2015 2016 2017 Human

Lin et al Sanchez &  Krizhevsky etal  Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

Completion of the challenge:
Annual ImageNet competition no longer
held after 2017 -> now moved to Kaggle.
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How have transformers affected architectures?

Yo | Y4 || Yo || ¥5
f

Layer norm

h—

f
MLP

— 1

Layer norm

y

f

Multi-head self-attention

C0,0 CO,1 CO,2 C2,2
—
)
3
8] : XN
C
)
)
£ !
NS
c
© f
[ .
|_
|
|
Positional encoding
Z0 0 Z0,1 Z0 2 Z2,2

Transformer Encoder Block:

Inputs: Set of vectors x
Outputs: Set of vectors y

Self-attention is the only
interaction between vectors.

Layer norm and MLP operate
independently per vector.

Highly scalable, highly
parallelizable, but high memory
usage.
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Notice the residual connections!!

Yo || Ya || Y2 || Y5 . o
Coo |[Cot | Coz | - [E35 : Residual con,nectlo_ns inherited
Layer norm from ResNet's design.
. 4{1) Allows for better gradients to
5 t flow through all the transformers
3 : XN A blocks.
5 ——
()
o Layer norm
3 ! 5
o e
° i
o ! Multi-head self-attention
l_ A
! |
Positional encoding
I X0 X1 X2 X2
Z0,0 ZO,1 Z0,2 e 22,2
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How to incorporate transformers to vision?

Co0 || Co1 || Co2 | - | C22 |dea #1: pass the image
‘ pixels into the transformer
encoder.
©
3
o : XN ' i
= So, each Z,,isa pixel.
E . ]
£ T What is the problem with this
@ : idea?
o
|_
™| Zoo || Zoa || Zo2 | - | %22

Cat image is free for commercial use
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https://pixabay.com/photos/cat-funny-cat-cute-cat-cute-4262034/

How to incorporate transformers to vision?

Co0 || .1 || Co2 C22 |dea #1: pass the image
‘ pixels into the transformer

. encoder.

§

2 Tod So, each z, , is a pixel.

)

£ T Q. What is the problem with

2 T this idea?

= A. Memory issue: Assume
images are 224x224 pixels.
This means that self

> Z00 || 201 || %02 | - [Z22 attention will produce 224* =

Cat image is free for commercial use

10° values!
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How to incorporate transformers to vision?

L T N
1

s, <8
-

Cat image is free for commercial use

Coo || o1 || Co2 Coo
—
o)
3
O : xN
c
@
o)
£ !
Ke)
2
© t
e
l—
> Zoo || Zo4 || Zo2 | - | %22

|dea #2: Divide image into
patches and pass those
patches into the transformer

So, each Zy is a 16x16x3
patch. |

Q. What operation do you
know already that operates
over patches?

Dosovitskiyet al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021
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How to incorporate transformers to vision?

. Co0 || Co1 || Co2 | | Co2 Idea #2: Divide image into
| \... WS i ‘ patches and pass those
hﬁ % . . patches into the transformer
e 3
=I5 N S Tod So, each z,, is a 16x16x3
. patch. ’
£ !
“% \ Q. What operation do you
= know already that operates
over patches?
Yes it's a convolution.
S 1 %00 || 201 || %oz | | %22 Q. What is the kernel size

Dosovitskiyet al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2023nd Strlde and

A. Farhadi, S. Pratt
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How to incorporate transformers to vision?

L T B
lﬁm.

- ‘l‘ ‘:

Cat image is free for commercial use

Coo || o1 || Co2 Coo
—
o)
3
O : xN
c
@
o)
£ !
Ke)
2
© t
e
l—
> Zoo || Zo4 || Zo2 | - | %22

|dea #2: Divide image into
patches and pass those
patches into the transformer

So, each Zy is a 16x16x3
patch. |

Q. Does this solve the
memory problem?
A. 14? x 14? = 38416, much

less than 10°

Dosovitskiyet al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021
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Position encoding

Since transformers are
permutation invariant, we want
00 J| ot || “02 2.2 to add position encoding to each

\--‘i — patch.
b %I

S | - Patches are 768D.

o : XN " . .

= - Position encoding is some
E : learned 768D.

5 Pick any consistent ordering of
§ } patches (e.g. top left patch is
- always first).

Simply Add position encoding
> .
Cat image is free for commercial use ZO'O 20'1 20’2 22'2 a n d patCh re prese ntatl O n .

Dosovitskiyet al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021
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How to turn the outputto a c

‘\_ﬁ.ui
pieile AR
s O .

Cat image is free for commercial use

ass prediction?

linear
1000-way
Co0 || 01 || C02 Ca2 Cois classification
o Add special [CLS] token.
§ : XN
; Similar to <start> and <end>
£ ! tokens in NLP.
o
@
£ ! Output CLS representation
makes the final prediction
Using a linear layer
| Zoo || Zo1 || Zo2 | | %22 || Zas

Dosovitskiyet al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021
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Common ViT architectures

Model Layers Hiddensize ) MLPsize Heads Params
ViT-Base 12 768 3072 12 86M

ViT-Large 24 1024 4096 16 307"™M
ViT-Huge 32 1280 5120 16 632M

Common patch sizes: 32, 16, 14...
Smaller patches results in larger more powerful models.

Nomenclature: ViT-B/32 means that its a ViT model that uses Base values for
layers, hidden size, mlp vize, and head. /32 means the input image patches are
32x32.

Dosovitskiyet al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021
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Comparing ResNets with ViTs

Models are initially trained on a
large dataset called JFT-300M

~l
o

S

&

= s

g 907 | . .

z J And then the last linear layer is

g 50 B e —— finetuned on ImageNet-1.5M

g | .

La0| 7 VIT performs worse when only

g o ViT-L/32 -+ ViT-b/32 -=-ResNet152x2 (BiT : :

Egof TVITHEZ VITORE mReNal®22GID | But VT outperforms ResNets with
10M 30M 100M 300M Jarger training data (300M images

Number of JFT pre-training samples from JFT)

Dosovitskiyet al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021
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Self-attention is expensive... can we design
something simpler?

Every self-attention is

Yo |l Ya || Y2 | Y3

Coo0 || Co1 || Co2 | - | C22 { eXpenSive. We want each
Layer norm input to “interact” with
—.é other tokens but can we
ko) MTLP simplify the operation a
o . .
% : xN T bit?
o) Layer norm
£ T 5 State space models offer
@ t a potential solution but it
|c—£ T Multi-head self-attention hasn’t been adopted yet
. (out of scope for this
*
Positional encoding COUI’SG)
i Xo | X4 || Xy || X,
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Main takeaways

AlexNet showed that you can use CNNs to train Computer Vision models.
ZFNet, VGG shows that bigger networks work better
GoogLeNet is one of the first to focus on efficiency using 1x1 bottleneck
convolutions and global avg pool instead of FC layers
ResNet showed us how to train extremely deep networks

- Limited only by GPU & memory!

- Showed diminishing returns as networks got bigger
After ResNet: CNNs were better than the human metric and focus shifted to
Efficient networks:

- Lots of tiny networks aimed at mobile devices: MobileNet, ShuffleNet
Neural Architecture Search can now automate architecture design
ViT is the current favorite architecture but requires a lot of compute and data
State space models have presented an alternative to transformers but they
haven’t taken off.
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Summary: Modern Architectures

- ResNet-50 and VIT currently good defaults to use

- Next time: Structure prediction
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Next time: Structured Prediction
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MLP-Mixer: an all-MLP architecture

Skip-connections

A
Skip-connections Mixer Layer 1

Channels

Patches

> A —( MLP1 }—»

—{MLP 1 }—» /TN

saydIRg

I MLP1 )}

Layer Norm

S
Channels

{MLP1 }—»

Fully-connected

Global Average Pooling

( )
B B

N x (Mixer Layer)

QMOQMM

Per-patch Fully-connected

(/31 I ||$"|2|

<l IS L - |

Tolstikhinet al, “MLP-Mixer: An all-MLP architecture for vision”, NeurlPS2021

J
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MLP-Mixer: an all-MLP architecture

| Skip-connections Skip-connections Mixer Layer |
: & Channels - v v :
| E ; i o atches E > :
EHE R m e /T l
I _= f & O —( MLP | }—p _: |
e e m o . e o e e e R S J
Input: Nx C MLP 1: C ->C, MLP 2: N -> N,

N patches with apply to each of the apply to each of the
C channels each N patches C patches

Tolstikhinet al, “MLP-Mixer: An all-MLP architecture for vision”, NeurlPS2021
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MLP-Mixer: The MLPs are sort of like convs

Cool idea; but hasn’t

taken off yet. Equivalent to Equivalent to
Conv(1x1, C->C, stride=1) Conv(N"2 x N2, C->C, groups=C)

8. Skipcomectons  Skipcomections _ Mixer Layer |
! Channels ;
: = e Patches Y - Y > :
-] e g 3 g /% > |
I 5 =3 \1/45 —{ MLP1 } 5 ;
I o “ & L MLP1 }—p» z 1
| oo g B :
i o oo o i o | g, iy o i, i i w2 -~
Input: Nx C MLP 1: C -> C, MLP 2: N -> N,
N patches with apply to each of the apply to each of the
C channels each N patches C patches

Tolstikhinet al, “MLP-Mixer: An all-MLP architecture for vision”, NeurlPS2021
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MLP-Mixer: Many concurrent and followups

Touvronet al, “ResMLP: Feedforward Networks for Image Classification with Data-Efficient
Training”, arXiv2021,
https://arxiv.org/abs/2105.03404

Tolstikhinet al, “MLP-Mixer: An all-MLP architecture for vision”, NeurlPS2021,
https://arxiv.org/abs/2105.01601

Liu et al, “Pay Attention to MLPs”, NeurlPS2021, https://arxiv.org/abs/2105.08050

Yu et al, “S2-MLP: Spatial-Shift MLP Architecture for Vision”, WACV 2022,
https://arxiv.org/abs/2106.07477

Chen et al, “CycleMLP: AMLP-like Architecture for Dense Prediction”, ICLR 2022,
https://arxiv.org/abs/2107.10224
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But research has continued since ImageNet

(Will go over following slides if time,
Otherwise skip to the summary slides in the end.)
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Improving ResNets...

ldentity Mappings in Deep Residual Networks

[He et al. 2016]

- Improved ResNet block design from
creators of ResNet

- Creates a more direct path for
propagating information throughout
network

- Gives better performance
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Improving ResNets...

Wide Residual Networks

[Zagoruyko et al. 2016]

- Argues that residuals are the
important factor, not depth
- User wider residual blocks (F x k
filters instead of F filters in each layer) T T
- 50-layer wide ResNet outperforms
152-layer original ResNet
- Increasing width instead of depth
more computationally efficient Basic residual block Wide residual block
(parallelizable)
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Improving ResNets...
Aggregated Residual Transformations for Deep

Neural Networks (ResNeXt)

[Xie et al. 2016] 256-d out

- Also from creators of
ReSNet 256-d out
Increases width of
residual block through T
multiple parallel
pathways i
(“cardinality”)

- Parallel pathways
similar in spirit to 256-din
Inception module 256-d in
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Other ideas...

Densely Connected Convolutional Networks (DenseNet)
[Huang et al. 2017] t

Softmax

FC

I |
I |
I Pool I
I |

- Dense blocks where each layer is
connected to every other layer in
feedforward fashion

- Alleviates vanishing gradient,
strengthens feature propagation,
encourages feature reuse

- Showed that shallow 50-layer
network can outperform deeper
152 layer ResNet

Dense Block 3

I Pool I

| Dense Block 2 |

I Pool I

| Dense Block 1 |

| Input |

Dense Block
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Efficient networks...

MobileNets: Efficient Convolutional Neural Networks for
Mobile Applications [Howard etal. 2017]

- Depthwise separable

convolutions replace Satehnorm
standard convolutions by Pool
. : BatchNorm L
factorizing them into a CZHW Pointwise
depthwise convolution and a Pool convolutions
' BatchNorm
1x1 convolutlo_n.  9CZHW
- Much more efficient, with Pool
little loss in accuracy Standard network Senthw
. epthwise
- _Foggzvéuré I\/Ic:jtilleNtet\I/Z work  Total compute:9c?2HW ~ 9CHW convolutions
in andler et al.
Shuff N( t Zh t )l MobileNets
- uffleNet: Zhang et al, Total compute:9CHW + C2HW

CVPR 2018
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Learning to search for network architectures...
Neural Architecture Search with Reinforcement Learning (NAS)

[Zoph et al. 2016] e
- “Controller” network that learns to design a good [ 1
network architecture (output a string The controller (RNN) e, ]
corresponding to network design) frereeent
- lterate: t J
1) Sample an architecture from search space Compute gradentof p ang
2) Train the architecture to get a “reward” R e konrlies
corresponding to accuracy

* |of Filters|, | Height [. [ width [+ | Height [\ | Width [\ ofFiItersl‘. Height |\

3) Compute gradient of sample probability, and
scale by R to perform controller parameter
update (i.e. increase likelihood of good
architecture being sampled, decrease
likelihood of bad architecture)

“L.ayer N-1 S Layer N ® Layer N+1
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Learning to search for network architectures...

Learning Transferable Architectures for Scalable Image

Recognition
[Zoph et al. 2017] L]

- Applying neural architecture search (NAS) to a
large dataset like ImageNet is expensive

- Design a search space of building blocks
(“cells”) that can be flexibly stacked

- NASNet: Use NAS to find best cell structure o gy
on smaller CIFAR-10 dataset, then transfer - Py
architecture to ImageNet

mmmm

- Many follow-up works in this i [EE] = == = S “ﬁ“"“’“
space e.g. AmoebaNet (Real et  :: A I‘TT , \
al. 2019) and ENAS (Pham, LN 5 . X s =) B
Guan et al. 2018) = (] R e
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But sometimes smart heuristic is better than NAS ...

EfficientNet: Smart Compound Scaling

[Tan and Le. 2019]

- Increase network capacity by scaling width,
depth, and resolution, while balancing
accuracy and efficiency.

- Search for optimal set of compound scaling
factors given a compute budget (target
memory & flops).

- Scale up using smart heuristic rules

depth: d = a®
width: w = 3¢
resolution: r = %
st.a- B2 22
a>1l,p>1,y2>1

A. Farhadi, S. Pratt

EfficientNet-B7
AmoebaNet-C
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(5]
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g_ ?
L8y |1 .
5 [ oResNet-152 Topl Acc. #Params
c “Den: y ResNet-152 (Hectal, 2016) | 77.8% 60M
o Bb : onseNot:201 EfficientNet-B1 79.2% 7.8M
o [ ResNeXt-101 (Xie etal, 2017)| 80.9% 8IM
ET61 1 5 e EfficientNet-B3 81.7% 12M
P ResNet-50 SENet (Hu ot al., 2018) 827%  146M
I NASNet-A (Zoph et al., 2018) | 82.7% 89M
1 - EfficientNet-B4 83.0% 19M
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(a) baseline (b) width scaling

(c) depth scaling (d) resolution scaling
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Efficient networks...

Teraflop/s-days
10

AlexNet
L J
1
1seNetl121
. 2net
GooglLeNet
0.5
L ]
MobileNet_v1
MobileNet_v2
° ShuffleNet_v2
ShuffleNet_v1_1x é
0.1 ShuffleNet_v2_1x
[ ]
EfficientNet-b0
0.05
2013 2014 2015 2016 2017 2018 2019 2020

https://openai.com/blog/ai-and-efficiency/
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Summary: Modern Architectures

Case Studies

- AlexNet
- VGG
- GooglLeNet AlSO
- ResNet SENet
- Vit -  Wide ResNet
-  MLP-Mixer - ResNeXT
- DenseNet
-  MobileNets
- NASNet
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