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Deeper Deep Learning



Today's outline

 What came after AlexNet?
— VGG Net
— Google Inception architectures
— ResNet



Recap: Convolutional Network, AlexNet

Layer 3 Layer 4 Layer 5



Recap: Convolutional Network Interpretation
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Object detectors emerge within CNN trained to classify
scenes, without any object supervision!



Beyond AlexNet



VERY DEEP CONVOLUTIONAL NETWORKS FOR LARGE-
SCALE IMAGE RECOGNITION

Karen Simonyan & Andrew Zisserman 2015

These are the “VGG” networks.
“Perceptual Loss” in generative deep learning refers to these networks

150k citations as of 10/14/2025



ConvNet Configuration

A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

conv3-128

conv3-128

conv3-128
conv3-128

conv3i-128
conv3i-128

conv3i-128
convi-128

conv3-128
conv3-128

maxpool

conv3-256
conv3-256

conv3-256
conv3-256

conv3-256
conv3-256

conv3i-256
conv3i-256
convl-256

conv3-256
conv3-256
conv3-256

conv3-256
conv3-256
conv3-256
conv3-256

maxpool

conv3i-512
convi-512

conv3-512
conv3-512

conv3-512
convi-512

conv3i-S512
conv3i-512
convl-512

conv3-512
convi-512
conv3-512

conv3-512
conv3-512
conv3-512
conv3-512

maxpool

convi-512
conv3i-512

convi-512
conv3-512

conv3-512
conv3-512

conv3i-S512
conv3i-S512

convi-S512
convi3-S512

conv3-512
conv3-512

convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max
Table 2: Number of parameters (in millions).
Network ALA-LRN B C D E
Number of parameters 133 133 | 134 | 138 | 144




Table 7: Comparison with the state of the art in ILSVRC classification. Our method 1s denoted
as “VGG”. Only the results obtained without outside training data are reported.

Method top-1 val. error (%) | top-5 val. error (%) | top-5 test error (%)
VGG (2 nets, multi-crop & dense eval.) 23.7 6.8 6.8
VGG (1 net, multi-crop & dense eval.) 24.4 7.1 7.0
VGG (ILSVRC submission, 7 nets, dense eval.) 24.7 7.5 7.3
GoogLeNet (Szegedy et al., 2014) (1 net) - 7.9
GooglLeNet (Szegedy et al., 2014) (7 nets) - 6.7

MSRA (He et al., 2014) (11 nets) - - 8.1
MSRA (He et al., 2014) (1 net) 27.9 9.1 9.1
Clarifai (Russakovsky et al., 2014) (multiple nets) - - 11.7
Clarifai (Russakovsky et al., 2014) (1 net) - - 12.5
Zeiler & Fergus (Zeiler & Fergus, 2013) (6 nets) 36.0 14.7 14.8
Zeiler & Fergus (Zeiler & Fergus, 2013) (1 net) 37.5 16.0 16.1
OverFeat (Sermanet et al., 2014) (7 nets) 34.0 13.2 13.6
OverFeat (Sermanet et al., 2014) (1 net) 35.7 14.2 -
Krizhevsky et al. (Krizhevsky et al., 2012) (5 nets) 38.1 16.4 16.4
Krizhevsky et al. (Krizhevsky et al., 2012) (1 net) 40.7 18.2 -
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Figure 1: Which patch (left or right) is ‘“closer”’ to the middle patch in these examples? In each case, the tradi-
tional metrics (L2/PSNR, SSIM, FSIM) disagree with human judgments. But deep networks, even across architectures
(Squeezenet [20], AlexNet [27], VGG [52]) and supervision type (supervised [47], self-supervised [13, 40, 43, 64], and
even unsupervised [26]), provide an emergent embedding which agrees surprisingly well with humans. We further cal-
ibrate existing deep embeddings on a large-scale database of perceptual judgments; models and data can be found at
https://www.github.com/richzhang/PerceptualSimilarity.

The Unreasonable Effectiveness of Deep Features as a Perceptual Metric
Richard Zhang, Phillip Isola, Alexei A. Efros, Eli Shechtman, Oliver Wang. 2018
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Figure 5: Correlating Perceptual Tests. We show perfor-
mance across methods, including unsupervised [26], seli-
supervised [1, 44, 12, 57, 63, 41, 43, 40, 13, 64], super-
vised [27, 52, 20], and our perceptually-learned metrics
(LPIPS). The scores are on our 2AFC and JND tests, av-
eraged across traditional and CNN-based distortions.



Generative Image Dynamics
Zhengqi Li, Richard Tucker, Noah Snavely, Aleksander Holynski https://generative-dynamics.github.io/

Google Research
CVPR 2024 Best Paper Award

Abstract

We present an approach to modeling an image-space prior on scene motion. Our prior is learned
from a collection of motion trajectories extracted from real video sequences depicting natural,
oscillatory dynamics such as trees, flowers, candles, and clothes swaying in the wind. We model this
dense, long-term motion prior in the Fourier domain:given a single image, our trained model uses a
frequency-coordinated diffusion sampling process to predict a spectral volume, which can be
converted into a motion texture that spans an entire video. Along with an image-based rendering
module, these trajectories can be used for a number of downstream applications, such as turning still
images into seamlessly looping videos, or allowing users to realistically interact with objects in real

pictures by interpreting the spectral volumes as image-space modal bases, which approximate object
dynamics.


https://generative-dynamics.github.io/
https://generative-dynamics.github.io/
https://generative-dynamics.github.io/

Generative Image Dynamics

Zhengaqi Li, Richard Tucker, Noah Snavely, Aleksander Holynski https://generative-dynamics.github.io/
Google Research

CVPR 2024 Best Paper Award

We jointly train the feature extractor and synthesis net-
works with start and target frames (/, /;) randomly sampled
from real videos, using the estimated flow field from [ to
I; to warp encoded features from I, and supervising predic-
S¢ tions I ¢ against I; with a VGG perceptual loss [49].

v aof

N
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Input still picture

Interactive dynamics


https://generative-dynamics.github.io/
https://generative-dynamics.github.io/
https://generative-dynamics.github.io/

Going Deeper with Convolutions

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed,
Dragomir Anguelov, Dumitru Erhan, Vincent Vanhoucke, Andrew Rabinovich
2015

This is the “Inception” architecture or “GoogLeNet”

*The architecture blocks are called “Inception” modules
and the collection of them into a particular net is “GoogLeNet”

70k citations as of 10/14/2025
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type pa;;:ggize/ Olslg)eut depth | #1x1 ig:ci #3x3 féijci #5%5 523; params ops
convolution TXT/2 112x112x64 1 2.7K 34M
max pool 3x3/2 56x56x64 0

convolution 3x3/1 56 x56x192 2 64 192 112K | 360M
max pool 3x3/2 28x28x192 0

inception (3a) 28 x28x 256 2 64 96 128 16 32 32 159K | 128M
inception (3b) 28 %28 x480 2 128 128 192 32 96 64 380K | 304M
max pool 3x3/2 14x14x480 0

inception (4a) 14x14%x512 2 192 96 208 16 48 64 364K 73M
inception (4b) 14x14x512 2 160 112 224 24 64 64 437K 88M
inception (4c) 14x14x512 2 128 128 256 24 64 64 463K | 100M
inception (4d) 14x14x528 2 112 144 288 32 64 64 580K | 119M
inception (4e) 14x14x832 2 256 160 320 32 128 128 840K | 170M
max pool 3x3/2 TxTx832 0

inception (5a) TXTx832 2 256 160 320 32 128 128 | 1072K | 54M
inception (5b) TxT7x1024 2 384 192 384 48 128 128 | 1388K | 7IM
avg pool TxT7/1 1x1x1024 0

dropout (40%) 1x1x1024 0

linear 1x1x1000 | 1000K IM
softmax 1x1x1000 0

Only 6.8 million parameters. AlexNet ~60 million, VGG up to 138 million
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Team Year | Place | Error Uses external
(top-5) data

SuperVision || 2012 | 1st 16.4% no
SuperVision || 2012 | Ist 15.3% Imagenet 22k
Clarifai 2013 | 1Ist 11.7% no
Clarifai 2013 | 1Ist 11.2% Imagenet 22k
MSRA 2014 | 3rd 7.35% no
VGG 2014 | 2nd 7.32% no
GoogLeNet || 2014 | 1st 6.67% no

Table 2: Classification performance.
Number Number Cost Top-5 compared
of models || of Crops error to base
1 1 1 10.07% | base
1 10 10 9.15% -0.92%
1 144 144 7.89% -2.18%
7 1 7 8.09% -1.98%
7 10 70 7.62% -2.45%
7 144 1008 6.67% -3.45%




Inception Embeddings

e Just like VGG, Inception embeddings are still used as an evaluation
metric.

* Frechet Inception Distance (FID) and Inception Score (IS)
* We'll revisit this when we talk about image generation

http://mscoco.org



ConvNet Depth 28.2

25.8

16.4

11.7

22 layers 19 layers

6.7 7.3

ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)



Surely it would be ridiculous to go any
deeper...



Deep Residual Learning
for Image Recognition

Kaiming He, Xiangyu Zhang, Shaoqging Ren, JianSun

|mWWWWWWWWWWWWWWWWWWWWWWWWMWWW@WWWMWWWWWWWWWWWWWWWW|

Cited by 290k papers as of 10/14/2025
Nearing the most cited paper ever



Top ten most-cited works of the twenty-first century

Rank
(median)

Citation

Deep residual learning for image recognition (2016, preprint
2015)

Analysis of relative gene expression data using real-time
quantitative PCR and the 2722 method (2001)

Using thematic analysis in psychology (2006)

Diagnostic and Statistical Manual of Mental Disorders, DSM-5
(2013)

A short history of SHELX (2007)

Random forests (2001)

Attention is all you need (2017)

ImageNet classification with deep convolutional neural
networks (2017)

Times cited (range
across databases)

103,756-254,074

149,953-185,480

100,327-230,391

98,312-367,800

76,523-99,470

31,809-146,508

56,201-150,832

46,860-137,997

https://www.nature.com/articles/d41586-025-01125-9



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Publication

Nature
The New England Journal of Medicine

Science

IEEE/CVF Conference on Computer Vision and Pattern Recognition

The Lancet

Advanced Materials

Nature Communications

Cell

International Conference on Learning Representations
Neural Information Processing Systems

JAMA

Chemical Reviews

Proceedings of the National Academy of Sciences
Angewandte Chemie

Chemical Society Reviews

Journal of the American Chemical Society

IEEE/CVF International Conference on Computer Vision
Nucleic Acids Research

International Conference on Machine Learning

h5-index h5-median
444 667
432 780
401 614
389 627
354 635
312 418
307 428
300 505
286 533
278 436
267 425
265 444
256 364
245 332
244 386
242 344
239 415
238 550
237 421



ResNet @ [LSVRC & COCO 2015 Competitions

1st places in all five main tracks

* ImageNet Classification: “Ultra-deep” 152-layer nets
* ImageNet Detection: 16% better than 2nd

* ImageNet Localization: 27% better than 2nd
* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd

*improvements are relative numbers



Revolution of Depth 282
{152 Iayers} '

\ 16.4

\ 11.7
22 layers 19 Iayers

‘67

3.57 I I 8 layers 8 layers

ILSVRC'15 ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
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ImageNet Classification top-5 error (%)



Revolution of Depth

-

-

Engines of
visual recognition

~

J

Discriminatively trained part-based models

IR a

101 layers

58

16 layers

e
-
-

VGG ResNet
(RCNN) (Faster RCNN)*

ject Detection mAP (%)

P. Felzenszwalb, R. Girshick, D. McAllester, D. Ramanan, "Object Detection

with Discriminatively Trained Part-Based Models," PAMI 2009

*w/ other improvements & moredata



Revolution of Depth

AlexNet, 8layers 11x11 conv, 96, /4, pool/2

(ILSVRC 2012) \ 4
5x5 conv, 256, pool/2

\

3x3 conyv, 384

\

3x3 conyv, 384

\

3x3 conv, 256, pool/2

\

fc, 4096

\

fc, 4096

\

fc, 1000




Revolution of Depth
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Revolution of Depth

AlexNet, 8layers
(ILSVRC 2012)

—

VGG, 19 layers
(ILSVRC 2014)

|

ResNet, 152 layers
(ILSVRC 2015)
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s learning better networks
as simple as stacking more layers?



Simply stacking layers?

CIFAR-10
train error (%) test error (%)
20r 201
56-layer
56-layer
101 10
20-layer
20-layer

s —
iter. (1le4) iter. (1e4)

Plain nets: stacking 3x3 conv layers...
56-layer net has higher training error and test error than 20-layer net



Simply stacking layers?

CIFAR-10 ImageNet-1000
! Ty A WS
56-layer \-\_LW__1
/ 44-layer “ _

S 32-layer <
: ! 20-layer 2 40 Lﬁ M[?’Zl'layer

== plain-2 30 i

plain-3] ;
-] - 1. plain-18 _
0._p}a$:4‘ | | | . . solid: test/val | =piainc3s | | | | 18-layer
’ 1 2 e (led) ) . ° dashed:train 0 10 20 30 40 50

iter. (1e4)

“Overly deep” plain nets have higher training error
A general phenomenon, observed in many datasets



a shallower

model

(18 layers)

7x7 conv, 64, /2

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

3x3 ,128
3x3 v, 128
b4
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Y
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w
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n

a deeper
counterpart
(34 layers)

* Richer solutionspace

A deeper model should not have higher
training error

e A solution by construction:
e original layers: copied froma
learned shallower model
* extra layers: set as identity
* atleast the same training error

* Optimization difficulties: solvers cannot
find the solution when going deeper...




Deep Residual Learning

* Plain net H(x) is any desired mapping,
X l hope the 2 weight layers fit H(x)
weight layer
any two
stacked layers v relu

weight layer

relu
H(x) 'l'



Deep Residual Learning

e Residual net

X

weight layer

F(x)

lrelu

weight layer

Hx)=F(x)+x

identity
X

H(x) is any desired mapping,
| he 2 waicht | it H e
hope the 2 weight layers fit F(x)
let H(x) = F(x) + x



Deep Residual Learning

* F(x)is a residual mapping w.rt. identity

weight layer

F(x)

relu

Y

weight layer

Hx)=F(x)+x

identity
X

* |f identity wereoptimal,
easy to set weights as 0

* If optimal mapping iscloser to identity,
easier to find small fluctuations



Network “Design”
e Keep it simple

* Our basic design (VGG-style)
e all 3x3 conv (almost)

* spatial size /2 => # filters x2
e Simple design; justdeep!
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CIFAR-10 experiments

CIFAR-10 plain nets

2
56-layer
/ 44-layer
s 32-layer
4 20-layer
i plain-2
plain-3]
_plain—44 bold: test
plain-54 . .
% i p 3 n s 3 thin: train

iter. (1e4)

CIFAR-10 ResNets

20

error (%)

ResNet-20
ResNet-32
ResNet-44
== ResNet-56

= ResNet-11(

iter. (1e4)

 Deep ResNets can be trained without difficulties
* Deeper ResNets have lower training error, and also lower test error

20-layer
32-layer
44-layer
56-layer
110-layer



ImageNet experiments
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ImageNet plainnets
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ImageNet ResNets
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 Deep ResNets can be trained without difficulties
* Deeper ResNets have lower training error, and also lower test error



ImageNet experiments

this model has
lower time complexity
than VGG-16/19

|

ResNet-152

: I

Deeper ResNets have lower error

ResNet-101 ResNet-50
10-crop testing, top-5 val error (%)

ResNet-34
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Beyond classification

A treasure from ImageNet is on learning features.

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv2015.



”Features matter. ” (quote [Girshick et al. 2014], the R-CNN paper)

2nd- place margin
winner (relative)

ImageNet Localization (wps erron) 12.0 27%

ImageNet Detection mares) 53.6 absolute g 1 16%
8.5% better!

COCO Detection (mare@.s:95) 33. 7.3 11%

COCO Segmentation mare.s.9s) 25.1 28.2 12%

e Qur results are all based on ResNet-101
e Qur features are well transferrable

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



classifier

Object Detection (brief)

Rolpooling

e Simply “Faster R-CNN + ResNet” proposals g 4
vk 4
f~7

baseline

VGG-16 41.5 21.5
ResNet-101 48.4 27.2 o

feature map

COCO detection results
(ResNet has 28% relative gain) CNN

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.
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*the original imageis fromthe COCO dataset
Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



Why does ResNet work so well?

* The architecture is somehow easier We argue that this optimization difficulty is unlikely to
to optimize. be caused by vanishing gradients. These plain networks are
trained with BN [16], which ensures forward propagated

* The authors argue it prObabW isn’t signals to have non-zero variances. We also verify that the
because it solves the “vanishin g backward propagated gradients exhibit healthy norms with

. ) BN. So neither forward nor backward signals vanish. In
gradient” problem.

* While the gradients might not be
“vanishing” in “plain” nets, they
don’t seem as stable and
trustworthy, according to follow up
work, e.g.

Visualizing the Loss Landscape of
Neural NetS. HaO LI: Zheng XU ’ GaVin (a) without skip connections (b) with skip connections
Taylor’ ChflStOph StUder’ Tom Goldstein. Figure 1: The loss surfaces of ResNet-56 with/without skip connections. The proposed filter

NeurlPS 2018. normalization scheme is used to enable comparisons of sharpness/flatness between the two figures.
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