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Where are we at so far

• Motivation of Convolution
• Operation of Convolution
• Convolutional Layers
• Pooling Layers
• LeNet-5 and AlexNet and VGG
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Recap: AlexNet

• Total params: 62,367,776 (check the module I slides)

• 58,621,952 params in FC layers (≈ 94%) → a pain!
• First use: ReLU, norm layer, heavy augmentation, dropout,

momentum
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GoogLeNet1

• Inception module: concatenate 1 ∗ 1, 3 ∗ 3, 5 ∗ 5 conv and a pooling
• Auxiliary losses with discounted factor of 0.3
• Use of average pooling and conv 1 ∗ 1 to reduce parameters →

reduce params and hence overfitting at FC layers

1
https://arxiv.org/pdf/1409.4842.pdf
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Deep Trend?
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Is more layers always better?

• LeNet 5 layers → AlexNet 8 layers → VGG 16 layers →
GoogLeNet 22 layers
• Until it seems to saturate... (why?).

We need something more
than just increasing no. of layers (and resources)
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ResNet2 (2015)

• Use all 3 ∗ 3 convs, only 2 poolings (MAX and AVG)
• Identity mapping of either Padding or Trainable type
2

https://arxiv.org/pdf/1512.03385.pdf and https://arxiv.org/pdf/1603.05027.pdf
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WideResNet3 (2016)

• Going wide instead of deeper, to?

◦ exploit parallelization advantages of GPU,
◦ increase feature reuse.

3
https://arxiv.org/pdf/1605.07146.pdf
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WideResNet (2016)

• Going wide instead of deeper, to?
◦ exploit parallelization advantages of GPU,
◦ increase feature reuse.

• Same as ResNet, two important uses of:

◦ Residual connection to alleviate gradient vanishing and create
ensembling effect

◦ Use of 1 ∗ 1 conv layers to reduce dimensionality
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ResNeXt4 (2016)

• Also going wider, but with cardinality (group)
4

https://arxiv.org/pdf/1611.05431.pdf
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DenseNet5 (2017)

• Same motivation of feature reuse, with a different implementation
• It grows with layers

• But it also has a measure to reduce it by a compressing transition
layer which outputs θ ∗m layers (0 < θ < 1)

5
https://arxiv.org/abs/1608.06993
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NASNet6

• As a result from Neural Architecture Search
6

https://arxiv.org/pdf/1707.07012.pdf
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NASNet

• As a result from Neural Architecture Search
• Attain state-of-the-art results in several datasets
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Is CNN a blackbox to human?

• Ugly truth: Human’s perception and machine’s are different
• Human struggled to make machine understand vision (the way it

thinks useful)

• Now human makes effort to understand more about machine’s
language/perception of vision
• Although how NN works in general is still a myth...
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Human vs. Machine

• Machine: 99.99% vs. Human: ≈ 0%
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Human vs. Machine

• Panda + 0.07 Noise = Gibbon
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Image credit: Google AI Blog

https://ai.googleblog.com/2018/09/introducing-unrestricted-adversarial.html


Translate back from machine to human?

• Convolution ⇐⇒ Deconvolution, but

• Is CNN an invertable transformation?
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CNN Visualization
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CNN Visualization
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CNN Visualization Demo

LTI/SCS 11-695: AI Engineering Convolution IISpring 2020 25 / 41
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FCN for Semantic Segmentation7

7
https://people.eecs.berkeley.edu/˜jonlong/long_shelhamer_fcn.pdf
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Deconv for Semantic Segmentation8

8
https://arxiv.org/pdf/1505.04366.pdf
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What we’ve got so far?

• So far we are familiar with well-structured data: grids
• Another popular type we will learn soon: sequence
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But: lots of complex structured data

• Current tools are not suited for modeling such complex relations
• They are also usually arbitrary in size, and dynamic

LTI/SCS 11-695: AI Engineering Convolution IISpring 2020 30 / 41
Image credit: Peter Battaglia



Similarity to grids

• Think grid type as a special case of graphs
• CNN node features: weighted average over itself and neighbors

• Graphs: knowing neighbors, maybe we can do a similar thing

LTI/SCS 11-695: AI Engineering Convolution IISpring 2020 31 / 41
Image credit: Zonghan Wu et al.
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Similarity to grids, but more complex

• Each node has a different, dynamic set of variable-sized neighbors
• And so has its own computational graph
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Idea: Aggregation

• Aggregate from its neighbors for a node’s representation

• Depth (hop): chosen k
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Notations

• Graph G = (V,E) for sets of V (ertices) and E(dges) where |V | = n

• Neighborhood representation: adjacency matrix A ∈ Rn×n

◦ Let vi, vj ∈ V
◦ Edge eij = (vi, vj) ∈ E then Aij = 1 else 0
◦ Some cases, A is weighted (not having binary values)
◦ Also denote N (v) for the set of neighbors of v

• Rich information: each node v ∈ V has a feature vector Xv ∈ Rd
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Idea: Aggregation
Aggregation Function

<latexit sha1_base64="UkuEU8LYGgBoEolkVGwpdqEY4Xc=">AAACBHicbZC7SgNBFIZn4y3GW9QyzWAQrMKuBLSMCmIZwVwgCWF2crIZMju7zJwVw5LCxlexsVDE1oew822cXApN/GHg4z/ncOb8fiyFQdf9djIrq2vrG9nN3Nb2zu5efv+gbqJEc6jxSEa66TMDUiiooUAJzVgDC30JDX94Nak37kEbEak7HMXQCVmgRF9whtbq5gtthAdML4JAQzD16HWi+ATG3XzRLblT0WXw5lAkc1W7+a92L+JJCAq5ZMa0PDfGTso0Ci5hnGsnBmLGhyyAlkXFQjCddHrEmB5bp0f7kbZPIZ26vydSFhozCn3bGTIcmMXaxPyv1kqwf95JhYoTBMVni/qJpBjRSSK0JzRwlCMLjGth/0r5gGnG0eaWsyF4iycvQ/205JVL5dtysXI5jyNLCuSInBCPnJEKuSFVUiOcPJJn8krenCfnxXl3PmatGWc+c0j+yPn8AYI6mKc=</latexit>

layer k

<latexit sha1_base64="0o8zIbsP5zx7euaM+M2YGiaZmE8=">AAAB+3icbVDLSgNBEJyNrxhfazx6GQyCBwm7EtBj0IvHCOYBSQizk04yZHZ2memVLEt+xYsHRbz6I978GyePgyYWNBRV3XR3BbEUBj3v28ltbG5t7+R3C3v7B4dH7nGxYaJEc6jzSEa6FTADUiioo0AJrVgDCwMJzWB8N/ObT6CNiNQjpjF0QzZUYiA4Qyv13GIHYYKZZCnoKe1c0jHtuSWv7M1B14m/JCWyRK3nfnX6EU9CUMglM6btezF2M6ZRcAnTQicxEDM+ZkNoW6pYCKabzW+f0nOr9Okg0rYU0rn6eyJjoTFpGNjOkOHIrHoz8T+vneDgppsJFScIii8WDRJJMaKzIGhfaOAoU0sY18LeSvmIacbRxlWwIfirL6+TxlXZr5QrD5VS9XYZR56ckjNyQXxyTarkntRInXAyIc/klbw5U+fFeXc+Fq05ZzlzQv7A+fwBRe2T7w==</latexit>

layer (k � 1)

<latexit sha1_base64="zTdLKEyI0DhWTrVyglaVNrhw0F8=">AAAB/3icbVDLSgNBEJyNrxhfUcGLl8EgRNCwKwE9Br14jGAekIQwO+lNhsw+mOkVw5qDv+LFgyJe/Q1v/o2TZA+aWNBQVHXT3eVGUmi07W8rs7S8srqWXc9tbG5t7+R39+o6jBWHGg9lqJou0yBFADUUKKEZKWC+K6HhDq8nfuMelBZhcIejCDo+6wfCE5yhkbr5gzbCAyaSjUCNafuUFodnzgnt5gt2yZ6CLhInJQWSotrNf7V7IY99CJBLpnXLsSPsJEyh4BLGuXasIWJ8yPrQMjRgPuhOMr1/TI+N0qNeqEwFSKfq74mE+VqPfNd0+gwHet6biP95rRi9y04igihGCPhskRdLiiGdhEF7QgFHOTKEcSXMrZQPmGIcTWQ5E4Iz//IiqZ+XnHKpfFsuVK7SOLLkkByRInHIBamQG1IlNcLJI3kmr+TNerJerHfrY9aasdKZffIH1ucP/uuUxg==</latexit>

layer (k � 2)

<latexit sha1_base64="7Il2DWbUlRJKpMVeCNBczEFVuM8=">AAAB/3icbVDLSgNBEJz1GeMrKnjxMhiECBp2Q0CPQS8eI5gHJCHMTnqTIbMPZnrFsObgr3jxoIhXf8Obf+Mk2YMmFjQUVd10d7mRFBpt+9taWl5ZXVvPbGQ3t7Z3dnN7+3UdxopDjYcyVE2XaZAigBoKlNCMFDDfldBwh9cTv3EPSoswuMNRBB2f9QPhCc7QSN3cYRvhARPJRqDGtH1GC8Pz0int5vJ20Z6CLhInJXmSotrNfbV7IY99CJBLpnXLsSPsJEyh4BLG2XasIWJ8yPrQMjRgPuhOMr1/TE+M0qNeqEwFSKfq74mE+VqPfNd0+gwHet6biP95rRi9y04igihGCPhskRdLiiGdhEF7QgFHOTKEcSXMrZQPmGIcTWRZE4Iz//IiqZeKTrlYvi3nK1dpHBlyRI5JgTjkglTIDamSGuHkkTyTV/JmPVkv1rv1MWtdstKZA/IH1ucPAICUxw==</latexit>

• At layer k, representation of v is z(k)
v

z(k)
v = fW(k)(z(k−1)

v , z
(k)
v neighbor) (update from prev step)

z
(k)
v neighbor = gC(k)(N (v)) (aggregation)
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• At each layer k, we have learnable matrix-weights W(k),C(k)
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More on Aggregation

• Initialization at layer 0: z(0)
v = Xv ∈ Rd

• There are various choices for update function fW(k) and
aggregation function gC(k)

◦ Graph Convolutional Networks9, they’re combined as:

z(k)
v = ReLU

W(k)
∑

u∈N (v)∪v

z
(k−1)
v√

|N (u)| |N (v)|


◦ GraphSAGE10, they’re:

z(k)
v = fW(k)(z(k−1)

v , z
(k)
v neighbor) = W(k) [z(k)

v , z
(k)
v neighbor]

z
(k)
v neighbor = gC(k)(N (v)) = max

ReLU

C(k)
∑

u∈N (v)

z
(k−1)
v

|N (u)|


9

https://arxiv.org/pdf/1609.02907.pdf
10

https://arxiv.org/pdf/1709.05584.pdf
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Graph Convolutional Tasks

• Node classification (identify each type of node): z(k)
v to classify

node v
• Graph classification: given a set of sub-graphs with labels
{(Gi, yi) : Gi ∈ G, yi ∈ Y}, learn the label for the entire graph G

Readout function can be simple as avg or complex as pooling11

11
https://arxiv.org/pdf/1806.08804.pdf
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Model Params

• Each node has its own computational graph, so we have too many
params?

C(k)

<latexit sha1_base64="eU8sQfBwtd56Avy4VIVuOO6zvhM=">AAAB+XicbVBNS8NAFHypX7V+RT16WSxCvZRECnos9uKxgq2FNpbNdtMu3WzC7qZQQv6JFw+KePWfePPfuGlz0NaBhWHmPd7s+DFnSjvOt1Xa2Nza3invVvb2Dw6P7OOTrooSSWiHRDySPR8rypmgHc00p71YUhz6nD7601buP86oVCwSD3oeUy/EY8ECRrA20tC2ByHWEz9IW9lTWpteZkO76tSdBdA6cQtShQLtof01GEUkCanQhGOl+q4Tay/FUjPCaVYZJIrGmEzxmPYNFTikyksXyTN0YZQRCiJpntBoof7eSHGo1Dz0zWSeU616ufif1090cOOlTMSJpoIsDwUJRzpCeQ1oxCQlms8NwUQykxWRCZaYaFNWxZTgrn55nXSv6m6j3rhvVJu3RR1lOINzqIEL19CEO2hDBwjM4Ble4c1KrRfr3fpYjpasYucU/sD6/AFFrpNt</latexit>

W(k)

<latexit sha1_base64="cd81RZefH6AtAQg5XyAOJNVxmkI=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyWRgi6LblxWsA9oY5lMJ+3QySTMTAol5E/cuFDErX/izr9x0mahrQcGDufcyz1z/JgzpR3n2yptbG5t75R3K3v7B4dH9vFJR0WJJLRNIh7Jno8V5UzQtmaa014sKQ59Trv+9C73uzMqFYvEo57H1AvxWLCAEayNNLTtQYj1xA/SbvaU1qaX2dCuOnVnAbRO3IJUoUBraH8NRhFJQio04VipvuvE2kux1IxwmlUGiaIxJlM8pn1DBQ6p8tJF8gxdGGWEgkiaJzRaqL83UhwqNQ99M5nnVKteLv7n9RMd3HgpE3GiqSDLQ0HCkY5QXgMaMUmJ5nNDMJHMZEVkgiUm2pRVMSW4q19eJ52rutuoNx4a1eZtUUcZzuAcauDCNTThHlrQBgIzeIZXeLNS68V6tz6WoyWr2DmFP7A+fwBkipOB</latexit>

• No, each layer has shared params
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Shared Params → Inductive Capability

• Generate representation for new nodes on the fly, e.g. Twitter,
Facebook, GoogleScholar, ...

• Generate representation for the new graph, e.g. protein
interactions for a new organism
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End of Module II.
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