ROB 430/599: Deep Learning for Robot
Perception and Manipulation (DeepRob)

Lecture 8: CNN Architectures
02/04/2026
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Today

Feedback and Recap (5min)
Batch Norm (cont’d) (1 Omin, see 20260202 slides )

Convolutional Neural Network Architecture

- LeNet, AlexNet, VGG, GeegteNet (30min)
- Residual Network (30min)

Summary and Takeaways (5min)
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Recap: Components of Convolutional Networks

P2 released, due Feb. 15, 2026 - start NOW!!!

Convolution Layers Pooling Layers Fully-Connected Layers

224 224 64

112x112x64
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Activation Function Normalization _
10 Question: How

. X; i — M should we put them
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Logistics - Vis Studio Rules

ROom 1401 DUderStadt Center (https://xr.engin.umich.edu/visualization-studio/ )
Desktop lab computer w/ 4090 GPU

RULES:
1. Classes already scheduled and XR/VR/AR Projects

have priority. When it is open hours/after hours/
weekends, it is walk-in.

2. Physically be there (e.g., during training) - Your
account may be logged out after idle time.

3. Packages you download may only be local and
temporary - re-download next time. ROBOTICS


https://xr.engin.umich.edu/visualization-studio/

P2 Hint

Two_layer_net (forward_backward)

Derivative of softmax cross entropy loss (reference:)
https://www.parasdahal.com/softmax-crossentropy

*Backprop chain rule! *

ROBOTICS


https://www.parasdahal.com/softmax-crossentropy

Convolutional Neural Networks

Classic architecture: [Conv, ReLU, Pool] x N, flatten, [FC, ReLU] x N, FC

Example: LeNet-5

Image Maps
Input

Kol e\

Fully Connected

Convolutions

Subsampllng
Lecun et al., “Gradient-based learning applied to document recognition”, 1998 ‘ H[]B[]'”ES
http://vision.stanford.edu/cs598_spring07/papers/Lecun98.pdf



http://vision.stanford.edu/cs598_spring07/papers/Lecun98.pdf

Example: LeNet-5

laver | OutputSize | Weight Size

Input 1x28x28

Image Maps

Subsampling

Fully Connected

Kol BE )\
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Example: LeNet-5

— Image Maps
layjer | OutputSize | Weight Size _ p
Input 1x28x28 EQ \Nutput
Conv (C,u=20, K=5, P=2, S=1) 20x28x28 20x1x5Xx5 . N B - >
RelU 20 x 28 x 28 Convolutions .:\,np,mg Fuly Comected

ROBOTICS



Example: LeNet-5

Image Maps

Input

laver | OutputSize | Weight Size

Input 1x28x28 k X\N@ut
Conv (C,y,=20, K=5, P=2,5=1) 20x28x28 20x1x5x5 KD& 1

.

*
RelU 20 x 28 x 28 Convll fions \ n o —
MaxPool(K=2, S=2) 20x 14 x 14

ROBOTICS



Example: LeNet-5

Image Maps

Input

laver | OutputSize | Weight Size

N
Input 1x28x 28 0 \Nmpur
_ _ Cn el -
Conv (C, =20, K=5, P=2,5=1) 20x28x28 20x1x5x5 T >

ReLU 20 x 28 x 28 Comluions \m FlpeoTRectsd
MaxPool(K=2, S=2) 20x 14 x 14

Conv (C,,=50, K=5, P=2,5=1) 50x14x14 50x20x5x5

RelU 50 x 14 x 14

ROBOTICS



Example: LeNet-5

Input

Conv (C,,=20, K=5, P=2, S=1)
RelLU

MaxPool(K=2, S=2)

Conv (C,,=50, K=5, P=2, S=1)
RelLU

MaxPool(K=2, S=2)

1x28x28

20x28x28 20x1x5x5
20x 28 x 28

20x14x 14

50x14x14 50x20x5x5
50x14x 14

50x7x7

Image Maps

Input

]kgagii:>i?>§>E

Convolutions
Subsamplir

P

Fully Connected

ROBOTICS



Example: LeNet-5

Input

Conv (C,,=20, K=5, P=2, S=1)
RelLU

MaxPool(K=2, S=2)

Conv (C,,=50, K=5, P=2, S=1)
RelLU

MaxPool(K=2, S=2)

Flatten

1x28x28

20x28x28 20x1x5x5
20x 28 x 28

20x14x 14

50x14x14 50x20x5x5
50x14x 14

50x7x7

2450

Image Maps

Input

]kgaé?:i>>51>§\mzl>a;

Convolutions

o
14

Llly Connected

Subsampling
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Example: LeNet-5

Image Maps
Input

laver | OutputSize | Weight Size

N

Input 1x28x28 &\E\ \meur
= = = = E];

Conv (C,,=20, K=5,P=2,S=1) 20x28x28 20x1x5x5 = \ =t 4

Fully Connected

RelLU 20x 28 x 28 Convolutions o SN
MaxPool(K=2, S=2) 20x14x 14

Conv (C,,=50, K=5, P=2,5=1) 50x14x14 50x20x5x5

RelLU 50x14 x 14

MaxPool(K=2, S=2) 50x7x7

Flatten 2450

Linear (2450 -> 500) 500 2450 x 500

RelLU 500

ROBOTICS



Example: LeNet-5

Layer | Output Size | Weight Size

Input

Conv (C,,=20, K=5, P=2, 5=1)
RelLU

MaxPool(K=2, S=2)

Conv (C,,=50, K=5, P=2, S=1)
RelLU

MaxPool(K=2, S=2)

Flatten

Linear (2450 -> 500)

RelLU

Linear (500 -> 10)

1x28x28
20x28x28 20x1x5x5
20x 28 x 28
20x14x 14
50x14x14 50x20x5x5
50x 14 x 14

50x7x7

2450

500 2450 x 500
500

10 500 x 10

Image Maps
Input

s

Convolutions

Subsamplmg

Fully Connected

ROBOTICS



Example: LeNet-5

Layer | Output Size | Weight Size

Input 1x28x28

Conv (C,,=20, K=5, P=2,S=1) 20x28x28 20x1x5x5
RelLU 20x 28 x 28

MaxPool(K=2, S=2) 20x14x 14

Conv (C,,~=50, K=5, P=2,5=1) 50x14x14 50x20x5x5
RelLU 50x14x 14

MaxPool(K=2, S=2) 50x7x7

Flatten 2450

Linear (2450 -> 500) 500 2450 x 500
RelLU 500

Linear (500 -> 10) 10 500 x 10

Image Maps
Input

KL

Convolutions Fully Connected

Subsamplmg

= Aswe progress through the network:

Spatial size|decreases
(using pooling or striped convolution)

Number of channels|/increases
(total “volume” is preserved!)

ROBOTICS



ImageNet Classification Challenge

30 28.2
25.8

Error Rate
= N N9
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o
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Shallow
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Lin et al

0

Perronnin
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ImageNet Classification Challenge

30

Error Rate
— N N
(0] (@) o

(B
o

5

0

28.2

25.8

16.4

Shallow

2010 2011 2012

Lin et al Sanchez &  Krizhevsky et al
Perronnin (AlexNet)
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AleXNet https://pytorch.ora/hub/pytorch_vision_alexnet/

Also, early implementation in Caffe https://caffe.berkeleyvision.org/

Slightly
truncated
figure

‘ PE) 204 20ag \dense
Slides
227)(227|_> A dense | [dens
n put 1000
Size? Max 58 Max e l::;ing 204 2048

pooling pooling

ion of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. Qqge GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs comuuunicate only at certain layers. The network’s input is 150,528-dimensional, and

the number of neurons in the netwark’s remaining layers is given by 253,440-186,624—64,896-64,896-43,264—
4096-4096-1000.

Reimplementation version, 64 filters


https://pytorch.org/hub/pytorch_vision_alexnet/
https://caffe.berkeleyvision.org/

AlexNet

AlexNet citations per year
(as of Feb. 2026)

Citations per year Citation Counts:
* Darwin, “On the origin of species,” 1859: 60,117

24000

» Shannon, “A mathematical theory of
communication,” 1948: 156,791
- I I « Watson and Crick, “Molecular Structure of
2:4 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2;6 ° NUCIeiC ACidS,” 1953: 19’416

Total citations: >190,000

Also Dropout paper ~55125 citations ‘ H[]B[]“[:S



AlexNet N AP ==
' S J.i o _fy
\ P 192 192 128 2048 \ / Z0as
27 128 — -
« -~ =
\ 13" o, 13 \ 13
E) . e > — oy b TV
224 J - L 3 — A _——————————q T
- +J o . Tee n . -
\ A, 27 i ﬂ 135 13 dense dense
) P . 192 192 128 M
ax L}
204t
2]$\Smd Max 128 Max pooling 2048
Yof 4 pooling pooling

48

227 x 227 inputs

5 Convolutional Layers
Max pooling

3 Fully-connected
Layers

RelLU nonlinearities

e Used “Local response normalization”;
Not used anymore

e Trained on two GTX 580 GPUs - only
3GB of memory each! Model split over
two GPUs.

Figure copyright Alex Krizhevsky, llya Sutskever, and
Geoffrey Hinton, 2012. ‘ H[]B[].”ES

dense

1000



AlexNet

Input size Layer Output size
Layer C H/W Filters Kernel | Stride | Pad C H/W
Conv1 3 227 64 11 4 2 ?

Recall: Output channels = number of filters

Recall: W = (W - K + 2P) / S + 1
= (227 -11+2x2)/4 + 1

=220/4+1 =256

ROBOTICS



| &

AI eX N et s B |\ 1= 13 132 - 192 - 1 ><
Eﬁ 7 Q 5}] . s [dense
A
o - " oolin
oooooo ling
Input size Layer Output size
Layer C H/W Filters Kernel |Stride| Pad C H/W Memory (KB)
Conv1 £ 227 64 11 4 2 64 56 ? 7 8 4

Number of output elements = C x H' x W’
=64 x 56 x 56 = 200,704

Bytes per element = 4 (for 32-bit floating point)

KB = (number of elements) x (bytes per elem) /1024
= 200704 x4 /1024
=784

eeeee

ROBOTICS



AlexNet

Input size Layer Output size
Layer C H/W Filters Kernel | Stride | Pad C H/W Memory (KB) Params (k)| Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 ? ?

ROBOTICS




AlexNet

158 204t soas \dense
\ 13

13 dense idense|

128 Max
pooling

Input size Layer Output size
Layer C H/W Filters Kernel |Stride| Pad C H/W Memory (KB) |Params (k)
Conv1 3 227 64 11 4 2 64 56 784 23

Weight shape = Cout X Cin X KX K
=64x3x11x11

Bias shape = Cout = 64

Number of weights =64 x3 x 11 x 11 + 64
= 23,296

RUBUTILY



AlexNet

7s \dense

Input size Layer Output size
Layer C H/W Filters Kernel | Stride| Pad C H/W Memory (KB) |Params (k) Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 23 ?

ROBOTICS




AlexNet Saay Sav==vaV e
j' ) ﬂ ﬁﬁ 3] dense m
Em o\ ;] 13
Ps }] 192
128 ::Im 208t 2048
pooling ling
Input size Layer Output size
Layer C H/W Filters Kernel |Stride| Pad C H/W Memory (KB) Params (k)| Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 23 73

Number of floating point operations (multiply + add)
= (number of output elements) * (ops per output elem)
= (Cout X H' x W’) * (Cin x K x K)

=(64 *56 *56) * (3" 11 * 11)
= 200,704 * 363

= 72,855,552

ROBOTICS




AlexNet

7s \dense

Input size Layer Output size
Layer C H/W Filters Kernel | Stride | Pad C H/W Memory (KB) Params (k)| Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 23 73
Pool1 64 56 3 2 0

ROBOTICS




AlexNet

Input size Layer Output size
Layer C H/W Filters Kernel |Stride| Pad C H/W Memory (KB) Params (k)| Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 23 73
Pool1 64 56 3 2 0 64 27

For pooling layer:

#output channels = #input channels = 64

W’ = floor((W-K)/S+1)
= floor(53/2 + 1) = floor(27.5) = 27

ROBOTICS




AlexNet

Input size Layer Output size
Layer C H/W Filters Kernel | Stride | Pad C H/W Memory (KB) Params (k)| Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 23 73
Pool1 64 56 3 2 0 64 27 182 ?

#output elms = Cout X H' X W’

Bytes per elem =4
KB =Cout xH xW’x4/1024
=64*27*27*4 /1024
= 182.25

Q: How many
parameters for the
pooling layer?

ROBOTICS




Aha Slides =
(In-class participation)

https://ahaslides.com/K7PBO



https://ahaslides.com/K7PBO

I

| == ><

TN\ B — J s ] [

E:v—s}] 2 AN .
X 128 .Max E::f;(llﬂq 207 204
pooling pooling
Input size Layer Output size

Layer C H/W Filters Kernel |Stride| Pad C H/W Memory (KB) Params (k)| Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 23 73
Pool1 64 56 3 2 0 64 27 182 0 0

Floating-point ops for pooling layer

= (numer of output positions) * (flops per output position)

= (Cout X H X W’) x (K x K)
— (64 *27 *27)* (3 * 3)

= 419,904

= 0.4 MFLOP

ROBOTICS




AlexNet

204t 25ag \dense

e
dense idense|

Wistria Max 128

pooling

Max
pooling

126 M

pooling

ax J
204t 2048

Input size Layer Output size
Layer C H/W Filters Kernel | Stride | Pad C H/W | Memory (KB) |Params (k)| Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 23 73
Pool1 64 56 3 2 0 64 27 182 0 0
Conv2 64 27 192 5} 1 2 192 27 547 307 224
Pool2 192 27 3 2 0 192 13 127 0 0
Conv3 192 13 384 3 1 1 384 13 254 664 112
Conv4 384 13 256 3 1 1 256 13 169 885 145
Convb 256 g 256 3 1 1 256 13 169 590 100
Pool5 256 13 3 2 0 256 6 36 0 0
Flatten 256 6 9216 36 0 0
FC6 9216 4096 4096 16 37726 38
FC params = Cin * Cout + Cout FC flops = Cin * Cout
= 9216 * 4096 + 4096 = 9216 * 4096
= 37,725,832 = 37,748,736

ROBOTICS



==
Max T Max v  ooing 0% 1oas
pooling pooling
Input size Layer Output size
Layer C H/W Filters Kernel |Stride Pad C H/W | Memory (KB) |Params (k)| Flop (M)
Conv1 3 227 64 11 4 2 64 56 784 23 73
Pool1 64 56 3 2 0 64 27 182 0 0
Conv2 64 27 192 5 1 2 192 27 547 307 224
Pool2 192 27 3 2 0 192 13 127 0 0
Conv3 192 13 384 3 1 1 384 13 254 664 112
Conv4 384 i3 256 3 1 1 256 13 169 885 145
Convb 256 13 256 3 1 1 256 13 169 590 100
Pool5 256 13 3 2 0 256 6 36 0 0
Flatten 256 6 9216 36 0 0
FC6 9216 4096 4096 16 37726 38
FC7 4096 4096 4096 16 16777 17
FC8 4096 1000 1000 4 4096 4
RUBUTILY




AlexNet

13 dense

128 Max
Max 1 pooling
pooling pooling

2048 2048

i

Input size Layer Output size
C H/W Filters Kernel | Stride C H/W Memory (KB) |Params (k)| Flop (M)
3 227 64 4 2 64 56 784 23 73
64 56 0 64 27 182 0 0
64 27 2 192 27 547 307 224
27 0 192 13 127 0 0
13 1 384 13 254 664 112
13 1 256 13 169 885 145
13 1 256 13 169 590 100
13 0 256 6 36 0 0
6 9216 36 0 0
4096 16 37726 38
4096 16 16777 17
1000 4 4096 4

ROBOTICS



AlexNet

Max
pooling

Layer
Conv1
Pooli
Conv2
Pool2
Conv3
Conv4
Convb
Pool5
Flatten
FC6
FC7
FC8

Input size
C H/W
3 227
64 56
64 27
192 27
192 13
384 13
256 13
256 13
256 6
9216
4096
4096

Filters
64

192

384
256
256

4096
4096
1000

Layer
Kernel
11

W W W w w o w

Stride
4

N | =t [ = | = N[ =N

Pad

O|l—= = =0 N O

K==y
peog P

o
Output size
C H/W
64 56
64 27
192 20
192 13
384 13
256 13
256 13
256 6
9216

4096

4096

1000

2 2048

Memory (KB)

Params (k)

784

23

182

0

547

127

254

169

169

36

36

16

16

4

Interesting trends here!

ROBOTICS



78 \dense

AlexNet

=

Most of the memory usage
in the early convolution

Most floating-point ops
occur in the convolution

Nearly all parameters are in
the fully-connected layers

layers layers
Memory (KB) Params (K) MFLOP
900 40000
800 35000
700 30000 20
600 25000 150
500
20000
400
15000 100
300
200 10000
‘Allem__ - -
, —_— ; e e = -
2 O > > » © A D R VRe ) e © A D ) e ©
KSR R R R O TARE KR R R R R O TATITS: K¢ S L Q&
& & S & & L & F F & & ¥ 8N o ()o & ¥ N

s



ImageNet Classification Challenge

30 28.2
25.8

N
(9]

16.4

N
o

=
u

Error Rate

[N
o

5

Shallow

0
2011 2012

Lin et al Sanchez &  Krizhevsky et al
Perronnin (AlexNet)
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ImageNet Classification Challenge

30 28.2
25.8

25
o 20
= 16.4
= 15
S 11.7
| -
w 10

5

Shallow
0

2010 2011 2012 2013

Lin et al Sanchez.& Krizhevsky et al ~ Zeiler &
Perronnin (AlexNet) Fergus ‘ H[]B[]'”[:S



/FNet: A Bigger AlexNet

image size 224

ImageNet top 5 error: 16.4% -> 11.7%

110 26 13 13 13

filtersize 7 ¢ 3 | 3
1 %384 | V1 384 256
'\2A56 " N

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 inite unitsl |  softmax
3

l\ 55 13 @ 3 p
Input Image L ‘\256 =0 = =
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output
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
More trial and error :(

ROBOTICS



ImageNet Classification Challenge

30

25

Error Rate
= N
U o

By
o

5

0

28.2

25.8

16.4
19
11.7 layers
7.3
8 layers

Shallow

2010 2011 2012 2013 2014

Lin et al Sanchez&  krizhevsky etal  Zeiler &  Simonyan &
Perronnin (AlexNet) Fergus Zisserman (VGG)

ROBOTICS



VGG: Deeper Networks, Regular Design

VGG Design rules:

. [Fciooo ]

All conv are 3x3 stride 1 pad 1 e R w—cer—

. | FC 1000 | FC 4096 |

All max pool are 2x2 stride 2 oz R w——
After pool, double #channels

I Pool I | Pool ]

[ = i = ]

[ Pool ] [ Pool | | Pool |

| Input | | Input | | Input |

Simonyan and Zissermann, “Very Deep Convolutional Networks for Large-Scale Image Recognition”, AIEXNet VGG16 VGGlg

ICLR 2015 https://arxiv.org/abs/1409.1556 ‘ H[]B[]'”ES



https://arxiv.org/abs/1409.1556

VGG: Deeper Networks, Regular Design

VGG Design rules:
All conv are 3x3 stride 1 pad 1

All max pool are 2x2 stride 2
After pool, double #channels

Network has 5 convolution stages:
Stage 1: conv-conv-pool

Stage 2: conv-conv-pool

Stage 3: conv-conv-pool

Stage 4: conv-conv-conv-[conv]-pool
Stage 5: conv-conv-conv-[conv]-pool

[ Softmax | FC 4096 |
[ FC 1000 1 | FC 4096 ]
| FC 4096 | Pool ]
FC 1000

| | .
| | Pool

I Pool | I I | P

| Input | | Input | | Input |

RUBUTILY



VGG: Deeper Networks, Regular Design

VGG Design rules:
All conv are 3x3 stride 1 pad 1 o
All max pool are 2x2 stride 2 ) =
After pool, double #channels
Option 1:
Conv(5x5, C->C) I — N T— —
— L Pool ] ]
Q: How many parameters? —  ——

Q: How many FLOPs?

| Input | | Input | | Input |

AlexNet VGG16  VGGI19

ROBOTICS




VGG: Deeper Networks, Regular Design

VGG Design rules:
. [Fciooo ]
All conv are 3x3 stride 1 pad 1 e R w—cer—
c | FC 1000 | FC 4096 |
All max pool are 2x2 stride 2 e R w——
After pool, double #channels
)
.
Option 2:
Conv(3x3, C->C) s R ——
Conv(3x3, C->C)
| Pool | | Pool

Q: How many parameters?=—=
Q: How many FLOPSs?

©
o

o
o

Input Input | | Input |

AlexNet VGG16  VGGI19

NN ASASAS R RRVLY)




VGG: Deeper Networks, Regular Design

VGG Design rules:

= [_Fcio00 ]

All conv are 3x3 stride 1 pad1  Two 3x3 conv has same. N CEo
. . . . [ FC 1000 ] FC 4096

All max pool are 2x2 stride 2 receptive field as a single 5x5 Com

cony, but has fewer parameters

After pool, double #channels ;
and takes less computation!

: ;
Option 1: Option 2:
Conv(5x5, C->C) Conv(3x3, C->C) —
Conv(3x3, C->C)
—

o
&
e}

L

| Input | | Input |
AlexNet VGGl6e  VGG19
RUBUTILY

Input




VGG: Deeper Networks, Regular Design

VGG Design rules:

All conv are 3x3 stride 1 pad 1
All max pool are 2x2 stride 2
After pool, double #channels

Input: C x 2H x 2W
Layer: Conv(3x3, C->C)

Memory: 4HWC
Params: 9C2
FLOPs: 36HWC?2

| Softmax ] | FC 4096 |
| FC 1000 I3 4 FC 4096 |
[ FC 4096 i > ]
FC 1000
FC 4096
— L 0 ,
[ Pool | |
[ 11 Pool ;1 ]
| Input | | Input | Input |

AlexNet

VGG16  VGG19

ROBOTICS



VGG: Deeper Networks, Regular Design

VGG Design rules:
All conv are 3x3 stride 1 pad 1 |
All max pool are 2x2 stride 2 Cem )
After pool, double #channels
Input: C x 2H x 2W Input: 2C x Hx W
Layer: Conv(3x3, C->C) Layer: Conv(3x3, 2C->2C) | 5 1
Memory: 4HWC Memory: 2HWC ] |
Params: 9C2 Params: 36C2 | ] — 3
FLOPs: 36HWC2 FLOPs: 36HWC2

Input | Input |

AlexNet VGG16 VGG19

ROBOTICS

| Input ]




VGG: Deeper Networks, Regular Design

VGG Design rules:
All conv are 3x3 stride 1 pad 1 Conv layers at each spatial s
All max pool are 2x2 stride 2 resolution take the same Crmr m—
After pool, double #channels amount of computation!

Input: C x 2H x 2W Input: 2C x Hx W

Layer: Conv(3x3, C->C) Layer: Conv(3x3, 2C->2C) |  —

——

Memory: 4HWC Memory: 2HWC i

Params: 9C2 Params: 36C2 | } i 3

FLOPs: 36HWC?2 FLOPs: 36HWC?2

L

| Input |

AlexNet VGG16  VGG19

ROBOTICS

Input Input




AlexNet vs VGG-16

AlexNet vs VGG-16
(Memory, KB)

30000

25000
20000
15000
10000
5000 J
0 Il

4\’\\"’3’@‘@8’6\

Q
<,° &® o° c,

H AlexNet mVGG-16

AlexNet total: 1.9MB
VGG-16 total: 48.6MB (25x)

AlexNet vs VGG-16
(Params, M)

120000
100000
80000
60000
40000

20000

o . m =u . -
S 0O D > 6 o A D
& P 3
F&FS S S e
& & & & o
m AlexNet mVGG-16

AlexNet total: 61M
VGG-16 total: 138M (2.3x)

Much bigger network!

AlexNet vs VGG-16
(MFLOPs)

5000
4500
4000
3500
3000

2500
2000
1500
1000 J
500
0 —

5y O D > H» L
S I PSP S &
F o & R

S g ¢

O

m AlexNet ®VGG-16

AlexNet total: 0.7 GFLOP
VGG-16 total: 13.6 GFLOP (19.4x)

ROBOTICS



ImageNet Classification Challenge

30

Error Rate
= [ N N
(@) (@) U o (@)

o

28.2

25.8

B . .

16.4
19 22
11.7 layers | | layers
7.3
57

2010 2011 2012 2013 2014 2014
Lin et al Sanchez&  Krizhevsky etal  Zeiler&  Simonyan &  Szegedy et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GoogleNet)
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GoogLeNet: Focus on Efficiency

Many innovations for efficiency:
e reduce parameter count

® Mmemory usage

e computation

Szegedy et al, “Going deeper with convolutions”,
CVPR 2015
https://arxiv.org/abs/1409.4842



https://arxiv.org/abs/1409.4842

GoogLeNet: Focus on Efficiency

Stem network at the start aggressively downsamples input
(Recall in VGG-16: Most of the compute was at the start)
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GoogLeNet: Focus on Efficiency

Stem network at the start aggressively downsamples input

(Recall in VGG-16: Most of the compute was at the start)

Input size Layer Output size
Layer C H/W | Filters | Kernel |Strid Pad C H/W | Memory |Params Flop (M)
Conv 3 224 64 7 2 3 64 112 3136 9 118
Max-pool | 64 112 3 2 1 64 56 784 0 2
Conv 64 56 64 1 1 0 64 56 784 4 13
Conv 64 56 192 3 1 1 192 56 2852 111 347
Max-pool | 192 56 3 2 1 192 28 588 0 1

Total from 224 to 28 spatial resolution:

Memory: 7.5 MB
Params: 124K
MFLOP: 418

Quickly downsampling by a factor of 8

 IIULUI1IUY



GoogLeNet: Focus on Efficiency

Stem network at the start aggressively downsamples input
(Recall in VGG-16: Most of the compute was at the start)

Input size Layer Output size
Layer C H/W | Filters | Kernel |Strid| Pad C H/W | Memory |Params Flop (M)
Conv 3 224 64 7 2 3 64 112 3136 9 118
Max-pool | 64 112 3 2 1 64 56 784 0 2
Conv 64 56 64 1 1 0 64 56 784 4 13
Conv 64 56 192 3 1 1 192 56 2352 111 347
Max-pool | 192 56 3 2 1 192 28 588 0 1

Total from 224 to 28 spatial resolution:

Memory: 7.5 MB
Params: 124K
MFLOP: 418

Compare VGG-16:

Memory: 42.9 MB (5.7x)
Params: 1.1M (8.9x)
MFLOP: 7485 (17.8x)

 HHULUIILY



GoogLeNet: Focus on Efficiency

Inception module: Local unit with parallel branches

Local structure repeated ,
many times throughout SoaiEreion
the network

+ + +

3x3 max
pooling

Previous Layer

[
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o
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e
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GoogLeNet: Focus on Efficiency

Inception module: Local unit with parallel branches =

Local structure repeated T =

. Filter - o e

many times throughout concatenation -

the network NS EE
! t t EomE

Uses 1x1 “Bottleneck” 3;:0;7;? -
layers to reduce channel - N

dlmens!on before . S R

expensive conv (we will -

revisit this with ResNet!) e

L

==
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GoogleNet: Global Average Pooling

No large FC layers at the end!

Instead use global average pooling to collapse spatial dimensions, and one linear

layer to produce class scores
(Recall VGG-16: Most parameters were in the FC layers!)

Input size Layer Output size
Layer C H/W Filters Kernel |Stride| Pad C H/W | Memory (KB) | Params | Flop (M)
avg-pool | 1024 7 7 1 0 1024 1 4 0 0
fc 1024 1000 1000 0 0 1025 1




GoogleNet: Global Average Pooling

No large FC layers at the end!

Instead use global average pooling to collapse spatial dimensions, and one linear
layer to produce class scores

e P
(Recall VGG-16: Most parameters were in the FC layers!) e ==
_sa__ ==
Input size Layer Output size == B
Layer C H/W Filters Kernel |Stride| Pad C H/W | Memory (KB) | Params | Flop (M) T
avg-pool | 1024 7 7 1 0 1024 1 4 0 0 -
fc 1024 1000 1000 0 0 1025 1 T =
g A B ¥
Compare with VGG-16: N e
i
Input size Layer Output size TR
Layer C H/W Filters Kernel |Stride| Pad C H/W | Memory (KB) | Params | Flop (M) B
Flatten 512 7 25088 98 Ce
\M
FC6 25088 4096 4096 16 102760 103 -
FC7 4096 4096 4096 16 16777 17 S=s]
FC8 4096 1000 1000 4 4096 4 ==
==

o
N NASASASRRNREYIY)



GooglLeNet: Auxiliary Classifiers

Training using loss at the end of the network didn’t work well: Network is
too deep, gradients don’t propagate cleanly

As a hack, attach “auxiliary classifiers” at several intermediate points in
the network that also try to classify the image and receive loss

GoogLeNet was before batch normalization! With BatchNorm, we no
longer need to use this trick

v
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Inception Transformers

https://arxiv.org/pdf/2205.12956 Fusion
NeurlPS 2022 /

Attentlon

Linlear ) DWConv ) ( )
[ Maxpool | ( Llntear ) ( AvePooI ]

J L
Split

Citations [£

20I23 20I24 2o|25 2026 Figure 3: The details of In-

ception mixer.


https://arxiv.org/pdf/2205.12956

DWConv

Depth-wise convolution )

rrrrrrr
11111111
///////
ey
///////
///////

J €@ Normal conv )

(FTELr] Lﬂjﬂﬂﬂ ROBOTICS



ImageNet Classification Challenge

30 28.2 152
25.8 layers
25
9 20
5 16.4
« 15 19 22
o 11.7 |
= ayers layers
o o[ 31mer |22 67
8 layers || 8 layers
Shallow
0 ]
2010 2011 2012 2013 2014 2014 2015
Lin et al Sanchez & Krizhevsky etal ~ Zeiler &  Simonyan & Szegedy et al He et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GoogleNet) (ResNet)
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Residual Networks

Once we have Batch Normalization, we can train networks with 10+ layers.
What happens as we go deeper?

Test error

Deeper model does worse than shallow model! 56-layer

lterations

He et al, “Deep Residual Learning for Image
Recognition”, CVPR 2016

https://arxiv.org/abs/1512.03385 ‘ H[]B[]'”ES



https://arxiv.org/abs/1512.03385

Residual Networks

Once we have Batch Normalization, we can train networks with 10+ layers.
What happens as we go deeper?

Test error

Deeper model does worse than shallow model! 56-layer

Initial guess: Deep model is overfitting since it is much
bigger than the other model (?)

lterations

He et al, “Deep Residual Learning for Image
Recognition”, CVPR 2016

https://arxiv.org/abs/1512.03385 ‘ H[]B[]'”ES



https://arxiv.org/abs/1512.03385

Residual Networks

Once we have Batch Normalization, we can train networks with 10+ layers.
What happens as we go deeper?

Training error Test error

i, P 56-layer
Q!aver

[terations lterations

In fact the deep model seems to be underfitting since it also performs
worse than the shallow model on the training set! It is actually underfji

Hifhnics




Residual Networks

A deeper model can emulate a shallower model: copy layers from shallower model, set
extra layers to identity

Thus deeper models should do at least as good as shallow models

ROBOTICS



Residual Networks

A deeper model can emulate a shallower model: copy layers from shallower model, set
extra layers to identity

Thus deeper models should do at least as good as shallow models

Hypothesis: This is an optimization problem. Deeper models are harder to optimize, and in
particular don’t learn identity functions to emulate shallow models

Solution: Change the network so learning identity functions with extra layers is easy!

ROBOTICS



Residual Networks

Solution: Change the network so learning identity functions with extra layers is easy!

; T relu
?0 F(x) + X
I oy F(X) I relu ”Additive”
shortcut
I
X X
“Plain” block Residual Block

ROBOTICS



Residual Networks

Solution: Change the network so learning identity functions with extra layers is easy!

H(x)

|

I relu

T

X

“Plain” block

If you set these to
0, the whole block
will compute the
identity function!

T relu
F(x) + x
/ e, s
“shortcut”
.
X

Residual Block

ROBOTICS



Residual Networks

C—Sofimax_]
FC 1000

O
3x3 conv, 512
3x3 conv, 512

3x3 cony, 512
3x3 conv, 512

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

A residual network is a stack of many
residual blocks

&
3x3 conv, 128
3x3 conv, 128
O
__3x3conv, 128 |
X3 C
O
3x3 conv, 128
3x3 conv, 128, /2
O
3x3 conv, 64
O

[ 3x3conv, 64 |
3x3 conv, 64

3x3 conv, 64
3x3 conv, 64

Residual block

[ out 1]
| HHUUU 11UV



Residual Networks

A residual network is a stack of many
residual blocks

Regular design, like VGG: each residual
block has two 3x3 conv

Network is divided into stages: the first
block of each stage halves the resolution
(with stride-2 conv) and doubles the
number of channels

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

Residual block

FC 1000

3x3 conv, 512
3x3 conv, 512

3x3 conv, 512

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

OX ,(‘ V 0
3x3 conv, 128
O
O
[__3x3conv, 64 |
O

3x3 conv, 64
3x3 conv, 64

N NASASASRRNREYIY)



Residual Networks

Like GooglLeNet, no big fully-connected-layers:
Instead use global average pooling and a single
linear layer at the end

l Softmax
| FC 1000
| Pool

3x3 conv, 512

3x3 conv, 5il2

3x3 conv, 512
O

3x3 conv, 512

]
]
]
|
3x3 conv, 512 |
O
]
]
]
|

3x3 conv, 512, /2
O

3x3 conv,
L

3x3 conv,

3x3 conv,

3x3 conv,

3x3 oorlw, 128

3x3 conv, 128, /2

3x3 conv, 64

3x3 conv, 64

3x3 conv. 64

3x3 conv, 64

3x3 conv, 64

3x3 conv, 64

Pool

Input |




Residual Networks

ResNet-18:

Stem: 1 conv layer

Stage 1 (C=64): 2 res. block = 4 conv
Stage 2 (C=128): 2 res. block = 4 conv
Stage 3 (C=256): 2 res. block = 4 conv
Stage 4 (C=512): 2 res. block = 4 conv
Linear

ImageNet top-5 error: 10.92
GFLOP: 1.8

He et al, “Deep Residual Learning for Image Recognition”, CVPR 2016
Error rates are 224x224 single-crop testing, reported by torchvision

| Softmax ]
| FC 1000 |
[ Pool |

3x3 conv., 512
3x3 conv, 512

3x3 conv, 512
3x3 conv, 512

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

3x3 conv, 12
1

3x3 conv, 12

3x3 conv, 12

3x3 conv, 128
'

[
|
[__3x3 cony, 12
[
[
[

3x3 conv, 64
|_3x3conv, 64

L Pool |

| Input |



https://pytorch.org/hub/pytorch_vision_resnet/

Residual Networks

ResNet-18:

Stem: 1 conv layer

Stage 1 (C=64): 2 res. block = 4 conv
Stage 2 (C=128): 2 res. block = 4 conv
Stage 3 (C=256): 2 res. block = 4 conv
Stage 4 (C=512): 2 res. block = 4 conv
Linear

ImageNet top-5 error: 10.92
GFLOP: 1.8

ResNet-34:

Stem: 1 conv layer

Stage 1: 3 res. block = 6 conv
Stage 2: 4 res. block = 8 conv
Stage 3: 6 res. block = 12 conv
Stage 4: 3 res. block = 6 conv
Linear

ImageNet top-5 error: 8.58
GFLOP: 3.6

VGG-16:
ImageNet top-5 error: 9.62
GFLOP: 13.6

[3x3conv. 512 ]
[ 3x3conv.512 ]
O

[3x3conv. 512 ]
[3x3conv, 512,/2_]
O

O
L 1 l
3x3 conv, 64
O

o,
3x3 conv, 64
3x3 conv, 64
O
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Residual Networks: Basic and Bottleneck Block

Conv(3x3, C->C)
1
Conv(3x3, C->C)

“Basic”
Residual block

Hint;
How

many
FLOPSs?

Conv(1x1, C->4C)
1
Conv(3x3, C->C)
1
Conv(1x1, 4C->C)

“Bottleneck”
Residual block

ROBOTICS



Residual Networks: Bottleneck Block

Conv(1x1, C->4C)

Q: How many FLOPs? ’
Conv(3x3, C->C)

1
Conv(1x1, 4C->C)

“Bottleneck”
Residual block

ROBOTICS



Residual Networks: Bottleneck Block

More layers, less computational cost!

FLOPs: 4HWC2 Conv(1x1, C->4C)

Conv(3x3, C->C) FLOPs: 9HWC? t
f FLOPs: 9HWC? Conv(3x3, C->C)

Conv(3x3, C->C) FLOPs: 9HWC?2 t
FLOPs: 4HWC? Conv(1x1, 4C->C)

“Basic”
Residual block “Bottleneck”
Residual block

ROBOTICS



Residual Networks

ResNet-50 is the same as ResNet-34, but replaces Basic blocks with

Bottleneck Blocks. This is a great baseline architecture for many tasks

FC 1000

[ 3x3conv,512 |

' 3x3 cov 512

even today!
.
Stage 1 Stage 2 Stage 3 Stage 4 A
Block | Stem | Block Layers Block | Layer | Block | Layer | Block | Layer FC GFLOP Image
type layers| s s s 3 s s s Layers Net

ResNet-18 | Basic 1 2 4 2 4 2 4 2 4 1 1.8 | 10.92 TR

ResNet-34 Basic 1 3 6 4 8 6 12 3 6 1 3.6 8.58
3x3 conv, 128./2 |
I ResNet-50 lBottIe 1 3 9 4 12 6 18 3 9 1 3.8 7.13
|

__3x3conv. 64 |
3x3 conv, 64
O

3x3 conv, 64
3x3 conv, 64

[ IIULUITILY



Residual Networks

Deeper ResNet-101 and ResNet-152 models are more
accurate, but also more computationally heavy

[C—Ecioo0 ]

o
.
O
3x3 conv, 512
o
.
o

Stage 1 Stage 2 Stage 3 Stage 4

Block | Stem | Block Layers Block | Layer | Block | Layer | Block | Layer FC GFLOP Image

type |layers| s s s s s s s Layers Net
ResNet-18 | Basic 1 2 4 2 4 2 4 2 4 1 1.8 | 10.92
ResNet-34 | Basic 1 3 6 4 8 6 12 3 6 1 3.6 8.58
ResNet-50 Bottle 1 3 9 4 12 6 18 3 9 1 3.8 713
ResNet-101 1 3 9 4 12 23 69 3 9 1 7.6 6.44
ResNet-152 1 3 9 8 24 36 108 3 9 1 11.3 | 5.94
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Residual Networks

Able to train very deep networks

MSRA @ ILSVRC & COCO 2015 Competitions
¢ Deeper networks do better than * 1st places in all five main tracks
shallow networks (aS eXpeCted) * ImageNet Classification: “Ultra-deep” (quote Yann) 152-layer nets
* ImageNet Detection: 16% better than 2nd
o Swept 1St place in a” ILSVRC and * ImageNet Loc-alization: 27% better than 2nd
. * COCO Detection: 11% better than 2nd
COCO 201 5 Competltlons * COCO Segmentation: 12% better than 2nd

Still widely used today

Examples:
e ResNet for brain age prediction - Nature, Scientific Reports (2024) https://www.nature.com/articles/s41598-024-61915-5
ResNet for brain tumor image classification (2025) https://www.nature.com/articles/s41598-025-20872-3
ResNet for malware detection (2025) https://www.nature.com/articles/s41598-025-10561-6
e Bridging ResNet and Vision Transformers - CVPR (2024)
https://arxiv.org/abs/2403.14302

ROBOTICS


https://www.nature.com/articles/s41598-024-61915-5
https://www.nature.com/articles/s41598-025-20872-3
https://www.nature.com/articles/s41598-025-10561-6
https://arxiv.org/abs/2403.14302

Improving Residual Networks: Block Design

Original ResNet block

RelLU

Batch Norm

t
Conv
t

RelU

1

Batch Norm

t
Conv

“Pre-Activation” ResNet Block

Note RelLU after residual:

Cannot actually learn identity
function since outputs are

nonnegative!

Note RelLU inside residual:

Can learn identity function
by setting Conv weights to
zero

Conv
t

ReLU

t

Batch Norm

t
Conv
t

ReLU

t

Batch Norm

He et al, "Identity mappings in deep residual networks”, ECCV 2016

https://arxiv.org/abs/1603.05027

ROBOTICS


https://arxiv.org/abs/1603.05027

Improving Residual Networks: Block Design

Original ResNet block “Pre-Activation” ResNet Block

RelLU

Slight improvement in accuracy
(ImageNet top-1 error) Cony

Batch Norm

t RelLU
Conv ResNet-152: 21.3 vs 21.1 f
t ResNet-200: 21.8 vs 20.7 Batch Norm
RelLU t
i Not actually used that much i £y
Batch Norm O a_C ually use at much in 3
t practice RetLU
S Batch Norm

t

RUBUTILY



Top-1 accuracy [%]

Comparing Complexity
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Inception-v3 ’
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' ResNet-34
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Top-1 accuracy [%]

Comparing Complexity

Inception-v4: ResNet + Inception!

Inception-v4
80 1 80 1 X : ]
Inception-v3 - " ResNet-152
ResNet-50 f VGG-16 VGG-19
75 - 75 1 ‘ ResNet-101 '
’ResNet—34

9
70 - =701 ‘ResNet-18

-] 0®"

® GooglLeNet

3 ENet
65 1 S 65 1

% © BN-NIN ‘

(o]
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BN-AlexNet
55 55 AlexNet
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Top-1 accuracy [%]

80 1

|

~
o

(2]
w

[=)]
o

55

50

Comparing Complexity

e NSt N e‘ SRR
e*“ $\ “\ e'V e" v x c)o s
| e e”“ N® e\‘\e o e X
P R RFRE a7\ P\?

VGG:
Highest memory,
most operations

Inception-v4
80 1
Inception-v3 ResNet-152
ResNet-SO‘ . VGG-16 VGG-19
75 1 ResNet-101
’ ResNet-34
9
270 1 ResNet-18
> 00"
® GooglLeNet
3 ENet
S 65 1
—
3 © BN-NIN
F 60 4 5M 35M - 65M - 95M - 125M - 155M
BN-AlexNet
55 AlexNet
50 T T T T 4 - - -
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Operations [G-Ops]
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Top-1 accuracy [%]

Comparing Complexity

GoogLeNet:
Very efficient!
Inception-v4
80 1 80 1 : ;
Incen °"“’3’ § ~ ResNet-152
ResNet/50 : . ‘ =
T e et ettt i & | - e | 75 1 ‘ ResNet_lol s ks VGGlG 4m-- VGG 19 At
’ ResNet-34
70 - é 70 1 ResNet-18
@ O’ G oogLenet
3 ENet
65 - S 65
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(o] '
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Comparing Complexity

AlexNet: Low
compute, lots of

parameters
Inception-v4
80 1 80 1 : .
Incep °""’3’ : © ResNet-152
ResNet 0‘ :
Ll . N B B 751 ResNet-101
. ResNet-34
& 70 A & 70 - ‘ResNet-18
> g |0
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3 3 EN
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Top-1 accuracy [%]

Comparing Complexity

ResNet: Simple design,
moderate efficiency, high
accuracy
Incepti¢n-v4
80 1 80 - .
Incegton-y ~ ResNet-152
ResNet-50 i ‘ VGG-16 VGG-19
75 1 75 1 ResNet-101 '
ResNet-34

70 4 = 70 °ﬂ ResNet-18

@ GooglLeNet

3 ENet
65 1 S 65 1

g © BN-NIN ‘

o H '
604 [N FEEN W BN BN B S 64 - 5M - 35M - 65M ---95M - 125M - -155M -

BN-AlexNet
551 55 AlexNet
50 - 50 v v v v v r - -
W e e, A9 X Y 6° oY c,’L REPNL. 0 5 10 15 20 25 30 35 40
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Residual layer is still very relevant today...

LAUREL: Learned Augmented Residual Layer (ICML 2025 Accepted,paper)

\

xi+1 = f(xi) + xi

o9

X ] .
! Nonlinear function f
(Attention, MLP, etc.)

Figure 1. A standard residual connection. We assume the model
to be divided into logical ‘blocks’, which is true for most modern
architectures including transformers. The residual connection
combines the output of a non-linear function f and the input to the
said non-linear function. Here, f can be attention, MLP, or any
other combination of non-linear layers.

| Residual
| Stream

(Attention, MLP, etc.)

X [ Nonlinear function f J

i %

Activations from
previous blocks
(X4 X,y e X)

Figure 2. An illustration of the LAUREL framework; see (2).
LAUREL can be used to replace the regular residual connection in
Figure 1. Again, f can be any non-linear function such as attention,
MLPs, and groups of multiple non-linear layers. ‘S
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Residual layer is still very relevant today...

Some recent articles about residual connections (for reference):

https://www.emergentmind.com/topics/residual-connections

https://huggingface.co/papers?g=+residual+connections

ResiDual transformer https://github.com/microsoft/ResiDual

Probabilities

Feed-forward network:

after taking information from
other tokens, take a moment to

think and process this information

f

Feed-forward network: .
after taking information from Decoder-encoder attention:
other tokens, take a moment to = || | e target token looks at the source

think and process this information rd Nx queries - from decoder states; keys
and values from encoder states

Encoder self-attention: lasked

Multi-Head Multi-Head - i %
tokenslook ateachother ||| Attention ‘ttotion Decoder self attent'on (masked):
tokens look at the previous tokens
queries, keys, values

queries, keys, values are computed

)_® E:zggz:‘ from decoder states
NN (look ahead, transformer architecture) ‘ H[]B[]“[:S
(shifted right) )

puted fi
encoder states



https://www.emergentmind.com/topics/residual-connections
https://huggingface.co/papers?q=+residual+connections
https://github.com/microsoft/ResiDual

What happens to ImageNet NOW?

Original ImageNet challenge - (discontinued 2017)
Still a large-scale and valid benchmark dataset!
Also commonly used for weight initializations

https://www.image-net.org/

ImageNet 3D - (NeurlPS 2024)

General-Purpose Object-Level 3D Understanding
https://arxiv.org/abs/2406.09613
https://github.com/wufeim/imagenet3d?tab=readme-ov-file

World Models “spatial intelligence”
https://www.youtube.com/watch?v=2j78HCv6P50 (LeCun talk)
https://drfeifei.substack.com/p/from-words-to-worlds-spatial-intelligence

Also, research in tiny networks 'ROBOTICS


https://www.image-net.org/
https://arxiv.org/abs/2406.09613
https://github.com/wufeim/imagenet3d?tab=readme-ov-file
https://www.youtube.com/watch?v=2j78HCv6P5o
https://drfeifei.substack.com/p/from-words-to-worlds-spatial-intelligence

SU Mihma ry Canvas Quiz 20260204 released, due Feb. 9, 2026

Softmax ==
FC 1000 ‘Bn
FC 4096 = 5
Tpires xye]
3x3 conv, 512 = -
3x3 conv, 512 _Ba
3x3 conv, 512 e
—_— T

o
3x3 conv, 128
3x3 conv, 512 S el 3x3 conv, 128
v | o

3x3 conv, 128
3x3 conv, 128

5
b

[ 3x3conv, 64 |

| 3x3conv. 64 |

[ 3x3conv. 64 ]

d

___3x3conv,. 64 |
3x3 conv, 64
0

3x3 conv, 512

3x3 conv, 512 o~ 3

3x3 conv, 256

w
3x3 conv, 256 i\\
’\\V)'—J

3x3 conv, 128 —_

3x3 conv, 128 ><—‘_]

3x3 conv, 64 5
[ Pool ]
3x3 conv, 64 =

Input

AlexNet VGG GoogleNet ResNet
RUBUTIL



Any quiz questions?

Please post to piazza https://piazza.com/class/mk1zk3p7tvu7db/post/63
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https://piazza.com/class/mk1zk3p7tvu7db/post/63

Pathway Spea ker Feb.4, 2026 (today), 4:30pm EST, FRB 2300

Cale Colony, Chief
Engineering Officer of
motmot, as part of the
Robotics Pathways and
Careers Speaker Series

https://umich.zoom.us/j/92286702864
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https://www.motmot.ai/
https://umich.zoom.us/j/92286702864

