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Lecture Notes V — Residual and Convolutional Neural Networks

Marina Meild
mmpQuwaterloo.ca

With Thanks to Pascal Poupart & Gautam Kamath
Cheriton School of Computer Science
University of Waterloo

February 8, 2026
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Convolutional networks (Convnets)

Residual networks (Resnets)

Some (convolutional) neural network breakthroughs

Reading HTF Ch.: 11.3 Neural networks, Murphy Ch.: (16.5 neural nets), Bach Ch.: —, Deep
Learning Book (Goodfellow, Bengio, Courville) 6.1-4, ResNet 7.6, ConvNet 9., Autoencoders
14.1, Dive Into Deep Learning 4.1-4.3.
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Parameters

* # of filters: integer indicating the # of filters applied to each
window.

* kernel size: tuple (width, height) indicating the size of the
window.

= Stride: tuple (horizontal, vertical) indicating the horizontal and
vertical shift between each window.

* Padding: “valid” or same”. Valid indicates no input padding.
Same indicates that the input is padded with a border of zeros to
ensure that the output has the same size as the input.
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Acoustic Modeling in Speech Recognition

Architecture of a DNN-HMM hybrid

TABLE I system

4 zomperisor: of the Percertags Wrd Ervor Rates using DNN-HMMs ard GMM-EMMs an five differsnt lrge vocabulary tosks. Tttt

ask qnof | DNNHMM | GMVEAMM | CMM-HMM i

caining dsta with sae data | witk more data

Swichboend st s2t 1) | 309 185 04 186 (200 hrs) <

Swishzocnd ftest st 2) | 300 161 26 17.1 2000 hes) D

— - \v,  potsbiies

Eaglish Broadcast Nows | 50 s 88 w

Bing Yoice Search 2 | 204 362

(Senuence error rals)

Google Volee lnput | 3.870 123 160 (>>3,3701r5)

Youube 1400 418 523

| i Fm.mn
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Image Recognition

* Convolutional Neural Network
* With rectified linear units and dropout
* Data augmentation for transformation invariance

T e
poa ing
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ImageNet Breakthrough

* Results: ILSVRC-2012
* From Krizhevsky, Sutskever, Hinton

Model ‘Top-1 (val) | Top-5 (val) | Top-3 (test)
SIFT + FVs [7] 26.2%
TCNN 20.7% 18.2% —

5 CNNs 38.1% 16.4% 16.4%

T CNN* 39.0% 16.6% —

7 CNNs* 36.7% 15.4% 15.3%

Table 2: Comparison of crror rates on ILSVRC-2012 validation and
test sets. Tn italics are hest results achieved by ol . Models with an
aslerisk® were “pre-trained™ (o classily he entire lmageNel 2011 Fall
release. Sce Scetion 6 for details.
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ImageNet Breakthrough

* From Krizhevsky, Sutskever, Hinton

ligure 4: (Left) Tight ILSVRC-2010 test images and the five lakels considered most protable by our model.
“The correct label is written under each image, and the prohability assigned to the correct label is also shovn
wilk 1 red bar (i it buppens o be in G top 5). (Right) Five ILSVRC-2010 test inmages in (e frst column, The

remaining columns show the six training images that produce feature vectars in the last hidden layer with the
snallest Euelidean distance from the featun: veelor for (e st intage.
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Transformers and Structured

State Space Sequence (54)
CS480/680 Intro to Machine
Learning

Pascal Poupart
David R. Cheriton School of Computer Science
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Attention ol = Rgluawel
S O PR xrlext
" Attention in Computer Vision

* 2014: Attention used to highlight
important parts of an image that
contribute to a desired output

4=Yns- - YrJeY

" Attention in NLP TAT fpoS&iW)
= 2015: Aligned machine translation

* 2017: Language modeling with Transformer netwo
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Sequence Modeling

Challenges with RNNs Transformer Networks

" Long range dependencies " Facilitate long range dependencies

" Gradient vanishing and explosion " No gradient vanishing and
explosion

" Large # of training steps

" Fewer training steps
" Recurrence prevents parallel

computation " No recurrence that facilitate
parallel computation
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Attention Mechanism

"= Mimics the retrieval of a\value v; for a query g
based on ajkey ki(in database

= Picture L
l — )
\—;a/% —\-'—9 ok
e
cohionl =torgonlalis
attention(q, k,v) = );; similarity(q, k;) Xv; Y g,

extrodt volue
2 o= 1% 699 +ux A+ Uy
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Attention Mechanism (Neural Architecture)

= Example: machine translation
= Query: s;_, (hidden vector for i — 1t output word)
= Key: h; (hidden vector for j*" input word)
= Value: h; (hidden vector for j** input word)
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Transformer Networ e

|  Softmax |

t
" Vaswani et al., (2017) e S

f[ Add & Norm ]4-\\
Attention is all you need. ==
Forward
__
" Encoder-decoder based on et || EEED
. I Multi-Head
attention (no recurrence) N | || s
s | (Add & Norm Je~
~—| Add &_Norm ] VI
Multi-Head Multi-Head
Attention Attention
1t t
\— J U =
Positional Positional
Encoding Q9 SO~ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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Multihead attention

* Multihead attention: compute multiple attentions per query with different weights

multihead(Q, K,V) = WOconcat(head,, head,, ..., head},)
head; = attention(WiQQ, WEK,W'V)
T
attention(Q,K,V) = softmax (?/T_K) %4
k
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e
Masked Multi-head attention

" Masked multi-head attention: multi-head where some values are masked (i.e.,
probabilities of masked values are nullified to prevent them from being selected).

= When decoding, an output value should only depend on previous outputs (not
future outputs). Hence we mask future outputs.

. Q'K
attention(Q,K,V) = softmax \/d— V
k

T
QK+M>V

Ja

maskedAttention(Q,K,V) = so ftmax(

where M is a mask matrix of 0’s and —o0o’s
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Other layers

! Layer normalization:
= Normalize values in each layer to have 0 mean and 1 variance

= For each hidden unit h; compute h; « %(hi — U

where g is a variable, u = %  hjando = \/%Zf:l(hi — )2

= This reduces “covariate shift” (i.e., gradient dependencies between each layer) and therefore
fewer training iterations are needed

= Positional embedding (embedding to distinguish each position):

PE,osition2i = sin(position/100002/4)
PEyosition2i+1 = COS(pOSition/lOOOOZi/d)
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Comparison

" Attention reduces sequential operations and maximum path length, which
facilitates long range dependencies

Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, & is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention O(n? - d) O(1) O(1)

Recurrent O(n - ) (n) O(n

Convolutional O(k-n-d?) O(1) O(logk(n))

Self-Attention (restricted) O(r-n-d) O(1) O(n/r)
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Results

Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

el BLEU Training Cost (FLOPs)
Mode EN-DE EN-FR EN-DE EN-FR
ByteNet [15] 23.75
Deep-Att + PosUnk [32] 39.2 1.0 - 1020
GNMT + RL [31] 24.6 39.92 2.3-109 1.4-10%°
ConvS2S [8] 25.16  40.46 9.6-10'® 1.5.10%°
MOoE [26] 26.03  40.56 2.0-10° 1.2.10%°
Deep-Att + PosUnk Ensemble [32] 40.4 8.0 - 1020
GNMT + RL Ensemble [31] 26.30 41.16 1.8-10%° 1.1-10%
ConvS2S Ensemble [8] 2636  41.29 7.7-101°  1.2-10%!
Transformer (base model) 27.3 38.1 3.3.1018
Transformer (big) 28.4 41.0 2.3-10%9

W UNIVERSITY OF
CS480/680 Winter 2023 - Lecture 16 - Pascal Poupart PAGE 11 @ WATERLOO



GPT and GPT-2

e Radford et al., (2018) Language models are unsupervised
multitask learners

— Decoder transformer that predicts next word based on previous words
by computing P(x¢|x1.¢—1)

— SOTA in “zero-shot” setting for 7/8 language tasks (where zero-shot
means no task training, only unsupervised language modeling)

Reading Comprehension Translation Summarization i Question Answering
90 {Human 55 |Unsupervised Statistical MT 32 iLead-3
80 : 301 8 1 1 Open Domain QA Systems 1 1
20 1 ~ g |PONet
70 w
DrQA+PGNet - S 261 > 6
5 15 -Denoising + Backtranslate 2 p
— 60 w e 5
“  |pbrQA @ 24 iSeq2seq + Attn 3 "
50 10 {Embed Nearest Neighbor Y 221 -
PGNet Denoising © Random-3
40 S 20 2]
51 <
30 18 most freq Q-type answer
117M 345M 762M  1542M117M 345M 762M  1542M117M 345M 762M  1542M 117M 345M 762M  1542M

# of parameters in LM # of parameters in LM # of parameters in LM # of parameters in LM
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BERT #Bidirectional Encoder Representations from
Transformers)

* Devlin etal., (2019) BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding

— Decoder transformer that predicts a missing word based on
surrounding words by computing P(X¢|X1. t—1.6+1.7)

— Mask missing word with masked multi-head attention
— Improved state of the art on 11 tasks

System MNLI-(m/mm) QQP  QNLI SST-2 CoLA  STS-B MRPC RTE  Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 82.3 93.2 35.0 81.0 86.0 61.7 74.0
BiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 90.4 36.0 73.3 84.9 56.8 71.0
OpenAl GPT 82.1/81.4 70.3 87.4 91.3 454 80.0 82.3 56.0 75.1
BERTgAsE 84.6/83.4 71.2 90.5 93.5 52.1 85.8 88.9 66.4 79.6
BERT L ARGE 86.7/85.9 72.1 92.7 94.9 60.5 86.5 89.3 70.1 82.1
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Limitation

* Transformers scale quadratically with sequence length

 In practice, sequence length often limited to 512 tokens

 How can we process long sequences?
* Hierarchy of transformers (i.e., words—> sentences->documents—>corpus)
* Approximate transformers (i.e., longformer, reformer, performer, etc.)

« Structured State Space Sequence (S4) model

* S4: Very recent approach (Gu, Goel & Re, ICLR 2022)
» Potential to displace transformers
* S4 achieved state of the art on Long Range Arena benchmark

 Scales linearly with sequence length
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