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Roadmap

I. Image modeling

— convolution, convnets, cross-entropy

— LeNet, AlexNet; MNIST / CIFAR / ImageNet

— deeper: VGG, ResNet

— generation: VAEs, GANs; how to measure quality
Il. Language modeling

— tokenization, RNNs, LSTMs
— tasks: language modeling, captioning, translation
— attention before Transformers; BLEU / ROUGE; datasets

lll. Adversarial examples
— adversarial examples and adversarial training



Part I. Image modeling



Why not just a fully-connected network?

Setup: input x € RMWXC e g.224 x 224 x 3 = 150,528 numbers.

Channels: Denoted by C above - R/G/B for images, internal layers of a CNN have
> 3.

Cost of one dense (MLP) layer to 4096 hidden units:

150,528 x 4096 ~ 6.2 x 10® parameters (one layer!)
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Why not just a fully-connected network?

Setup: input x € RMWXC e g.224 x 224 x 3 = 150,528 numbers.

Channels: Denoted by C above - R/G/B for images, internal layers of a CNN have
> 3.

Cost of one dense (MLP) layer to 4096 hidden units:
150,528 x 4096 ~ 6.2 x 10® parameters (one layer!)

Problems:
o Statistical: #params > #images = overfitting.

e Computational: memory and FLOPs per layer are enormous.

But images are not arbitrary vectors: nearby pixels are correlated, and the same visual
pattern can appear anywhere in the frame. We want to exploit this!



Convolutions: useful properties

Idea: use convolutions to generate “useful” features of images:
e Locality: a useful feature (edge, corner, texture) depends on a small
neighborhood = connect each unit only to a k x k patch.

« Translation equivariance: a cat is a cat wherever it sits = share the same weights
at every position.
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Convolutions: useful properties

Idea: use convolutions to generate “useful” features of images:

e Locality: a useful feature (edge, corner, texture) depends on a small
neighborhood = connect each unit only to a k x k patch.

« Translation equivariance: a cat is a cat wherever it sits = share the same weights
at every position.

Mathematical perspective: for a function f: R? — R (interpret as image),
K :[0,1]? — R (interpret as weights/parameters), convolution of f and K is:

(f*K)(x) = /K(z) -f(x — z)dz.

Check translation invariance: T,f(x) := f(x — a), (Tof * K) = T,(f % K).
Convolutional neural networks: implement something analogous to above...



The convolution operation

Image x € R"™*", kernel w € Rk*k:

k—1 k—1

Zij = Z Z Wab Xita,j+b

a=0 h=0



The convolution operation

Imagex € R"™*" kernelw € Rkai . . . . . .
—1 k-1
Zij = Wab Xita,j+b
Stride: Size of “jJump” between consecutive . . .
values of i or j we compute z;; for.

Padding: How much to enlarge edges of

image (w/ 0’s).
Output spatial size with stride s, padding p:
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A convolutional layer

Input h(=1) ¢ RN*nxC filtars W) ¢ REXKXCXF hisses b(Y) € RF, stride s:

7/f - Zzzwgchh(j—i-;)sj—kb c + bge)v h(e) :O'(Z(Z)>

c=1 a=0b=0



A convolutional layer

Input h(=1) ¢ RN*nxC filtars W) ¢ REXKXCXF hisses b(Y) € RF, stride s:

Jf - ZZZ gegacf (sl;—l-;,)sj—i-b,c + b§8)7 h® zo(z(£)>

e Nonlinearity: o(u) = max(u, 0) (ReLU); older nets used tanh / sigmoid.
Pooling / subsampling: shrink resolution (and create invariance to small translations)

Pool _ jnax  hgis s b
iic — si+a,sj+b,c*
hhe (a,b)eEwindow st

e Typical pattern: resolution |, number of channels 1, as depth grows.



What the shared filters learn

Layer 1: oriented edges, color blobs. Layer 2: corners, curves, texture. Deeper layers
compose these into object parts.



From feature maps to a class prediction

Goal: Use CNN for image classification. Backbone: h = fy(x) € RY after flattening /
global pooling the last feature map.

Linear head + softmax over K classes:

Zk
z=Wh+beRK,  poly=k|x) = —c

Zj:l e’



From feature maps to a class prediction

Goal: Use CNN for image classification. Backbone: h = fy(x) € RY after flattening /
global pooling the last feature map.

Linear head + softmax over K classes:

ek

> =167

e z = logits; softmax turns them into a probability vector.
e Prediction y = arg maxy z,; the whole network is trained end-to-end.
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Loss on one example - cross entropy:

L(0;x,y) = —logpg(y | x).
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probability — 0 to the true class.



The cross-entropy loss
Data: D = {(x;,yi)}7_, labelsy; € {1,...,K}.
Loss on one example - cross entropy:

L(0;x,y) = —logpg(y | x).

Equivalent to Maximum likelihood: ming 2 3, £ = maxy log-likelihood of the labels.

Gradient of cross-entropy w.r.t. the logits:

oL
9z, ~ Py =klx) =1y =k}

 Confidently wrong = gradient of magnitude ~ 1: no saturation.
e Loss is convexin z (notin #), and unbounded above: it punishes assigning
probability — 0 to the true class.

Training: SGD / momentum / Adam on mini-batches, gradients by backpropagation.



Evaluation: MNIST

e Handwritten digits, 28 x 28 grayscale, 10
classes.

¢ 60,000 train / 10,000 test.
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Evaluation: CIFAR-10 / CIFAR-100
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e 32 x 32 colorimages labeled from the 80M Tiny Images collection.

e CIFAR-10: 10 classes, 50K train / 10K test. CIFAR-100: 100 classes, 600 images
each.




Evaluation: CIFAR-10 / CIFAR-100
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e 32 x 32 colorimages labeled from the 80M Tiny Images collection.

e CIFAR-10: 10 classes, 50K train / 10K test. CIFAR-100: 100 classes, 600 images
each.

e Progress: &~ 80% accuracy (2010) — 93% (ResNet) — > 99% today.




Evaluation: ImageNet / ILSVRC
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e ~14M images organized by the WordNet noun hierarchy (21K+ synsets).
¢ ILSVRC-2012: 1000 classes, 1.28M train / 50K val / 100K test.
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~14M images organized by the WordNet noun hierarchy (21K+ synsets).
ILSVRC-2012: 1000 classes, 1.28M train / 50K val / 100K test.
Metric: top-1 and top-5 error (credit if the true label is among the top 5).

Note: fine-grained classes (120 dog breeds!).



LeNet-5 [Lecunetal, 1998)

C3: f. maps 16@10x10

INPUT gé):ggitzlge maps S4: f. maps 16@5x5
32x32 S2: f. maps C5: layer . OUTPUT
6@14x14 120 FS:layer Q4

Full connection Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

e 32 x 32 input — {convw/s > 1}x2 — fully connected — 10 outputs.
e =~ 60K parameters; trained on MNIST with backpropagation.

o Test error 0.95% (LeNet-5), versus ~ 8% for a linear classifier.



LeNet-5 [Lecunetal, 1998)

C3: f. maps 16@10x10
INPUT C1: feature maps S4: . maps 16@5x5

6@28x28
32x32 S2: f. maps C5: layer
: F6:layer OUTPUT
Ir 120 a0 Yo

T

Full connection Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

e 32 x 32 input — {convw/s > 1}x2 — fully connected — 10 outputs.
e =~ 60K parameters; trained on MNIST with backpropagation.

o Test error 0.95% (LeNet-5), versus ~ 8% for a linear classifier.

Fast-forward 14 years (more compute & data!)...



AlexNet [Krizhevsky et al., 2012]
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e 5 convolutional + 3 fully-connected layers, ~ 60M parameters, 1000-way
softmax.

e ILSVRC-2012 top-5 error 15.3% vs. 26.2% for the runner-up.



AlexNet [Krizhevsky et al., 2012]

2048 2038 \dense

dense dense|

1000

128 Max Sl
Max 128 Max pooling * 2048
pooling pooling

e 5 convolutional + 3 fully-connected layers, ~ 60M parameters, 1000-way
softmax.

e ILSVRC-2012 top-5 error 15.3% vs. 26.2% for the runner-up.

Some aspects: ReLU nonlinearities (fast to train), split network onto two(!) GPUs,
dropout (regularization technique), data augmentation.



AlexNet: qualitative results

black widow
cockroach
tick fire bumper car snow leopard
starfi golfcart Egyptia
. y

mushroom cher adagascar cat

converti agaric| __ dalmatiah Squirrel monkey
grille mushroom grape spider monkey

pickup jelly fungus elderberry
beach wagon gill fungus [ffordshire bullterrier
fire engine || dead-man's-fingers currant howler monkey | | &

Left: top-5 predictions. Right: in each row, left-most column shows test image; remaining
show nearest neighbors in last-hidden-layer feature space.



Classification error

Progress on ILSVRC over time
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Progress buys accuracy with computation (“scaling laws")

b)
Image Classification: ImageNet
100%-

Error = 10-0:63 - 0.08 log:o{NetworkOperations)
R?2=0.71

32%-

10%-

Error (TOP 1)

3%-

1%- . . \ 0
1x 10x 100x 1000x 10000x

Network Operations (vs. AlexNet)
ImageNet top-1 error against network operations (relative to AlexNet), across published
models. Error falls roughly polynomially in compute — each increment costs more than the
last.



Deeper netWOI'kS: VGG [Simonyan & Zisserman, 2014]
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Deeper netWOI'kS: VGG [Simonyan & Zisserman, 2014]

llwr;ighl l l?;elghl BE wueighl ' 16w‘eighl l ]6w:igh| i 19wheigh| Rough idea: use only 3 x 3 convolutions
layers layers layers layers layers layers . .
Trput 221 % 2T RGB i) (stride 1) and 2 x 2 max-pooling; go deep
conv3-64 I conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 .
LRN conv3-64 c<1mv3—64 conv3-64 | conv3-64 (1 1-19 welg ht Iaye I’S).
maxpool

conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128

3-128 3-128 3-128 3-128

om B L e e Why stacks of 3 x 3? Two stacked 3 x 3 layers

Conv3-256 | conv3-256 | conv3-236 | conv3-256 | comv3-256 | conv3-236 . .
com3236 | com3.236 | com3236 | com3 236 | com3.236 | com3256 see a b x b window and three see 7 x 7, with
convl-256 | conv3-256 | conv3-256 . .

om32s6 | fewer parameters and more nonlinearities:
maxpool
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conv3-512 [ conv3-512 | conv3-512 [ conv3-512 | conv3-512 | conv3-512
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maxpool
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FC-1000
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VGG: results and cost

o ILSVRC-2014: 7.3% top-5 error.
e Depth helps here: 11 layers — 19 layers steadily reduces error.
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VGG: results and cost

o ILSVRC-2014: 7.3% top-5 error.
e Depth helps here: 11 layers — 19 layers steadily reduces error.
e Size: VGG-16 has = 138M parameters.

e Note: VGG features are good image representation for various other tasks.

Open question after VGG: can we just keep stacking layers?



The degradation problem (He et al, 2015]
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o A 56-layer plain net has higher training error than a 20-layer one.

» Not overfitting (training error is worse), not (only) vanishing gradients — batch
norm was already used.



The degradation problem (He et al, 2015]

20, 20¢
56-layer

20-layer
56-layer

training error (%)
test error (%)

20-layer

0 0-

5 6 0 1

2 3 4 2 3 4
iter. (1e4) iter. (1e4)

o A 56-layer plain net has higher training error than a 20-layer one.

» Not overfitting (training error is worse), not (only) vanishing gradients — batch
norm was already used.

o Optimization difficulty: deeper plain nets struggle to learn to even represent
the identity.



ResNet: residual learning

weight layer
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identity

Instead of fitting desired mapping (call it H(x))
directly, fit the residual F(x) = H(x) — x:

y = F{Wi}) + x.



ResNet: residual learning

weight layer

X
identity

Instead of fitting desired mapping (call it H(x))
directly, fit the residual F(x) = H(x) — x:

y = F{Wi}) + x.

e E.g., indiagram: F(x) = Wy - (W1 - x).
o Identity is now free (F = 0), so extra depth
can never hurt in principle.

e Use a learned projection Wx instead of
identity if dims change.



ResNet: architecture
VGG-19 34-layer plain 34-layer residual Figure: VGG_’I 9 (leﬁ), 34_|ayer plain
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ResNet: architecture

output
size: 224

output
size: 112

output
size: 56

output
size: 28

VGG-19 34-layer plain 34-layer residual
image image image
33 conv, 64
pool, /2
[oowin ] [ acomeniz | [Crewer ]
¥
pool, /2 pool, /2 pooal, /2
[rewss ] Sacon oF e e |
v L2
[eomss ] 33 conv, 64 35 cony, 64
A2
[moms ] 35 conv, 64 Sacom 6l |

v
3x3 conv, 256

L2
3x3 conv, 64

pool, /2

3x3 conv, 64
¥

3x3 conv, 64

33 conv, 64
¥

3x3 conv, 64

Soconv 6t |

33 cony, 128, /2

S 28,2 |
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Figure: VGG-19 (left), 34-layer plain
(middle), 34-layer residual (right).

e Dotted shortcuts = dimensions
change.

e ResNet-152 won ILSVRC-2015 with
3.57% top-5 error.
e Residual connections are now

standard everywhere — including
Transformers.



Image generation
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Classification: model p(y | x) — a low-dimensional output.

Generation: model p(x) itself, and sample new x (very high-dimensional!).
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From classification to generation

Classification: model p(y | x) — a low-dimensional output.

Generation: model p(x) itself, and sample new x (very high-dimensional!).

Latent-variable recipe: pick a simple prior z ~ p(z) = N(0,/) on RY, d < dim(x), and
learn a generative model pg(x | z) parametrized by 6; then

pox) = / polx | 2)p(2) dz.

Difficulty: this integral (and hence the likelihood) is intractable; so hard to, e.g.,
optimize 6 to do MLEL

e VAE: optimize a tractable lower bound on log pg(x).
e GAN: give up on likelihood; match distributions through a two-player game.



Variational autoencoders [kingma & welling, 2013]

Idea: in order to train generative py(x|z), need to find z
corresponding to data x.
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Variational autoencoders [kingma & welling, 2013]

Idea: in order to train generative py(x|z), need to find z
corresponding to data x.
Generative "decoder” model (solid arrows), parameters 0:

ZNN(O’I)v XNPG(X|Z)~

po(x | z) is a neural net: e.g. x ~ N (ug(2), o2(2)1).

Inference "encoder” model (dashed), parameters ¢:

qe(z | x) = N(p¢(x), diag a;(x))

approximates the intractable posterior py(z | x).

Encoder g4, decoder pg — trained jointly.
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The evidence lower bound (ELBO)
Forany q4(z | x),

08 pu(s) = Eaon 108 29555+ KLio(e 19 pole )

L(6, $;x) = ELBO
Since KL > 0: logpgy(x) > L(0, ¢;x), with equality iff g4 = pa(- | x).

Rewriting the bound:

L(0,¢1x) = Eq @ [logpo(x | 2)] — KL(ge(z | x) [ p(2)) -

reconstruction regularizer toward the prior

Maximizing L over (6, ¢) raises a lower bound on the data log-likelihood and
tightens it.



Training a VAE: the reparameterization trick

£(9,¢;X) = E%(z\x)[lOgPG(X ‘ Z)] - KL(Q¢(Z ‘ X) HP(Z)) .

Ve
reconstruction regularizer toward the prior

Problem: computing V4E ;) [(z) ] — distribution we average over depends on ¢.



Training a VAE: the reparameterization trick

£(9,¢;X) = Eq(P(z\x)[lng@(X ‘ Z)] - KL(Q¢(Z ‘ X) HP(Z)) .
recon;:uction regularizer tc;v,vard the prior

Problem: computing V4E ;) [(z) ] — distribution we average over depends on ¢.
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Training a VAE: the reparameterization trick

£(9,¢;X) = Eq(P(z\x)[lng@(X ‘ Z)] - KL(Q¢(Z ‘ X) HP(Z)) .

Ve
reconstruction regularizer toward the prior

Problem: computing V4E ;) [(z) ] — distribution we average over depends on ¢.

Fix: write the sample as a deterministic function of noise,
z = pg(x) +oy(x) O, e~ N(0,/),
so that Eq, [f(z)] = Ec[f(1g + 0 © €)] and gradients pass straight through.

Monte-Carlo objective: sample € and get z as above, and define below loss which we
can differentiate (KL term is closed-form for Gaussians):

d
L =1logpy(x | ps(x) + o(x) @) — 3> (Mi,j +og;—logog; — 1>'
j=1

Train with plain SGD/Adam on (6, ¢).



VAE samples
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Decoder outputs as z sweeps a 2-D latent grid (Frey faces, MNIST). Characteristic failure:

samples are smooth and blurry — recall pg(x | z) was N (ug(z), 02 (2)).



Generative adversarial networks [Goodfellow et al., 2014]
Two players:

e Generator Gy : RY — X turns noise z ~ p; into a (Gy deterministic now, should
be less blurry!).

e Discriminator D, : X — (0, 1) estimates “probability this came from the data”.
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Generative adversarial networks [Goodfellow et al., 2014]
Two players:

e Generator Gy : RY — X turns noise z ~ p; into a (Gy deterministic now, should
be less blurry!).

e Discriminator D, : X — (0, 1) estimates “probability this came from the data”.
Minimax objective:

mGin max V(D,G) = Exwpy,, [logD(x)] 4+ E,up,[log (1 — D(G(2)))].

o D wants to separate real from fake; G wants to make them indistinguishable.

In practice: alternate k gradient steps on D with one on G.



Why the minimax game matches distributions
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Why the minimax game matches distributions

Minimax objective:
InGin max V(D,G) = Exwpy,, [logD(x)] 4+ E,vp,[log (1 — D(G(2)))].
Step 1 - optimal discriminator for fixed G (with pg = distribution of G(z)):

* . Pdata (X)
D60 = )+ pal)’

Step 2 — substitute back:

max V(D,G) = 2 (KL(Pgata || (Pg + patata) /2) + KL(pg || (Pg + paata) /2)) — log4.

Step 3: KL > 0 with equality iff pg = pgata, SO the global optimum is pg = pdata-



GAN samples: 2014

MNIST, Toronto Face Database, CIFAR-10. Rightmost column: nearest training example, to
show the model is not memorizing.



DCGAN [Radford et al., 2015]

Stride 2|

Idea: improve performance of GANSs, with a bunch of empirical “tricks”:

¢ Replace pooling with strided convolutions (has same effect on image size).

e Batch normalization, ReLU in G (tanh output), LeakyReLU in D; no
fully-connected layers.



DCGAN samples (LSUN bedrooms)




Scaling GANs up: 1024 x 1024 faces

Progressive growing [Karras et al., 2018]

StyleGAN [Karras et al., 2019]
Bunch of empirical tricks to deal with instabilities during training (min-max
optimization is hard!)

o Large batches, wide layers, and a truncation trick at sampling time: truncate
latent z to bounded domain.



Class-conditional GANs at ImageNet scale

o Conditioning on a class label y: G(z,y), D(x,y).



Class-conditional GANs at ImageNet scale

o Conditioning on a class label y: G(z,y), D(x,y).

e By 2018-2019 GAN samples at 512 x 512 were routinely hard to distinguish
from photographs — but training remained unstable and mode coverage hard
to verify.



How do we measure image quality?

The problem: no likelihood for GANs, and likelihood is a poor proxy for perceptual
quality anyway. We want a number that rewards fidelity and diversity.

" Architecture we did not cover.



How do we measure image quality?

The problem: no likelihood for GANs, and likelihood is a poor proxy for perceptual
quality anyway. We want a number that rewards fidelity and diversity.

Inception Score (IS). Push samples through a pretrained Inception’ classifier:

18(6) = exp (Bup, KL(ply | %) | (1)) ).

e p(y | x) peaked (recognizable object) and p(y) = E,p(y | x) near-uniform
(diverse) = high.

e Higher is better. Ignores the real data entirely — only the classifier's opinion
counts.

" Architecture we did not cover.



Fréchet Inception Distance (FID)

Embed real and generated images with an Inception network (pool3, 2048-d) and fit
a Gaussian to each:

FID = [ — gl + Tr(z,+zg—2(zrzg)1/2).

e Fréchet (Wasserstein-2) distance between the two Gaussians. Lower is better; 0
iff the moments match.
o Unlike IS, it compares against real data.



Fréchet Inception Distance (FID)

Embed real and generated images with an Inception network (pool3, 2048-d) and fit
a Gaussian to each:

FID = ||u — pgll2 + Tr<zr+zg—2(z,zg)”2).

e Fréchet (Wasserstein-2) distance between the two Gaussians. Lower is better; 0
iff the moments match.
o Unlike IS, it compares against real data.

BPEERE E:E:‘E:‘Eﬁt‘ BPREm
ER A g

FID rises monotonically as noise, blur, occlusion, or swirl are applied.



Part Ill. Language modeling



How to turn text into a vector

Two things must be decided before any architecture:

 Tokenization: what are the atomic symbols? Split the string into a sequence

w1, ..., wr drawn from a finite vocabulary V.
 Representation: each tokenid w; € {1,...,|V|} becomes a vector by table
lookup,

xt = Ew,. € RY Ec RV (learned).



How to turn text into a vector

Two things must be decided before any architecture:

 Tokenization: what are the atomic symbols? Split the string into a sequence

w1, ..., wr drawn from a finite vocabulary V.
 Representation: each tokenid w; € {1,...,|V|} becomes a vector by table
lookup,

xt = Ew,. € RY Ec RV (learned).

Then: a model that maps a variable-length sequence x1.7 to predictions — the job of
an RNN, LSTM, transformer, etc.



Tokenization before Transformers
Word-level (dominant through ~2015):

 Split on whitespace/punctuation, lowercase, map rare words to <unk>.
e Penn Treebank: vocabulary capped at 10K. One Billion Word: 800K types kept.

e Problem: fixed vocabulary = out-of-vocabulary words, huge softmax, no
morphology (run / running unrelated), and names/numbers are unlearnable.
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Tokenization before Transformers
Word-level (dominant through ~2015):
 Split on whitespace/punctuation, lowercase, map rare words to <unk>.
e Penn Treebank: vocabulary capped at 10K. One Billion Word: 800K types kept.

e Problem: fixed vocabulary = out-of-vocabulary words, huge softmax, no
morphology (run / running unrelated), and names/numbers are unlearnable.

Character-level:

e |V| = 100, no OOV - but sequences become 5x longer and long-range
dependencies harder.

Cost of the output layer: predicting the next word costs O(|V|d) per step.



Subword tokenization: byte-pair encoding [sennrich etal. 2016]

Algorithm 1 Learn BPE operations Idea: start from characters; repeatedly
smport e, collections merge the most frequent adjacent

def get_stats(vocab) : . ft
£ e ranneater ine) symbol pair; stop after M merges.
for word, freg in vocab.items():
symbols = word.split ()
for i in range (len(symbols)-1):
pairs[symbols[i],symbols[i+1]] += freq
return pairs

def merge_vocab(pair, v_in):
v_out = {}
bigram = re.escape(' '.join(pair))
p = re.compile(r'(?<!\S)' + bigram + r'(2!\S)")
for word in v_in:
w_out = p.sub(''.join(pair), word)
v_out [w_out] = v_in[word]
return v_out

vocab = {'l ow </w>' : 5, 'Lower </w' : 2,
'newest </w>:6, 'widest </w>':3}

num_merges = 10
for i in range (num_merges) :

pairs = get_stats(vocab)

best = max(pairs, key=pairs.get)

vocab = merge_vocab(best, vocab)

print (best)




Subword tokenization:

byte-pair encoding [Sennrich et al., 2016]

Algorithm 1 Learn BPE operations

Idea: start from characters; repeatedly

import re, collections

def get_stats (vocab) :
pairs = collections.defaultdict (int)
for word, freq in vocab.items():
symbols = word.split ()
for i in range(len(symbols)-1):
pairs[symbols[i],symbols[i+1]] += freq
return pairs

def merge_vocab(pair, v_in):
v_out = {}
bigram = re.escape(' '.join(pair))
p = re.compile(r'(?<!\S)' + bigram + r'(2!\S)")
for word in v_in:
w_out = p.sub(''.join(pair), word)
v_out [w_out] = v_in[word]
return v_out

vocab = {'l ow </w>' : 5, 'Lower </w' : 2,
'newest </w>:6, 'widest </w>':3}

num_merges = 10
for i in range (num_merges) :

pairs = get_stats(vocab)

best = max(pairs, key=pairs.get)

vocab = merge_vocab(best, vocab)

print (best)

merge the most frequent adjacent
symbol pair; stop after M merges.

e Frequent words end up as single
tokens; rare words are split into
pieces:
lower — low er,

Abendessen — Abend essen.

e Open vocabulary with a fixed table
size (30K-60K).

e Introduced for neural machine

translation; still what Transformers
use today.



Recurrent neural networks (vikolov et al., 2010]

INPUT (t)

CONTEXT (t-1)

CONTEXT (t)

OUTPUT (t

)

A hidden state carries information forward in time:
hy = o(Whh hi—1 + Wip Xt + bp)

Vi = softmax(Why hy + by) .



Recurrent neural networks (vikolov et al., 2010]

INPUT (t) OUTEUT (t) A hidden state carries information forward in time:

) CONTEXT (t)

H he = o(Whphe—1 + W, X + b)) ,

. ye = softmax (Wi, ht + b, ) .

— — o Same weights (Whp,, Wy, W), ) at every step:
™ parameter sharing across time, exactly as
convolution shares across space.

e Handles any sequence length; h; is a fixed-size
SONTEXT (£-1) summary of x1.t.

e hg = 0 (or learned).



Unrolling and backpropagation through time

Unroll the recurrence into a feed-forward graph of depth T with tied weights:

T
X1_>h1_>h2—)~~-—>h7'7 Ezzﬁt(yhyt)'
t=1
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Unrolling and backpropagation through time

Unroll the recurrence into a feed-forward graph of depth T with tied weights:

T
X1_>h1_>h2—)~~-—>h7'7 E:ZEt(Yt7Yt)-

Gradient of the loss at time T w.r.t. an earlier state:

-
a Cr _ acT 1 Ohy Ohy

Ohi—1’ Oh_4

= W, diag(o’(-)).
T = t+1

e A product of T — t Jacobians. Truncated BPTT (backprop over the last k steps) is
used in practice.



Vanishing and exploding gradients

Roughly, HZ:H_l Ohy/Oh_q H ~ ATt where X is the relevant singular value of Wj,:

e )\ < 1: gradient — 0 — the model cannot learn dependencies more than ~10
steps back.

e A\ > 1: gradient blows up — training diverges.
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Partial fix:

« Gradient clipping rescales g < g - min(1, c/||g||); handles explosion, not
vanishing.



Vanishing and exploding gradients
Roughly,

HZ:t_H Ohi/Ohi_1|| ~ AT~ where X is the relevant singular value of Wjy:

e )\ < 1: gradient — 0 — the model cannot learn dependencies more than ~10
steps back.

e A\ > 1: gradient blows up — training diverges.

Partial fix:
« Gradient clipping rescales g < g - min(1, c/||g||); handles explosion, not
vanishing.

More promising fix: change the recurrence so that there is a path along which the
gradient is multiplied by ~1.



LSTM [Hochreiter & Schmidhuber, 1997]

output
4 recurrent

b
block output recurent
’,°

output gate ’,

LSTM block y

output

recurrent
‘ peepholes

input
—————
" ~~

recurrent ’

s"\‘ »
W
(H)

forget gate

input

XN

input recurrent

input recurrent

Left: a plain recurrent unit. Right: an LSTM block — a cell with input, forget, and output gates.

Legend
unweighted connection
weighted connection
connection with time-lag
branching point
mutliplication
sum over all inputs
gate activation function
(always sigmoid)
input activation function
(usually tanh)

output activation function
(usually tanh)




LSTM equations

Idea: Maintain a memory “cell” ¢; over time.
At step t - Input to LSTM layer: x;; Output to LSTM layer: h;
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Idea: Maintain a memory “cell” ¢; over time.
At step t - Input to LSTM layer: x;; Output to LSTM layer: h;
LSTM layer computes several auxiliary variables:

ir = o(Wilht—1, x| + b;) input gate

fr = o(Wilhi—1, x| + by) forget gate
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LSTM equations

Idea: Maintain a memory “cell” ¢; over time.
At step t - Input to LSTM layer: x;; Output to LSTM layer: h;
LSTM layer computes several auxiliary variables:

ir = o(Wilht—1, x| + b;) input gate

fr = o(Wilhi—1, x| + by) forget gate

or = o(Wolht—1,xt] + bo) output gate
gt = tanh(Wg[ht_l,xt] + bg) candidate update

‘ Ct :ft®ct—1 +It®gt ‘ ht = ot®tanh(ct).

Why it fixes vanishing gradients: the cell update ¢;_1 — ¢ is additive, so

aCt
Oci—1

= diag(f;) ~ | when the forget gate is open (i.e., f; = 1)



Task 1: language modeling

Goal: model the distribution over token sequences by the chain rule; for embedding
matrix E, € RY*? and network Fy (e.g., RNN/LSTM),

.
po(wi,...,wr) = HP@(Wr | wie—1), po(wt | wit—1) = softmax(E, - Fp(wis—1)).
=1

Training: exactly cross-entropy again, summed over positions.



Task 1: language modeling

Goal: model the distribution over token sequences by the chain rule; for embedding
matrix E, € RY*? and network Fy (e.g., RNN/LSTM),

;
po(wi,...,wr) = HP@(Wr | Wii—1), po(w: | wii—1) = softmax(E, - Fg(wq:—1)).
=1

Training: exactly cross-entropy again, summed over positions.

Metric — perplexity:

-
1
PPL = exp <_TZ]0gp(Wt ’ Wl:t—l)) — g @average cross-entropy
t=1

Interpretation: effective number of equally likely choices per token. Lower is better.



Task 2: image captioning

— Language | |A group of people
Deep CNN  Generating shopping at an
RNN outdoor market.

i @ There are many
vegetables at the

fruit stand.

Encoder-decoder across modalities [Vinyals et al., 2015]: a CNN produces an image
vector, an LSTM generates the sentence.

N

0" = argmax Y logpe(S | 1), logpy(S | 1) = _logps(St | /. Sos-1).
(5) t=0



Task 2: image captioning

— Language | |A group of people
Deep CNN  Generating shopping at an
RNN outdoor market.

i @ There are many
vegetables at the

fruit stand.

Encoder-decoder across modalities [Vinyals et al., 2015]: a CNN produces an image
vector, an LSTM generates the sentence.

N

0" = argmax Y logpe(S | 1), logpy(S | 1) = _logps(St | /. Sos-1).
(5) t=0

The image is fed in as the first “word”.



Captioning: outputs

A person riding a
motorcycle on a dirt road.

Two dogs play in the grass. A skateboarder does a trick

A dog Is jumping to catch a
fri

Two hockey players are
fighting over the puck:

A herd of elephants walking
across a dry grass field.

A close up of a cat laying
on a couch.

A red motorcycle parked on the
ide of the road. ==

| Descrbeswithouterors  Descrbeswihminoremors  Somewnatrelsted to e image | NMEEAAG



Task 3: machine translation
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Sequence to sequence [Sutskever et al., 2014]: read the source with one LSTM into a fixed
vector ¢ = hr, then generate the target with a second LSTM,

T
P()’Iw-w)/T’ ’X].v"')XT) - HP()’t | C7 )/1:t—1)-
t=1



Task 3: machine translation

<EOS>

T

T
]
!

— x

|l—>II—>II—>ITl—>II—>|

T

A B C <EOS>

T

z
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Sequence to sequence [Sutskever et al., 2014]: read the source with one LSTM into a fixed
vector ¢ = hr, then generate the target with a second LSTM,

T
P()’Iw-w)/T’ ’X].v"')XT) - HP()’t | C7 )/1:t—1)-
t=1

e 4 layers, 1000 units, 384M parameters

e Neat trick: reversing the source sentence gave a large gain.



The encoder-decoder bottleneck

Decoder Everything the decoder knows about the source
must fit in one fixed vector c.

Encoder
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Decoder Everything the decoder knows about the source
A must fit in one fixed vector c.
T """ e Translation quality degrades sharply as

sentences get longer than the training
distribution.

e The information a decoder needs at step t is

usually local to a few source words — but ¢
has already averaged everything together.

X1 X2 Xt

Encoder



The encoder-decoder bottleneck

Decoder Everything the decoder knows about the source
A must fit in one fixed vector c.
T """ e Translation quality degrades sharply as

sentences get longer than the training
distribution.

e The information a decoder needs at step t is

usually local to a few source words — but ¢
has already averaged everything together.

X1 X2 Xt

Idea: let the decoder look back at all source
states, and learn where to look.

Encoder



Attention [Bahdanau et al., 2015]

Encoder: a bidirectional RNN gives one annotation per

=
source word, hj = [h; h}].
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Attention [Bahdanau et al., 2015]

Encoder: a bidirectigr;al(BNN gives one annotation per
hjs hjl.

Decoder: RNN that maintains a state s;. Get information
from encoder using context vector ¢; that attends to

source word, h; = |

each state h;:

ej = vl tanh(WS,‘_1 + Uhj)

i1 exp(eq)’

. C/) B S agh,
if = URME
j=1

si = RNN(sj_1,yi-1,¢i), pWi|y<i,x) = g(yi-1,si,Ci).

The weights ajj form a soft alignment.



What attention learns

Attention weight oy (white = 1) for
English—French.

Cela

va
changer




What attention learns

Attention weight oy (white = 1) for
English—French.

e Mostly monotonic, but correctly
non-monotonic where the
languages reorder (European
Economic Area — zone
économique européenne).

e Learned with no alignment

va
changer

supervision.
e Removes the length degradation:

performance on 50-word
sentences no longer collapses.




Attention variants [Luong et al, 2015]
Scoring functions between decoder state s; and source state h;:
stThj dot
score(st, hj) = < s W,h; general

v. tanh (Wa [st; hj]) concat (Bahdanau-style)
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e Global attention attends over all source positions; local attention restricts to a
learned window.



Attention variants [Luong et al, 2015]

Scoring functions between decoder state s; and source state h;:

-
s¢ h; dot
score(st, hj) = < s W,h; general

v. tanh (Wa [st; hj]) concat (Bahdanau-style)

e Global attention attends over all source positions; local attention restricts to a
learned window.



Attention for images: show, attend and tell xuetal, 2015]
A — W e 20 &

bird flying over a body water

 Annotations h; = feature vectors at spatial locations of a CNN feature map (e.g.
14 x 14).

» Ateach generated word, «;j is a spatial map — the model looks at the object it is
naming.



Attention for images: show, attend and tell xuetal, 2015]

bird flying over a body water

 Annotations h; = feature vectors at spatial locations of a CNN feature map (e.g.
14 x 14).

» Ateach generated word, «;j is a spatial map — the model looks at the object it is
naming.

« Soft attention (differentiable, weighted average) vs. hard attention (sample one
location, train with REINFORCE).



Early datasets: language modeling

e Penn Treebank (WSJ portion): ~1M words, vocabulary truncated to 10K,
standard train/valid/test split. Tiny by modern standards — and heavily overfit by

the community.
o Text8 / enwik8: 100MB of Wikipedia, character-level; measured in bits per
character.
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Early datasets: language modeling

e Penn Treebank (WSJ portion): ~1M words, vocabulary truncated to 10K,
standard train/valid/test split. Tiny by modern standards — and heavily overfit by
the community.

o Text8 / enwik8: 100MB of Wikipedia, character-level; measured in bits per
character.

e One Billion Word Benchmark (2013): 0.8B words of news crawl, 800K vocabulary
— the first LM benchmark where model capacity clearly paid off.

Example (PTB, preprocessed):
pierre <unk> N years old will join the board as a nonexecutive director
nov. N

(numbers mapped to N, rare words to <unk>, all lowercase, no punctuation)



Early datasets: translation

e WMT shared tasks (annual since 2006) define the standard benchmarks.

— WMT'14 En-Fr: ~36M sentence pairs (Europarl, Common Crawl, UN, news
commentary).
— WMT'14 En-De: ~4.5M pairs — small enough that it became the default testbed.

o Test sets are ~3K professionally translated news sentences (newstest2014, ...).
o IWSLT: TED talk subtitles, ~200K pairs, used for fast iteration.



Early datasets: translation

e WMT shared tasks (annual since 2006) define the standard benchmarks.

— WMT'14 En-Fr: ~36M sentence pairs (Europarl, Common Crawl, UN, news
commentary).
— WMT'14 En-De: ~4.5M pairs — small enough that it became the default testbed.

o Test sets are ~3K professionally translated news sentences (newstest2014, ...).
o IWSLT: TED talk subtitles, ~200K pairs, used for fast iteration.

Example pair (Europarl):

en: Resumption of the session
fr: Reprise de la session



Early datasets: vision + language

i sheep dog. . ' e Flickr8k / Flickr30k: 8K / 31K images, 5

5 5 ‘ crowd-sourced captions each.

e MSCOCO [Lin etal, 2014]: 328K images,
2.5M labeled object instances, 91
categories, b captions per image.

(c) Semantic segmentation



Early datasets: vision + language

o Flickr8k / Flickr30k: 8K/ 31K images, 5
crowd-sourced captions each.

e MSCOCO [Lin etal, 2014]: 328K images,
2.5M labeled object instances, 91
categories, b captions per image.

» Non-iconic images (objects in context,
occluded, off-center) — deliberately

(6 semantic egmentation () This work harder than ImageNet-style

single-object photos.

e Supported detection, segmentation, and
captioning with one annotation effort.

Sample captions: "A man riding a wave on top of a surfboard.” / “Two dogs play in the grass.”



Part lll. Adversarial examples
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Adversarial exam ples [Szegedy et al.,, 2013; Goodfellow et al., 2014]

+.007 x

Definition. Given a classifier fy and a correctly classified (x, y), find
X' =x+6, [0 < such that argmgxfg(x’)k £y.
Fast gradient sign method: x' = x + esign(VXE(H,x,y)) — one gradient step.

e € = 8/255 is invisible to a human, and flips most undefended networks.

o Perturbations transfer across architectures and training sets.



Adversarial training as a min-max problem vadry et al, 2017]

Replace empirical risk minimization by a saddle-point problem:
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e Inner max: the attacker finds the worst perturbation inside the threat model.

e Outer min: the learner fits parameters robust to that attacker.
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Adversarial training as a min-max problem vadry et al, 2017]

Replace empirical risk minimization by a saddle-point problem:

m@in E()(7y)~D|: r§1€a§< 5(0, x4+ 4, y) ], S={0:9]lcc <€}

e Inner max: the attacker finds the worst perturbation inside the threat model.

e Outer min: the learner fits parameters robust to that attacker.
Inner problem solved by projected gradient descent (PGD):
X = Iy (xt +a sign(VXE(G,xt,y))), x? = x + uniform noise.

Training: at each SGD step, run k PGD steps to build x + ¢, then take one gradient
step on . Cost: ~ k+1 times normal training.



Does the inner maximization behave?

Loss value

Iterations Iterations Iterations
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Iterations

Cross-entropy loss during 20 PGD runs, each from a uniformly random start in the e-ball

(MNIST / CIFAR-10, standard and adversarially trained models).



Does the inner maximization behave?
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Iterations Iterations Iterations Iterations

Cross-entropy loss during 20 PGD runs, each from a uniformly random start in the e-ball
(MNIST / CIFAR-10, standard and adversarially trained models).

e Values concentrate: many distinct local maxima, but all of similar loss (checked over 10°
restarts).

e Suggests PGD is a good enough “universal” first-order adversary — so a model robust to
PGD is robust to first-order attacks.

e Price: lower clean accuracy, much higher training cost, robustness only inside the
chosen S.



Summary

o Convolution = |ocality + weight sharing. Convnets + cross-entropy + SGD, scaled
up on ImageNet, replaced hand-designed vision pipelines in a single year.

o Depth was the lever (VGG), and residual connections made depth trainable
(ResNet).
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(ResNet).

» Generation: VAEs optimize a variational lower bound (stable, blurry); GANs play
a minimax game (sharp, unstable). Quality is measured indirectly, by IS and FID.

» Robustness: tiny worst-case perturbations break these models; adversarial
training states the defense as a saddle-point problem.
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 Language: tokenization - RNN — LSTM — encoder-decoder — attention.
Evaluated with perplexity, BLEU, ROUGE.



Summary

o Convolution = |ocality + weight sharing. Convnets + cross-entropy + SGD, scaled
up on ImageNet, replaced hand-designed vision pipelines in a single year.

o Depth was the lever (VGG), and residual connections made depth trainable
(ResNet).

» Generation: VAEs optimize a variational lower bound (stable, blurry); GANs play
a minimax game (sharp, unstable). Quality is measured indirectly, by IS and FID.

» Robustness: tiny worst-case perturbations break these models; adversarial
training states the defense as a saddle-point problem.

 Language: tokenization - RNN — LSTM — encoder-decoder — attention.
Evaluated with perplexity, BLEU, ROUGE.

Next: attention was a component. What happens when you make it the whole
model?



