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Thanks to John Canny, lan Goodfellow,
Yoshua Bengio, Aaron Courville, Efstratios
Gavves, Kirill Gavrilyuk, Berkay Kicanaoglu,
and Patrick Putzky and many others for
making their materials publically available.

The present slides are mainly based on slides from John Canny

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning



)
Last time: ConvNets UNIVERSITAT
(] UNIVERSITAT
DARMSTADT
3.1 maps 16@1010
INPUT C1 I;aan;om S4:1. maps 16@5:5
6@14x14
Convolutions Subsamping Convolutions  Subsamping Full connecson
D E L]
6 weight | 19 weight g
! : LT
Al layers layers BRE
¢) R )
W com3-64 | com3-64 -::: L
com3-64 | com3-64 # =
I _- L
[+ Com3-128 | com3-128 HRERR
Vi com3-128 | com 18 o
ooeg
192 oonv3-256 | comv3-256 "-. 1
oom3-256 | comv3-256
com 325 | com 3256 oo &
conv3-256 L .
ZoERn
Qm33T2 | om3313 N
13 13 13 Z 1) comv3-512 | comv3-512 [SIal=l=)
| conv3-512 | conv3-512 =1=]=]
conv3-512 B
=
=1-1-1-]
C comv3-312 [ conv3-512 SlE=)
4096 class conv3-512 | conv3-512 i
units | softmax conv3-512 | conv3-512 -:::
conv3312 _
=
U U maxpool 8
=}
Layer3  Layerd layer5  Layer6 Layer7  Output ;g% =
=
FC-T00 e
soft-max

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Last time: Localization and Detection

Classification + Instance

Classification . .. Object Detection )
Localization Segmentation

CAT CAT CAT, DOG, DUCK CAT, DOG, DUCK
= L %
Y Y
Single Multiple
object objects
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Neural Network structure

Standard Neural Networks are DAGs (Directed Acyclic Graphs). That

means they have a topological ordering.
 The topological ordering is used for activation propagation, and

for gradient back-propagation.

 They process one input instance at a time.

RelLU
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Recurrent Neural Networks (RNNs)

Recurrent networks introduce cycles and a notion of time.

One-step delay

* They are designed to process sequences of data x4, ..., x,, and
can produce sequences of outputs y4, ..., Vi,
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Unrolling RNNs

RNNs can be unrolled across multiple time steps.
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One-step delay X1

This produces a DAG which
supports backpropagation.

X2
But its size depends on the

input sequence length.

.
=
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Unrolling RNNs

Usually drawn as:

y
—
;: V1

0
X0
hy
X1 .—>
hy
Y2
X2
h,

—

-
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Abstraction

RNN structure

Often layers are stacked vertically (deep RNNs):

Higher
level
features

Same parameters
at this level

H

Same parameters
at this level
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RNN structure

Backprop still works:

_ Activations
Abstraction

- Higher
level
features
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RNN structure

Backprop still works:
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Abstraction
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RNN structure

Backprop still works:

_ Activations
Abstraction

- Higher
level
features

v T 1o

Time
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RNN structure

Backprop still works:

_ Activations
Abstraction

- Higher
level

features
X0 Txl sz

Time
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RNN structure

Backprop still works:

Abstraction

- Higher
level
features

Tx,

Time
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Activations
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RNN structure

Backprop still works:

T Y10
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RNN structure

Backprop still works:

T Y10
hyg
—>
X00
Abstraction Yoo
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level
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Activations
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RNN structure

Backprop still works:

T Y10
hyg
—>
X00
Abstraction Yoo
- Higher hoo
—>
level
features
B2
Time
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Gradients
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RNN structure

Backprop still works:
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RNN structure

Backprop still works:

Abstraction

- Higher
level
features

Tx,
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Gradients
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RNN structure

Backprop still works:

Abstraction Gradients

- Higher
level

features
X0 Txl sz

Time
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RNN structure

Backprop still works:

Abstraction Gradients

- Higher
level
features

E CR P

Time
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RNN structure
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RNN structure

Backprop still works:

Abstraction Gradients

- Higher
level
features
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Recurrent Networks offer a lot of flexibility:

one to one one to many many to one many to many many to many
‘ ) ) A \ A ‘ ‘ ‘ L} L} L}
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\ Vanilla Neural Networks
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Recurrent Networks offer a lot of flexibility:

one to one one to many many to one many to many many to many
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\ e.g. Image Captioning

image -> sequence of words
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Recurrent Networks offer a lot of flexibility:

one to one one to many many to one many to many many to many
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\ e.g. Sentiment Classification
sequence of words -> sentiment

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Recurrent Networks offer a lot of flexibility:

one to one one to many many to one many to many many to many
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\ e.g. Machine Translation
seqg of words -> seq of words
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Recurrent Networks offer a lot of flexibility:

one to one one to many many to one many to many many to many
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e.g. Video classification on frame level
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Sequential Processing of fixed inputs

Multiple Object Recognition with
Visual Attention, Ba et al.
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Sequential Processing of fixed inputs ¢l
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DRAW: A Recurrent
Neural Network For
Image Generation, Gregor
et al.
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Recurrent Neural Network
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Recurrent Neural Network

usually want to
predict a vector at
some time steps
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Recurrent Neural Network

We can process a sequence of vectors x by applying a
recurrence formula at every time step:

hi

new state

fw

(U

)

old state

some function
with parameters W

input vector at
some time step
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Recurrent Neural Network

We can process a sequence of vectors x by applying a
recurrence formula at every time step:

hy = fW(ht—h fﬁt)

Notice: the same function and the same set of
parameters are used at every time step.
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(Vanilla) Recurrent Neural Network ¢ 5

&

The state consists of a single “hidden” vector h:

Y ht . fW(ht—la xt)

i

hy = tanh(Wyphe_y + W)
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Character-level language model example

Vocabulary:
[hlelllo]

Example training y

sequence:
“hello”
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Character-level language model example

Vocabulary:
[hlelllo]

Example training
sequence:
“hello”

1 0 0 0

: 0 1 0 0
|

input layer 0 0 1 1

0 0 0 0

input chars: “h” “e" T P
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Character-level language model example

Vocabulary:
[hlelllo]

hy = tanh(Whphi—1 + Wopay)

Example training

sequence:
“hello”
0.3 1.0 0.1 |w hn!-0.3
hidden layer | -0.1 »> 0.3 » 05— 09
0.9 0.1 -0.3 0.7
A A
T ‘W_xh
1 0 0 0
: 0 1 0 0
I

input layer 0 0 1 1
0 0 0 0
input chars: “h" e 1y ol
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Character-level language model example

Vocabulary: target chars:
[hl el IIO]
output layer
Example training
sequence:
“hello”
hidden layer
input layer
input chars:

ue"

1.0
2.2
-3.0
4.1

A

0.3
-0.1
0.9

uI"

0.5
0.3
-1.0
1.2

4

1.0

OO -

uh"

Y

0.3
0.1

OO - 0O

0]
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o ‘0"
0.1 0.2
0.5 -1.5
1.9 -0.1
-1.1 2.2
‘
T W_hy
0.1 |w nnl-0-3
» 05— 09
-0.3 0.7
T TW_xh
0 0
0 0
1 1
0 0

“l”
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min-char-rnn.py gist: 112 lines of Python
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Laes, append(ix)

12

retsrn

8 peR, 0
mah, mhh, sty = np. teros like(wih), ng.zeres Like(whh), np.2eros like(why)
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(https://gist.github.com/karpathy

/d4dee566867f8291f086)
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min-char-rnn.py gist Data I/0O

nun

Minimal character-level Vanilla RNN model. Written by Andrej Karpathy (@karpathy)

BSD License

import numpy as np

# data 1/0

data = open('input.txt', 'r').read() # should be simple plain text file
chars = list(set(data))

data_size, vocab_size = len(data), len(chars)

print 'data has %d characters, %d unique.' % (data_size, vocab_size)
char_to_ix = { ch:i for i,ch in enumerate(chars) }

ix_to_char = { i:ch for i,ch in enumerate(chars) }
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min-char-rnn.py gist

il (hacner-Seved Viedlie M aodel WLTen By Anre) sarsetdy (Pacsetty)
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1t # hyperparameters

hidden_size = 100 # size of hidden layer of neurons
seq_length = 25 # number of steps to unroll the RNN for
learning_rate = le-1

# model parameters

wxh = np.random.randn(hidden_size, vocab_size)*0.01 # input to hidden
Whh = np.random.randn(hidden_size, hidden_size)*0.81 # hidden to hidden
why = np.random.randn(vocab_size, hidden_size)*©.01 # hidden to output

Libe(wh), %, 200 _Lian{wh), % 2eros Likewy)
), % 2eee_Like(ty)

bh = np.zeros((hidden_size, 1)) # hidden bias
by = np.zeros((vocab_size, 1)) # output bias

target chars: ‘e" I I ‘0"
1.0 0.5 0.1 0.2
2.2 0.3 0.5 1.5
outputieyer S8 10 19 0.1
4.1 12 141 22
R .
recall: . 03[ [10] |01y pnl03
‘ hidden layer |-0.1 03 > 05— 09
0.9 0.1 0.3 0.7
4. 1-:—.:: for e m;r: D“:t h.ralh'.!l T T I Tw_xh
1 0 0 0
: 0 1 0 0
input layer 0 0 1 1
0 0 0 0

input chars: “h"

=
m’
—
:
—=
=
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Main loop

»P=8, 0
mWxh, mwhh, mWhy = np.zeros_like(Wxh), np.zeros_like(whh), np.zeros_like(Why)
mbh, mby = np.zeros_like(bh), np.zeros_like(by) # memory variables for Adagrad
smooth_loss = -np.log(1.8/vocab_size)*seq_length # loss at iteration 8
while True:
4 prepare 1nputs (we're sweeping from left to right in steps seq_length long)
if psseq_length+1 >= len(data) or n == @:
hprev = np.zeros((hidden_size, 1)) # reset RNN memory
p=0#go from start of data
inputs = [char_to_ix[ch] for ch in data[p:p+seq_length]]
targets = [char_to_ix[ch] for ch in data[p+1:p+seq_length+1]]

# sample from the model now and then

if n % 100 == 6:
sample_ix = sample(hprev, inputs[e], 268)
txt = '".join(ix_to_char[ix] for ix in sample_ix)
print '----\n %s \n----' % (txt, )

# forward seq_length characters through the net and fetch gradient

loss, dwxh, dwhh, dwhy, dbh, dby, hprev = lossFun({inputs, targets, hprev)
smooth_loss = smooth_loss * 0.999 + loss * 0.661

if n % 100 == 6: print ‘iter %d, loss: %f' % (n, smooth_loss) # print progress

¢ perform parameter update with Adagrad
for param, dparam, mem in zip([wxh, Whh, why, bh, by],
(dwxh, dwhh, dwhy, dbh, dby],
[mwxh, mwhh, mwhy, mbh, mby]):
men += dparam * dparam
param += -learning rate * dparam / np.sqrt(mem + 1e-8) # adagrad update

p += seq_length # move data pointer
n+=1 & 1teration counter
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np=9 0
mwxh, nwhh, sWhy = np.zeros_like(Wxh), np.zeros_like(whh), np.zeros_like(why)
mbh, mby = np.zeros_like(bh), np.zeros_like(by) # memory variables for Adagrad
smooth_loss = -np.log(1.8/vocab_size)'seq_length = loss at iteration @
phile True:
# prepare inputs (we're sweeping from left to right in steps seq length long)
if p+seq_length+1 >= len(data) or n == 8:

hprev = np.zeros((hidden_size, 1)) # reset RNN memory

p =902 go from start of data
inputs = [char_to_ix[ch] for ch in data[p:p+seq_length]]

targets = [char_to_ix[ch] for ch in data[p+1:p+seq_length+1]]
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# sample from the model now and then

if n% 100 ==
sample_ix = sample(hprev, inputs[e], 260)
txt = ''.join(ix_to_char[ix] for ix in sample_ix)
print '----\n %s \n----' % (txt, )

# forward seq_length characters through the net and fetch gradient

loss, dwxh, dwhh, dwhy, dbh, dby, hprev = lossFun(inputs, targets, hprev)
smooth_loss = smooth_loss * 6.999 + loss * 0.001

if n % 100 == 0: print 'iter %d, loss: %f' % (n, smooth_loss) # print progress

# perform parameter update with Adagrad
for param, dparam, mem in zip([wxh, Whh, why, bh, by],
[dwxh, dwhh, dwhy, dbh, dby],
[mixh, swhh, mWhy, mbh, mby]):
mem += dparam * dparam
param += -learning_rate * dparam / np.sqrt(mem + 1e-8) # adagrad update

p += seq_length = move data pointer
n+= 1 # iteration counter
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np=
mwxh, mwhh, mwhy = np.zeros_like(wxh), np.zeros_like(whh), np.zeros_like(why)
mbh, mby = np.zeros_like(bh), np.zeros_like(by) # memory variables for Adagrad
smooth_loss = -np.log(1.8/vocab_size)'seq_length # loss at iteration B
while True:
# prepare 1nputs (we're sweeping from left to right in steps seq length long)
if p+seq_length+1 >= len(data) or n ==
hprev = np.zeros((hidden_size,1)) # reset RNN memory
p =90 #go from start of data
inputs = [char_to_ix[ch] for ch in data[p:p+seq_length]]
targets = [char_to_ix[ch] for ch in data[p+1:p+seq_length+1]]

# sample from the model now and then
if n % 100 == 6:
sample_ix = sample(hprev, inputs[e], 269)
txt = '".join(ix_to_char[ix] for ix in sample_ix)

print '----\n %5 \n----' % (txt, )
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# forward seq_length characters through the net and fetch gradient

loss, dwxh, dwhh, dwhy, dbh, dby, hprev = lossFun(inputs, targets, hprev)
snooth_loss = smooth_loss * ©.999 + loss * 6.861

if n % 100 == 6: print 'iter %d, loss: %f' % (n, smooth_loss) # print progress

# perform parameter update with Adagrad
for param, dparam, mem in zip([wxh, whh, why, bh, by],
(dwxh, dwhh, dwhy, dbh, dby],

[maxh, swhh, mwhy, mbh, mby]):
mem += dparam * dparam

param += -learning_rate * dparam / np.sqrt(mem + 1e-8) & adagrad update

p += seq_length # move data pointer
N += 1 # 1reration counter
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n,p=86,0
mwxh, mwhh, mwhy = np.zeros_like(Wxh), np.zeros_like(whh), np.zeros_like(why)
mbh, mby = np.zeros_like(bh), np.zeros_like(by) # memory variables for Adagrad
smooth_loss = -np.log(1.8/vocab_size)*seq length = loss at iteration ©
while True:
# prepare inputs (we're sweeping from left to right in steps seq_length long)
if p+seq_length+1 >= len(data) or n == 6:
hprev = np.zeros((hidden_size,1)) = reset RNN memory
p=0=%go from start of data
inputs = [char_to_ix[ch] for ch in data[p:p+seq_length]]
targets = [char_to_ix[ch] for ch in data[p+1:p+seq_length+1]]

£ sanple from the model now and then

if n % 100 = 8:
sample_ix = sample(hprev, inputs[@], 266)
txt = ''.join(ix_to_char[ix] for ix in sample_ix)
print '----\n %5 \n----' % (txt, )
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n forward seq_length characters through the net and fetch gradient

loss, dwxh, dwhh, dwhy, dbh, dby, hprev = lossFun(inputs, targets, hprev)
smooth_loss = smooth_loss * ©.999 + loss * 0.6861

if n % 160 == 8: print 'iter %d, loss: %f' % (n, smooth_loss) # print progress

# perform parameter update with Adagrad
for param, dparam, mem in zip([wWxh, whh, why, bh, by],
[dwxh, dwhh, dwhy, dbh, dby],
[mwxh, mwhh, mwhy, mbh, mby]):
men += dparam * dparam
param += -learning_rate * dparam / np.sqrt(mem + 1e-8) & adagrad update

p += seq_length = move data pointer
n+= 1 # iteration counter
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n,p=89,80
mwxh, mwhh, mwhy = np.zeros_like(Wxh), np.zeros_like(whh), np.zeros_like(why)

mbh, mby = np.zeros_like(bh), np.zeros_like(by) # memory variables for Adagrad

smooth_loss = -np.log(1.8/vocab_size)*'seq_length =

at 1iteration B
while True:

# prepare inputs (we're sweeping from left to right in steps seg_length long)
if p+seq_length+1 >= len(data) or n ==

hprev = np.zeros((hidden_size,1)) * reset RNN memory
p=06#go from start of data
inputs = [char_to_ix[ch] for ch in data[p:p+seq_length]]
targets = [char_to_ix[ch] for ch in data[p+1:p+seq_length+1]]

-

# sample from the model now and then

if n % 160 == B

sample_ix = sample(hprev, inputs[e], 208)

txt = ''.join(ix_to_char[ix] for ix in sample_ix)
print '----\n %5 \n----' % (txt, )

# forward seq_length characters through the net and fetch gradient

loss, dwWxh, dwhh, dwhy, dbh, dby, hprev = lossFun({inputs, targets, hprev)
smooth_loss = smooth_loss * 9,999 + loss * 9.081

if n % 100 == 0: print 'iter %d, loss: %f' % (n, smooth_loss) # print progress

# perform parameter update with Adagrad
for param, dparam, mem in zip([Wxh, whh, why, bh, by],
[dwxh, dwhh, dwhy, dbh, dby],

(mwxh, mwhh, mwhy, mbh, mby]):
mem += dparam * dparam

param += -learning_rate * dparam / np.sqrt(mem + 1e-8) # adagrad update

p += seq_length # move data pointer
n += 1 # iteration counter


https://gist.github.com/karpathy/d4dee566867f8291f086

min-char-rnn.py gist

winimel theracrer-Jevel viedlle e aodel wittes By Astre) saesethy (fharsatiy)
= Liteme

——— 1 TECHNISCHE
o ot LOSS funCtlon UNIVERSITAT

DARMSTADT

S - forward pass (compute loss)
T e - backward pass (compute param gradient)

- def lossFun(inputs, targets, hprev):

.
MR T 0. Tw0R, ranan(RLd0m K06, Rigden side)'y ¢ L]
Wy 5 . tidn, rante{wicab Site, AiSden 1210} 21 ¢

B * 19 Jeroe| (Redden_sian, 1))

»

- 9 e ez, 31 : inputs, targets are both list of integers.
i hprev 1s Hx1 array of initial hidden state

b s Mt U e, _ returns the loss, gradients on model parameters, and last hidden state

s, Gradimts or sodel parmters, e Lot Sidten stete

LLL]
ampei0000

men xs, hs, ys, ps = {h (1 L )
o 1 in rmp o) , | ns[-1] = np.copy(hprev)

:._ J:‘:n‘m - W{E]) + oy 0e0mn, M{T1]) + W)+ loss = 8

i) ¢ mmtivy, b iy ]

mit) 2w esinic)) v s i) il 2 Torward DGSS

Iens o= g Soglmelt] wrpeesit] o))

Goh, 4, By = s e L3, 9,20 Lk}, 5o LibeY) for t in xrange(len{inputs)):

o ) xs[t] = np.zeros{(vocab_size,1)) # encode in 1-0f-k representation
xs[t] (4npats[t]] = 1

o - iy w1 T hs{t] = np.tanh(np.dot(mxh, xs[t]) + np.dot(whh, hs[t-1]) + bh) = hidden state

a0y T, 8y) - Bwen 4

eoiphlodto oyl 8 ys{t] = np.dot(why, hs[t]) ¢ by # unnormalized log probabilities for mext chars
..L'E-w-m. } ps[t] = np.exp(ys[t]) / np.sum(np.exp(ys[t])) # probabilities for next chars
1 1 . . 4o, 4, @ 43 loss += -np.log(ps[t][targets[t],8]) # softmax (cross-entropy loss)

WL, R, AR, By, B8, @y, Na[len(iwpets)-1]

P e ! £ backward pass: compute gradients going baCkwards

"‘...:‘““m.”",:"‘." dwxh, dwhh, dwhy = np.zeros_like(wxh), np.zeros_like(whh), np.zeros_like(why)
dbh, dby = np.zeros_like(bh), np.zeros_like(by)

L dhnext = np.zeros_like(hs[8])

N5 . Linh(eg dozfon, «] + . cecvn, B) + M)

i for ¢t in reversed(xrange(len(inputs})):

8= m.emly] / vp.vem(eg.ely))
£ ¢ 19, randoe. chadcel e vaxab_siav), 59, revebl])

o oy = p.copy(ps[])
dy[targets[t]]) -= 1 # backprop into y
owhy += np.dot(dy, hs[t].T)
dby += dy
gh = np.dot(why.T, dy) ¢ dhmext # backprop into h
;-f;:_j::};;;;;f_f::'5;‘;*;-,;;3;":;:;3"_1] dhraw = (1 - hs[e] * hs[t]) * dh = backprop through tanh nonlinearity
gdh 4= dhraw

""’.»“'“ dwxh += np.dot(dhraw, xs[t].T)

oWhh += np.dot(dhraw, hs{t-1].T)
dghnext = np.dot(whh.T, dhraw)
o, o for dparam in [dWxh, dwhh, dwhy, doh, dby]:
U np.clip(dparas, -5, S5, out=dparam) # clip to mitigate exploding gradients
PR ST S S return loss, OWxh, owhh, dwhy, dbh, dby, hs[len{inputs)-1]

¥ o seq.lengeh ¢
a1y

lass, 808, AN, Gy, @A, @y, Mpre = lcous(ipet, Targecs, Wrev)
aooth_Jost + wmonth tow 4
RS = e e
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def lossFun(inputs, targets, hprev):
inputs, targets are both list of integers.
hprev is Hx1 array of initial hidden state

returns the loss, gradients on model parameters, and last hidden state

UL

xs, hs, ys, ps = {}, {} {} {}

hs[-1] = np.copy(hprev)
I loss = ©

for t in xrange(len(inputs)):
xs[t] = np.zeros((vocab_size,1)) = encode i
xs[t][inputs[t]] = 1

hs(t] = np.tanh(np.dot(Wxh, xs[t]) + np.dot(whh, hs[t 1] ¢ bh) # hidd
ys{t] = np.dot(why, hs[t]) ¢ by # unnormalized bilit {
ps(t] = np.exp(ys[t]) / np.sum(np. exp(ys[t]))

loss += -np.log(ps[t][targets[t],0]) # softmax

/
= tanh(Wyphi—1 + Wopzy)
Yt = Whyht

&
|

Softmax classifier
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# backward pass: compute gradients going backwards
—— ' ) dwxh, dwhh, dwhy = np.zeros_like(wWxh), np.zeros_like(whh), np.zeros_like(why)

=gl ‘ dbh, dby = np.zeros_like(bh), np.zeros_like(by)
e et s, i . dhnext = np.zeros_like(hs[0])
w1 ‘ for t in reversed(xrange(len(inputs))):

. dy = np.copy(ps[t])
e T A o oo s kit dy[targets[t]] -= 1 # backprop into y
mmmni0.0.0.0 - dwhy += np.dot(dy, hs[t].T)
- dby += dy

- dh = np.dot(why.T, dy) + dhnext # backprop into h

wit) = wesinit)) / o seeeainil))
Less o= g Soglmelt] (tmrpeesie], o))

dhraw = (1 - hs[t] * hs[t]) * dh # backprop through tanh nonlinearity
e ] ‘ dbh += dhraw

for T 1 veversed{ e e vputs )|

Moo gor 8 dwxh += np.dot(dhraw, xs[t].T)
Zi‘.f'?!':.::-“;;:-"‘.i':., - ' dwhh += np.dot(dhraw, hs[t-1].T)

v i s s, 0, - ) for dparam in [dwxh, dwhh, dwhy, dbh, dby]:

—— np.clip(dparam, -5, 5, out=dparam) # clip to mitigate exploding gradients

return loss, dwWxh, dwhh, dwhy, dbh, dby, hs[len(inputs)-1]
A3 midy - target chars: ‘e” 1 o
A k5 i 10 05 0.1 02
o 22 03 05 15
oulputieyer S 4.0 19 01
i 4 12 A4 22
S TR T ] T T ]w_h,
recall: o |3 18| {81 w03
e b i hidden layer | 0. 03 05 09
v . 09 0.1 03 07
" R R
e —— e B B
r » 5: W7 % (8, weoech Joss) « - o 1 o 0
;x:vuln. aram, tes l;:l[.‘.\ IM Wy, o] 'npm layef o o 1 1
mRIn S08 EbE [EON  [EON
o oo i i 4o g input chars: *h" “e" OF T
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def sample(h, seed_ix, n):

nmun

sample a sequence of integers from the model

: = h is memory state, seed_ix is seed letter for first time step
E}gggjiﬁm"""*w'“" 58 X = np.zeros((vocab_size, 1))

> . x[seed_ix] = 1

= e 70 ixes = []

o S conims 71 for t in xrange(n):

o 72 h = np.tanh(np.dot(Wxh, Xx) + np.dot(whh, h) + bh)

?; 73 y = np.dot(why, h) + by

S 74 p=np.exp(y) / np.sun(np.exp(y))
S e /5 ix = np.random.choice(range(vocab_size), p=p.ravel())
i 76 X = np.zeros((vocab_size, 1))

7 x[ix] = 1

iq §: ixes.append(ix)

-4 79 return ixes

lass, 808, AN, Gy, @A, @y, Mpre = lcous(ipet, Targecs, Wrev)
a0t Jost + wmosth lons T 4994 + Jows * 400


https://gist.github.com/karpathy/d4dee566867f8291f086

TECHNISCHE
UNIVERSITAT
DARMSTADT

-

«p chssa”cleartet"> Procuct: Laser Printers The Gecamentyl evesyday requirement for men0 and color iser prntng theoughibut
MmdalMMVrrnmwlpmhwmnm 'nmhet.unrrumrﬂnmmd/

Epsan ulaser C1500
wnm-enwmmawnmughmw‘uwmmmwuwmmuhmm
lookng a b2, well grey. Bt nat ary more: wih aring
fogemer ata black andwhte price. mare Vibeve to Buy Suwﬂ wmcm mrnmwuumuu
€l The geect prrtr for 37l besnedses 853 work grougs, e Epten Aculaser (3080 wmmnbhcmvutm

moce Videre 19Buy High qualty resoliben: 2400651 AT Large pacer
capscty 620 shees, expandatie o ts 1600 shech Compathle Windows aré Mac mamuﬂmwm 10100 Base Tx
Ethamet interfaces 33 standwrd™ 'tpmwumwwmmwwm 10100 Base Tx Epemet
standardwih Epson Aclaser CI000M model caly. Acwlaser C3007: €48 Uemory, 100 sheet P Tray, $00 sheet cassede, Ouplex
maqnmwmﬂw Wemory, IWMWTny 500 sheet cassede, Duplex prtng. $0/100BaseTX
laser prnter foe Busnessas bave bees dened smple aod
Sord, nwxww igh costs and poor speeds of colbur lssers bas lef many cfces
looking & b2, wek grey. Mnu'qm -mmmwuwcmo £5500 bongs 00 coloer 308 monochrome pser grntng
foganier ot 8 Dlack and whie prce. M'MNMMWIMW!WWMDN-"WIW
‘whetredured. seweh  Search Egsea UK Ean0n Aculaser CS00 Outstandieg professions! Colour prte) for busness
mmbmmmnmbm:ammm&m umumn-unm beng acompact ard
o DK 373 whLe PrOSLICs
rore \'Mulvy Sipon demllmlcm«qm o Pazer capcty 01700 sheecs 1o b med
8008 EAsy 13 0pNIe Wb DOBICd peintey driver Viemary expandadie fom 321D to 102410 Precontueed moses avalsde _>
mr/mm.m.mtwomﬂ"mmmmq The Acaser C1500 & sialable 1 § configutions..
Aculaser C1500S wih 218, 200 Sheet UP Tray, 1071008058 TX Netwerking - Aculaser C1900: web 1208, 200 Sheet I8P Tray, $00
$hent Cassetie, 10100308eTX Networking  Supoont  Epson Acvlase C4100 High performance colow wsers for #l your
busoess protng needs The Epson Aculaser C140 provides [ prisag
sekston R 8928 crucil cobur b your busness, whle
mOnEchrcTe-anl prre, a5 €5 st 2 €35y 12 cperate. S0 W Dhere ROTRRSO8 1 by 1D e, Because perect manccivome
893 Coiur SOts we svalabe mooe. mare Vberels Buy Suspon  E5sin Aculases CASON ProfessonlMgh perfemance
AW cour ser prider Epson AcuLaser (3500 8 $0\i0 fot
Colour 850 om0 Ouiput 02 rasge of madia formats fom C5 w9 o AJW n sie. mzmmmmuamm
prnd qualty by utising a comtingtion of Epsons exchaive Aadaser Colr Laser Technoogies. mare Vibere 1o Buy Swppent -
Acutaser CI56095. win Acode® PostScriord 3™, 9518, 200 Sheet MP Tray, $00 Sheet Cassette, 101008aseTX | -
Aculassr CIS000: win Dupiex unk (ho 3004 printing) 5B, 200 Sheet UP Tray, 500 Sheet Cassetie. 11003 aseTX Neoring -
Aculaser CHE00 WFr wih 1213, 200 Sheet UP Tray, S00 Sheet Cassatie, VVireiess Networtng facity  Add coiour 1o your Susmess
wih e Epsen Aculaser (900 from Eps0n. b perfect for the smaler werkgroup, beng 3 compact ans cost effective luser,
mmm&mu‘qwmnmlum S-wed hsonla.!..evaooo Migh perbrmance cobur laser The
Eps0n Acaser €300 mee Vimere 1 Buy
W‘MC’!MHQW&JWWW WMMMMWNQMWM«MQ’I‘-
aser (4108

your colbour ard more printing needs. Suzport mnww'mummmnwm The Epsan
EPLE200 and EPLS200L are the Geal pretng sobtans for ey oehver
prafessonyl partrmance quickly, easly, reladly

A 880 contefactively, and &8 perfact fir usins who 2aed Bigh Ievels of lasar qualty
and productivty at alow investment more \ihesetaBuy Sepport  ERLE200 Migh performance Ad moro liser professional
prdrs The Epsan E2L5200 and EPLE200L

for
They detver prossonl serrmasce ucky, exsly,reiably 40 cosr-Sectuel, 953 o perect o uSers ho raed Bgh e of

laser Gualty 854 roduetivty 81w evesimest mmmmmmmnymw'\cmh ¥ou €48 tw beng X
the pawer of Ngh qualty Dy oh o8l o low speeds naly

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




TECHNISCHE
UNIVERSITAT
DARMSTADT

Sonnet 116 - Let me not ...

by William Shakespeare

Let me not to the marriage of true minds
Admit impediments. Love is not love
Which alters when it alteration finds,
Or bends with the remover to remove:
O no! it is an ever-fixed mark
That looks on tempests and is never shaken;
It is the star to every wandering bark,
Whose worth's unknown, although his height be taken.
Love's not Time's fool, though rosy lips and cheeks
Within his bending sickle's compass come:
Love alters not with his brief hours and weeks,
But bears it out even to the edge of doom.
If this be error and upon me proved,
| never writ, nor no man ever loved.
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coaniogennc Phe lism thond hon at. MeiDimorotion in ther thize."

i train more

Aftair fall unsuch that the hall for Prince Velzonski's that me of
her hearly, and behs to so arwage fiving were to it beloge, pavu say falling misfort
how, and Gogition is so overelical and ofter.

i train more

"Why do what that day," replied Natasha, and wishing to himself the fact the
princess, Princess Mary was easier, fed in had oftened him.
Pierre aking his soul came to the packs and drove up his father-in-law women.
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PANDARUS:
Alas, I think he shall be come approached and the day

When little srain would be attain'd into being never fed,

And who is but a chain and subjects of his death,
I should not sleep.

Second Senator:

They are away this miseries, produced upon my soul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

DUKE VINCENTIO:
Well, your wit is in the care of side and that.

Second Lord:

They would be ruled after this chamber, and

my fair nues begun out of the fact, to be conveyed,
whose noble souls I'll have the heart of the wars.

Clown:
Come, sir, I will make did behold your worship.

VIOLA:
I'll drink it.

VIOLA:

Why, Salisbury must find his flesh and thought

That which I am not aps, not a man and in fire,

To show the reining of the raven and the wars

To grace my hand reproach within, and not a fair are hand,
That Caesar and my goodly father's world;

When I was heaven of presence and our fleets,

We spare with hours, but cut thy council I am great,
Murdered and by thy master's ready there

My power to give thee but so much as hell:

Some service in the noble bondman here,

Would show him to her wine.

KING LEAR:

0, if you were a feeble sight, the courtesy of your law,
Your sight and several breath, will wear the gods

With his heads, and my hands are wonder'd at the deeds,
So drop upon your lordship's head, and your opinion
Shall be against your honour.
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hle.‘ - e £ w0, heuce we can find o closed subset 3 io H and
auy sets F om X, U s a closed immension of S, then U7 — T is o separated algebonic
.
Proof. Proof of (1). It sl start we get

SeSpxiRlmlU xx Uxy UV

and the comparcoly in the Shre prodect covenag we bave 1o goove the fernma
genorated by [] 2 ¢ U = V. Cousdder the mags M slosg the set of polots
Sehpppy and U w5 U I the Shee category of S i U in Secthon, 77 and the fact that

any U affne, we Letrena 77, Henoe we obtaln & schesse S sod any
opess submet W C U ln SMG) sk that Spec{ ) = § & szsooth or an

Ul JUixs 4
which has a posoeo morpliian we may s that [, is of Saile prosertation ower
S, W claim that Oy, is 0 schimoe where 7,2 4" € Ssach that Oy, = O . b
sparatid, &AWMﬂumMawdm‘GLy(ﬂb")
atd we win

To prove stady wo see that Fly bs o covriag of 27, and T, i s objoct of Fy g Sor
i > 0and 7, exists and bt F, be a peesbend of Ox-toodales ot C s 4 Fomsodule.
Io particelae F m U/F wo have 10 sbow that

M® = I* Ggpuatiy Os = 13 F)
b emigee morphinm of algeleaie stacks. Note that

Arvows = (SchfSYT2 . (SA/S) s

and

V = I(§.0) = (I, Speeci A))
oan open aabeet of X, Thes U bs aoe. This b & costinoos s of X s the
s, the grovpok] schetne S,

Prood. See discusion of shoaves of sets. ()

The result foe peove nay opes coverieg follows froes the bes of Exaasple T7. 1t may
replace S by X au which gives an opes subspace of X sad T oqual o Sz,
sw Deosorst, Lonussa 77, Nacsely, by Lesima 77 we s that 5T bs pootsetrionlly

ol e §

Lemma O3, Asme (3] and (3] by the construction m the desorpioon.

Suppose X = lim [X] (by the formal open covering X and o single map Proy (A) =
Spec( ) over U compatible with 8¢ compler
St A) = (X, Ox0,)
When an thes case of to sbhow Bhat Q — Czyx w sable wnder the followmng reat
m the socond conditions of (1), and (3). This fimishes e proof. By Definition T7
(wvthowt clement is when the closed svbschemes are calemary. i T 15 surjective we
may assame that 7' 1o connected with residee Selds of S, Morover there enisds o
closed sdspace Z C X of X where U i X" 15 proper (some defining an o closed
wudaet of the unignences # sffiors Lo chock the foct that the fodioning theorem
(1) J i locally of fimte type. Since S = Spoc{ R) and ¥ = Spec{ ).

Proof This is Sorm il showves of sheswes on X. Bat given a schene U and a
surjoctive étale morpbises U+ X Lot Unl w [, U be the scdume X over

S ot the schemaes X, = X and U = b, X, Q
The following ks surjoctive pestrocotgposes of this lmplies that F, = F, =
Fr_»n

Lemma 0.2, Let X M o locally Noethorsan scheme over S, Em Fy oo Sel I m
Ji CIL. Since I* C I* are momsers ower iy < p i o swbset of T, 50 Ay works
Lommsa O3, /s Stsation 77, Henee wv sy cosme ¢’ = (),

Proof We will use the peoperty we see that p bs the mext functce (T7). Ou the
other hand by Lostisa T7 we sow that

DOy )= Oy
whore K b an Foalgebea whee 4., 5 o schesae over S, (8
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Proof. Omitted, 0

Lemma 0.1, Lef C be a sef of the consbruction.
Let C be @ gerber covering. Let F be a quasi-cohierent sheaves of O-modules, We
here to show that
oo"ox(f)

Proof. This & an algebenle space with the cosuposition of sheaves F o X, we
bave

Ox(F) = {merphy xo, (C¢.F)}
where § defines an somorphisen F —+ F of O-modules. Q
Lemma 0.2. This is an énteger 2 is fmjectivr.
Proof. See Spaces, Lemma 72, -

Lemma 0.3. Let S be a scheme. Let X be @ scheme and X 15 an affine open
covermng, Let U C X be a canonsenl and locally of fimite tgpe. Let X be & scheme,
Let X be g scheme which is opual to the formal comples.

The following to the construction of the lemma follows,
Let X be g scheme. Let X be a scheme covering. Let

X aY aYaYaY xxY X
be o morphism of elgedreic spaces over S and Y,

Proof. Let X be a mossero schetne of X, Let X be an aligebraie space, Let F e s
quasi<coherent sheaf of Ox-modules. The following are oquivalent

(1) F is an algebraic space over S,

(2) I X s an affine open covering.

Consider a common structure on X and X the functor Ox (U') which & locally of
Enite type. Q

This s F § F scul 7 € G the Sagras

§ —

l

£

Speci Koy) Motna ¥Ox, . 6)

beon st Them € b o faste type and swsse 5 e o et snd 7 and G s & Sadie
type fu. This s of fadte type Sagrosm, snd

o the cvmaponition of € i & replar soguenee,
o Oy s ashonl of i

Proof. We b e that X = Spor(R) sd F bs & S type reprssestabie
slgrbesic space. The pooperty F i & Bntte morphises of algrbenic sacks. Then
cobomology of X b as opes urighboaiood of U,

Froof. Thie s chess that C b & Snite peosentation, se Lomsnas 72,

A mduond ahere wr cuaciude that U iy sa open covering of . The bawtor J w8
ekl

nky o

Oy, =N -I(O.“,~0;:0..(Of,_i
s sn soswephises of coverlag of Oy, M F s the usiqoe chorsentt of F ek that X
= essarplisen
The property F o o dinjoiet widon of Propusition T7 asd we can Shvond ot of
poowntatiuen of & schosse O -algrbes with F v opess of Sndte type over 8.
H T & s schotse thecontic snage pokats. C

T b oa Sxite dionct wazs Oy, = o chosed immmorion, ww Losssss 77, Thie 0o
soguence of J i o shniler muorphises.,
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static void do_command(struct seq file *m, void *v)

{
int column = 32 << (cmd[2) & 0x80); Generated
if (state)
emd = (int)(int state ~ (in B8(&ch->ch flags) & Cmd) ? 2 : 1); C COde
else
seq = 1;

for (i = 0; i < 16; i++) {
if (k & (1 << 1))
pipe = (in use & UMXTHREAD UNCCA) +
((count & 0x00000000£f££££££8) & 0x000000£f) << 8;
if (count == 0)
sub(pid, ppc_md.kexec_handle, 0x20000000);
pipe_set bytes(i, 0);
}
rree our user pages pointer to piace camera i1f all 4asin
subsystem info = &of changes[PAGE_SIZE);
rek controls(offset, idx, &soffset);
control check polarity(&context, val, 0);
for (i = 0; i < COUNTER; i++)
seq puts(s, “policy ");
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* Copyright (c) 2006-2010, Intel Nobile Communications. All rights reserved.
* This program is free software; you can redistribute it and/or modify it

¢ under the terms of the GNU General Public License version 2 as published by
¢ the Free Software Foundation.

¢ This program is distributed in the hope that it will be useful,

* but WITHOUT ANY NARRANTY; without even the Implied warranty of

¢  NERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE., See the

* GNU General Public License for more details.

. You should have received a copy of the GNU General Public License

. along with this program; if not, write to the Free Software Foundation,
¢ Inc., 675 Mass Ave, Cambridge, MA 02139, USA.
o/

finclude <linux/kexec.h>

finclude <linux/errmo.h>

finclude <linux/io.h>

finclude <linux/platform device.h>
finclude <linux/multi.b>

finclude <linux/ckevent.h>

finclude <asm/io.h>

finclude <asm/prom.bh>
finclude <asm/e820.h>
finclude <asm/system_info.h>
finclude <asm/setew.h>
finclude <asm/pgproto.h>
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finclude <amm/io.h>

finclude <asm/prom.h>
finclude <asm/e820.h>
finclude <asm/system info.h>
finclude <asm/setew.h>
finclude <asa/pgproto.h>

fdefine REG PG vesa_slot_addr_pack
fdofine PFM_NOCOMP AFSR(O, load)

fdefine STACK DDR(type) (func)

fdefine SWAP ALLOCATE(nr) (e)

fdefine emulate sigs() arch get unaligned child()

fdefine access rw(TST) asm volatile("movd WVlesp, 10, 43" & : "r" (0)); \

if (__type & DO_READ)

static void stat _PC_SEC _ read mostly offsetof(struct seq argsqueue, \
pPe(11):

static void
os_prefix(unsigned long sys)
{
fifdef CONFIOG PREENPT
PUT_PARAM RAID(2, sel) = get_state_state();
set_pid_sum((unsigned long)state, current_state _str(),
(unsigned long)-l->lr full; low;
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Searching for interpretable cells

L e

[Visualizing and Understanding Recurrent Networks, Andrej Karpathy*, Justin Johnson*,
Li Fei-Fei]
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Searching for interpretable cells

guote detection cell
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Searching for interpretable cells

Cell sensitive 10 position in ine:
| | e c Qﬁilll Of the Berezina lies in the fact
1bly roved the fallacy of all the plans for
Jgn‘& ind the soundness of the only possible
J ( and the general mass of the army
, " to follow the enemy up. The French crowd
asing speed and all its energy was directed
Jed like a wounded animal and it was imposs
~ shown not s0 much by the arrangements it
At took place at the bridges. When tit?
ers, people from Moscow and women with ch en
_: t, all--carried on by vis inertiae--
nto the ice-covered water and did meoty

line length tracking cell
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if statement cell
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quote/comment cell
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Searching for interpretable cells & s

sifdef CONFIG_AUDITSYSCALL
static inline int auvudit_match_class_bits(int class, u32 “mask)

(

l:; !1 :l.il! < :uoxr_:x;nas:iiige; £44)
.jilus'l & classes{class][i])

¥

code depth cell

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Image Captioning

“straw” “hat” END

START “straw” “hat”

Explain Images with Multimodal Recurrent Neural Networks, Mao et al.

Deep Visual-Semantic Alignments for Generating Image Descriptions, Karpathy and Fei-Fei
Show and Tell: A Neural Image Caption Generator, Vinyals et al.

Long-term Recurrent Convolutional Networks for Visual Recognition and Description,
Donahue et al.

Learning a Recurrent Visual Representation for Image Caption Generation, Chen and Zitnick
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Image Captioning Recurrent Neural Network
‘straw” “hat” END

START “straw” “hat"

Convolutional Neural Network
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test image

_Image Captioning
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~ conv-64
conv-64
maxpool
conv-128
conv-128

~_maxpool
- conv-256
© conv-256

conv-512
conv-512

~ maxpool

- conv-512

conv-512
maxpool
FC-4096

 FC-4096
 FC-1000
- softmax

test image



conv-64
conv-64
maxpool
conv-128
conv-128

- conv-256
© conv-256

conv-512
conv-512

~ maxpool

- conv-512

conv-512
maxpool

FC-4096

 FC-4096

FC-1000

szax

test image



conv-64
conv-64

maxpool
conv-128
conv-128
maxpool
conv-256
conv-256

conv-512
conv-512
maxpool
- conv-512
conv-512
maxpool

FC-4096
- FC-4096

x0
<START
>

<START>

test image



test image

yO

T before:
h = tanh(Wxh * x + Whh * h)

hO

Wih

now
T h = tanh(Wxh * x + Whh * h + Wih * v)

<START

<START>



yO

hO

T

x0
<START
>

straw

<START>

sample!

test image



yO vyl
ho ¥ hi

x0
<START
>

straw

<START>

test image



conv-512
conv-512

_ maxpool

FC-4096
FC-4096

y0 yl
ho 9| hi

[ 1

x0
<START straw
>

hat

<START>

sample!

test image



ol

ho P

hl

h2

x0
<START
>

straw

hat

<START>

test image



conv-512
conv-512

max_pool

FC-4096
FC-4096

ho P

hl

h2

x0
<START
>

straw

hat

<START>

test image

sample
<END> token
=> finish.



Image Sentence Datasets

a man riding a bike on a dirt path through a forest.
bicyclist raises his fist as he rides on desert dirt trail.

this dirt bike rider is smiling and raising his fist in triumph.
a man riding a bicycle while pumping his fist in the air.

a mountain biker pumps his fist in celebration.
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Microsoft COCO

[Tsung-Yi Lin et al. 2014]
MSCOCO0.0rg

currently:
~120K images
~5 sentences each
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http://mscoco.org
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Preview of fancier architectures

RNN attends spatially to different parts of images while generating each
word of the sentence:

A
'bird
flying
over

d
body
of
water
1. Input 2. Convolutional 3, RNN with attention 4. Word by

Image Feature Extraction over the image word
generationJ

14x14 Feature Map

\

Show Attend and Tell, Xu et al., 2015
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LSTM: Long Short-Term Memory

Vanilla RNN:

-1
h: = tanh W' (’}:It )
-1

heR™ Wt [nx2n]

LSTM:

W' [4n x 2n]

(! sigm

f|_ |sigm e (hi‘l)

0 sigm h
g tanh

¢=f0c¢_1+i0g
h} = 0 ® tanh(c!)
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LSTM: Long Short-Term Memory { { (¢ oupu

-~ <
- o N

cell 1| cen 2 [T /N \ ceII1 cell 2

block | block 4»3 NI | k| iock hidden

.
Ly
. - AN

S

06000000

-

\
/

by

‘_,’_\
(™M
e

If
\

- el

e ——
—
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Long Short Term Memory (LSTM)

[Hochreiter et al., 1997]

vector from

below (x)
X sigmoid |—» | i
>
h sigmoid |—» | f
W 1 sigm
vector from sigmoid |— | o f1 _|sigm 1 hi_l
before (h) =1 . 14 l
0 sigm hi_1
tanh |—» | g g tanh
o | :
4n x 2n 4n 4*n @ =106 11104
h; = 0 ® tanh(ch)
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Long Short Term Memory (LSTM)

[Hochreiter et al., 1997]

cell
state c

4@ >

1 sigm

f1_ |sigm ! (h;tﬂ)

0 sigm ht—l
f g tanh

¢, =|f OG-1[+i0g

hi = 0 ® tanh(c.)
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Long Short Term Memory (LSTM)

[Hochreiter et al., 1997]

cell
state c

0—0¢ »

1 sigm

f1_ |sigm ! (h;tﬂ)

0 sigm ht—l
f i| |g g tanh

¢ =10cq|+i0g

hi =00 tanh(cﬁ)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




575, TECHNISCHE

Long Short Term Memory (LSTM) 0 s

[Hochreiter et al., 1997]

cell
state c

LT

>
C
1 sigm
f1_ |sigm ! (hjtﬂ)
0 sigm hH
g tanh
¢=fOc 1+i0g

hi =00 tanh(cﬁ)
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Long Short Term Memory ($TM)

[Hochreiter et al., 1997]

cell
state c
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higher layer, or prediction

o
|
W, o,
= 0=
= B
/—\
> o>
L
[— —
\__/
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— X QJ X + >
fg Cam>

=
et

h A | hi A
X X

LSTM one timestep 4 one timestep

cell
state c
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——> f ———> f > f —>
— > I
— > > >
—» f —f —

LSTM . . .
(ignoring U U U

forget gates)

vvyyvyyvyy
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Recall: “PlainNets” vs. ResNets

34-layer plain 34-layer residual
3 e ResNet is to PlainNet what LSTM is to RNN, kind of.
| |  Plaint net * Residual net
| x7conv,64,/2 | | ™x7conv,64,/2 |
v v X X
poo; 1 pool, /2 l Y
[ 33conv,64 | | 3x3conv, 64 weight layer weight layer
f f any two
[ B J [ 33com.64 m;-m s relu > F(x) Jrelu identity
2t ACU Iayc<io "
| 33 c;w,sd | [ 3!3c;nv. 64 weight layer weight layer X
| 33conv,64 | | 3x3conv, 64 lre|u
L 4 =
| 33conv,64 | | 33 com, 64 H(X) H(x) ~ F(x) tx
Y
| 33conv,64 | [ 3x3conv, 64
Y e,
[ 33cow, 128,12 | [33comv,128,2 | T,
Y \4 Y
| 33conv, 128 | | 3dcomw128 |
' ........
| 33conv,128 | | 3x3conv,128
Y
| 33conv, 128 | | 3x3conv, 128
L 4
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Understanding gradient flow dynamics

Cute backprop signal video: http://imgur.com/gallery/vaNahKE

5 ) dimensionalit
50 # number of time sty
= np.randos, randn{H,H)

H
T
Wh

-

hs = {
$s = {
hs[-1] = np.random. randn(H)
for t in xramge(T):
ss[t] = np.dot(whh, hs[t-1])
hs(t] = np.maximum(8, ss(t])

[S———

dhs

dss =

dhs[T-1] = np.random.randn(H) #

for t in reversed(xrange(T)):
dssit] = (hsit) > 8) * dhs|t] ¢#
dhsit-1] =

. d pas
{}

np.dot(whh.T, dss[t]) # backps
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Understanding gradient flow dynamics

UNIVERSITAT
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H 2 f\
whh = np. random. randn(H, H) if the largest eigenvalue is > 1, gradient will explode
if the largest eigenvalue is < 1, gradient will vanish
hs = {}
$s = {}

hs[-1] = np.random. randn(H)
for t in xrange(T):

ss[t] = np.dot(whh, hs[t-1])
hs(t] = np.maximum(8, ss(t])
dhs = {}
dss = {)
dhs{T-1] = np.random.randn(H) #
for t in reversed(xrange(T)):
dssit] = (hsit] > @) * dhs|t] # by
dhsit-1] = np.dot(whh.T, dss[t]) # bach

[On the difficulty of training Recurrent Neural Networks, Pascanu et al., 2013]
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Understanding gradient flow dynamics

H 2 ')

whh = np. random. randn(H, H) if the largest eigenvalue is > 1, gradient will explode
if the largest eigenvalue is < 1, gradient will vanish

hs = {)

$s = {}

hs[-1] = np.random. randn(H)

for t in xrange(T):
ss{t] = np.dot(whh, hs[t-1])
hs[t] = np.saximum(8, ss(t])

can control exploding with gradient clipping
can control vanishing with LSTM

dhs = {}

dss = {)

dhs[T-1] = np.random.randn(H) #

for t in reversed{xrange(T)):
dssit] = (hs[t] > 8) * dhs|t] #

dhs{t-1] = np.dot(whh.T, dss[t]) # ¢

[On the difficulty of training Recurrent Neural Networks, Pascanu et al., 2013]
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LSTM variants and friends

ey Ko & [LSTM: A Search Space Odyssey,
\ Greff et al., 2015]

GRU [Learning phrase
representations using rnn encoder-
decoder for statistical machine
translation, Cho et al. 2014]

re = sigm(Wyexs + Wighe—q + be)

u = sigm(Wez + Wihi—1 + b,)

hy = tanh(Wnay + Won(re © hy—y) + by)
hy = 220h-1+(1-2%)C iz,

MUTI:

hf-]

MUT2:

hi+1

MUT3:

hes
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sigm(Wz, + b,)

sigm(Wezy + Wichy +5;)

tanh(Wy,(r © hy) + tanh(zy) + by) © 2
hy ©(1-2)

sigm(Wx, + Wi he +b,)

sigm(x; + Wi hy +5;)

tanh(Wan(r @ he) + Wenze + b)) © 2
hy ©(1-2)

sigm( Wz, + Wi, tanh(hy) + b,)
sigm( Wz + Wichy + b;)
tanh(Win(r @ hy) + Wopze +b,) © 2
hy @ (1-2)
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@i cmsc
What have you learnt? £ Ui

- RNNs allow a lot of flexibility in architecture design
- Vanilla RNNs are simple but don’t work very well

- Common to use LSTM or GRU: their additive interactions improve
gradient flow

- Backward flow of gradients in RNN can explode or vanish. Exploding is

controlled with gradient clipping. Vanishing is controlled with additive
interactions (LSTM)

- Better/simpler architectures are a hot topic of current research
- Better understanding (both theoretical and empirical) is needed.
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