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Countries around the world including US allies and rivals have come togetherin

congratulating Iraq for its recent victory overthe Islamic State militant group
ISISinits formerstronghold
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Assad and his Russian ally President Vladimir Putin vehemently denied the role of the Syrian
government in the attacks and the incident led to a falling out between Washington and Moscow
over Syria
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Conceptual language models for domain-specific retrieval Edgar Meij, Dolf Trieschnigg,
Maarten de Rijke, Wessel Kraaij

is our conceptual language model? What are the results...from the document language model (Hiemstra, 1998):

Score...also be modeled by a language model. In this way, a more general

183 D E

of the English language runs over 1,700...a representation language, - encoding a model in that language, and -

performing...the representation language, encoded a model with the labor of a

RevisedTVCG-Cher.PDF
approach (ViCrowd Model). METHOD PARTICL E FLOCKING...aims at presenting a model to automatically...a

group-based model. In our case, the groups

v B B

1W9G — (5615) ol saw — (,d)zs



(1) 120103 ySnyga

€ ©® 127.0.0.1:5000 130% C QSearch e $ &4 O =

B Most Visitedv @ Getting Started sAccademicv * ;, s olfiuls @ Dashboard | edX WEntertainmentv WEbooksv @ W3Schools Online We... ==Dashboard | Edge @ Microsoft account | Ho...

Image Search Engine Demo

Browse... No file selected.

Submit Query

Query:

Results:

3.1745%e-07 0.541319 0544184

1W9G — (5615) ol saw — (,d)zs




(P) o105 yauuga

I ===,

EMost Visitedv @ Getting Started WAccademicv * ;. ;s ol£a:l> @ Dashboard | edX EEntertainment~ &Ebooksv @ W3Schools Online We... «xDashboard | Edge @ Microsoft account | Ho... -

Image Search Engine Demo

Browse... No file selected

Submit Query

Query:

109 — (55 pob saw — (,8)yz0



Il Cuwygd
N
st Godws O

4wl O

S jlwding O

oz Lacl o 0,651 O
Eymae smas gl O

Baos (S pSolL O

1W9G — (5615) ol saw — (,d)zs






0003 (SalATw
I I ————————
i) 00l 00l0 b 4 Lz o 5l Al acgome SO O

109G — (5315) oL 3au — PSS (SIS — LD



(68 dwold ()5
B

g o 0 gD [« Yoo o3b 4o o olael 5l saw 4w slaas])l Ggo 4 SeaslS o polas O

7 7
¥ } / ! e v/
& (/1 ) \ ,'/ &
NL£ .| O
\
24 35 50 05 66 73 99 26 97 17 78 78 96 03 14 80 34 89 63 72
~. 22 36 23 09 75 00 7€ 49 20 43 335 14 00 €1 33 97 34 31 33 98
i ,‘ ) T8 L7 53 28 22 75 31 67 15 94 03 820 04 €2 26 14 09 53 5S¢ 92
! ' 16 39 05 42 96 35 31 47 55 S8 88 24 00 17 S4 24 36 29 85 57
(% < 86 56 OD 48 35 71 89 07 05 44 44 37 44 60 21 S8 51 54 17 S8 Y‘ o o X \ o o x V
0 81 68 ¢ 7 17 7
4 32 0 7 6 3 v
2

RGB

109G — (5315) oL 3au — PSS (SIS — LD



RL05 (s3lyaiws slagnlls

Sl

1W9G — (5015 ol saw — (SHlwairgy § aizis @3lg3



RG0S 3N A

lolael 51 cancd g3locd o B>, O

def predict(image):
# 777?77

return class label
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def train(train images, train labels):
# Build a model for images --> labels...
return model

def predict(model, test images):
# predict test labels using the model...
return test labels
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def predict(model, test images): ) . _
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import numpy as np
Class NearestNeighbor:

def init (self):
pass

def train(self, X, y):
“n? X 1is N x D where each row is an example. Y is 1D of size N """

# The nearest neighbor classifier simply remembers all the training data
selT.Xtr = X

selfT.ytr =y

109G — (5315) oL 3au — PSS (SIS — LD



(AROBN :lnss (3) 3G M

I ..

def predict(self, X):
“7” X 1s N x D where each row is an example we wish to predict label for

nrn

num test = X.shape[0]
# make sure that output type matches the input type
Ypred = np.zeros(num test, dtype=self.ytr.dtype)

# loop over all test rows
for i in xrange(num test):
# find the nearest training image to the 1’th test image using L1 distance
distances = np.sum(np.abs(self.Xtr — X[1, :]), axis=l)
min _index = np.argmin(distances)
Ypred[i] = self.ytr[min index]

return Ypred
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$39,9 poas Xj O
(zeomo 33e ) (639,9 poad Y O

g/

L; = z max(0,s; — s, + 1)
J£Yi

9> 5.1 4.9 2.5
44l o -1.7 2.0 -3.1 = max(0, 5.1 - 3.2 + 1) +
max(0, -1.7 - 3.2 + 1)
2.9 = max(0, 2.9) + max(0, -3.9)
=2.9+0
= 2.9
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U, g8 -1.7 2.0 -3.1 = max(0, 1.3 - 4.9 + 1) +
max(0, 2.0 - 4.9 + 1)
2.9 0.0 = max(0, -2.6) + max(0, -1.9)
=0+ 0
=0
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U, g8 —-1.7 2.0 -3.1 = max(0, 2.2 - (-3.1) + 1) +
max(0, 2.5 - (-3.1) + 1)
2.9 0.0 12 .9 = max(0, 6.3) + max(0, 6.6)
= 6.3 + 6.6
= 12.9
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Li =) ,., max(0,s; — sy, +1)

def L_i vectorized(x, y, W):
scores = W.dot(x)
margins = np.maximum(O, scores — scores[y] + 1)
margins[y] = 0
loss i = np.sum(margins)
return loss i
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flx, W) =Wx
L= % Zzlil Zj#yi max (0, f(zs; W); — f(zi; W)y, +1)
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L; = Z max(0,s; — s, + 1)
J£Yi

= max(0, 1.3 - 4.9 + 1) +
v max(0, 2.0 - 4.9 + 1)
“ = max (0, -2.6) + max(0, -1.9)
=0+ 0
9,59 5.1 4.9 2.5 =0
dup 1.7 >0 -3.1 S Rl VLW jlade 51
= max(0, 2.6 - 9.8 + 1) +
2 9 0.0 max (0, 4.0 - 9.8 + 1)
= max(0, -6.2) + max(0, -4.8)
=0+ 0
=0
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f = % Z;’L ngéyi max(0, f(z:;

R(W) = EkEIWkZ'l
R(W) = ZRZJWR,A
RW)= ) ) Wi+ Wyl

W)J f wla

L2-Regularization

L1-Regularization

(20))9 @35 sJnol)

o s

s + 1) HAR(W)

Elastic net (L1 + L2)
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e’Vi
Li = —logP(Y = y;|X =x;) = —log( )

Zjesj
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hinge loss (SVM)
-2.85
N max (0, -2.85 -0.28 + 1) +
max (0, 0.86 -0.28 + 1)
0.01 [-0.05| 0.1 | 0.05 -15 0.0 Vol _
1.58
0.7 | 0.2 | 0.05]|0.16 22 0.2 0.28
_I_
0.0 |-0.45| -0.2 | 0.03 -44 -0.3 cross-entropy loss (Softmax)
W 56 b ~2.85 0.058 0.016
X —- exp normalize ~1og(0.353)
i 0.86 |—> | 2.36 |— |0.631 =
1.04
Yi | 2 0.28 1.32 0.353
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|
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o5 S ol slaslikl) auS rasls Sl o1 g aalo 1) eols G oS 5,8 . iy O
CaiS o yuutd AigSa a3 lade coal 00l A i Al g0 51 SO 2 0550 j0 (Eudd

L =—1 e L; = 2 max(0,s; — s, + 1)
i — — 108 Zjesj i iy, » 9 Vi

ly; = 0] oLl O
[10, -2, 3]

[10, 9, 9]
[10, -100, -100]
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wio,0]

®[(0,1]

bl0]

ATCIFNIL VY

A A A x[0] | | x[1] y s[0] | | s[1] || s[2] L
2,06 1.48 -0.42
2:081 |48 2048 | 0.50 || 0.40 | (N0 1.20| | 0.01 || 0.22 |}| 0.02
v v v 0.80 0.30 Q 1.67 0.33 1.10 0.44
® ¥12,0] ¥(1,11 BU3 ===l ‘
A A A 0.30 || 0.80 0 I 1.38||-0.80| |-1.05/]| 0.00
0.44||-1.82/|0.%2| MM r—r —
. 0.19 | |-0.37) | 0.12 -0.40/]10.30 1 -0.80| | -0.20| | -1.62 0.39
v v v
¥{2,0) %12,11 bl2} -0.30{|0.70 1 =0.01| | -0.88| [=2.21(4| 1.87
A A
-0.70]]| 0.20 1 l -1.57| | -0.15| | =2.10 0.00
2.27 | -2.04 -0.10 —
SR 1) [ | 0.70 | |[-0.40] [BF2 | 0.43 || 1.55 2.31| 0.25
Y, W R ‘ S—
0.50||-0.60 2 -0.28| | 1.83 | | 2.26 0.57
Step size: 0,10000 -0.40| | -0.50| || 2 -1.98| | 1.26 || 0.01 [§] 2.24
] Singho parameton update 1 mean:
Start repeated update J Total déta }'.oss: 0.64 0.64
‘ Regularization loss: 1.92
1 ss5: 2.57
Si0p | Total lo 2.5
fandomaepanmete™ | L2 Regularization strength: 0.10000

http://vision.stanford.edu/teaching/cs231n/linear-classify-demo/
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(X)) Oy90 4 oj9al slaosls 3l dcgame S O
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o0 b So O
)
esyi g@\oe \arization |
L; = —log - S i regularization loss
R
P
L. = z max(O S s + 1) c}o%%,;\®0+ score function L atal
i = »Of TRy 9 ata loss
J#Yi ! Vi & :u f Qe W) - L
N & ol
= —Z Li | + AR(W) & l
N &=y Vi
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T
best loss = float(“inf")
for i in xrange(1000):
W = np.random.randn(10, 3073) * 0.0001
loss = L(X train, y train, W)

if loss < best loss:
best loss = loss
best W =W

print “In attempt %d the loss was %f, best %f” % (i, loss, best loss)

In attempt 0 the loss was 9.401632, best 9.401632
In attempt 1 the loss was 8.959668, best 8.959668
In attempt 2 the loss was 9.044034, best 8.959668 (I (St [Ql_(/plj/l sl )l Ugas qf
In attempt 3 the loss was 9.278948, best 8.959668
In attempt 4 the loss was 8.857370, best 8.857370
In attempt 5 the loss was 8.943151, best 8.857370
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S
# assume X test 1s (3073, 10000), y test is (10000, 1)
scores = np.dot(best W, X test)
# find the index with max score in each column (the predicted class)
y pred = np.argmax(scores, axis=0)
# calculate accuracy (fraction of predictions that are correct)

accuracy = np.mean(y pred ==y test)
# returns 0.1555 as accuracy

!C/UM{/' M (,L”d:\ !N/) IAYAA C'/(!?)
(Ccwl w0,y A0 s9m ,5 Jsel, (1 gy cAd) L)
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df () _ Ot h) = f()

dx h—0 h

(S LSLQM )“ Cw] 6)‘0).3 é.gl.? Qli&‘)f ¢6A4; o= slas SO o O
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w W+ h dW
0.34 0.34 + 0.0001 ?
-1.11 -1.11 ?
©.78 ©.78 ?
0.12 0.12 ?
0.55 0.55 ?
2.81 2.81 ?
-3.10 -3.10 ?
-1.50 -1.50 ?
0.33 0.33 ?
Loss 1.25347 Loss 1.25322
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.34
.11
.78
.12
.55
.81
.10
.50
.33

1
R W N O O O r O

o)

Loss 1.25347

W+ h

0.34
1.11
0.78
0.12
0.55
2.81
3.10
1.50
0.33

Loss 1.25322

O3S ($3sc awwlas

+ 0.0001

aw

-2.50
?
?
?

(1.25322 -

1.25347) / 0.0001
= =2.5

df(z)
dz

g J@HR) — f(@)
h —0 h
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2

w W+ h dW
0.34 0.34 -2.50
-1.11 -1.11 + 0.0001 ?
©.78 ©.78 ?
0.12 0.12 ?
0.55 0.55 ?
2.81 2.81 ?
-3.10 -3.10 ?
-1.50 -1.50 ?
0.33 0.33 ?
Loss 1.25347 Loss 1.25353
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1
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o)

Loss 1.25347

W+ h

0.34
1.11
0.78
0.12
0.55
2.81
3.10
1.50
0.33

Loss 1.25353

O3S ($3sc awwlas

+ 0.0001

aw

-2.50
0.60

AN

(1.25353 - 1.25347) / 0.0001
- 0.6
df(z) .. f(z+h)— f(z)
& e h
?
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N

w W+ h dW
0.34 0.34 -2.50
-1.11 -1.11 0.60
0.78 0.78 + 0.0001 ?
0.12 0.12 ?
0.55 0.55 ?
2.81 2.81 ?
-3.10 -3.10 ?
-1.50 -1.50 ?
0.33 0.33 ?
Loss 1.25347 Loss 1.25347
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N

w W+ h dW

0.34 0.34 -2.50
-1.11 -1.11 0.60

0.78 0.78 + 0.0001 0.00

0.12 0.12 ? \
0.55 0.55 (1.25347 - 1.25347) / 0.0001
2.81 2.81 = 0.0
-3.10 -3.10 df(z) _ . flz+h) -~ flz)
-1.50 -1.50 N R

0.33 0.33 ?

Loss 1.25347 Loss 1.25347
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X ===

def eval_numerical_gradient(f, x):

fx = f(x)

grad = np.zeros(x.shape)

h =

it = np.nditer(x, flags=[‘multi index’], op flags=[‘readwrite’])

while not it.finished:

ix =

it.

multi index

old value = x[ix]

x[ix] += h
fxh = f(x) # evaluate f(x + h)

x[1ix]

grad[ix] = (fxh — fx) / h # compute the partial derivative

old value

it.iternext() # step to next dimension

return grad

= 1}
dx h —0 h
WL!.Q ]
c:#ijﬁs O
2ok e O
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# Vanilla Gradient Descent
while True:

gradient = evaluate gradient(loss fun, data, weights)
weights += -step size * gradient # weighl wupdate
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# Mini-batch Gradient Descent

while True:

data batch = sample training data(data, 256) # sample 256 examples
gradient = evaluate gradient(loss fun, data batch, weights)
weights += -step size * gradient # weight wupdate

Y05 o VYA ST XY s o3lail gl Jgloie yolie O
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# Mini-batch Gradient Descent

while True:

data batch = sample training data(data, 256)

gradient = evaluate gradient(loss fun, data batch, weights)
weights += -step size * gradient # weight wupdate

N\

.l_QQ)’B )M.S.o ‘5;[_,,,,.) 39 4 )_ip LSL"bui’ﬁ) AAY4 9 VYA Y XY o 60}‘&3‘ 6‘).3 Jjb;;o ﬁaLS.n O
[ .o ue 4 ‘a\aT o\ﬁ\.ﬂ PP VOV

# sample 256 examples
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# Vanilla Gradient Descent

while True:
gradient = evaluate gradient(loss fun, data, weights)
weights += -step size * gradient # weight wupdate
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SGD
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Adagrad
Adadelta
Rmsprop
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dx dx
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ﬁ
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fx)=¢e* %=e’c f(x)=% - %=—1/x2
fa(x) = ax £=a fe(x)=x+c - ﬂ=1
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U020 "\ 053 om0

0.20

do(x) e 1 1+e*—1
dx (1+4+e7%)2 - <1 + e—x)( 1 +e—* ) = O'(X)(l — a(x))
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do(x) e 1 1+e*—1
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class ComputationalGraph(object):

¥ s

def

def

forward(inputs):

# 1. [pass inputs to input gates...]

# 2. forward the computational graph:

for gate in self.graph.nodes topologically sorted():
gate.forward()

return loss # the final gate in the graph outputs the loss

backward():

for gate in reversed(self.graph.nodes topologically sorted()):
gate.backward() # little piece of backprop (chain rule applied)

return inputs gradients
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class MultiplyGate(object):

def forward(x,y):

Z = X*y

return z

Fdx =

def backward(dz):
#tON
... #todo

# dy =

return

[dx, dy]

AN
oL
or

oL
0z
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class MultiplyGate(object):
def forward(x,y):

X z = x*ty
7 self.x = x # must keep these around!
self.y =y
return z
)/ def backward(dz):

dx = self.y * dz # [dz/dx * dL/dz]
dy = self.x * dz # [dz/dy * dL/dz]
return [dx, dy]
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# receive W (weights), X
# forward pass (we ha
scores = #...
margins = #...
data loss = #...

reg loss = #...

loss = data loss + reg loss

# backward pass (we have 5 lines)

dmargins = # ... (optionally, we go direct to dscores)

dscores = #. .

dwW =

Ay @lgd (s)lwasly

margins

A

Waex| L = Zj;éyi max(O, 8j — Sy, + 1)

\ ~
@ s (scores)

1099 — (5qu5) pob sauw — Uba YLl




e
il ol oo wilgs o e a0 SO0 W 2l )L olaws O
Il (Sl Swd Dygo s o el eled Lol 5 4 bogs e adal,) ilei O
oo polie g dg0g,9 o ol )b 4 cos ais 32 2l Lol S dailxs
1);,&;443);;@@5&449);;@@0\o)f).coc\fu_ebf)l.ou&G,L.wbu;sbflj
NS oo & slwoolo

LSS dmwloe sl 55 9590 (Sl polie 0238 9 oo S Al Gaulne gl 4 9y Olwlxe O
o609, a4 Cad au j2 ol Lol 5 duloes jalaie 4y (6 iy 00eld 5l oolaiwl .ode 4 gy Glwlxo O

1099 — (5qu5) pob sauw — Uba YLl






AR

109G — (5615) pob sy — poc slaaSyn



(00 (sloaSun

I

[f=Wx

f = W, max(0, Wyx)

3072

100

W2

b 5Ll b OLS)

10

109G — (5615) pob sy — poc slaaSyn



(00 (sloaSun

i I EEE———————————————,

f = W, max(0, Wyx) Y Y a4l (9ST)
f = W3 max(0, W, max(0, W;x)) Y Y gas a5 L
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0l.
02
03.
04.
05.
06.
07.
08.
09.
126
16 98

(L) o] Y Y ae el SO higel (g5lwesls O

X = np.array([( [0,0,1],([0,1,1],(1,0,1],[1,1,1] 1) o8 e
Vv = np.array (10, 1,1,0]]).T

syn0 = Z2*np.random.random((3,4)) - 1

synl = 2*np.random.random((4,1)) - 1

for j in xrange (60000) :
11 = 1/ (1+np.exp(-(np.dot (X,syn0))))
12 = 1/ (1l+np.exp(-(np.dot (11,synl))))
12 _delta = (y — 12)*(12% (A -12)))
11 delEas = 12 delta.deE(synl.F) * (il = {(1=11))
synl += 11.T.dot (12 delta)
syn0 += X.T.dot(ll delta)

from @iamtrask, http://ilamtrask.github.io/2015/07/12/basic-python-network/
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e ...
# receive W1, W2, bl, b2 (weights/biases), X (data)

# forward pass:

h = #... function of X, W1, bl
scores = #... function of h, W2, b2
loss = #... (several lines of code to evaluate Softmax loss)

# backward pass:

dscores = #...
dh, dw2, db2 =  #... X W1 h W2 S
dWl, dbl = #...
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impulses carried

toward cell body
branches

of axon

dendrites

axon

nucleus terminals

impulses carried

away from cell body Lo ol
cell body v from e maum TR
Woxo
derk
cell body f (Z w;z; + b)
w]_ m]. ki Z wizi + b i ”
: output axon
1 activation
O'(X) = 1+ e Wo o function
e .
Hoakw calas ol
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dendrites

impulses carried
toward cell body

nucleus

cell body

branches

terminals

impulses carried
away from cell body

:Moc (slaasun § B)g)es

axon

Z( wo

*@® synapse
axon from a neuron
W0

dendrite

class Neuron:
#...
def neuron_tick(inputs):
“rroassume inputs and weights are 1-D numpy arrays and bias is a number
cell body sum = np.sum(inputs * self.weights) + self.bias
firing rate = 1.0 / (1.0 + math.exp(-cell body sum))

return firing rate

# Sigmoid function

cell body

Zwizi +b

f (Z wix; + b)

output axon

activation
function

w11

arrn

Wo T2
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Sigmoid Function

olx)=1/(1+e™)

1.0 -

0.5 -

0.0 -

0.5 -

-1.0 +

Sedgrymle <Al

ITanh lemction .

Cullezs @iy

RelLU

. Rectifying Linear Unit (ReLU)

max (0, x)
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class Neuron:

#...

def neuron_tick(inputs):

ann

assume inputs and weights are 1-D numpy arrays and bias is a number “"”
cell body sum = np.sum(inputs * self.weights) + self.bias

firing rate = 1.0 / (1.0 + math.exp(-cell body sum)) # Sigmoid Ffunction
return firing rate

109G — (5615) pob sy — poc slaaSyn



(ROC AT A )s Ylaayg) Shuwlas

V‘v o
| u%svb Y
C

| yéks 4V V shke 4V

\FY

# forward pass of a 3-layer neural network:

f = lambda x: 1.0 / (1.0 + np.exp(-x)) # activation function (use sigmoid)
X = np.random.randn(3, 1) # random input vector of three numbers (3x1)
hl
h2 f(np.dot(W2, hl) + b2) # calculate second hidden layer activations (4x1)
out = np.dot(W3, h2) + b3 # output neuron (1x1)

f(np.dot(Wl, x ) + bl) # calculate rfirst hidden layer activations (4xl1)
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class ComputationalGraph(object):

¥ s

def

def

forward(inputs):

# 1. [pass inputs to input gates...]

# 2. forward the computational graph:

for gate in self.graph.nodes topologically sorted():
gate.forward()

return loss # the final gate in the graph outputs the loss

backward():

for gate in reversed(self.graph.nodes topologically sorted()):
gate.backward() # little piece of backprop (chain rule applied)

return inputs gradients
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class MultiplyGate(object):

def forward(x,y):

Z = X*y
self.x =
self.y =

return z

X # must keep these around!

y

def backward(dz):
dx = self.y * dz # [dz/dx * dL/dz]
dy = self.x * dz # [dz/dy * dL/dz]

return [dx, dy]
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nucleus terminals

impulses carried
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Z( wo

cell body

*@® synapse
woxo

axon from a neuron

dendrite

class Neuron:

#...
def neuron_tick(inputs):

amn arrn

assume inputs and weights are 1-D numpy arrays and bias is a number
cell body sum = np.sum(inputs * self.weights) + self.bias

firing rate = 1.0 / (1.0 + math.exp(-cell body sum))
return firing rate

# Sigmoid function

cell body

i (Z w;xT; + b)
Zwizi +b :

output axon

activation
function

w11

Wo T2
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# forward pass of a 3-layer neural network:

f = lambda x: 1.0 / (1.0 + np.exp(-x)) # activation function (use sigmoid)

X = np.random.randn(3, 1) # random input vector of three numbers (3x1)

hl = f(np.dot(Wl, x ) + bl) # calculate rfirst hidden layer activations (4xl1)
h2 = f(np.dot(W2, hl) + b2) # calculate second hidden layer activations (4x1)
out = np.dot(W3, h2) + b3 # output neuron (1x1)
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RelLU

. Rectifying Linear Unit (ReLU)

max (0, x)
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X, x>0
max(0.1x, x) f) = {a(exp(x) -1), x=0
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W=0.01 * np.random.randn(D, H)
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# assume some unit gaussian 10-D input data

D = np.random.randn(1000, 500)

hidden layer sizes = [500]*10

nonlinearities = ['tanh’']*len(hidden layer sizes)

act = {'relu’:lambda x:np.maximum(@,x), 'tanh':lambda x:np.tanh(x)}
Hs = {}
for i in xrange(len(hidden layer sizes)):

X =D if i == 0 else Hs[i-1] # input at this layer

fan_in = X.shape[1]

fan out = hidden layer sizes[i]

W = np.random.randn(fan_in, fan out) * 0.01 # layer initialization

np.dot(X, W) # matrix multiply
act[nonlinearities[i]](H) # nonlinearity

H
H
Hs[i] = H # cache result on this layer

— N

Jte O
ge¥ Ve baSs s O

g ;2 )0 (45,88 0+ O
tanh s £ O

# look at distributions at each layer
print 'input layer had mean %f and std %f' % (np.mean(D), np.std(D))
layer means = [np.mean(H) for i,H in Hs.iteritems()]
layer stds = [np.std(H) for i,H in Hs.iteritems()]
for i,H in Hs.iteritems():
print 'hidden layer %d had mean %f and std %f' % (i+1, layer _means[i], layer stds[i])

# plot the means and standard deviations
plt.figure()

plt.subplot(121)

plt.plot(Hs.keys(), layer means, 'ob-')
plt.title('layer mean')

plt.subplot(122)

plt.plot(Hs.keys(), layer stds, ‘or-')
plt.title('layer std')

# plot the raw distributions

plt.figure()

for i,H in Hs.iteritems():
plt.subplot(1l,len(Hs),i+1)
plt.hist(H.ravel(), 30, range=(-1,1))
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input layer had mean ©.000927 and std ©.998388

hidden layer 1 had mean -0.000117 and std ©.213081 ' . LQ . ¢ e - ‘ ¢
hidden layer 2 had mean -0.000001 and std ©.047551 Qg.uJLSQ ).Q.aa usjsd &./.JL’S ) e O
hidden layer 3 had mean -0.000002 and std ©.010630 o

hidden layer 4 had mean 0.000001 and std 0.002378

hidden layer 5 had mean 0.000002 and std 0.000532

hidden layer 6 had mean -0.000000 and std ©.000119

hidden layer 7 had mean 0.000000 and std 0.000026

hidden layer 8 had mean -0.000000 and std ©.000006

hidden layer 9 had mean 0.000000 and std 0.000001

hidden layer 10 had mean -0.000000 and std 0.000000
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input layer had mean ©.001800 and std 1.001311

hidden layer 1 had mean -0.000430 and std ©.981879
hidden layer 2 had mean -0.000849 and std ©.981649
hidden layer 3 had mean 0.000566 and std 0.981601
hidden layer 4 had mean 0.000483 and std ©.981755
hidden layer 5 had mean -0.000682 and std ©.981614
hidden layer 6 had mean -0.000401 and std ©.981560
hidden layer 7 had mean -0.000237 and std ©.981520
hidden layer 8 had mean -0.000448 and std ©.981913
hidden layer 9 had mean -0.000899 and std ©.981728
hidden layer 10 had mean 0.000584 and std ©.981736
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input layer had mean 0.001860 and std 1.001311

hidden layer 1 had mean 0.001198 and std ©.627953 .

hidden layer 2 had mean -8.000175 and std 0.486051 [Gloret et al_ 20 10] . L> D e [
hidden layer 3 had mean 0.000055 and std 0.407723 ’ )-0’*5 Q)9
hidden layer 4 had mean -0.000306 and std ©0.357108

hidden layer 5 had mean 0.000142 and std 0.320917

hidden layer 6 had mean -0.000389 and std 0.292116

hidden layer 7 had mean -0.000228 and std 0.273387

hidden layer 8 had mean -0.000291 and std 0.254935

hidden layer 9 had mean 0.000361 and std 0.239266

hidden layer 10 had mean 0.000139 and std 0.228008
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input layer had mean 0.000501 and std 0.999444

(>0)9 @ gl (a3)lsbe

hidden layer 1 had mean 0.398623 and std 0.582273
hidden layer 2 had mean 0.272352 and std ©.403795
hidden layer 3 had mean 0.186076 and std 0.276912
hidden layer 4 had mean 0.136442 and std ©.198685
hidden layer 5 had mean 0.099568 and std ©0.140299
hidden layer 6 had mean 0.072234 and std ©0.103280
hidden layer 7 had mean 0.049775 and std 0.072748
hidden layer 8 had mean 0.035138 and std 0.051572
hidden layer 9 had mean 0.025404 and std ©0.038583
hidden layer 10 had mean ©.018408 and std 0.026076
X layer mean e layer std
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input layer had mean 0.000501 and std 0.999444

hidden layer 1 had mean 0.562488 and std ©.825232 I 20 15 .

hidden layer 2 had mean 0.553614 and std ©0.827835 [H e et a ) .).A.e[.’ wg I:I
hidden layer 3 had mean 0.545867 and std ©.813855 ¢ )
hidden layer 4 had mean 0.565396 and std ©.826902

hidden layer 5 had mean 0.547678 and std ©.834092 \

hidden layer 6 had mean 0.587103 and std 0.860035 . . .

hidden layer 7 had mean ©.596867 and std 0.870610 [..LMS 4.‘>9.’ vV e d..a]

hidden layer 8 had mean 0.623214 and std ©.889348 - * Y t *

hidden layer 9 had mean 0.567498 and std ©0.845357

hidden layer 10 had mean 0.552531 and std ©.844523
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def init two layer model(input size, hidden size, output size):

model {}

model[ ‘W1'] 0.0001 np.random.randn(input size, hidden size)
model[ ‘b1l’] np.zeros(hidden size)
model[ ‘W2'] 0.0001 * np.random.randn(hidden size, output size)
model[ ‘b2’] np.zeros(output size)

return model

model = init two layer model(32*32*3, 50, 10) # input size, hidden size, number of classes
loss, grad = two layer net(X train, y train, model, [0.0|) ks yo,5 Jled s

—
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def init two layer model(input size, hidden size, output size):

# initialize a model
model = {}

model[ ‘W1’] = 0.0001 * np.random.randn(input size, hidden size)

model[ ‘b1l’] np.zeros(hidden size)

model[ ‘W2'] 0.0001 * np.random.randn(hidden size, output size)

model[ ‘b2’] = np.zeros(output size)

return model

model = init two layer model(32*32*3, 50, 10)
loss, grad = two layer net(X train, y train, model,
print loss

le3
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model = init two layer model (32%*32*3, 50, 10) # input size, hidden size, number of classes

trainer = ClassifierTrainer() 65) )-’ ‘\S-awé U"’)}A‘ d..ag.w uﬁ.o.'a.a d.».SJ H

X tiny = X train[:20] # take 20 examples

y tiny = y train[:20] de ‘ S: 95 | P i
best model, stats = trainer.train(X tiny, y tiny, X tiny, y tiny, = J ks I== O . -
model, two layer net, ‘ . ‘ . . L: . ]
num epochs=200, reg=0.0, .09.»..; \ Yo \ CEL ¢ 3
update='sgd', learning rate decay=1, L';Q o) r )Bﬁ : stj}n
sample batches = False,
learning rate=le-3, verbose=True)

YL: ..\5453)0

g oo Jld put s O

Deb oo oolaiwl ials Lol S eolw ases 51 O
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model =

trainer = ClassifierTrainer()

X tiny = X train[:20] # take 20 examples

y tiny = y train[:20]

best model, stats = trainer.train(X tiny, y tiny, X tiny, y tiny,
model, two layer net,
num_epochs=200, reg=0.0,
update='sgd’,
sample batches = False,
learning rate=le-3, verbose=True)

learning rate decay=1,

(Ilesis (bjgel :0)lgs o5

init two layer model(32%32*3, 50, 10) # input size, hidden size, number of classes

S9y p Al g0l dugd yiedae XSS O
dcgere I ST e iw S

g oo o3l psin 5950 el ¢ o jg0]

X3

Finished epoch 1 / 200: cost 2.302603, train: 0.400000, val 0.400000, lr 1.000000e-03
Finished epoch 2 / 200: cost 2.302258, train: 0.450000, val 0.450000, lr 1.000000e-03
Finished epoch 3 / 200: cost 2.301849, train: 0.600000, val 0.600000, lr 1.000000e-03
Finished epoch 4 / 200: cost 2.301196, train: 0.650000, val 0.650000, lr 1.000000e-03
Finished epoch 5 / 200: cost 2.300044, train: 0.650000, val 0.650000, lr 1.000000e-03
Finished epoch 6 / 200: cost 2.297864, train: 0.550000, val 0.550000, lr 1.000000e-03
Finished epoch 7 / 200: cost 2.293595, train: 0.600000, val 0.600000, lr 1.000000e-03
Finished epoch 8 / 200: cost 2.285096, train: 0.550000, val 0.550000, lr 1.000000e-03
Finished epoch 9 / 200: cost 2.268094, train: 0.550000, val 0.550000, lr 1.000000e-03
Finished epoch 10 / 200: cost 2.234787, train: 0.500000, val 0.500000, lr 1.000000e-03
Finished epoch 11 / 200: cost 2.173187, train: 0.500000, val ©.500000, lr 1.000000e-03
Finished epoch 12 / 200: cost 2.076862, train: 0.500000, val 0.500000, lr 1.000000e-03
Finished epoch 13 / 200: cost 1.974090, train: 0.400000, val 0.400000, 1lr 1.000000e-03
Finished epoch 14 / 200: cost 1.895885, train: 0.400000, val 0.400000, lr 1.000000e-03
Finished epoch 15 / 200: cost 1.820876, train: 0.450000, val 0.450000, lr 1.000000e-03
Finished epoch 16 / 200: cost 1.737430, train: 0.450000, val 0.450000, lr 1.000000e-03
Finished epoch 17 / 200: cost 1.642356, train: 0.500000, val 0.500000, lr 1.000000e-03
Finished epoch 18 / 200: cost 1.535239, train: 0.600000, val 0.600000, lr 1.000000e-03
FinislFinished epoch 195 / 200: cost 0.002694, train: 1.000000, val 1.000000, lr 1.000000e-03
"*=*~'rinished epoch 196 / 200: cost 0.002674, train: 1.000000, val 1.000000, lr 1.000000e-63
Finished epoch 197 / 200: cost 0.002655, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 198 / 200: cost 0.002635, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 199 / 200: cost ©.002617, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 200 / 200: cost 0.002597, train: 1.000000, val 1.000000, lr 1.000000e-03
finished optimization. best validation accuracy: 1.000000
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model = init_two_layer model(32*32*3, 50, 10) # input size, hidden size, number of classes R . J
trainer = ClassifierTrainer() )L*-W-’ p—‘-b-‘-’ 0 2 &SJ L’ cJye )9.b 4.3 L]

best model, stats = trainer.train(X train, y train, X val, y val,

model, two layer net, ) § &9 2 i
num_epochs=10, reg=0.000001, - o )t - 95

update='sgd', learning rate decay=1, _
sample batches = True, M “ .
learning rate=le-6, verbose=True) LS)"S‘)L’ C)" LS‘)" )“'\M ‘S" ‘b'“‘j.. < O
. * & - . —
éal.a )‘A.o.o *59-*-'4 &.A.CLQ aS 6‘4455 LY crg.ul.u
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e ____________________________
model = init two layer model(32*32%3, 50, 10) # input size, hidden size, number of classes l s J l
)L:.Ma.” A L..A.i).‘@ &S.i Lf ¢ w P d.? I:I

trainer = ClassifierTrainer()
best model, stats = trainer.train(X train, y train, X val, y val,

model, two layer net, ) f &9 i
num_epochs=10, reg=0.000001, - o b - 95

update='sgd', learning rate decay=1,

sample batches = True, f s - .S

| learning rate=1e-6) verbose=True) S Ql’l C)" (S‘JJ )“'\M ‘5" o L5° QS"“ N
F;nished epoch 1 / 10: cost 2.302576, train: 0.080000, val ©.103000, 1lr 1.000000e-06 é’l" )‘ 35 s)s.».u & :b 45 LS‘“; a4 ‘W""l""
Finished epoch 2 / 10: cost 2.302582, train: ©.121000, val 0.124000, lr 1.000000e-06 . . ks s e
Finished epoch 3 / 10: cost 2.302558, train: ©0.119000, val 0.138000, lr 1.000000e-06 . w
Finished epoch 4 / 10: cost 2.302519, train: ©.127000, val ©.151000, lr 1.000000e-06 d..:l.: u,.dblf )|Ji: ).Qs )o M).Q
Finished epoch 5 / 10: cost 2.302517, train: ©.158000, val 0.171000, lr 1.000000e-06 T *
Finished epoch 6 / 10: cost 2.302518, train: 0.179000, val 0.172000, lr 1.000000e-06
Finished epoch 7 / 10: cost 2.302466, train: 0.180000, val 0.176000, lr 1.000000e-06
Finished epoch 8 / 10: cost 2.302452, train: 0.175000, val 0.185000, lr 1.000000e-06
Finished epoch 9 / 10: cost 2.302459, train: 0.206000, val ©.192000, 1r 1.000000e-06

Finished epoch 10 / 10: cost 2.302420, train: 0.190000, val 0.192000, 1lr 1.000000e-06

finished optimization. best validation accuracy: ©.192000 MJ.Q C':JL: UJL.: w.QLY
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model = init_two layer model(32*32*3, 50, 10) # input size, hidden size, number of classes

trainer = ClassifierTrainer() )Lawu.’ w.‘.b.u w).@ gj.: L$ ch.QM )# 4\.’ |:|
best model, stats = trainer.train(X train, y train, X val, y val,

odel, two 1 5 .

gszepoc:‘s);lgyegégie.000901, fb-*-‘S ? 69 P a_i.> 95

update='sgd', learning rate decay=1,

le batches = True, _ .
i:ggngﬁgir;tgzleﬁ,r::rboseﬂrue) S QL’ C)_, LS‘)" )‘ . [
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model = init_two layer model(32*32*3, 50, 10) # input size, hidden size, number of classes . e .
trainer = ClassifierTrainer() )Lawu.’ w.‘.b.u w).@ gj.: L$ ch.o.!.«o )# 4\.’ D

best model, stats = trainer.train(X train, y train, X val, y val,
model, two layer net, .
num _epochs=10, reg=0.000001, W"'SLSQ &9).«» &5?95
update='sgd', learning rate decay=1,
sample batches = True,

learning rate=1e6, verbose=True) L.S)"SQL’ C)_’ LS‘)" )‘m gS,: ML;Q ngw O
/home/karpathy/cs231n/code/cs231n/classifiers/neural net.py:50: RuntimeWarning: divide by zero en . . . . =
comtered in Tog wb Jode 398 Gl a5 GlaisS 4 el
data loss = -np.sum(np.log(probs[range(N), y])) / N ¢ J * * e
/home/karpathy/cs231n/code/cs231n/classifiers/neural net.py:48: RuntimeWarning: invalid value enc

ountered in subtract J.JL: UM.Q[S )‘)i’ ).Q )Q M).Q
probs = np.exp(scores - np.max(scores, axis=1, keepdims=True)) c *

Finished epoch 1 / 10:| cost nan,| train: 0.091000, val 0.087000, lr 1.000000e+06
Finished epoch 2 / 10:| cost nan,| train: 0.095000, val 0.087000, lr 1.000000e+06

Finished epoch 3 / 10:| cost nan,| train: 0.100000, val 0.087000, lr 1.000000e+06

iy w8l els

NaN i gb )l xo Il S8 0o 5l o 6250k £ 5
s J g/uu&:u o U divas éu/.cu

ol S 10 51 Gl s 3l 3 i gl gl a,

W‘J))Jd.} ‘WLS).»SJL*C)J
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(Ilesis (bjgel :0)lgs o5

N
model = init two layer model(32%32*3, 50, 10) # input size, hidden size, number of classes o e .
trainer = ClassifierTrainer() )La..w.a w.‘.b.u g.,u),o g_i.s Ls ch.cM )# c\.a H

best model, stats = trainer.train(X train, y train, X val, y val,

model, two layer net, .
num_epochs=10, reg=0.000001, W*‘SLSQ 69)'“’ &}95

update='sgd', learning rate decay=1,

sample batches = True, = .. o .

[Tearning rate=3e-3} verbose=True) L.S)"S‘DL’ cr LS‘)" )‘J..O.A t_i.’ MLSQ o L]
Finished epoch 1 / 10: cost 2.186654, train: 0.308000, val 0.306000, lr 3.000000e-03 l.: ‘ o - N L: ‘ . Z l.u
Finished epoch 2 / 10: cost 2.176230, train: 0.330000, val ©.350000, lr 3.000000e-03 é’ ) A0 Og.».u —sL 45 S 4.’55 4.3 crg.u rourt
Finished epoch 3 / 10: cost 1.942257, train: 0.376000, val ©.352000, lr 3.000000e-03
Finished epoch 4 / 10: cost 1.827868, train: ©.329000, val 0.310000, lr 3.000000e-03 & o .o
Finished epoch 5 / 10:|cost inf,| train: ©.128000, val ©.128000, lr 3.000000e-03 s\JL’ UM.Q[S )‘)i’ ).Q )Q M)_Q
Finished epoch 6 / 10:|cost inf,| train: ©.144000, val 0.147000, lr 3.000000e-03

cuwl 54 b jeie 3€-3 | Ads i @b ks Glels
oy s 0] i, Ly jo &0 l! &95 > j‘ O LQJ.'SQL.{ .y

S §5 Jabs (sl o o} aai a0 ol ()lmdil 0l

cawl [le-5, 1e-3] w0 @ sl S50 o 3l o 65 0b .y
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gblELs (aiw)lic) Thiw) :e)Tahp) s)lwaiyg,

st)s.o] 0,99 O L Cb 0 somaws gl x>l Jle O

max_count = 100
for count in xrange(max count):

reg = 10**uniform(-5, 5) ¢ . LU/ . i
lr = 18**uniform(-3, -6) oW slas ) )iy,

trainer = ClassifierTrainer()
model = init two layer model(32%*32%*3, 50, 10) # input size, hidden size, number of classes
trainer = ClassifierTrainer()
best model local, stats = trainer.train(X train, y train, X val, y val,
model, two layer net,
num_epochs=5, reg=reg,
update='momentum’', learning rate decay=0.9,
sample batches = True, batch size = 100,
learning rate=1lr, verbose=False)

|va1 acc: 0.412000, 1r: 1.405206e-04, reg: 4.793564e-01, (1 / 100) |

val acc: 0.214000, lr: 7.231888e-06, reg: 2.321281e-04, (2 / 100)

val acc: 0.208000, lr: 2.119571e-06, reg: 8.011857e+01, (3 / 100)

val acc: 0.196000, lr: 1.551131e-05, reg: 4.374936e-05, (4 / 100)

val acc: 0.079000, lr: 1.753300e-05, reg: 1.200424e+03, (5 / 100)

val acc: 0.223000, lr: 4.215128e-05, req: 4.196174e+01, (6 / 100)

|va1 acc: 0.441000, Llr: 1.750259e-04, reg: 2.110807e-04, (7 / 100) |

val acc: 0.241000, lr: 6.749231e-05, reg: 4.226413e+01, (8 / 100)

|va1 acc: 0.482000, lr: 4.296863e-04, reg: 6.642555e-01, (9 / 100) | 4+— u;a
val acc: 0.079000, lr: 5.401602e-06, reg: 1.599828e+04, (10 / 100) ’
val acc: 0.154000, lr: 1.618508e-06, reg: 4.925252e-01, (11 / 100)

199G — (s9u8) ol 3pw — ijgeT slaels — rac slaaiyb gbjgs’
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gbBls alm)lic] shaw dlayleop) s)lwdaizes

max_count = 100
for count in xrange(max count):

st)s.o] 0,99 O L Cb 0 somaws gl x>l Jle O

max_count = 100

St (58U QBT for count in xrange(max_count):

reg = 10**uniform(-5, 5) > reg = 1@**uniform(-4, 0)
lr = 10**uniform(-3, -6) lr = 10**uniform(-3, -4)
| _val acc: 0.527000, lr: 5.340517e-04, req: 4.097824e-01, (0 / 100) |
val acc: 0.492000, lr: 2.279484e-04, reg: 9.991345e-04, (1 / 100)
val acc: 0.512000, lr: 8.680827e-04, reg: 1.349727e-02, (2 / 100) .
val_acc: 0.461000, lr: 1.028377e-04, reg: 1.220193e-02, (3 / 100) aSoly o 6‘)-‘ — AY /.
val acc: 0.460000, lr: 1.113730e-04, reg: 5.244309e-02, (4 / 100) ’ - ’
val acc: 0.498000, lr: 9.477776e-04, reg: 2.001293e-03, (5 / 100) 69_7“ . ;0 L VY
val acc: 0.469000, lr: 1.484369e-04, reg: 4.328313e-01, (6 / 100) ShPly -
val acc: 0.522000, lr: 5.586261e-04, reg: 2.312685e-04, (7 / 100) - . oo L
val acc: 0.530000, lr: 5.808183e-04, reg: 8.259964e-02, (8 / 100) Il < A L‘?*“J
val acc: 0.489000, lr: 1.979168e-04, reg: 1.01088%e-04, (9 / 100)
val acc: 0.490000, lr: 2.036031e-04, reg: 2.406271e-03, (10 / 100)
val acc: 0.475000, lr: 2.021162e-04, reg: 2.287807e-01, (11 / 100)
val acc: 0.460000, lr: 1.135527e-04, reg: 3.905040e-02, (12 / 100)
val acc: 0.515000, lr: 6.947668e-04, reg: 1.562808e-02, (13 / 100) Cwy U (U5 (g bl
[ val acc: 0.531000, lr: 9.471549e-04, reg: 1.433895e-03, (14 / 100) | €¢—— ’ P
val acc: 0.509000, Lr: 3.140888e-04, reg: 2.857/518e-01, (15 / 100) Sl ol s piid () L o pal
val acc: 0.514000, lr: 6.438349e-04, reg: 3.03378le-01, (16 / 100) :
val acc: 0.502000, lr: 3.921784e-04, reg: 2.707126e-04, (17 / 100)
val acc: 0.509000, lr: 9.752279e-04, reg: 2.850865e-03, (18 / 100)
val acc: 0.500000, lr: 2.412048e-04, reg: 4.997821e-04, (19 / 100)
val acc: 0.466000, lr: 1.319314e-04, reg: 1.189915e-02, (20 / 100)
val acc: 0.516000, lr: 8.039527e-04, reg: 1.528291e-02, (21 / 100) 1999 — 5038y 306 S5 — bjeeT el — (yoac sloasub dbjes]
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as)e @0 paas euw)s § Ol
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lossfunctions.tumblr.com

58+
Training Loss
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(2 ))9 2)133) @ (B ))9 Pz
N
# assume parameter vector W and its gradient vector dw

param_scale = np.linalg.norm(W.ravel())

update = -learning rate*dW # simple SGD update

update scale = np.linalg.norm(update.ravel())

W += update # the actual update

print update scale / param scale # want ~le-3

~0.0002 / 0.02 = 0.01 oy i ds Sle, 56, 4 yle Camd O
w‘).a.w.ul.”/”\ Osbjoggl.bow O
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Sigmoid Function

o(x)=1/(1+e™)
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RelLU

. Rectifying Linear Unit (ReLU)

max (0, x)
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o

(20)9 @ g os)lsds 3¢5)9 150

YVf

input layer had mean 0.001860 and std 1.001311

hidden layer 1 had mean 0.001198 and std ©.627953 .

hidden layer 2 had mean -8.000175 and std 0.486051 [Gloret et al_ 20 10] . L> D e [
hidden layer 3 had mean 0.000055 and std 0.407723 ’ )-0’*5 Q)9
hidden layer 4 had mean -0.000306 and std ©0.357108

hidden layer 5 had mean 0.000142 and std 0.320917

hidden layer 6 had mean -0.000389 and std 0.292116

hidden layer 7 had mean -0.000228 and std 0.273387

hidden layer 8 had mean -0.000291 and std 0.254935

hidden layer 9 had mean 0.000361 and std 0.239266

hidden layer 10 had mean 0.000139 and std 0.228008

Goois layer mean e layer std
00012 065
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W = np.random.randn(fan in, fan out) / np.sqrt(fan_in) 1990 — 555y ol 3w — uac sloasud - Grac spSsL



(Ilesis (bjgel :0)lgs o5

e
model = init two layer model(32*32%3, 50, 10) # input size, hidden size, number of classes l s J l
)L:.Ma.” A L..A.i).‘@ &S.i Lf ¢ w P d.? I:I

trainer = ClassifierTrainer()
best model, stats = trainer.train(X train, y train, X val, y val,

model, two layer net, ) f &9 i
num_epochs=10, reg=0.000001, - o b - 95

update='sgd', learning rate decay=1,

sample batches = True, f s - .S

| learning rate=1e-6) verbose=True) S Ql’l C)" (S‘JJ )“'\M ‘5" o L5° QS"“ N
F;nished epoch 1 / 10: cost 2.302576, train: 0.080000, val ©.103000, 1lr 1.000000e-06 é’l" )‘ 35 s)s.».u & :b 45 LS‘“; a4 ‘W""l""
Finished epoch 2 / 10: cost 2.302582, train: ©.121000, val 0.124000, lr 1.000000e-06 . . ks s e
Finished epoch 3 / 10: cost 2.302558, train: ©0.119000, val 0.138000, lr 1.000000e-06 . w
Finished epoch 4 / 10: cost 2.302519, train: ©.127000, val ©.151000, lr 1.000000e-06 d..:l.: u,.dblf )|Ji: ).Qs )o M).Q
Finished epoch 5 / 10: cost 2.302517, train: ©.158000, val 0.171000, lr 1.000000e-06 T *
Finished epoch 6 / 10: cost 2.302518, train: 0.179000, val 0.172000, lr 1.000000e-06
Finished epoch 7 / 10: cost 2.302466, train: 0.180000, val 0.176000, lr 1.000000e-06
Finished epoch 8 / 10: cost 2.302452, train: 0.175000, val 0.185000, lr 1.000000e-06
Finished epoch 9 / 10: cost 2.302459, train: 0.206000, val ©.192000, 1r 1.000000e-06

Finished epoch 10 / 10: cost 2.302420, train: 0.190000, val 0.192000, 1lr 1.000000e-06

finished optimization. best validation accuracy: ©.192000 MJ.Q C':JL: UJL.: w.QLY

/ o o oo oo - = . .
@/W%peb,lw Il S>55 o 5l s 50k F)
Wi (0 psi

W90 — (5618) Job 3y - cyac slaafyd - Grac R0
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Unimportant parameter

Unimportant parameter

Important parameter Important parameter

[Bergstra and Bengio, 2012] 190 - s36) 100 s — (w0 sbasud — Gac $PSsL
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T4

while
data batch = dataset.sample data batch()
loss network.forward(data batch)

dx network.backward()

X += -learning rate * dx

ool caals Lol Sl 9, as0acld
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Q1AL (1Y)

Yyy

# Gradient descent update
X learning rate * dx

# Momentum update

v = mu * v — learning rate * dx| # integrate velocity

v # integrate position

A2 L /2 /0 Ygare MU g o ke O
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Q1AL (1Y)

YYY

# Gradient descent update
X learning rate * dx

# Momentum update

v = mu * v — learning rate * dx| # integrate velocity

v # integrate position

Qb oo plaldl Cepm a5 4 LS o g g ey Jlo g o o LS A icwinS slacus o -
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——  momentum |
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S Slagng) :la)isl) Hlsbs (Slw) jg) @
S22
Jsl a5 p0 sla g, O
B9 i poiies (g, O
AdaGrad 4,0
RMSProp g, 0
Adam g, 0

P9 4 yo sl g, O
P9 ey, d
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# Momentum update

V = mu v — learning rate * dx # integrate velocity

v # integrate position

Sgere poiion b9, B9 yims pgiion 09
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€8 mi» eoIias (J00)

A I EEEEE———————————.

v = pvp_q — €Vf Oy + pvp_y) e ranlial G
w2l sy Jsazs ,9b @
0, =01 +v
t = 01TVt 0i—1,Vf(O:_1)
Gr—1 = 01 + UV 39 g0 J> JSKio (qmn gl g i s SO L
. # Nesterov Momentum update rewrite
vy = Uvi_q — €VF (1)
V_prev = v
_ v =mu * v — learning rate * dx
b = pr_1 — UV + (L + v, I
X mu * v _prev (1 + mu) Y
o + uve = + U

Gr-1 — uve—1 + (1 + v,
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AdaGrad (no)
wm

# AdaGrad update
cache dx 2

X learning rate * dx (np.sqrt(cache) le-7)

[DUChi et aI., 2011] 1W90 - (5615) pob saw — guac slaaSud - Grac sP3sL



AdaGrad (wg)

YYy

# AdaGrad update
cache dx 2

X learning rate * dx (np.sqrt(cache) le-7)
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AdaGrad (wg)
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# AdaGrad update
cache dx 2

X learning rate * dx (np.sqrt(cache) le-7)

W90 — (5618) Job 3y - cyac slaafyd - Grac R0



RMSProp (ng)

# AdaGrad update
cache dx 2
X learning rate * dx (np.sqgrt(cache) le-7)

# RMSProp update
cache = decay rate * cache (1 — decay rate) dx
X learning rate * dx (np.sgrt(cache) le-7)

[Tieleman and Hinton, 2012] 1990 — (508 1ol sy — uac slaafb — Gaac SRSl



RMSProb ¢ AdaGrad (slaiwg)

YYyo

sgd
momentum |]
nag :
adagrad N
adadelta [N Y™~ adagrad
I
rmsprop A rmsprop
' 3 4 5
100 120
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Adam (ng)

# Adam update

m betal m (1 betal) dx # first moment
Y beta?2 v (1 beta?2) dx 2 # second moment
X learning rate * m (np.sqrt(v) le-7)

pyian ol yor 4 RMSProp g, b ans (go> b O

# RMSProp update

cache = decay rate * cache (1 — decay rate) dx
X learning rate dx (np.sqrt(cache) le-7)

[Kingma and Ba, 2014] 1990 — (508 1ol sy — uac slaafb — Gaac SRSl



xrange(1l, big number):

betal * m (1 betal) dx
beta2 * v (1 beta2) dx
m (1 betal t)
\Y; (1 beta?2 t)
learning rate * mb (np.sqrt(vb) le-7)

[Kingma and Ba, 2014] 1990 — (508 1ol sy — uac slaafb — Gaac SRSl
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(95003 B3 :ulhid

i =,

p = 0.5 # probability of keeping a unit active

def train_step(X):
“m" X contains the data

ann

# forward pass for a 3-layer neural network

H1 = np.maximum(0, np.dot(Wl, X) + bl)

Ul = np.random.rand(*Hl.shape) < p # 7irsi dropout mask
H1 *= Ul # drop!/

H2 = np.maximum(©, np.dot(W2, H1l) + b2)
U2 = np.random.rand(*H2.shape) < p # sccond dropout mask
H2 *= U2 # drop!

out = np.dot(W3, H2) + b3

# backward pass: compute gradients... (not shown)
# perform parameter update... (not shown)

WG — (5015) pob sy — (,830A3 83a by EIIS — (hac (slaasyl



(93003 LBOdA :Eubi)

YFV

Tl o5 ol byg 55 oy holal Bio ol (S 39S O
SS9l slylo pledsl opdls 4 4t Lo
)l hsS

S, 3= — X )l.a.a.n‘
R SRV 4
3l & )5

3,1 dibdge ,olls +/v

WG — (5015) pob sy — (,830A3 83a by EIIS — (hac (slaasyl

T



(93003 LBXn :@ulrid
yeA QO
QML’ @P odo‘ Laug)s.: L5>)" L;QOL@.: BA> e uio.o 443§.> ]

e Joe 51 Sy acgemme SO Bolal BA> L
S i sl ol )b sl 4S) Wigd o osle g0l

(!...

WG — (5015) pob sy — (,830A3 83a by EIIS — (hac (slaasyl



e VOB OLs) )y (83003 Bda

((PBolas Ba> y900) 9,90 (cden eold oS Jle L O

bl 5l e 8 LIl ols las g5 o)
(Cewl v Jow sdon al.o.‘;.?|

WG — (5015) pob sy — (,830A3 83a by EIIS — (hac (slaasyl




e VOB OLs) )y (83003 Bda

Yo

((PBolas Ba> y900) 9,90 (cden eold oS Jle L O

Obe 50 B(699,9 e og Jld L asS 5,8
Db a b plp 98 ol (e S
e Ghigel pley yo eye el e

P = 0.5 3 el Jlokte a> lawgie

WG — (5015) pob sy — (,830A3 83a by EIIS — (hac (slaasyl



e VOB OLs) )y (83003 Bda

YOy

((Bolay Bi> ya) b yg,50 (gaen bl oS Jlé L O

a a=wO0*x + wl*y ot ol oo
SRRCRPON BN DRI
VO O L
E[a] = ¥4 * (wO*0 + w1*0
wo wi wO*0 + wl*y ob; > opsb bl p = 0.5
wO*X + w1*0 Ol 1 pos iy P GOy
wO*X + wl*y) Lo selgh (o0l

= V4 * (2 WO*X + 2 Wl*y) /e xl b ol Ol sl =
WO Ol @99 calles

= * (WO*X + W1*y) s copd Yy b

WG — (5015) pob sy — (,830A3 83a by EIIS — (hac (slaasyl



e VOB OLs) )y (83003 Bda

S

def predict(X):
# ensemble forward pass
H1 = np.maximum(0, np.dot(Wl, X) + bl) * p # NOJE: scale the activations
H2 = np.maximum(©, np.dot(W2, Hl) + b2) * p # NO/E: scale the acitivations
out = np.dot(W3, H2) + b3

e 28 o lgen g4 (sden ) Ly Oley 4o O
45 e i |y b yg,s8 Codled polie slaiss 4 b cplply O

g9 Oley 50 (9 Lwgie = S Gley j0 (g5 O
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p=20.5

def train_step(X):

“nmrm-X contains the data

ann

def

(,850a3 &3a

u;;)’s,o\ Qu} 4O Ls:sotas RS

o Oley 5o (g wlde

H1 = np.maximum(©O, np.dot(Wl, X) + bl)

Ul = np.random.rand(*Hl.shape) < p

H1 *= Ul

H2 = np.maximum(0, np.dot(W2, Hl) + b2)

U2 = np.random.rand(*H2.shape) < p

H2 *= U2

out = np.dot(W3, H2) + b3

predict(X):

H1 = np.maximum(O, np.dot(Wl, X) + bl) |* p
H2 = np.maximum(0O, np.dot(W2, H1l) + b2) * p
out = np.dot(W3, H2) + b3

Lo ) oyl (§ jwayly (!

W99 — (5615) pob sy — (83005 L83s [y EIBIS — (1ac (Slaasun



p = 0.5 n - "=
(93003 dXa
def train_step(X):

aunn

“nmrm-X contains the data

Jolae (5 Jlwesls

H1 = np.maximum(0O, np.dot(Wl, X) + bl)
Ul = (np.random.rand(*Hl.shape) < p) / p
H1 *= Ul

H2 = np.maximum(0O, np.dot(W2, H1l) + b2)
U2 = (np.random.rand(*H2.shape) < p) / p
H2 *= U2

out = np.dot(W3, H2) + b3

Lyt 9% (S
def predict(X):

H1 np.maximum(©®, np.dot(Wl, X) + bl)
H2 np.maximum(©, np.dot(W2, H1l) + b2)
out = np.dot(W3, H2) + b3

W99 — (5615) pob sy — (83005 L83s [y EIBIS — (1ac (Slaasun
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C3: 1. maps 16@10x10
INPUT C1: feature maps S4: . maps 15@5:{5

B2 28
I2x32 o2 f. maps {35 layer Fﬁ layer 'DLITF'LIT

5@14}(14
r

| FuII cmrlechnn Gauaslan connections
Convalutions Subsampling Corvolutions Su L‘rﬁamplmg Full mnnecmn

[LeNet-5, LeCun 1980] Wy - (s5qu8) 100 saw - DRI (uac slaasul — Frac spSsl
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I caught this movie on the Sci-Fi channel recently. It actually turned out to be pretty decent as far as B-list horror/suspense films go. Two guys (one naive and one
loud mouthed a **) take a road trip to stop a wedding but have the worst possible luck when a maniac in a freaky, make-shift tank/truck hybrid decides
to play cat-and-mouse with them. Things are further complicated when they pick up a ridiculously whorish hitchhiker. What makes this film unique is that the
combination of comedy and terror actually work in this movie, unlike so many others. The two guys are likable enough and there are some good chase/suspense
scenes. Nice pacing and comic timing make this movie more than passable for the b lasher buff.

I just saw this on a local independent station in the New York City area. The cast showed promise but when I saw the director, George Cosmatos, I became

And sure enough, it was every bit as bad, every bit as pointless and stupid as every George Cosmotos movie I ever saw. He's like a stupid man’s
Michael Bey — with all the awfulness that accolade promises. There’s no point to the conspiracy, no burning issues that urge the conspirators on. We are left to
ourselves to connect the dots from one bit of graffiti on various walls in the film to the next. Thus, the current budget crisis, the war in Iraq, Islamic extremism, the
fate of social security, 47 million Americans without health care, stagnating wages, and the death of the middle class are all subsumed by the sheer terror of graffiti. A
truly, stunningly idiotic film.

Graphics is far from the best part of the game. This is the number one best TH game in the series. Next to Underground. It deserves strong love. It is an insane
game. There are massive levels, massive unlockable characters... it’s just a massive game. Waste your money on this game. This is the kind of money that is
wasted properly. And even though graphics suck, thats doesn’t make a game good. Actually, the graphics were good at the time. Today the graphics are crap. WHO
CARES? As they say in Canada, This is the fun game, aye. (You get to go to Canada in THPS3) Well, I don’t know if they say that, but they might. who knows. Well,
Canadian people do. Wait a minute, I'm getting off topic. This game rocks. Buy it, play it, enjoy it. love it. It's PURE BRILLIANCE.

The first was good and original. I was a not bad horror/comedy movie. So I heard a second one was made and I had to watch it . What really makes this movie work
is Judd Nelson’s character and the sometimes clever script. A pretty good script for a person who wrote the Final films and the was okay.
Sometimes there’s scenes where it looks like it was filmed using a home video camera with a grainy - look. Great made - for - TV movie. It was worth the rental
and probably worth buying just to get that nice eerie feeling and watch Judd Nelson’s Stanley doing what he does best. I suggest newcomers to waich the first
one before watching the sequel, just so you'll have an idea what Stanley is like and get a little history background.

Human
agmentation

Connected components
CN affini
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A group of young people Two hockey players are fighting A little girl in a pink hat is

playing a game of frisbee. over the puck. blowing bubbles. A refrigerator filled with lots of

food and drinks.

A herd of elephants walking A close up of a cat laying A red motorcycle parked on the A yellow school bus parked in
across a dry grass field. on a couch. side of the road. a parking lot.
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C3: 1. maps 16@10x10
INPUT C1: feature maps S4: f. maps 15@5;{5
3232 @28 g9
T GE layer Fﬁ layer CILITF"I_IT

‘ FuII con rllectmn Gausman connections
Convolutions Subsampling Comvolutions  Su bﬁamplmg Full mnnecnﬂn

[LeNet-5, LeCun 1980] Wy - (s5qu8) 100 saw - DRI (uac slaasul — Frac spSsl
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