Assignment 3 Partl Summary
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Regularization

N
1 A is a hyperparameter
L(W) = Nz Li(f(x;, W), y;) + AR(W) Giving rgilzfizaatis;c\e

N i=1 y strength
N w_/

Data loss: Model predictions Regularization: Prevent the model
should match training data from doing too well on training data
« L1
o L2
« Dropout

« Batch normalization

¢« So on.

AutoGrad Framework for fc layers

BARZRH:
(L-1){linear-ReLu} {Linear-Softmax}

L-1Z Linear-ReLu fx/§1_t—/Z Linear - softmax.



Linear Layer

Y = XW +b (1)

« Forward:it B, 7 BIREIHAEIA X, W, b MMt 2 BT EHEER.

« Backward:¥§upstream Grad 5local Grad 183EHZAdownstream Grad with respect to W,X
and b (B8 E—&F. KEN ZHIZEIC.

ReLu

Y = maz(X,0) (2)

« Forward: 1T8BY,HHIREIXA#ITBEHEER.
« Backward: it B E RIEXBEE TUREMSHE - S [@REHE.

Linear-ReLu
- BEBEHB—MERFENMUEE.
Softmax
» It&cross- entropy, H BIREISTHNRIISE, RSN Z BIEIL.
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Testing initialization ...

Testing test-time forward pass ...
Testing training loss (no regularization)
Running numeric gradient check with reg =

W1l relative
W2 relative
bl relative

b2 relative

W1 relative
W2 relative
bl relative
b2 relative

BT E U R E R EAIRE.

error:
error:
error:
error:
Running numeric gradient check with reg
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Optimizer
SGD

Stochastic Gradient Descent (SGD)

1 N Full sum expensive
i |
L(W) = Nz L;(x;, v, W) + AR(W) when N is large!
i=1

Approximate sum using
a minibatch of examples

N
1
VwL(W) = NZ VwLi(x, y, W) + AV, R(W) 32 /64 /128 common
i=1

# Stochastic gradient descent Hyperparameters:
w = initialize weights() - Weight initialization
for t in range(num_steps): - Number of steps

minibatch = sample_data(data, batch_size) - Learning rate

dw = compute_gradient(loss_fn, minibatch, w) _ Batch size

w —= learning_rate * dw - Data sampling

Stochastic Gradient Descent (SGD)

Think of loss as an

L(W) — ]E(x'IV)"'pdata [L (x’ y, W)] + AR (W) expectation over the full

data distribution p.,.

1 N
= Nz 1L(xi,yi, W) + AR (W) Approximate
i=

expectation via sampling

VwL(W) = VwEx ) ~paata [IL(x,y, W)] + AVy, R(W)
N
= ) 1VWLW(xi;Yi» W)+ V,R(W)
1=

XIE A Batch BB F it



Xey1 = X¢ — aVf(xe)

for t in range(num_steps):
dw = compute_gradient(w)
w —= learning_rate *x dw

SGD|a)&:

- MRRHBERSVFHHERBNAELNFEISKAESEZNE/LFAE
- BERIMESE ERIEE 0,/ LF AL

« minibatch can be noisy.

SGD + Momentum

BRAEREFEZ/ N KMUTBR T A TLUNERERSRBRE EFFEIRRENR. MWE
EErE LS

Momentum update: SGD+Momentum
Ve = PV + Vf(x¢)
Velocity Xt+1 = Xt — AVqq
actual step v=20

for t in range(num_steps):
dw = compute_gradient(w)
Gradient V =rho * v + dw
w —= learning_rate * v

Combine gradient at current

point with velocity to get step . Build up “velocity” as a running mean of gradients
used to update weights - Rho gives “friction”; typically rho=0.9 or 0.99



Training loss
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Nestrov Momentum

Nesterov Momentum

radient
Velocity

actual step

“Look ahead” to the point where updating
using velocity would take us; compute
gradient there and mix it with velocity to
get actual update direction



Vir1 = puy — aV f(x: + poe)

Tt + Vit1

Lt+1

AdaGrad

grad_squared = 0

for t in range(num_steps):
dw = compute_gradient(w)
grad_squared += dw * dw
w —= learning_rate * dw / (grad_squared.sqrt() + le-7)

Added element-wise scaling of the gradient based
on the historical sum of squares in each dimension

“Per-parameter learning rates”
or “adaptive learning rates”

- BENFEIER

« HdwiR AR, BEAUFELFEH/DFEIER
- RZEHBK.

o [g)@:grad_squared —H _EF 1& K [0) R

RMSProp: Leaky Adagrad



grad_squared = 0
for t in range(num_steps):

dw = compute_gradient(w) AdaGrad
grad_squared += dw * dw
w —= learning_rate * dw / (grad_squared.sqrt() + le-7)

l

grad_squared = 0
for t in range(num_steps):

dw = compute_gradient(w) RMSProp
grad_squared = decay_rate * grad_squared + (1 - decay_rate) * dw * dw|
w —= learning_rate * dw / (grad_squared.sqrt() + le-7)

Adam: RMSProp + Momentum

Adam (almost): RMSProp + Momentum

momentl = 0

moment2 = 0 Adam
for t in range(1, num_steps + 1): # Start at t =1
dw = compute_gradient(w) Momentum
momentl = betal x momentl + (1 - betal) *x dw |
moment2 = beta2 x moment2 + (1 — beta2) * dw * dw | AdaGrad/RMSPrOp
w -=[learning_rate * momentl [/ (moment2.sqrt() + le-7) |
grad_squared = 0
for t in range(num_steps):
dw = compute_gradient(w) RMSProp
grad_squared = decay_rate * grad_squared + (1 — decay_rate) * dw * dw

w —= learning_rate * dw / (grad_squared.sqrt() + le-7)

[a] & t=10Y,beta2 = 0.9990Y, {F1SFmoment2{R/)\, MIT{EF T KEK.

« 5| \bias correction



momentl = 0
moment2 = 0
for t in range(1, num_steps + 1): # Start at t =1

dw = compute gradient(w) Momentum

momentl = betal x momentl + (1 — betal) x dw

moment2 = beta2 * moment2 + (1 — beta2) * dw * dw AdaGrad / RMSProp
momentl_unbias = momentl / (1 - betal *x t)

moment2_unbias = moment2 / (1 - beta2 *x t) Bias correction

w —= learning_rate % momentl_unbias / (moment2_unbias.sqrt() + 1le-7)

Bias correction for the fact
that first and second moment
estimates start at zero

drop out
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(a) Standard Neural Net (b) After applying dropout.
""" Vanilla Dropout: Not recommended implementation (see notes below) """

p = 0.5 # probability of keeping a unit active. higher = less dropout

def train_step(X):

"mX contains the data """

# forward pass for example 3-layer neural network
H1 = np.maximum(0, np.dot(Wl, X) + bl)
Ul = np.random.rand(*H1.shape) < p # first dropout mask



H1 #= U1 # drop!
H2 = np.maximum(0, np.dot(W2, H1) + b2)

U2 = np.random.rand(*H2.shape) < p # second dropout mask

H2 x= U2 # drop!

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

# backward pass: compute gradients... (not shown)

# perform parameter update... (not shown)

def predict(X):
# ensembled forward pass
H1 = np.maximum(O, np.dot(W1l, X) + bl) * p # NOTE: scale the activations
H2 = np.maximum(0, np.dot(W2, H1) + b2) * p # NOTE: scale the activations
out = np.dot(W3, H2) + b3

In the code above, inside the train_step function we have performed dropout twice: on the first hidden layer
and on the second hidden layer. It is also possible to perform dropout right on the input layer, in which case we
would also create a binary mask for the input X . The backward pass remains unchanged, but of course has to
take into account the generated masks U1,U2 .

Crucially, note that in the predict function we are not dropping anymore, but we are performing a scaling of
both hidden layer outputs by p. This is important because at test time all neurons see all their inputs, so we want
the outputs of neurons at test time to be identical to their expected outputs at training time. For example, in case of
p = 0.5, the neurons must halve their outputs at test time to have the same output as they had during training
time (in expectation). To see this, consider an output of a neuron x (before dropout). With dropout, the expected
output from this neuron will become px + (1 — p)0, because the neuron’s output will be set to zero with probability
1 — p. At test time, when we keep the neuron always active, we must adjust X — px to keep the same expected
output. It can also be shown that performing this attenuation at test time can be related to the process of iterating
over all the possible binary masks (and therefore all the exponentially many sub-networks) and computing their
ensemble prediction.

The undesirable property of the scheme presented above is that we must scale the activations by p at test time.
Since test-time performance is so critical, it is always preferable to use inverted dropout, which performs the
scaling at train time, leaving the forward pass at test time untouched. Additionally, this has the appealing property
that the prediction code can remain untouched when you decide to tweak where you apply dropout, or if at all.
Inverted dropout looks as follows:

mnmmon

Inverted Dropout: Recommended implementation example.

We drop and scale at train time and don't do anything at test time.

non



p = 0.5 # probability of keeping a unit active. higher = less dropout

def train_step(X):

# forward pass for example 3-layer neural network

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

Ul = (np.random.rand(*H1l.shape) < p) / p # first dropout mask. Notice /p!
H1 *= Ul # drop!

H2 = np.maximum(0, np.dot(W2, H1) + b2)

U2 = (np.random.rand(*H2.shape) < p) / p # second dropout mask. Notice /p!
H2 *= U2 # drop!

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

# backward pass: compute gradients... (not shown)

# perform parameter update... (not shown)

def predict(X):

# ensembled forward pass

H1
H2

out

np.maximum(0, np.dot(Wl, X) + bl) # no scaling necessary

np.maximum(0, np.dot (W2, H1) + b2)
= np.dot (W3, H2) + b3
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