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ONE-HOT VECTORS

x; = one-hot vector
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MEMORY AS A GRAPH

Output
Vi

Output Parameters

Vv

Memory Parameters
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Input Parameters
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c; =tanh(U x; + Wci_1)
y: = softmax(V c¢;)
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RECURRENT NEURAL NETWORK (RNN)

o Vocabulary of 5 words

o A memory of 3 units [Hyperparameter that we choose like layer size]
o ¢:[3 x 1], W:[3 x 3]

o An input projection of 3 dimensions
o U:[3 x5]

o An output projections of 10 dimensions
o V:[10 x 3]

c; =tanh(U x; + Wce,_q)
y: = softmax(V ¢;)

Xt
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ROLLED NETWORK VS. MULTI-LAYER NETWORK

lacs glds

S e 5 3b BB LY sla apl o Gy 5403 0 O
coral ol (Vaia i 5o oS o o fennl St a8 gla el l csnd g (54 E 50 O

Y1 Y2 V3
Flnal output

|4

“La Y er/Step” =

“La Y er/step "1 “Ln Y er/Step” 2

3-gram unrolled recurrent network
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3-layer neural network



Prepared by Kazim Fouladi | Fall2017 |2nd Edition

\ig

GV i b sad G (s 4S0d suplin

<
’”’;ﬁb/

ROLLED NETWORK VS. MULTI-LAYER NETWORK

A glds

S e 5 3b BB LY sla apl o Gy s4S0a 50 O
coral o plite (Vaia i 5o oS e o el S i a8 gla el l csnd g (540 s 50 O

Y1 Y2 V3
Flnal output

|4

“La Y er/Step” =

“La Y er/step "1 “Ln Y er/Step” 2

3-gram unrolled recurrent network

T L24D7
YA LYY
€ 124D7

3-layer neural network



WV GLgad puas sloas
S s LSl 63591

TRAINING RECURRENT NEURAL NETWORKS

Cross-Entropy Loss
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BACKPROPAGATION THROUGH TIME: BPTT
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ANOTHER LOOK AT THE GRADIENTS
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2. ifllgll > 0o
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else:

print( ‘Do nothing’)
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