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iR = iR (Back Propagation)
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iR = iR (Back Propagation)
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* Larsson et al., FractalNet: Ultra-Deep
Neural Networks without Residuals, 2016
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KO 7k [Srivastava et al., 2014]
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o INEFTEBHLEREMRIHLAILY (Vanishing Gradient)
o REFTEHLEREDFHEN(Exploding Gradient)
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e Xavier initialization [Glorotand Bengio, 2010]
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o Wij~Un1form(—ﬁ,\/—a)
a=#input + #output

e ReLUFBFIHA{E [He et al., 2015]
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Batch Normalization [loffe and
Szegedy, 2015]
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Batch Normalization and beyond
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Long Short-Term Memory (LSTM)

f sigmoid(W ;[x¢;he—1]1+b;)
. t] = sigmoid(W glxt;he—1]1+by)
t sigmoid(W ,[x¢;he—1]1+b,)

*Ct=fer*Cq+ i xg;
° ht — O * tanh(ct)

e LSTMTl&Vanishing GradientMF2Z Y IZ< LV

- HEO=H=105E:
ht ho + O * tanh(ll * g1 + lz *g» + .-+ lt * gt)
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« forget gate f{MD/\A 7 AblI1IZFHAILT S

* Jozefowicsetal. “An Empirical Exploration of Recurrent
Network Architectures”, 2015
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 Semeniuta et al., “Recurrent Dropout without Memory Loss”,
2016

* ¢t = fr x€t_1 + dropout(i; * g¢)
- EH BN Ndropout® & FH
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« [X]-z([FLuong et al., “Effective Approaches to Attention

based Neural Machine Translation”, 2015 &b
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W Context vector

Global align weights

a;(s) = align(hy, hy)
exp (score(hy, hs))

B > o €XP (Score(ht, ES/))
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Z DD shortcut (skip
connection)zZz AL\ F A

e Residual Networks [He et al., 2016]
* f(g(x) +x)

* Highway Networks [Srivastavaet al., 2015]
* fF(T()g(x) + (1 —T(x))x)

e T(x) = sigmoid(Wx + b)
o BHTZDshortcut

e f=1=L. shortcutlZ 7Y T ILEHEL
fEfE SN TLVS [Veit et al., 2016]
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* Rodriguez et al., “A Recurrent Neural Network that

Learns to Count” 1999 (XX
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* Karpathyet aI., “Visualizingand Understanding Recurrent Networks”,
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Cell sensitive to position in line:

The" s'ole importance of the crossing of the Berezina lies in the fact
that it plainly and indubitably proved the fallacy of all the plans for
cutting off the enemy's retreat and the soundness of the only possible
line of action--the one Kutuzov and the general mass of the army
demanded--namely, simply to follow the enemy up. The French crowd fTled
At a continually increasing speed and all its energy was directed to
reaching its goal. It fled like a wounded animal and it was impossible
to block its path. This was shown not so much by the arrangements it
made for crossing as by what took place at the bridges. When the bridges
broke down, unarmed soldiers, people from Moscow and women with children
who were with the French transport, all--carried on by wvis 1inertiae--
pressed forward into boats and into the ice-covered water and did notj]

surrender .
Cell that turns on inside quotes:




RNNDEBEFIZEKL{{EHN5
Ea—JRXT49DRX

* Truncated Backpropagation Through Time (BPTT)
(ElIman (1990) , Mikolov et al., 2010)
« REVGEEZFRATYIEBIIBRZINITS
e fortinl...T
* forwardprop: h, = RNN (h,_4, xt)
* ift % F==0then
 forsint...t—B; backprop
* end

* exploding/ vanishinggradient [ZH X

e gradient norm clipping (Pascanu et al., 2013)
. %U_ ENTRILgD / IV LICBHEZ R (TT. BAT-bARAT—IL

* if [|g|l = threshold then
_ threshold
gl

 explodinggradient [ZHE %)




RNNERENDERE

B: AE){ERH=

c AN-BBIhEHDEH=256, H P41 X|Y|=10K
—I\yFH AL XB=32, £&T=64
* RNN: Yt — O(wof(wr[xt;ht—l]))

-/\°5)‘ A
W.|= H * 2H = 128K
+ |W.|=H * |Y| = 2500K
* Backprop FIRREZ £

« H*B*T=512K
o |Y| * B* T =20000K

RNN[Z/N\TA—% K YBackprop|
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e HAOHAX|Y|=800K (FEEILLEDEHEEEDH)

* 1 billion word language modelingbenchmark [Chelba et
al., 2013]

https://github.com/ciprian—chelba/l—bilIion—word—
language-modeling-benchmark

e HARB/INTA—FEL: |W,|=H * |Y| =194M
« HARBIRREZEL |Y| * B * T=1.464G
« IRRHIGPUTHAEYIEH, E1%12-16GBFE)
s HABRDIKREEMR ZINZS5FENVE

)dtH
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« ) < w9 X (Hierarchical Softmax)
Goodman 2001, Mikolov et al. 2011

c VEISRAB) G L, TR Hcly) & EE
« [ERE1E: ply|x) = p(cly)|x) plylc(y))
« VSREHE Y| ETRIE2/|Y] « YISz 5N
« DS RZNIHEELRETRE
« Y2 TJ1)2 %7 3% Jozefowicz et al. 2016, Ji et al. 2016
. O O\ _ exp(fe(x(i),y(i)))
fe(x Y ) logexp(fg(x(i),y(i)))+257€5eXp(fe(x(i)»f’))
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* Chung et al. “A Character-Level Decoder without
Explicit Segmentation for Neural Machine
Translation”, 2016.
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* lan Goodfellow, Yoshua Bengio, and Aaron Courville.
Deep Learning. MIT Press, 2016.

e onlineversion (free):
http://www.deeplearningbook.org/
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