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I didn’t pay attention to it at all, to be perfectly
honest. Having been trained as a computer
scientist in the 90s, everybody knew that Al
didn’t work. People tried it, they tried neural
nets and none of it worked.

World Economic Forum’s Annual Meeting
in Davos 2017  Sergey Brin



"English is not a regular language”

As for context-free languages,

"I do not know whether or not English is itself
literally outside the range of such analyses”

-- Chomsky



We believe that this is possible only because our
shared architecture enables the model to learn an
interlingua between all these languages.

-- Google Neural Machine Translation System
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EE% 1: Embedded Reber grammar

LSTMIE. COEZFETED !

method | hidden units | # weights | learning rate 7 of success success after
RTRL 3 ~ 170 0.05 “some fraction” 173,000
RTRL 12 ~ 494 0.1 “some fraction” 25,000
ELM 15 ~ 435 0 > 200,000
RCC 7-9 ~ 119-198 o0 182,000
LSTM 4 blocks, size 1 264 0.1 100 99,740
LSTM | 3 blocks, size 2 276 0.1 100 21,730
LSTM | 3 blocks, size 2 276 0.2 97 14,060
LSTM | 4 blocks, size 1 264 0.5 97 9,500
LSTM | 3 blocks, size 2 276 0.5 100 8.440




B E D2 S
£E%5: MULTIPLICATION PROBLEM

[0 Task. Like the task in Section 5.4, except that the
first component of each pair is a real value
randomly chosen from the interval [0; 1]. In the
rare case where the rst pair of the input sequence
gets marked, we set X1 to 1.0. The target at
sequence end is the product X1 x X2.

T minimal lag | # weights | ns ., | # wrong predictions | MSE Success after

100 o0 93 140 139 out of 2560 0.0223 482,000
100 o0 93 13 14 out of 2560 0.0139 1,273,000

LSTMIZ., RLE (E4) LENTHEHLFE TES !



£E26: TEMPORAL ORDER

FBRICE. RICBAASTLAS(BEE) . £100~110(AIE) DXFIMNH 5,
[ E [ E
E B

100~110

BEDE. ZDBLSNDIFZFRIZIE. . a, b, ¢, d DXFNIFIUH LIZADTLVS,

E al|d|b clc|a B

=1L, £EMN510~20FH ES0~60F B DIUH LISE NG &I,
XELRYDXFNRADTLVD,

E B

10~20

50~60
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COFF, EFIEESNE=Z&FARIC,
XXM A2 TLVSE5Q.,
X,YDNA-TULVSZELR,
Y XM A2 TLVSAEILS,
YYD A-TLVSELU

ELT. BEZAN=-XFIE73ET 5.

FDE—HIES. F_HIEQ.

E=HlE. ZFOWNWTNTELGNZEIZHS,

task # weights | # wrong predictions | Success after
Task 6a 156 1 out of 2560 31.390
Task 6b 308 2 out of 2560 571,100

Task6bld., =& FrhR.
XIXIX -> QI XIXIY -> RI XIYI X -> SI XIYIY -> UI

Y X, X->V;YXY->AYYX->B;YYY->C

MD85T4HE,
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0 Google® Ilya Sutskeverld, XFE#MNSEZLFIZHD
X5 TFAERUVEEZEMD(+HTRecurrent Neural
Nets [CFEEIEH, ROR—DDEIGXEZTERT SH
EMTET=,

Figure 1. A Recurrent Neural Network is a very deep feedforward
— neural network whose weights are shared across time. The non- =
linear activation function used by the hidden units is the source of

the RNN’s rich dynamics.



“An example of what recurrent neural nets
can now do” WikiPedia TE=&EL=1D

[0 The meaning of life is the tradition of the
ancient human reproduction: it is less favorable
to the good boy for when to remove her bigger.
In the show’s agreement unanimously
resurfaced. The wild pasteured with consistent
street forests were incorporated by the 15th
century BE. In 1996 the primary rapford
undergoes an effort that the reserve
conditioning, written into Jewish cities, sleepers
to incorporate the .St Eurasia that activates the
population.

http://goo.gl/vHRHSN



“An example of what recurrent neural nets
can now do” New York TimesTEH

[0 while he was giving attention to the second
advantage of school building a 2-for-2 stool
killed by the Cultures saddled with a halfsuit
defending the Bharatiya Fernall ‘s office . Ms .
Claire Parters will also have a history temple for
him to raise jobs until naked Prodiena to paint
baseball partners , provided people to ride both
of Manhattan in 1978 , but what was largely
directed to China in 1946 , focusing on the
trademark period is the sailboat yesterday and
comments on whom they obtain overheard
within the 120th anniversary , where ......

http://goo.gl/vHRHSN
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"The Unreasonable Effectiveness
of Recurrent Neural Networks

Andrej Karpathy




For @,_, .. where £, = 0, hence we can find a closed subset H in H and
any sets F on X, U is a closed immersion of S, then U — T is a separated algebraic
space.

Proof. Proof of (1). It also start we get
S=Spec(R)=UXxUXxU

and the comparicoly in the fibre product covering we have to prove the lemma
generated by [[Z xy U — V. Consider the maps M along the set of points
Schy,,y and U — U is the fibre category of S in U in Section, 77 and the fact that
any U affine, see Morphisms, Lemma 7?7. Hence we obtain a scheme § and any
open subset W C U in Sh{G) such that Spec(R’) — § is smooth or an

U=|JU:xs U

which has a nonzero morphism we may assume that f; is of finite presentation over
S. We claim that Oy . is a scheme where z, z', " € §’ such that Ox .- — O, _, is
separated. By Algebra, Lemma 7?7 we can define a map of complexes GLg {z'/S")
and we win. B

To prove study we see that Fly is a covering of A, and 7; is an object of Fy g for
i > 0 and F, exists and let F; be a presheaf of Ox-modules on C as a F-module.
In particular F = U/F we have to show that

M*=1° Rspec(k) Og.s — i)—(lf)
is a unique morphism of algebraic stacks. Note that
Arrows = (SCh/S)?;zfa (Sch/S) fpps

and
V =TI(S,0) — (U, Spec(A))
is an open subset of X. Thus U is affine. This is a continuous map of X is the

inverse, the groupoid scheme S.
L Stack Theory M#FE%
FE ISE-30

Proof. See discussion of sheaves of sets.



Proof. Omitted. O

Lemma 0.1. Let C be a set of the construction.
Let C be a gerber covering. Let F be a quasi-coherent sheaves of O-modules. We
have to show that
Oo, =0x(L)

Proof. This is an algebraic space with the composition of sheaves F on X, we
have

Ox (F) = {morphy xox (G, F)}

where G defines an isomorphism F — F of O-modules, O
Lemma 0.2. This is an integer Z is injective,
Proof. See Spaces, Lemma 27, O

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open
covering. Let i C X be a canonical and locally of fimite type. Let X be a scheme,
Let X be a scheme which is equal to the formal complex.

The follounng to the construction of the lenma follows.
Let X be a scheme. Let X be a scheme covering. Let

b: X =2Y a2YaYa2Y xxY 2 X.
be a morphism of algebraic spaces over S and Y.

Proof. Let X be a nonzero scheme of X. Let X be an algebrai
quasi-coherent sheaf of Ox-modules. The following are equivalent

(1) F is an algebraic space over S.

(2) If X is an affine open covering,.
Consider a common structure on X and X the functor Ox(U) v Stack Th eory DHEMEZ
finite type. r%%‘]éﬂ'f:%@



This since F € F and r € G the diagram

S—_—

gor,

=a ——sn X
Spec(Ky) Morse, d(Ox,,,.0)

is a limit. Then € i a Anite type and assume S is a flat and F and € s a finite
type f.. This is of fnite type diagriuns, and

e the composition of § is a regular sequence,

o Oy is a sheal of rings.

O

Proof, We have see that X = Spec{R) and F is a fAnite type representable by
algebraic space. The property F is a inite morphism of algebraic stacks. Then the
cobomology of X s an open neighbourbood of U

Proof, This is clear that G is a finite presentation, soe Lemmas 77,

A reduced ebove we conclixde that U is an open covering of C. The §
“field

Ox+ = Fr -UOx,,,.) = OF10x,(0%))
s an isomorphisn of covering of Oy,. If F is the unique element of F such that X
= an Bomorphisom.
The property F is a disjoint union of Proposition 77 and we can filtered set of
presemtations of a scheme O x-algebra with F are opens of finite type on
If F is a scheme theoretic image points. StaCk Theory 0)%&*4%%
If F is a finite direct sum Ox, is & closed immersion, see Lenona 77 r%%‘ ] é-ﬂ-f:%d)
sequence of F is a similar morphi=m,



RNNIZ., LatexDEXFRAIZFEEL.
OLEV—H5 U REERTES,

\begin{proof}

We may assume that $\mathcal{l}$ is an abelian sheaf on $\mathcal{C}$.
\item Given a morphism $\Delta : \mathcal{F} \to \mathcal{l}$

is an injective and let $\mathfrak q$ be an abelian sheaf on $X$.

Let $\mathcal{F}$ be a fibered complex. Let $\mathcal{F}$ be a category.
\begin{enumerate}

\item \hyperref[setain-construction-phantom]{Lemma}
\label{lemma-characterize-quasi-finite}

Let $\mathcal{F}$ be an abelian quasi-coherent sheaf on $\mathcal{C}$.
Let $\mathcal{F}$ be a coherent $\mathcal{0}_X$-module. Then
$\mathcal{F}$ is an abelian catenary over $\mathcal{C}$.

\item The following are equivalent

\begin{enumerate}

\item $\mathcal{F}$ is an $\mathcal{0}_X$-module.

\end{lemma}



/*

* Increment the size file of the new incorrect UL_FILTER group information

* of the size generatively.
w/
static int indicate_policy(void)
{
int error;
if (fd == MARN_EPT) {
/*
* The kernel blank will coeld it to userspace.
*/
if (ss->segment < mem_total)
unblock_graph_and_set_blocked();
else
ret=1;
goto bail;
}
segaddr = in_SB(in.addr);
selector = seg / 16;
setup_works = true;
for (i = O; i < blocks; i++) {
seq = buf[i++];
bpf = bd->bd.next + i * search;
if (fd) {
current = blocked;

}

Linux®yY—Xa—k%
R=oREN N o b 1))



/*
* If this error is set, we will need anything right after that BSD.
5y
static void action_new_function(struct s_stat_info *wb)
{
unsigned long flags;
int lel_idx_bit = e->edd, *sys & ~((unsigned long) *FIRST_COMPAT);
buf[0] = OxFFFFFFFF & (bit << 4);
min(inc, slist->bytes);
printk(KERN_WARNING "Memory allocated %02x/%02x, "
"original MLL instead\n"),
min{min(multi_run - s->len, max) * num_data_in),
frame_pos, sz + first_seg);
div_u64_w(val, inb_p);
spin_unlock(&disk->queue_lock);
mutex_unlock(&s->sock->mutex);
mutex_unlock(&func->mutex);
return disassemble(info->pending_bh);

}

static void num_serial_settings(struct tty_struct *tty)
{
if (tty == tty)
disable_single_st_p(dev);
pci_disable_spool(port); Linux®Y—Xa—r%

PRATHES M8 1S 160




Generating Baby Names
from 8000 baby names

OO0 Rudi Levette Berice Lussa Hany Mareanne Chrestina
Carissy Marylen Hammine Janye Marlise Jacacrie Hendred
Romand Charienna Nenotto Ette Dorane Wallen Marly
Darine Salina Elvyn Ersia Maralena Minoria Ellia Charmin
Antley Nerille Chelon Walmor Evena Jeryly Stachon
Charisa Allisa Anatha Cathanie Geetra Alexie Jerin Cassen
Herbett Cossie Velen Daurenge Robester Shermond Terisa
Licia Roselen Ferine Jayn Lusine Charyanne Sales Sanny
Resa Wallon Martine Merus Jelen Candica Wallin Tel
Rachene Tarine Ozila Ketia Shanne Arnande Karella
Roselina Alessia Chasty Deland Berther Geamar Jackein
Mellisand Sagdy Nenc Lessie Rasemy Guen Gavi Milea
Anneda Margoris Janin Rodelin Zeanna Elyne Janah
Ferzina Susta Pey Castina
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Chomsky Hierarchy

O BRXWEEORKEIL. ROIHLGBEEFLGZT EN
Mo TlLvb, cnzxChomsky Hierarchy &FESS,

B 347-0 3EIF. 2 TORKAEEZEAET S,
B AA(7-1 XEIE, XIRMKGFEEEZERT D,
B AA(7-2 XEIZ, XIRBBEEEZEKT D,
B 347-3 XEIF, EREEEXERT S,

O A, CORSBORICMEMToNHE DRI
&’EIE - FE TSN EBZZDIENTES,

https://goo.gl/IR960c



Chomsky Hierarchy

Production rules

Grammar Languages Automaton :
(constraints)
Recursivel . : — b (no
Type-0 d Turing machine < ,’B,(
enumerable restrictions)
Context- Linear-bounded non-
Type-1 aAf — «
P sensitive deterministic Turing machine 2 2/
Non-deterministic pushdown
Type-2 Context-free : A— 7
automaton
A—a
Type-3 Regular Finite state automaton and
A — aB

https://en.wikipedia.org/wiki/Chomsky_hierarchy
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Deep Learning

f?

Karpathy 20154

Hochreiter 19974

Deep Learning TAH 3 EE
X% 51l
Type-0 | IRARAYA] & Fa—YogIy
Type'l Kﬂﬁg{zzngif g %Egg*
Type-2 | XARE HAIE JO9SLEE
Type-3 | IEFRIE BRA—FTL
BAEEE

D ZLNDXiklL. Contex-FreeTid ik TE 3,

Mildly Context Sensitive Languages',proposed

by Aravind Joshi.



Chomsky Hierarchy&
Deep Learning ThD 3 ;EIEAZ D ERY #HA

Xk 15l Deep Learning

Type-0 | JHFFARI ] E Fa—)ooIy

Google Neural

Typerl | XARIKAFIE  mprsca Machine Translation
R EE System ? 20164

Type-2 | XARBHXE  TRAJSLEEE Karpathy 20154

Type-3 | IEFR3E BEA—r,<F>  Hochreiter 19974




Recursive Language
“"Merge” is recursive

recursively enumerable

context-sensitive

context-free

regular

BAREE?

Mildly Context SenS|t|ve Languages

Recursively Erumerable (Type-0)

Context-Sensilive (Type-1)

Context-Free (Type-2)

LL({1)

Regular (Type-3)
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https://en.wikipedia.org/wiki/Principles_and_parameters



Head-directionality parameter BERXZADER
head-initial / head-final

—— _ Haed (3CEHITHEEE -
[0 head-initial English EEREED IR )A. %I
B eat an apple EAMNRIZEAZINELND

a person happy about her work E(N
I live in Takasu village.

any book

We saw that Mary did not swim

ead-final Japanese
YoTFBANS
I DIFAD=2—3— O TDH#Z
N, GAMICEATIS
L

H

TR iR
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i,

E

Null-subject Parameter

1 Null-subject Parameter (+) Japanese
Null-subject Parameter (-) English

OFMEZEIBENVMIELE- BTCREBAT-,
0 We went shopping. Afterwards, we ate dinner.

OSBIEST—LDOEFTHLGAEITE. ESE>MEINEST
LN,

[0 The game comes out today, but I can't decide
whether or not to buy Iit.




HEXEDER
REFDE H"%:.‘F?’b\

Pro-drop Parameter s X

[0 Pro-drop Parameter (+) Japanese
Pro-drop Parameter (-) English

O CD7—FIFERLLY, FEABEL =D ?
[0 This cake is tasty. Who baked it?

O 5750y [US A= 7?
0 I don't know. Did you like it?




GoogleFHER &Ath DERER D LLEL
7 S H ‘i’T .L\@%JL. E|7Ld~/\J7L,H’& E?a')?f)\& —)75\ ’D—CL\%)

B Today is the release date of the game, but I'm
wondering if I should buy it. (Google#liiR)

B Wondering whether today is the release date of the
game, but I'm buying. (ZD#tDEHER)

O BELVZELT-, RTIRZ B AT,
B | did some shopping. I ate rice later. (Google#iR)
B With the shopping. After eating. (Z®DthDEIER)

O ZO57—F(EEBRLLY, HENBEL=D ?
B This cake is tasty. Who baked it? (Google#liiR)
B This cake is delicious. Who baked them? (F®DO#hDEHER)

O sy, [ICADT=?
B Do not know. favorite? (Google#lliR)
B Don't know. Into your mind? (ZDO{DFIER)




GoogleFEREMt D EFER D LLEL

O a3 OERO=2—3— 9 TNDHES
B Lecture by John yesterday in New York (Google#lzR)
B In New York yesterday by John's lecture (FD i DEFHER)

O BAADEL
B My cold is bad. (Google#iiR)
B Terrible cold (ZD#tMEAER)

O FAFSEEFE
B ] am eel (GooglediiR)
B I am an eel(ZDHDFAER)

O FAESEEMAVH
B ] like eels or cutlet on rice (Google#iZR)
B I am the eel or katsudon (FD{thDEIR)
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DX Sel=LH#T D, HLEDXSeh', BEFED EICH
f&o’CL\#’Lli BEREZZHELEITHANIE. COXSIZE
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Google’s Neural Machine Translation System: Bridging the Gap
between Human and Machine Translation

Yonghui Wu, Mike Schuster, Zhifeng Chen, Quoc V. Le, Mohammad Norouzi
yonghui,schuster,zhifengc,qvl,mnorouzi@google. com

Wolfgang Macherey, Maxim Krikun, Yuan Cao, Qin Gao, Klaus Macherey,
Jeff Klingner, Apurva Shah, Melvin Johnson, Xiaobing Liu, Lukasz Kaiser,
Stephan Gouws, Yoshikiyo Kato, Taku Kudo, Hideto Kazawa, Keith Stevens,
George Kurian, Nishant Patil, Wei Wang, Cliff Young, Jason Smith, Jason Riesa,
Alex Rudnick, Oriol Vinyals, Greg Corrado, Macduff Hughes, Jeffrey Dean

Abstract

Neural Machine Translation (NMT) is an end-to-end learning approach for automated translation,
with the potential to overcome many of the weaknesses of conventional phrase-based translation systems.
Unfortunately, NMT systems are known to be computationally expensive both in training and in translation
inference — sometimes prohibitively so in the case of very large data sets and large models. Several authors
have also charged that NMT systems lack robustness, particularly when input sentences contain rare words.
These issues have hindered NMT’s use in practical deployments and services, where both accuracy and
speed are essential. In this work, we present GNMT, Google’s Neural Machine Translation system, which
attempts to address many of these issues. Our model consists of a deep LSTM network with 8 encoder
and 8 decoder layers using residual connections as well as attention connections from the decoder network
to the encoder. To improve parallelism and therefore decrease training time, our attention mechanism
connects the bottom layer of the decoder to the top layer of the encoder. To accelerate the final translation

https://arxiv.org/pdf/1609.08144.pdf
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Google’s Multilingual Neural Machine Translation System:
Enabling Zero-Shot Translation

Melvin Johnson, Mike Schuster, Quoc V. Le, Maxim Krikun, Yonghui Wu,
Zhifeng Chen, Nikhil Thorat
melvinp,schuster,qvl,krikun,yonghui,zhifengc,nsthorat@google.com

Fernanda Viégas, Martin Wattenberg, Greg Corrado,
Macduff Hughes, Jeffrey Dean

Abstract

We propose a simple, elegant solution to use a single Neural Machine Translation (NMT) model
to translate between multiple languages. Our solution requires no change in the model architecture
from our base system but instead introduces an artificial token at the beginning of the input sentence
to specify the required target language. The rest of the model, which includes encoder, decoder and
attention, remains unchanged and is shared across all languages. Using a shared wordpiece vocabulary,
our approach enables Multilingual NMT using a single model without any increase in parameters, which
is significantly simpler than previous proposals for Multilingual NMT. Our method often improves
the translation quality of all involved language pairs, even while keeping the total number of model
parameters constant. On the WMT"14 benchmarks, a single multilingual model achieves comparable
performance for English—French and surpasses state-of-the-art results for English—+German. Similarly, a
single multilingual model surpasses state-of-the-art results for French—English and German—»English
on WMT"'14 and WM'T"15 benchmarks respectively. On production corpora, multilingual models of up
to twelve language pairs allow for better translation of many individual pairs. In addition to improving
the translation quality of language pairs that the model was trained with, our models can also learn
to perform implicit bridging between language pairs never seen explicitly during training, showing that
transfer learning and zero-shot translation is possible for neural translation. Finally, we show analyses
that hints at a universal interlingua representation in our models and show some interesting examples

when mixing languages. )
https://arxiv.org/pdf/1611.04558.pdf



Universal interlingua representation !

0 In addition to improving the translation quality of
language pairs that the model was trained with,
our models can also learn to perform implicit
bridging between language pairs never seen
explicitly during training, showing that transfer
learning and zero-shot translation is possible for
neural translation. Finally, we show analyses that
hints at a universal interlingua representation
In our models and show some interesting examples
when mixing languages.




interlingua between all these languages.

[0 The most interesting observation is that both Model
1 and Model 2 can perform zero-shot translation
with reasonable quality (see (d) and (e)). It should
be noted that Model 2 outperforms Model 1 by
close to 3 BLEU points. In other words, the addition
of Spanish on the source side and Portuguese on
the target side helps Portuguese->Spanish zero-
shot translation. We believe that this is possible
only because our shared architecture enables the
model to learn an interlingua between all these
languages. We explore this hypothesis in more
detail in Section 5




4.6 Zero-Shot Translation

[0 An interesting benefit of our approach is that we can
perform zero-shot translation between a language
pair for which no explicit training data has been
seen. To demonstrate this we will use two multilingual
models — a model trained with examples from two
different language-pairs, Portuguese—>English and
English->Spanish (Model 1), and a model trained with
examples from four different language-pairs,
English<&Portuguese and English<>Spanish (Model 2).
We show that both of these models can generate
reasonably good quality Portuguese—>Spanish
translations without ever having seen
Portuguese—->Spanish data during training.
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mixing languages

e Japanese: fUIHFE KFD¥4TF. — Iam a student at Tokyo University.

e Korean: = =3 tj&e] gAYt — I am a student at Tokyo University.

e Mixed Japanese/Korean: F\|IH 5{ KA dUtl. — [ am a student of Tokyo University.
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DNN (Full Connect Feed Forward Network)
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Sequence to Sequence
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Minimal character-level language model
with a Vanilla Recurrent Neural Network

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

]
hs[t] = np.tanh(np.dot(Wxh, xs[t]) + np.dot(Whh, hs[t-1]) + bh)
ys[t] = np.dot(Why, hs[t]) + by
ps[t] = np.exp(ys[t]) / np.sum(np.exp(ys[t]))

loss += -np.log(ps[t][targets[t],@])

hs, = tanh(Wxh -xs, + Whh-hs,.; + bh )
ys; = Why-hs;

https://goo.gl/5npVuw



Back Propagation ;
pag i = Zefef) L; = —log(p,,)

48 for t in reversed(xrange(len(inputs
dy = np.copy(ps[t])
dy[targets[t]] -= 1 # Backprop into y. see http://cs231n.github.io/neural-networks-ca
dwhy += np.dot(dy, hs[t].T)
dby += dy
dh = np.dot(Why.T, dy) + dhnext # backprop into h
dhraw = (1 - hs[t] * hs[t]) * dh # backprop through tanh nonlinearity

=pr — 10 = k)

dbh += dhraw === d N
dwWxh += np.dot(dhraw, xs[t].T) a ta‘nh(a’) = 1—tanh (:l:)
dwhh += np.dot(dhraw, hs[t-1].T)
dhnext = np.dot(Whh.T, dhraw)
for dparam in [dWxh, dWhh, dWhy, dbh, dby]:
np.clip(dparam, -5, 5, out=dparam) # clip to mitigate exploding gradients
return loss, dwWxh, dwhh, dwWhy, dbh, dby, hs[len(inputs)-1]

http://cs231n.github.io/neural-networks-case-study/#grad



target chars:

output layer

n

NTOTSLEHRLIE=ED,
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XFDFENEH NSNS,
http://goo.gl/mNgwCv

hidden layer

input layer

input chars:
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4.1 1.2 1. 2.2

T e
0.3 1.0 0.1 |w npl-0.3
01— 03 |—>-05—= 09
0.9 0.1 -0.3 0.7

T T w
1 0 0 0
0 1 0 0
0 0 1 1
0 0 0 0
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D. Discrete Error Propagation

The analysis of Section IV could suggest that the root
of the problem lies in the essentially discrete nature of the
process of storing information for an indefinite amount of time.
Indeed, the gradient backpropagated through time vanishes
when the system stays in the same stable state for several
time steps. Intuitively, we would like to recover some error
information at the time when the input made the system
reach that stable state. Instead of propagating a gradient
through differentiable units, the algorithm presented here was
explicitly designed to propagate discrete error information
through units that compute a non-differentiable function, such
as a hard threshold. In this way we hope to find algorithms that
directly address the problem of propagating error backward in
time, even though the process of robustly storing information
appears to have a discrete nature,
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Bypassing nonlinearities to Learn
Lohger term dependencies

e Delays (Lin et al & Giles 1995)
 Multiple time scales (E/hihi & Bengio NIPS 1995)

L Q-1 Qt 011
W W ? W. ' Ws
. unfold
0y




Fighting the vanishing gradient:

(Hochreiter 1991); first version of LSTM: (Hochreiter & Schmidhuber 1997)
the LSTM, called Neural Long-
Term Storage with self-loop output

Create a path where
gradients can flow for
longer with a self-loop

Corresponds to an
eigenvalue of Jacobian
slightly less than 1

LSTM is now heavily used
(Hochreiter & Schmidhuber
1997)

GRU light-weight version
(Cho et al 2014)

11



New Ideas to Help Information
Propagation

a i i - - [
Unitary matrices: all e-values of matrix are 1 SRR A
Bengio ICML 2016)

W “'D,IIR, F
= D3Ry F "DyI1IR FD;
e Zoneout: randomly choose to simply copy the state unchanged

(Krueger et al 2016,
submitted)
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void operator()(

OpKernelContext* ctx, const Device& d, const T forget_bias,

const T cell_clip, bool use_peephole, typename TTypes<T>::ConstMatrix x,

typename
typename
typename
typename
typename
typename
typename
typename
typename

TTypes<T>:
TTypes<T>:
TTypes<T>:
TTypes<T>:
TTypes<T>:
TTypes<T>:
TTypes<T>:
TTypes<T>:
TTypes<T>:
// Concat xh = [x, h].

xh.slice(xh_x_offsets(), xh_x_extents()).device(d)
xh.slice(xh_h_offsets(), xh_h_extents()).device(d)

:ConstMatrix c¢s_prev,

:ConstMatrix h_prev, typename TTypes<T>::ConstMatrix w,
:ConstVec wci, typename TTypes<T>::ConstVec wcf,
:ConstVec wco, typename TTypes<T>::ConstVec b,

:Matrix xh, typename TTypes<T>::Matrix i,

:Matrix cs, typename TTypes<T>::Matrix f,

:Matrix o, typename TTypes<T>::Matrix ci,

:Matrix co, typename TTypes<T>::Matrix icfo,

:Matrix h) {

Il
>
-

h_prev;

// statesl = xh * w+ b
typename TTypes<T>::ConstMatrix const_xh(xh.data(), xh.dimensions());
TensorBlasGemm<Device, T, USE_CUBLAS>::compute(ctx, d, false, false, T(1),

const_xh, w, T(8), icfo);

Eigen::array<Eigen::Denselndex, 2> b_shape({1, b.dimensions()[@]});

Eigen::array<Eigen::Denselndex, 2> broadcast_shape({batch_size_, 1});

icfo.device(d) += b.reshape(b_shape).broadcast(broadcast_shape);



Eigen::array<Eigen::Denselndex, 2> p_shape({1l, cell_size_});
Eigen::array<Eigen::Denselndex, 2> p_broadcast_shape({batch_size_, 1});

// Input gate.
if (use_peephole) {

auto i_peep = c¢s_prev * wci.reshape(p_shape).broadcast(p_broadcast_shape);
i.device(d)
(icfo.slice(icfo_i_offsets(), cell_extents()) + i_peep).sigmoid();

} else {

i.device(d) = icfo.slice(icfo_i_offsets(), cell_extents()).sigmoid();

// Cell input.
ci.device(d) = icfo.slice(icfo_c_offsets(), cell_extents()).tanh();

// Forget gate (w/ bias).
if (use_peephole) {

auto f_peep = cs_prev * wcf.reshape(p_shape).broadcast(p_broadcast_shape);
f.device(d) = (icfo.slice(icfo_f_offsets(), cell_extents()) +
f.constant(forget_bias) + f_peep)
.sigmoid();
} else {
f.device(d) = (icfo.slice(icfo_f_offsets(), cell_extents()) +

f.constant(forget_bias))
.sigmoid();



TensorFlowTOLSTM®D EZ (Python)

tensorflow/tensorflow/contrib/rnn/python/
ops/core_rnn_cell_impl.py
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Network Definition with NDL (One Way)

LST MComponeniwggiut‘putDim, inputVal) = |

Wxo = Parameter(outputDim;-inputDim)

Wxi = Parameter(outputDim, inputDimN Wrapped as a macro and
Wx{ = Parameter(outputDim, inputDim) can be reused

Wxc = Parameter(outputDim, inputDim)

bo = Parameter(outputDim, 1, init=fixedvalue, value=-1.0)
be = Parameter(outputDim, 1, init=fixedvalue, value=0.0)

bi = Parameter(outputDim, 1, init=fixedvalue, value=-1.0)
bf = Parameter(outputDim, 1, init=fixedvalue, value=-1.0)

Whi = Parameter(outputDim, outputDim)

Wei = Parameter(outputDim , 1)

Whf = Parameter(outputDim, outputDim)

Wef = Parameter(outputDim , 1)

Who = Parameter(outputDim, outputDim) parameters
Weco = Parameter(outputDim , 1)

Whe = Parameter(outputDim, outputDim)




Network Definition with NDL (One Way)

delayH = PastValue(outputDim, output, timeStep=1)
delayC_= PastValue(outputDim, ct, timeStep=1)

Wxilnput = Times(Wxi, inputVal) recurrent nodes

WhidelayHI = Times(Whi, delayH)
WeidelayCl = DiagTimes(Weci, delayC)

i = © (W("'i)x, +WHh,_ +We,_, +b“))

it = Sigmoid (Plus ( Plus (Plus (Wxilnput, bi), WhidelayHI),
WeidelayCl))

WhidelayHF = Times(Whf, delayH)
WefdelayCF = DiagTimes(Wef, delayC)
Wxfinput = Times(Wxf, inputVal)

[, — G(W""f’Xr‘i'W“’f)h,_, T WDe,_ +b(f))

ft = Sigmoid( Plus (Plus (Plus(Wxfinput, bf), WhfdelayHF),
WefdelayCF))
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1 # lstm cell symbol
» 1stm <- function(num.hidden, indata, prev.state, param, seqidx, layeridx, dropout=8) {
if (dropout > @)
4 indata <- mx.symbol.Dropout(data=indata, p=dropout)
i2h <- mx.symbol.FullyConnected(data=indata,
weight=param$i2h.weight,
bias=param$i2h.bias,
num.hidden=num.hidden * 4,
name=pastee@("t", seqidx, ".1", layeridx, ".i2h"))
h2h <- mx.symbol.FullyConnected(data=prev.statesh,
11 weight=param$h2h.weight,
12 bias=param$h2h.bias,
' num.hidden=num.hidden * 4,
14 name=paste@("t", seqidx, ".1l", layeridx, ".h2h"))
gates <- i2h + h2h
slice.gates <- mx.symbol.SliceChannel(gates, num.outputs=4,
name=paste@(“t", seqidx, ".1", layeridx, ".slice"))

in.gate <- mx.symbol.Activation(slice.gates[[1]], act.type="sigmoid")

20 in.transform <- mx.symbol.Activation(slice.gates[[2]], act.type="tanh")

21 forget.gate <- mx.symbol.Activation(slice.gates[[3]], act.type="sigmoid")

22 out.gate <- mx.symbol.Activation(slice.gates[[4]], act.type="sigmoid")
next.c <- (forget.gate * prev.state$c) + (in.gate * in.transform)

24 next.h <- out.gate * mx.symbol.Activation(next.c, act.type="tanh")

return (list(c=next.c, h=next.h))



29

# unrolled lstm network
1stm.unroll <- function(num.lstm.layer, seq.len, input.size,
num.hidden, num.embed, num.label, dropout=8.) {

embed.weight <- mx.symbol.Variable("embed.weight")
cls.weight <- mx.symbol.Variable("cls.weight")
cls.bias <- mx.symbol.Variable("cls.bias")

param.cells <- lapply(1:num.lstm.layer, function(i) {
cell <- list(i2h.weight = mx.symbol.Variable(pasteo®("1", i, ".i2h.weight")),
i2h.bias = mx.symbol.Variable(pasted("1", i, ".i2h.bias")),
h2h.weight = mx.symbol.Variable(paste@("“1", i, ".h2h.weight")),
h2h.bias = mx.symbol.Variable(paste®("1", i, ".h2h.bias")))
return (cell)
b
last.states <- lapply(1:num.lstm.layer, function(i) {
state <- list(c=mx.symbol.Variable(paste@("1", i, ".init.c")),
h=mx.symbol.Variable(paste@("1", i, ".init.h")))
return (state)

9]

# embeding layer
label <- mx.symbol.Variable("label")
data <- mx.symbol.Variable("data")
embed <- mx.symbol.Embedding(data=data, input_dim=input.size,
weight=embed.weight, output_dim=num.embed, name="embed")

wordvec <- mx.symbol.SliceChannel(data=embed, num_outputs=seq.len, squeeze_axis=1)




last.hidden <- 1list()
for (seqidx in 1:seq.len) {
hidden <- wordvec[[seqidx]]
# stack lstm
for (i in 1:num.lstm.layer) {
dp <- ifelse(i==1, @, dropout)
next.state <- 1lstm(num.hidden, indata=hidden,
prev.state=last.states[[i]],
param=param.cells[[i]],
seqidx=seqidx, layeridx=i,
dropout=dp)
hidden <- next.state$h
last.states[[i]] <- next.state
}
# decoder
if (dropout > @)
hidden <- mx.symbol.Dropout(data=hidden, p=dropout)
last.hidden <- c(last.hidden, hidden)
}
last.hidden$dim <- ©
last.hidden$num.args <- seq.len
concat <-mxnet:::mx.varg.symbol.Concat(last.hidden)
fc <- mx.symbol.FullyConnected(data=concat,
weight=cls.weight,
bias=cls.bias,
num.hidden=num.label)

LU B
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hierarchical LSTM

# Create RNN cells using the TensorFlow RNN library
char_cell = td.ScopedLayer(tf.contrib.rnn.BasicLSTMCell(num_units=16), ‘'char_cell')
word_cell = td.ScopedLayer(tf.contrib.rnn.BasicLSTMCell(num _units=32), 'word_cell')

# character LSTM converts a string to a word vector
char_lstm = (td.InputTransform(lambda s: [ord(c) for ¢ in s]) >>
td.Map(td.Scalar('int32"') >>
td.Function(td.Embedding(128, 8))) >>
td.RNN(char_cell))
# word LSTM converts a sequence of word vectors to a sentence vector.
word_lstm = td.Map(char_lstm >> td.GetItem(1)) >> td.RNN(word_cell)



LSTM Cell

this definition for the illustrative purposes only

# The input to lstm_cell is (input_vec, (previous_cell state, previous_output_vec))
# The output of lstm cell is (output_vec, (next_cell state, output_vec))

1stm_cell = td.Composition()

with lstm_cell.scope():

in_state
bx = td.
bi = td.
bf = td.
bo = td.
bg = td.
bc = td.
by = td.

= td.Identity().reads(lstm_cell.input[1])

Concat().reads(lstm_cell.input[@], in_state[1]) # inputs to gates
Function(td.FC(num_hidden, tf.nn.sigmoid)).reads(bx) # input gate
Function(td.FC(num_hidden, tf.nn.sigmoid)).reads(bx) # forget gate
Function(td.FC(num_hidden, tf.nn.sigmoid)).reads(bx) # output gate
Function(td.FC(num_hidden, tf.nn.tanh)).reads(bx) # modulation
Function(lambda c,i,f,g: c*f + i*g).reads(in_state[@], bi, bf, bg)
Function(lambda c,o0: tf.tanh(c) * o).reads(bc, bo) # final output

out_state = td.Identity().reads(bc, by) # make a tuple of (bc, by)
1stm_cell.output.reads(by, out_state)



