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Goals for Today

Review: Sequential Data

Recurrent Neural Network
Vanishing/Exploding Gradients & LSTM
Applications and Training Tricks of RNN

Variants of RNN



NLP and Sequential Data

 NLP is full of sequential data
e \Words In sentences
e Characters in words

e Sentences in discourse



L ong-distance
Dependencies In Language

 Agreement in number, gender, etc.

He does not have very much confidence in himself.
She does not have very much confidence in herself.

e Selectional preference

The reign has lasted as long as the life of the queen.
The rain has lasted as long as the lite of the clouds.



Can be Complicated!

e \WWhat is the referent of “it”"?

The trophy would not fit in the brown suitcase because it was too big.

Trophy

The trophy would not fit in the brown suitcase because it was too small.

Suitcase

(from Winograd Schema Challenge:
http://commonsensereasoning.org/winograd.html)



http://commonsensereasoning.org/winograd.html

Recurrent Neural Networks



What it we have variable-size inputs?

Iy = (5131,175131,27331,37331,4)
T2 = (332,1,332,2,3?2,3)

r3 = (5173,1, L3.2,X3,3,L3 4, 5133,5)

 Simple idea: zero-pad up to length of longest sequence

r1 = (r11,%12,%1,3,21.4,0)

Gransform]
il +: very simple and work in a pinch

(predict) - doesn't work for very long sentences

] Concatenate word vectors

label
Feedforward Networks



One input per layer?

L1 = (5E1,1,IE1,2,331,3,331,4)
To = (5132,1,513‘2,27513‘2,3)

r3 = ($3,1,$3,2,$3,3,$3,4,5133,5)

* Another idea: feed one word to each feedforward layer

L1,2 £1.3 L1.4

l’ l l

| ; transfor transform
‘ tral?/?fglrmj_i_’ w5 W b3 j_E_> tra;/if§4rmj~E—>Cpred|CD—>|abe|

at~! = [ C; ] d=wra"t ot df =o(2h)
it

+: do not need to pad sentences
+: each FF layer is much smaller than the giant FF layer for concatenated inputs

+: shorter sentence requires fewer layers
- Obvious question: what happens to the long sentences?



Can we share vvelght matrics”?

l

transform transform
. travr;?fglrmj_E_’[ g W b3 j_E_> travr;i,fcb)4rmj~E—>[pred|CD—>|abe|

+: we can have as many “layers” as we want!

This is called a recurrent neural network (RNN) — “variable-depth” network.



Recurrent Neural Networks

(

—Iman 1990)

e Jools to “remember” information along the “time dimension”

« RNNs are just NNs that share weights across layers, take an input
each layer, and have a variable number of layers.

Feed-forward NN Recurrent NN

context

ClooLup]
aooe

|
Ctransform]

context

@ooLup]

[transform ':

label 10

The layer gets its
own “previous”
value as inputs




Unrolling In Time

 What does processing a sequence look like”

hate this movie

! !

2 @ODD @ODD
< >« <
:

(predlct] (predlct) (predlct) (predlct)

Iabel Iabel Iabel Iabel
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Training RNNSs

| hate this movie

!

Cpredict] [predict] [predict] [predict]
v v v v

,ored/'ct/on 1 ,orediction 2 ,oredict/'on 3 ,oredict/on 4

/oss 1 /oss 2 /oss 3 /oss 4

label 1\@@Mt)e/ 3 //abe/ 4

sum ]—» total loss
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RNN [raining

 The unrolled graph is a well-formed directed acyclic
graph (DAG)—we can run backprop

==

Sum

v

total loss

e Parameters are tied across time, derivatives are
aggregated across all time steps

* [his is historically called "backpropagation through
time” (BPTT)

13



Forward pass

Parameters W are shared!

hate thls mowe

IXI] XXX] XXX] XXX]
@ CZ CZ II
> < >< >< ><

3
. Cpreohct]

,ored/ct/on score
label

loss L

14



Backward pass

hate thls mowe

XXX] IXX] IXX] IIX]
ZZ ZZ CI
> < >< >< ><

3
. [preohct]

oL ,ored/ct/on score
da’ label

loss L
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Backward pass

hate thls mowe

XXX] IXX] IXX] IIX]
ZZ ZZ CI
> < >< >< ><

3
. [preohct]

oL oW oL ,ored/ct/on score

8a® ~ Had OW label
loss L[

.
> <
> <
[ —
0
a
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Backward pass

hate this movie

o~
> <
> <
[ —

0

oL  OW Oal 0L prediction score
9a® ~ 9ad OW dal label

loss L
L  da' AL

OW  OW Oal

17



Backward pass

Parameters are shared! Derivatives are accumulated.

this movie

'XXX] 'XXX] 'XIX]
ti a“

a3 C
preohct]

oL OW Oal OW Y ,orec//ct/on score
a
A N — o o o / b /
Ja®  0ab OW dal Oa’ abe
loss L

oc Oal OL 0a’ 0L

S + + ...

oW  OW Oal = OW 0Oa? Vanishing/Exploding gradient:
The gradient signal gets smaller (or
What happens if these gradients are small or large” |larger) as it backpropagates further




Vanishing/Exploding
Gradients



Why Is vanishing gradient a problem?

 Why? “Squashed” by non-linearities (e.g., tanh) or
multiplication of small weights in matrices.

2

A 1IN OL  OW da' OW
AT ] AL NN 80 ~ 9ad AW dal

Small matrix multiplication

f(x) = tanh(x) % — 1 — tanh(z)?

Easy to get derivatives less than 1

20



Why Is vanishing gradient a problem?

 Why? “Squashed” by non-linearities (e.g., tanh) or
multiplication of small weights in matrices.

hate this movie

> <
> <
e

0

oL OW Oal OW Y prediction score
a
A N : e o e / /
0a®  9al OW Oal 943 abe
loss L

Gradient signal from far away is lost because it's much smaller than gradient signal from close-by.
S0, model parameters are updated only with respect to near effects, not long-term effects.

21



A Solution:

Long Short-term Memory
(Hochreiter and Schmidhuber 1997)

Basic idea: make additive connections between
time steps

Addition does not modify the last step’s gradient,
Nno vanishing

(Gates to control the information flow

Two types of memory to summarize previous
contexts at different paces.

22



| ong short-term memory

In practice, LSTM works much better than a vanilla RNN

Long term memory cell: A¢—1 <=> Short term memory state: ht—l

at—1

—
“cell state”

hi—1

RNN output at
previous time step

23



| ong short-term memory

In practice, LSTM works much better than a vanilla RNN

Long term memory cell: A¢—1 <=> Short term memory state: ht—l
Forget gate ft: how much memory do we want to forget

Input gate 2¢: how much information do we add to the memory

g¢: compute new values we want to add to the memory cell

Output gate 0t : how much information do we reflect in the next state

at—1

— .
cell state f, €001 i = o(f)
’l:t — O'(’I:t>
gy — tanh(g_t)
Ot — O'(O_t)
o : sigmoid
El@igﬁzzrriztstep Ot € [O, 1] fta ity gt7 Ot E Rd
It i ft i
W [ i1 ] +p=| " W € R**24in |LSTM is 4x larger in
Lt gt dimensionality than W € R%*2% jn RNN
| Ot | 24




| ong short-term memory

In practice, LSTM works much better than a vanilla RNN

« Longterm memory cell: At—1 <=> Short term memory state: ht—l

o Forget gate ft: how much memory do we want to forget

. Input gate 24 how much information do we add to the memory

« @t compute new values we want to add to the memory cell

« Output gate 04 : how much information do we reflect in the next state

at—1

n

“cell state

hi—1

RNN output at
previous time step

a; = ft @ a1 + 1t Q gy

ht = 0 & ta,nh(at)

where & is element-wise product

25



. ong short-term memory

at—1

n

“cell state

hi—1

RNN output at
previous time step

This addition is the secret part!

a; = ft @a—1 + 1 @ gy

changes very little step to step!
“long term memory”

ht = 0¢ ¥ tanh(at)

changes all the time (multiplicative)!

“short term memory”

20



Why Is exploding gradient a problem?

* |f the gradient becomes too big, then the SGD
update step becomes too big:

(9%(9—772—[9:

* This can cause bad updates, if we take too large a
step and obtain weird and bad parameters.

* |n the worst case, this will result in Inf or NaN error
in the network (then you have to restart training
from an earlier checkpoint).

27



Gradient clipping: solution for exploding gradient

* |f the norm of the gradient is greater than some threshold,
scale it down before applying SGD update

* [ntuition: take a step in the same direction, but a smaller step

Algorithm 1 Pseudo-code for norm clipping

g+ 35
if ||g|| > threshold then

~ , threshold A
8 ° el &

end if

28



Aside: distributional shift (or exposure bias)

« During training, we feed ground-truth words as the context to predict the next word

e During testing, we feed the model’s predicted words as the context to predict the next word

Example: text generation think: 0.6 hippo: 0.6

.
1
1
1 1 . . .
think: 0.3 || therefore: O.SII: 0.8 . % pal,ntbrLfSh' 0.3
I think therefore I am like: 0.3] machine: Q.1 learning: 0.0 : rive: . California: 0.1
am:0.4| not:0.1 just: 0.2 ' T T
I like machine learning I
f ! 1 '
I am not just a neural network :
: —
> > .
Training data :
1 1 f , 1 1
| think therefore : | drive
Training phrase Testing phrase

Distributional shift: input distribution shifts from true strings (at training) to predicted strings (at test time)

Even one random mistake can completely scramble the output!
29



Aside: scheduled sampling

 An old trick from reinforcement learning adapted to training RNNs

e Start by feeding in ground-truth tokens as input, since model
predictions are mostly nonsense.

* Inthe middle of training, randomly decide whether to give the network
a ground-truth token or its own previous prediction.

* At the end of training, mostly feed in the model’'s own predictions, to
mitigate distribution shift.

Sample Sample

1 T T T
09 j Exponential decay i Loss -
os 1 Inverse sigmoid decay \ Softmax over Softmax over /

. \ Lineas decay y t-1
0.7 - l‘ - - )
06 'l'. -
0.5 i
04 b ‘-.‘.‘ ol h(1) e+ 4 3 — h(t-1) h(t) —
03 p .
32 - -4 f f

0 é - l \--“-—1_ N ) . o4 X _/

200 400 600 800 1000

Schedules for probability
of using ground-truth token

sampled y(t-2) true y(t-2)

30



Applications of RNNs



What Can RNNs Do?

 Represent a sentence
 Read whole sentence, make a prediction
* Represent a context within a sentence

* Read context up until that point

32



Different ways to use RNNs

one to one one to many many to one many to many many to many

e.g., image captioning e.g., sentence classification e.g., machine translation  e.g., sentence tagging (POS, NER)

33



Encoding Sentences

hate thls mowe

'KKK] XIX] XIX] XIX]
& LI LI LI
> < >< >< ><

(predlct]

,ored/ct/on

* Binary or multi-class prediction

e Sentence representation for retrieval, sentence
comparison, etc.

34



Representing Contexts

| hate this movie

| 1 1 1

)

) QOO0 QOO0
> < > <
:

[predlct] [predlct] [predlct] [predlct]

/abe/ /abe/ /abe/ /abe/

e Sequence labeling

e Calculating representations for parsing, etc.

35



BI-RNNS

* A simple extension, run the RNN in both directions

| hate this movie

l } l l

r

> <
> <

b

CconcaD CconcaD GoncaD GoncaD
| | | |
[predict] (predict] (predict] (predict]
v v v v

label label label label

36



e.g. Language Moaeling

hate this movie

Cpredlct] [predlct] [predlct] [predlct] [predlct]

hate thls mowe </s>

 Language modeling is like a tagging task, where
each tag is the next word!

* Note: this is an autoregressive model

37



Understanding RNNs



What can LSTMs Learn? (1

(Karpathy et al. 2015)

* Additive connections make single nodes surprisingly interpretable

Coll unsltlvo to positlon in llne

Cell that turns on inside comments and quotes:

Oof the crossing of the Berezina lies in the fact
indubitably proved the fallacy of all the plans f
y's retreat and the soundness of the only possibl
one Kutuzov and the general mass of the army
mply to follow the enemy up. The French crowd fled
reasing speed and all its energy was directed to
t fled like a wounded animal and it was impossible
his was shown not so much by the arrangements it
b! what took place at the bridges. When the bridges
soldiers, people from Moscow and women with childrcn
ench transport, all--carried on by vis inertiae-
boats and into the ice-covered water and dldlﬂll.

Coll that turns on inside quotes:

_ Cell that is sensitive to the depth of an expression:

Cell that robustly activates inside if statements: #ifdef CONFIO_AUDITSYSCALL

_ G T 0 L —

ending, mask);

e ; < AUDIT _BITMASK_SIZE; i++)

IF_SIGPENDING); r

]
|
—
b

}
A large portion of cells are not easily interpretable. Here is a typical example:
lter fille ld"SSitring FEpres@ntation firom Wser:-space

pack_string(wWelid *"Moufp, size_t mMrEmain, s¥ize_ | Lem) : !. i _PTR{-ENAM
r | l. lnouur
3 e 0

Cell that might be helpful in predicting a new line. Note that it only turns on for some )"

D | ffer

Text color corresponds to tahn(c), where -1 is red and +1 is blue, where ¢ is one element in the memory cell.

39



What can LSTMs Learn?

(Shi et al. 2016, Radford et al. 2017)

Count length of sentence Sentiment

5 LI L L N N I N A B B |
1

Encoding Decoding

+—  Unit 109
< Unit 334
— log P(<EQOS>)

)0IIlJIllllllllllllllllllIIlllll]llllllllllllllllllllllJlllll

0 5 10 15 20 25 O 5 10 15 20 25 30

Notably, difficult for GRUS!

25 August 2003 League of Extraordinary Gentlemen: Sean Connery is one of
the all time greats and I have been a fan of his since the 1950's. I went
to this movie because Sean Connery was the main actor. I had not read
reviews or had any prior knowledge of the movie. The movie surprised me
quite a bit. The scenery and sights were spectacular, but the plot was
unreal to the point of being ridiculous. In my mind this was not one of
his better movies it could be the worst Why he chose to be in this movie

I found this to be a charming adaptation, very lively and full of fun.
With the exception of a couple of major errors, the cast is wonderful. I
have to echo some of the earlier comments -- Chynna Phillips is horribly
miscast as a teenager. At 27, she's just too old (and, yes, it DOES show),
and lacks the singing "chops" for Broadway-style music. Vanessa Williams

| b really sparkle -- with special kudos to Brlgltta
Dau and Chiara Zanni. I also enjoyed Tyne Daly's performance, though I'm
not generally a fan of her work. Finally, the dancing Shriners are a riot,
especially the dorky three in the bar. The movie is suitable for the whole
family, and I highly recommend it.

40



Efficiency Tricks



Handling Mini-batching

* Mini-batching makes things much taster!

* But mini-batching in RNNs is harder than in feed-
forward networks

 Each word depends on the previous word

e Sequences are of various length

42



Mini-batching Method

this Is an example </s>
this Is another </s> </s>
Paddin
| 0SS ' | } } } S
D |1 1 9 |1 1 1
Calculation ©@1] [@°]1] @1 D oo
| ! ! ! v Mask
J W, W, J J
W, v, J W,
— = L
v,

Take Sum




Bucketing/Sorting

* |t we use sentences of different lengths, too much
padding and sorting can result in decreased

performance

* Joremedy this: sort sentences so similarly-
lengthed sentences are in the same batch

44



Optimized Implementations of LSTMs
(Appleyard 2015)

* In simple implementation, still need one GPU call
for each time step

 For some RNN variants (e.g. LSTM) efficient full-
sequence computation supported by CuDNN

LGN i, LLaxns 1

maxwell sgemm 128x64 ™

masyvel’_sgermm_L128x64 _tn

e Basic process: combine inputs into tensor, single
GPU call

 Downside: significant loss of flexibility

45



Handling Long Sequences



Handling Long Sequences

e Sometimes we would like to capture long-term
dependencies over long sequences

e e.g. words in full documents

 However, this may not fit on (GPU) memory

47



Truncated BPI 1

e Backprop over shorter segments, initialize w/ the
state from the previous segment

1st Pass | hate this movie

! ! !
QDD QoD QODD
:
[ — [ — - \

/

2nd Pass state only, no backprop 7

—

SO bad
| | |
BHOHHB BHOHHB BHOHBHB

::

48



RNN Variants



Gated Recurrent Units
(Cho et al. 2014)

* A simpler version that preserves the additive
connections

% = oy (Wozy + Ushy_1 +b,)
Tt ZUg(Wril?t U,hi—1 br)
he = (1 — 2)|o he 1+

Additive or Non-linear

 Note: GRUs cannot do things like simply count

50



Extensive Architecture Search for LSTMs
(Greffen et al. 2015, Zoph and Le 2017)

 Many different types of
architectures tested for
LSTMs (manually or
automatically)

* Conclusion: basic LSTM
guite good, other variants
(e.g. coupled input/forget
gates) reasonable

51



Multi-scale/Pyramidal RNN

(e.g. Chan et al. 2015)

e Have different RNNs of different scales

52



Types of Prediction

RecL

rrent Neural Nets

RNN Applications

Vani

shing Gradients

Understanding RNNs
Efficiency Tricks

Handling Long Sequences
RNN Variants

Questions?
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