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Sequence models (NLP) «— ConvNets (Vision)

'Sequence to sequence learning is the basis
for 25% of papers at ACL'17"

— ACL'17 Keynote by Mirella Lapata



Neural Sequence Modeling

machine translation
language modeling | want some beef noodle soup.
text summarization l

question answering

parsing ﬁ?&?\%%ﬁtlzmg@o

dialogue, chatbots
paraphrasing

Also for biology (modeling protein sequence),
RL (AlphaStar)
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This talk

e Depth-Adaptive Transformers
Do you need a huge model to process simple inputss

e Lightweight and Dynamic Convolutions
More efficient architectures for sequence modeling
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e Large models are everywhere: -
e GPT2-1.5B parameters

« WMT19 En-De winner: ensemble of 2B parameters .

o Massively Multilingual NMT - 50B parameters § ~ wesres

# of parameters in LM

® Massively multilingual with 50 billion parameters
® Massively multilingual with 6 billion parameters
® Massively multilingual with 400 million parameters

+15 BLEU
+10 BLEU

+5 BLEU

Bilingual Baselines — WW

-5 BLEU

High Resource Languages Low Resource Languages
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e Common ways to reduce model size
o Distillation
e Parameter pruning

e.g., Reducing Transtformer Depth on Demand with Structured Dropout. A Fan, E Grave, A Joulin. arXiv, 2019.
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Key |deas

e Make number of network layers input dependent.
e Attach output classifier at multiple locations of network.
e Predict how many layers based on the input.
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Image classification

'
L]

'
L]

¢
L]

12



Computer Vision
Image classification

12



Computer Vision
Image classification

cat

[ ]
'4

cat

/D

cat

Huang et al.,, "18

12

multiple output classifiers



Computer Vision
Image classification

13



Computer Vision
Image classification

13



Computer Vision
Image classification

13



Computer Vision
Image classification

13



Computer Vision
Image classification

C R ]
o o e 5 \
B A bl
"\ W \ : r
£ ) " -

13



Computer Vision
Image classification

'
L]

'
L]

¢
L]

N

cat

Huang et al.,, "18

13



Computer Vision
Image classification

Stop when output classifier
reaches threshold.

cat

Huang et al.,, "18
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Computer Vision
Image classification

Stop when output classifier
reaches threshold.

Multiple output classifiers can be an issue:

ImageNet 1K 1,000 classes
NMT 32,000 classes
Billion Word LM 800,000 classes

cat

Huang et al., 18 Compute those at every layer!
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NLP: Adaptive-Depth on Sequence Level

e Focus on decoder network

e Exit classifier predicts depth for
all tokens

e Attach output classifier after
every block

e Use output classifier once per
token!
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NLP: Adaptive-Depth on Token Level

e Exit classifier per token

e Multinomial / binomial

e Missing blocks: Copy last one +
recompute keys/values

ich trinke tee
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NLP: Adaptive-Depth on Token Level

e Exit classifier per token

e Multinomial / binomial

o I\/Ilssmg blocks: Copy [ast one +
recorg

ich trinke tee

exit classifier D D

binomial l*\*l

decoder D D I:I copy missing block!

L] CI\

15 tea



Mixed State Training: Mitigate train/test mismatch

e Sample M paths, copy if needed, and train on this data
<S> | drink
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Aligned State Training

e Does not address train/test mismatch
e Simply trains with all states (‘aligned”) as usual.

<S> | drink
[ [ [
l\%&
‘%‘ tea
‘%‘ tea

\

| drink tea
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Mixed State Training: Mitigate train/test mismatch

Experiment #1 Experiment #2
Generate with random exit Generate with fixed exit
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Training

e Exit classifier supervision
» Exit with highest likelihood (of correct token)
e Lowest exit at which the correct token is the argmax
» Penalty to encourage lower exits
» For sequence-level or token-level

e Phase 1: Aligned training wjo exit classifier
e Phase 2: Add exit classitier

19
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W M T/" 4 E ng‘ IS h B F renc h Thresholding vs. Exit Classifier!
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Related Work

e Adaptive Computation Time (Grave “16): RNNs

e Universal Transformers (Dehgani et al., "18): repeated application of the same
layer, different goal.

e Multi-scale DenseNets (Huang et al., “18): classification / structured prediction

23



Summary

e We can half the effectively used model at no loss in accuracy.
e Modern sequence models resilient: models can naturally deal with copied states.

e Future work: Applications to other sequence modeling tasks!



This talk

e Lightweight and Dynamic Convolutions
More efficient architectures for sequence modeling

25



Research questions

e Neural sequence models make heavy use of self-attention (Transformer)
e QT:Is self-attention critical to get good performance?

e Q2:Can we do well on a range of NLP tasks with limited context (with a more
efficient mechanism)?
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n: sequence length

Architectures for Sequence Modeling k: kernel size

Rumelhart et al., 1986
RN NS Hochreiter and Schmidhuber, 1997
Choetal, 2014

h, = f(x, h,_;)
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n. sequence length

Architectures for Sequence Modeling k: kernel size

Waibel et al., 1987

C N NS LeCun et al,, 1989
Sifre et al,, 2014
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n: sequence length

Architectures for Sequence Modeling k: kernel size

Cheng et al., 2016

Self-Attention Parikh et al., 2016
Vaswani et al,, 2017

= Z i X,
=1
o Pl X))
X exp(f, X))
h3
g
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Architectures for Sequence Modeling

RNNSs CNNs
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n. sequence length

Architectures for Sequence Modeling k: kernel size
RNNSs CNNs Self-Attention
Time Complexity O(n) O(kn) O(nZ)
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n. sequence length

Architectures for Sequence Modeling k: kernel size
RNNSs CNNs Self-Attention

Dynamic Weights
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Challenges with Dynamic Convolutions

e® Too many weight parameters to predict
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Challenges with Dynamic Convolutions

e® Too many weight parameters to predict

# of parameters

perlayer: N X (dxd X k) =128 x (512 x 512 x 3) ~ 100M

/A \ vs. (512%512%3) ~ 0.8M
sequence length hidden size  kernel size
Solution:
2 00 O



Lightweight Convolutions reduce parameters

e Convolution: hidden size kernel size

dde3 ~ 786K

Outputs: [3 s 9]
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Lightweight Convolutions reduce parameters

e Convolution:

dXdXk=512X512%X3 ~ 786K

e Depthwise Convolution (Sifre, 2014):
st 2nd

dX1Xk=512X1Xx3~1.5K Head Head

e Lightweight Convolution
HX1Xk=4X1X3=12

e Dynamic Convolution

nAH X 1 X k — 4 X 1 X 3 =n X 12 One color corresponds to a convolution kernel with 3 parameters

\

# of time steps



Replacing Self-Attention Decoder

Transformer (Vaswani, et al. 2017) TARGET SEQUENCE
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Replacing Self-Attention Decoder

Transformer (Vaswani, et al. 2017) TARGET SEQUENCE
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FEED FORWARD
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On WMT newstest2013

Performance vs. Speed En-De Translation
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M 564 (larger window + DropConnect)
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X
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Measured on P100 Inference Speed (sentence /sec) —
with bsz 256



On WMT newstest2013

Performance vs. Speed De Transiation
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X
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Measured on P100 Inference Speed (sentence /sec) —
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On WMT newstest2013

Pe I’]CO rfmance Vvs. Speed En-De Translation
! D ic C luti
+ Self-Attention x —ynamic Lonvolution
26.8 \
- 26.6 s Lightweight Convolution
Lu X - .
m Depthwise Convolution
26.4
26.2
N CNN
X
* CNN .
- -
25.8 Self-Attention
50 55 60 65 70
Measured on P100 Inference Speed (sentence /sec) —>

with bsz 256



On WMT newstest2013

Performance vs. Speed =n-De Transiation
o D ic C luti
n I » Dynamic Convolution
26.8 Self-Attention
with limited window
Lightweight Convolution
—~ 26.6 X
LL] % | |
= Depthwise Convolution
2606.4
206.2
= CNN
X
* CNN .
- -
o5 g Self-Attention
50 55 60 65 70
Measured on P100 Inference Speed (sentence /sec) —

with bsz 256



Machine Translation
(BLEU score, the higher the better)

I Self-attention ~ LightConv

Transformer (fairseq)

" DynamicConv

WMT En-De WMT En-Fr WMT Zh-En IWSLT De-En

30 44 24.5 35.5

24.3 35.2
29.5 43.5
D) 24.1 34.9
=
m 29 43
23.9 34.6
28.5 42.5
23.7 34.3
28 42 23.5 34




Text Summarization & Language Modeling

I Self-attention LightConv " DynamicConv

CNN/Dailymail One Billion Word

37 29

higher the better lower the better

Shazeer et al, '17

36.8
(10x more params.)
28
- 2
T 36.6 =
o) X
o i Q@
S o
C 36.4 S_J
27
36.2

N}

36

26




Summary

o (limited window) is sufficient for several NLP tasks
o context-specific kernels
o fewer convolution weights still work well

Code available in

Scan me




Questions

Alexei Baevski  Angela Fan Jiatao Gu Edouard Grave Felix Wu Maha Elbayad Yann Dauphin



Backup slides
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(a) Src: Chi@Qrac , the Prime Minister , was there .
Ref: ChiQQrac , Premier ministre , est 1a .
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Self-Attention Dynamic Convolution
Block Block

|

GLU _ _—
(optional) (a non-linear activation)
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Self-Attention Dynamic Convolution
Block Block

llllllllllllllllllllll

: | Linear |:

-----------------------

GLU . —
(optional) (a non-linear activation)

Weight computation
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Self-Attention Dynamic Convolution
Block Block

4_ Temporal aggregation —| LightConv

Weight computation

llllllllllllllllllllll

: | Linear |:

-----------------------

GLU _ _—
(optional) (a non-linear activation)
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Self-Attention Dynamic Convolution
Block Block

Output Output

Llnear <+<—— Qutput projection ——— Llnear

ﬁh Temporal aggregation —> nghtConv

Weight computation

llllllllllllllllllllll

: | Linear |:

-----------------------

GLU _ _—
(optional) (a non-linear activation)
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How important is softmax-normalization?

Method BLEU
W (No normalization) diverges
softmax (W) 26.9 + 0.2
a(W) 26.6 + 0.3
tanh(W) 25.6 = 0.2

WW1 p diverges

4%

T7a P 26.8 = 0.2
power(W, 2) diverges
abs(W) diverges
||E;EA)§?|V1V+)6 diverges

abs(W) 1
W ate 26.7 + 0.2

Table 6: Alternatives to softmax-normalization in DynamicConv on WMT English-German new-
stest2013 (e = 1079),

57



