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Nanopore Sequencing

Nearly a markov model

+ Yet deep learning does “better”. Why?



Why Deep Learning Works

Model deficit

+ Hard to model image, speech, language, video..

alphaGo => No model deficit
Algorithm deficit

+ Hard to find optimal algorithms for known model..



Communication

e Models are well-defined
e Designing a robust code (encoder/decoder) Is critical

e Challenge: space of encoder/decoder mappings very large
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Design of codes

e Huge practical impact
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Design of codes
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e Sporadic progress
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Overview

e |Introduction to Neural Networks



Introduction to Neural Networks

Slides made by Sewoong Oh (University of Washington)



Classification

e Problem statement
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that minimizes the loss £ of our choice
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Classification

Problem statement

Given labelled examples {(X;, Y;)},, find a classifier f
that minimizes the loss £ of our choice

mfin ﬂX,Y ﬁ(f(X),Y)}

As we access the joint distribution Px ythrough samples, we minimize
the sample mean instead,

N
min - ; L(f(X:),Ys)

To avoid overfitting to the training samples, we search over a restricted

class of functions

min — S L(F(X,),Y:)

feFrF n 4

Neural networks: a parametric family with a graceful tradeoff between
representation and generalization



Neural Network of depth d and weights (Wj,..., Wy)
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Gradient computation is simple

e Choose the loss function (e.g. for binary classification)
» L, loss
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Gradient computation is simple

e Choose the loss function (e.g. for binary classification)
» L, loss

e (variants of) gradient descent are used
» Efficient gradient computation via backpropagation

f(X) = U(Wd"'O'(WQO'(WlX)) )
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Overview

e Inventing neural decoders

» Example
 Learning state-of-the-art decoders for AWGN channels

» Improving the state-of-the-art decoders for non-AWGN channels
» Literature

» Open problems



Deep learning based decoder

for practical channels

“Communication Algorithms via Deep Learning,” Kim-Jiang-Rana-Kannan-Oh-Viswanath ICLR 18
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Sequential codes

Convolutional codes, turbo codes

Practical

» 3G/4G mobile communications (e.g.,in UMTS and LTE)

» (Deep space) satellite communications

Achieve performance close to fundamental limit

Recurrent structure aligns well w. Recurrent Neural Networks



Sequential codes

e Mapping a message bit sequence b to a codeword seq.c




Sequential codes

e Convolutional codes

| > Ck1

bl

Sk = (bk bk-1, bk-2)

> Ck2

Example of a rate 1/2 convolutional code



Sequential codes

e [Turbo codes

» Concatenate codewords from two convolutional encoders

b sy Convolutional ]
Encoder TN o)

Convolutional
Encoder »  C3

» Interleaver ——




Recurrent Neural Network (RNN)

e Sequential mappings with memory




Recurrent Neural Network (RNN)

e Sequential mappings with memory

hi = f(hr—1,Ing)
Out;  Out Outk Outy = g(hg)

T T T hr = tanh(WlIng + Uhy_1)
Outk — th



Recurrent neural network and sequential codes

Out; Out; Outk
| | | hie = f(hk—1,Ing)
hi — h2 — ~—1 hx Outy, = g(hy)

| | T

N1 N> INnk
Recurrent Neural Network

C1 C2 Ck ‘ . Cut
S1 — S2 — - SK bk > bk-1 N bk-Z
b b2 bk ﬁ-} o
Sk = (bk bk-1. bk-
Convolutional codes = (D, bre1, bi-2)




Sequential codes

Sequential

encoder

message codeword



Sequential codes under AWGN

 Optimal decoders known for convolutional codes
» Viterbi (Viterbi'6/) — dynamic programming
» BCJR (Bahl-Cocke-Jelinek-Raviv'/74) — forward-backward alg.
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Sequential codes under AWGN

 Optimal decoders known for convolutional codes
» Viterbi (Viterbi'6/) — dynamic programming
» BCJR (Bahl-Cocke-Jelinek-Raviv'/74) — forward-backward alg.

e Efficient iterative decoders for turbo codes

Sequential AWGN Optimal

encoder . decoders

A

estimated

message codeword nolsy
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Non-AWGN channel

 Decoding becomes challenging
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Bursty noise

* High-power noise Is added occasionally
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Bursty noise

* High-power noise Is added occasionally
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e Decoders designed for AWGN channels fail significantly



Bursty noise

e Decoding turbo codes under bursty vs. AWGN channels

Bit Error Rate
(BER)
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Bursty noise

e Decoders designed for AWGN channels fail significantly

» Challenge 1. decoders that are robust to channel statistics?
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Bursty noise

e Heuristic decoders (thresholding) are used

Bit Error Rate
(BER)
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Bursty noise

e Decoders designed for AWGN channels fail significantly

» Challenge 1. decoders that are robust to channel statistics?

e Heuristic decoders are used

» Challenge 2. decoders that adapt better?



Our approach

e Model decoder as a neural network and learn
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Our approach

e Model decoder as a neural network and learn

 Neural network based decoder is robust and adaptive

(Kim-Jiang-Rana-Kannan-Oh-Viswanath "18)
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Main results: Robustness

e Neural decoder as reliable as traditional dec. under AWGN
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Main results: Robustness

 Neural decoder is more reliable under bursty channels

—
-
o
-

T ' T s Traditional

-
-
p—

-
o
W

-
o
IS

B
(-
-

N

7

’

’

’
¢
’

[
, !
PR | A PR ol A A \ | " PR S T

Q.
(D
M
O
Q.
(D
-

—05 0.0 0.5 1.0

SNR

Rate 1/3 turbo code, block length 1000

I
s
U1

|
=
o



Main results: Adaptivity

 Adapted neural decoder is more reliable than heuristics

Traditional
heuristic decoder
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Outline - learning a decoder

1. Convolutional codes under AWGN

2. Turbo codes under AWGN

5. Turbo codes under bursty



Convolutional codes under AWGN

 Neural networks can emulate optimal decoders

» Viterbi (Wang-Wicker '96) H- o Trosie g Output ata Sream

P

— — — -

. ® Hard-Limiter

, BCJR (Sazli-Icsik '07)

ANN Viterbi decoder (Wang-Wicker'96)



Convolutional codes under AWGN

 Can optimal decoders be learned from data alone?

e
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Decoder as a Recurrent Neural Network

e Maps (y1,Y2,y3) — bA1 ﬁz 63 ) via bi-directional RNN

RNN | = RNN = RNN




Training

e Supervised training with (noisy codeword y, message b)
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Training

e Supervised training with (noisy codeword y, message b)

A

e Binary cross-entropy loss £(b,b) = —blogb — (1 — b)log(1 — b)
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Choice of training examples

e Generate training examples (message b, noisy codeword y)

— —
) ¢ )
Convolutional R s AWGN j X
code L o’
"N \____:A‘"J.,,o




Choice of training examples

e Generate training examples (message b, noisy codeword y)
» Length of message bits b = (b, ..., bk)
» SNR of the noisy codeword y
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Choice of training examples

e Train at block length 100, fixed SNR (0dB)
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Strong generalization

e Train at block length 100, fixed SNR (0dB)
e Optimal performance for every test block lengths, SNR

10000
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Neural
— » Network |—
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Results: test block length 10000

 Neural decoder is as reliable as an optimal decoder

BER

—e Neural Decoder
10°:| == Viterbi
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Train: block length = 100, SNR=0dB



Results: test block length 100

 Neural decoder is as reliable as an optimal decoder

—e Neural Decoder
s \/iterbi
— BCJR

0 1 2 4 5 6

3
SNR
Train: block length = 100, SNR=0dB



Choice of training examples

 What if we train with noisy codewords at test SNR?

Trained at test SNR

Trained at 0OdB




Choice of training examples

 Empirically find best training SNR for different code rates

Range of best training SNR
\
1

SNR 2}
1V71/61/51/4  1/3 1/2

Code Rate



Choice of training examples

e Hardest but decodable training examples

Range of best training SNR

\ I Theoretical limit
(Shannon capacity)

SNR =2

Impossible to decode -

1V71/61/51/4  1/3 1/2
Code Rate



Hard training examples

e |dea of hardest but do-able training examples
» Training with noisy examples

» Applied to problems where training examples can be chosen



Outline - learning a decoder

2. Turbo codes under AWGN channels



Turbo code

e Concatenate codewords from two convolutional encoders

. C1

b sy Convolutional
Encoder - €2

Interleaver Convolutional

> —

(17) Encoder . C3




Belief propagation decoder

e |terations of BCJR w. interleaver (1), de-interleaver (1t-1)

B B B B
YI — ¢ mn(y1)— C yi — C mn(y1)— C
y2 — Y3 — | y2 —1 - Y3
O—F R | R %/ m R 2 n [ — R




Belief propagation decoder

e |terations of BCJR w. interleaver (1), de-interleaver (1t-1)

» BCJR: maps (prior, noisy codewords) to posterior

B B B B
YI — ¢ mn(y1)— C yi — C mn(y1)— C
y2 — Y3 — | y2 —1 - Y3
O—FI R | R %/ m R 2 n [ — R




Learning an iterative decoder for turbo

 Neural BCJR: If we could generate BCJR input-output pairs,
can we learn a neural network based BCJR algorithm?
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Learning an iterative decoder for turbo

 Neural BCJR: If we could generate BCJR input-output pairs,
can we learn a neural network based BCJR algorithm?

» Would iteration of Neural BCJR decoders mimic the iterative decoder?

e DeepTurbo: Can we learn an iterative decoder end-to-end?



Decoder as a Recurrent Neural Network

e NeuralBOR

» Iterations of RNNs w. interleaver (1), de-interleaver (1)

y1 — R m(ys)— R y1 —{ R m(y1)— R
y2 — N ys — N y2 —{ N ys —| N
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Decoder as a Recurrent Neural Network

e NeuralBOR

» Each RNN trained to mimic BCJIR

y1 — R m(ys)— R y1 —{ R m(y1)— R
y2 — N ys — N y2 —{ N ys —| N
0—~ N[ I N1 N —1. L N_
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Training

e Step 1: Neural BCJR learning

» Supervised training with BCJR input-output under AWGN channels
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Training
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Decoding turbo codes: block length 1000

e Neural decoder iIs as reliable as traditional decoder

=T T ™ T

- Turbo decoder |
e Neural turbo decoder |-
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Decoding turbo codes: block length 100

e Neural decoder is more reliable than traditional decoder

T T L

—— Turbo decoder
e Neural turbo decoder |

BER 10¢|

Rate 1/5 turbo code



Learning BP decoder from data alone

 What if BOR input-output values are not available?



Learning BP decoder from data alone

 What if BOR input-output values are not available?

» DeepTlurbo: learning the BP decoder from data alone
(Jang-Kim-Asnani-Kannan-Oh-Viswanath SPAWC "19)



Learning BP decoder from data alone

e Deeplurbo: Iteration of 12 layers of bi-RNNs
» De-coupled RNNs

» Belief vectors
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Training

e Supervised training with (y,b) under AWGN channels

» Training with hardest but do-able examples

Y1 7R R R R
Y2 — N Y3 — N Y2 —IN - Y3 LN




Neural BCJR vs. DeepTurbo

e Comparable performance

1= ~®— TURBO 10~ -& TURBO
wesw NEURALBCJR f = NEURALBCJR
10 "'; w= DEEPTURBO K=1 104 w— DEEPTURBO K=1
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SNR SNR
Rate 1/3 turbo code w/ memory 2 (100 bits) Rate 1/3 turbo code w/ memory 3 (100 bits)




Outline - learning a decoder

5. Turbo codes under bursty channels



Robustness

e Decoders for AWGN channel => test under bursty channels
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Robustness

 Neural decoder for AWGN is more reliable under bursty
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Adaptivity

 Decoder adapted to actual test channels
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Adaptivity

e Re-train neural decoder with bursty examples
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Adaptivity

e Re-trained neural decoder more reliable than heuristic dec.

| Traditional
: | heuristic decoder
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Neural BCJR vs. DeepTurbo - Adaptivity comparison

e DeepTurbo shows improved adaptivity
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Summary

 Optimal decoders can be learned for AWGN channels

» Training with hardest but decodable examples



Summary

 Optimal decoders can be learned for AWGN channels

» Training with hardest but decodable examples

e Benefits
» Robust to varying channel statistics

» Adaptive when analytically designing a decoder is hard



Overview

e Inventing neural decoders

» Example
 Learning state-of-the-art decoders for AWGN channels

 Improving the state-of-the-art decoders for non-AWGN channels
» Literature

» Open problems



Literature

e Learning a decoder from data alone vs. model-based

 Decoding sequential codes or linear block codes



Literature

e Learning a decoder from data alone

e Polar codes for AWGN channels

» Tobias Gruber, Sebastian Cammerer,Jakob Hoydis, Stephan ten Brink, “On deep learning-based
channel decoding’, 2017



Literature

e Learning a decoder from data alone

e Polar codes for AWGN channels

» Tobias Gruber, Sebastian Cammerer,Jakob Hoydis, Stephan ten Brink, “On deep learning-based
channel decoding’, 2017

» Achieving strong generalization is challenging
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Literature

e Learning a decoder from data alone

e Polar codes for AWGN channels

» Tobias Gruber, Sebastian Cammerer,Jakob Hoydis, Stephan ten Brink, “On deep learning-based
channel decoding’, 2017

» Achieving strong generalization is challenging

» Scaling to longer block lengths

BLER

Conventional iterative decoding algorithm w/
sub-blocks replaced by neural decoders

Ey /Ny [dB]



Literature

e Learning a decoder from data alone

e Nonlinear channels (e.g., molecular channels)

» Nariman Farsad, Andrea Goldsmith, “ Neural Network Detection of Data Sequences in
Communication Systems’, 2018



Literature

e Learning a decoder from data alone

e Nonlinear channels (e.g., molecular channels)

» Nariman Farsad, Andrea Goldsmith, “ Neural Network Detection of Data Sequences in
Communication Systems’, 2018

» RNN-based detection (w/o CSI) achieves the reliability of Viterbi detector with CSI

Block Detector BRNN BRNN BRNN

Stream of -
Observed Signals yi 1’2 lY?* Y4 |¥Ys Yo |¥Y7 |Y8 |¥o
Sliding BRNN BRNN I
Detector ¥ 11
BRNN
Yy v v
BRNN

Fig. 4. The sliding BRNN detector.



Literature

e Model-based decoder with learnable variables
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Literature

e Learnable variables (w) to the BP over the trellis graph
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Literature

e [raining and generalization
» Training with (noisy versions of) all-zero codewords is sufficient

due to the symmetry in the decoder structure



Literature

e Model-based decoder with learnable variables

» ViterbiNet for convolutional codes for non-AWGN channels

N. Shlezinger, Y. C. Eldar, N. Farsad and A. J. Goldsmith,
"ViterbiNet: Symbol Detection Using a Deep Learning Based Viterbi Algorithm,"
2019 IEEE 20th SPAWC, Cannes, France, 2019



Literature

e Model-based decoder with learnable variables

» ViterbiNet for convolutional codes for non-AWGN channels

N. Shlezinger, Y. C. Eldar, N. Farsad and A. J. Goldsmith,
"ViterbiNet: Symbol Detection Using a Deep Learning Based Viterbi Algorithm,"
2019 IEEE 20th SPAWC, Cannes, France, 2019

» Channels with memory: Inter-symbol-interference channels



Literature

o ViterbiNet: Cost computation of Viterbi is learned from data

o (s [])]

DNN

I}w (‘[1])

Finite mixture
model PDF

estimator

Fully connected
network




Literature

e ViterbiNet (w/o CSI) ~ Reliability of Viterbi detector w/ CSI
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Literature

e Model-based decoder with learnable variables

Subnet 2
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“Model-Driven DNN Decoder for Turbo Codes: Design, Simulation and Experimental Results,”
arX1v June 2020
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Literature

e TurboNet outperforms DeepTurbo at high SNR
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Open problems

e High SNR

e Large block lengths



Open problems

 Channels for which decoders can be improved
» Nonlinear channels (e.g., low-precision ADC)

» Deletion channels (e.g., nanopore sequencing)

recelved estimated
message codeword codeword message
Encoder Deletion O Decoder
b —1 Neural — 1 —  Neural —
Network 1 Network

1
1 Channel
0
1

o>



Open problems

e Practical aspects of neural network based decoders

» Complexity

» Testing on real channels



Open problems

e Practical aspects of neural network based decoders
» Complexity
» Testing on real channels

» Fast adaptation to varying channels

» Meta-learning!



Adapting Decoder to Channel Variations

Joint work with Yihan Jiang, Himanshu Asani, Hyeji Kim



Adaptation Hierarchy

e Train on AWGN, Test on General: Robustness

» Theory: Worst case noise

e Train on Complex channel, Test on Complex Channel:
Generality

» Theory: Optimal codes on non-AWGN

e Train on Set of channels, New channel (few training
symbols), Test on New Channel



Adaptation: Goal

e EXisting systems: Decoders adapt to channel variations by
equalization

e Equalization is typically for parametrizable multiplicative
effects

e Can we design a method to adapt to general channel
variations

» For example, noise Is not Gaussian, channel is not 1id,...



Setting

Test: Trained channels {C1,C2,....Cm}  Paradigm: Observe training symbols on ¢;
Then Adapt

Training: Possible channels {c1,c2,...,Cm}

v

Sequential » (_ Chamnel () . Decoder .
encoder . -
: estimated
message codeword NoISy
codeword Message



Multi-task learning: General Idea

Setting: K Tasks with different (x;,y;) distributions

Train: Data from the K Tasks  Ly(fo) = Y BCE(fo(x'),y\)).

MTL
(Train for average 0 0—BVe ), Lz(fo).
Of tasks) hET

Test phase: 1) Observe few samples from a random task
2) Update the model using SGD
3) Calculate test performance on the updated model



MAML: General Idea

Setting: K Tasks with different (x;,y;) distributions

Train: Data from the K Tasks  Ly(fo) = Y BCE(fo(x'),y\)).

A

1—Step Gi, = 0 — &VGLT,- (fe) — meta-learning
(Grad for task-i - - | 9 ---- |learning/adaptation

] Vs
inY L-(0))=min} L (0 —aVaLr VL
mem; 1.(6;) Hbmzi" T ( oL1,(fo)) % ,,,,,, 03

HT./ 9 :
Test: SGD on @ after observing a batch



MAML: For Channel Decoding

Setting: K Tasks = K Channels

Train: Using simulated data from K channels

Test phase: 1) On the new channel: Observe some received symbols
(with ground truth message known)
2) Update the decoder model using SGD
3) Calculate test performance on the updated model

Two performance metrics: 1) How much data”
2) How much computation?
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Convolutional Code + MAML

AWGN Channel
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BER

Convolutional Code + MAML

Radar power=2, prob=0.05
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BER

Turbo MAML Decoder
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Parameters

Parameters Convolutional Code Turbo Code
Neural Decoder 2 layer bi-GRU 2 layer bi-GRU
Number of Neural Units 200 200

Batch Size B 100 100

Meta Batch Size P 10 10

Meta Learning Rate 3 0.00001 0.00001
Adaptation Learning Rate o 0.001 0.0001
Number of Meta Update Steps 50000 50000
Block Length L 100 100

Train SNR 0 to 4dB -1.5 to 2dB
Code Rate 1/2 1/3

Testing Method

Adaptation Data

Task Update Steps K

Fine-tune
MIND-1 Meta Testing
MIND-10 Meta Testing

1000000
100
1000

10000
1
10




Summary

 Showed that adaptation is possible with much fewer
samples using MAML

o Still 100 batches of 100 training symbols each is required
for adaptation

 Proposal for practice:
» Use Equalizer to deal with multiplicative effects

» Use MAML to adapt to additive noise effects over slow-time scale




Summary

 Showed that adaptation is possible with much fewer
samples using MAML

o Still 100 batches of 100 training symbols each is required
for adaptation

 Proposal for practice:
» Use Equalizer to deal with multiplicative effects

» Use MAML to adapt to additive noise effects over slow-time scale




Overview

Introduction to Neural Networks
Inventing neural decoders
Inventing neural codes

Other applications of deep learning to information theory



Overview

e Inventing neural codes
» Example

» Learning a code for channels with output feedback
» Learning Turbo codes
» Coding for channels with block-wise output feedback

» Literature
» Open problems



Learning a code

for channels with feedback

Q)

Feedback

“Deepcode: feedback codes via deep learning,” K-Jiang-Kannan-Oh-Viswanath NeurlPS’18



AWGN channels with output feedback

e AWGN channel from transmitter to receiver

e Qutput fed back to the transmitter

X y
" Transmitter + " Receiver

y

Delay, noise




Literature

e Noiseless feedback
» Improved reliability

» Coding schemes

» Schalkwijk-Kailath scheme (Schalkwijk-Kailath '66)
» Posterior matching (Shayevitz-Feder '09)



Literature

e Noisy feedback

» EXxisting schemes perform poorly
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e Noisy feedback
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Literature

e Noisy feedback

» EXxisting schemes perform poorly
» Concatenated coding (Chance-Love '11)

» Linear codes very bad (Kim-Lapidoth-Weissman '07)

e Nonlinear codes?

"Deepcode”(Kim-Jiang-Kannan-Oh-Viswanath "18)

e Challenge:

How to combine noisy feedback and message causally?



Our approach

e Deepcode

» Model encoder and decoder as neural networks and learn

N\
b C y b
Encoder Decoder
— Neural — sy Neural [—
Network Network

A

' Féedback |
~ channel ./




Main results

 100x better reliability under noiseless feedback w. precision
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Main results

e Qutperforms state-of-the-art for AWGN feedback channel
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Deepcode

Key: Architectural innovations, ideas from communications



Outline - towards Deepcode

1. Neural network based encoder and decoder

Encoder Decoder
Neural Neural
Network Network
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Outline - towards Deepcode

1. Neural network based encoder and decoder

2. Training
Learn Learn
b C y
Encoder WZ;V\ Decoder

Network = ST Network
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Outline - towards Deepcode

1. Neural network based encoder and decoder

2. Training

3. Modification on the encoder — “Deepcode”

Encoder
Neural
Network
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AWGN |
channel

Feedback .
channel -

Decoder
Neural
Network
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Encoder as a neural network

e [wo-phase scheme

» e.g. maps information bits by by bz to a length-6 code

Phase |. Phase |l.

codeword




Phase I: send information bits

Phase |.

codeword b1 b2 b3

Encoder receives
feedback y 3 y2 y3



Phase II: use feedback to generate parity bits

Phase |. Phase |l.

codeword b1 b2 b3

Encoder receives
feedback y 3 y2 y3



Phase II: use feedback to generate parity bits

e Parity for by

Phase |I. Phase |I.
codeword b1 b2 b3 C1
T
T
b1, y1

Encoder receives
feedback y 3 y2 y3



Phase II: use feedback to generate parity bits

Phase |I. Phase |I.
codeword b1 b2 b3 C1
T
T
b1, y1

Encoder receives
feedback y1 y2 y3 y c1



Phase II: use feedback to generate parity bits

e Another parity for b4?

Phase . Phase |l.
codeword b1 b2 b3 C1 C>
T T
T T
b1, y1 b1,y1,Yc1

Encoder receives
feedback y1 y2 y3 y c1



Phase II: use feedback to generate parity bits

e Parity for b;?

Phase . Phase |l.
codeword b1 b2 b3 C1 C>
T T
T T
b1, y1 boy2

Encoder receives
feedback y1 y2 y3 y c1



Phase II: use feedback to generate parity bits

e Parity for by and b1

Phase |. Phase |l.

codeword b1 b2 b3 C1 Co1

T T
T T

b1, y1 b1,V1,Vc1, bay2

Encoder receives
feedback y1 y2 y3 y c1



Phase II: use feedback to generate parity bits

e Parity for bz, by and b1

Phase |. Phase |l.
codeword | b1 | b2 | bs C C21 | Cs321
b1, y1 b1,V1,Vc1, bay2 B1,V1,Vc1,02,Y2,Vc2,03 Y3

Encoder receives

feedback Vi Y2 V3 Vei  Ve2  VYe3



Recurrent Neural Network for parity generation

e Sequential mapping with memory

hi; = f(hi—1,Input,)
Output; = g(h;)

codeword | b1 | b2 | bs C C21 | C321
T T T
h1 h2 h3
T T T
b1, y1 Yei1, b2)y2 Yc2,03Y3

Encoder receives

feedback Vi Y2 V3 Vei  Ve2  VYe3



Outline - towards Deepcode

1. Neural network based encoder and decoder

Encoder
—  Neural
Network
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»~ channel \
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Neural
Network
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Decoder as a recurrent neural network

e Maps (V1 Y2 Vs Vei Ver Ves) -> b1 b2 b via bi-directional RNN

A A A
b1 b bs
T T T

RNN = RNN £ RNN
| | T
VA Y2 Y3



Outline - towards Deepcode

2. Training
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Training

e Learn encoder and decoder jointly— autoencoder training

“Learn”

Input OUtPUt
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Training

e Generate random bit sequences b of length K




Training

e Auto-encoder training : (input,output) = (b,b)

e Loss : binary cross entropy £(b,b) = —blogb — (1 — b) log(1 — b)
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Choice of training examples

e Length of binary bit sequence b
e SNR of AWGN/feedback channels

Encoder

— Neural

Network

“Learn”
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Choice of training examples

 Length of binary bit sequence b K=100
e SNR of AWGN/feedback channels matched to test SNR

“Learn”

Encoder AWGN | Decoder
K — Neural > channel > » Neural [—
Network , Network
Feedback .
channel -




Intermediate result

e Qutperforms S-K for a small range of SNR
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Outline - towards Deepcode

3. Modification on the encoder - “Deepcode”
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High error in the last bits
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High error in the last bits
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Encoder modification 1. Zero padding

Phase |.
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Encoder modification 2. Power allocation

Phase |.
XWi xWo xWs xWy
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=== Neural v.0 K]
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Final results

 100x improvement for noiseless feedback w. precision
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Final results

e Qutperforms state-of-the-art for AWGN feedback channel
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Generalization: block lengths

e Train on block length 100. Test on block lengths 50 & 500
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Improved error exponents

» Non-feedback scheme: BLER | as block length 4
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Improved error exponents

 Concatenated code: turbo + Deepcode

» BLER decays f
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Summary

e Deep learning based code (encoder-decoder)
» Significantly more reliable for channels with feedback

» Key: neural architecture

two phase scheme + ideas from communications



Turbo Autoencoder:
AWGN Channel Codes via Deep Learning

Yihan Jiang, Hyeji Kim, Himanshu Asani, Sreeram Kannan, Sewoong Oh, Pramod Viswanath



Channel coding as an autoencoder

e Channel coding

y Encoder —» [ |— | Noisy [, ™__, Decoder
Channel

e Autoencoder that learns to copy its input to its output



Literature

e Deep learning (DL) based code for AWGN channels

’l\f(?,l)

» Encoder — — @—» —— Decoder




Literature

e Deep learning (DL) based code for AWGN channels
DL based code achieves the reliability of (7/,4) Hamming code
(O'Shea, Hoydis '17)

e Blocklength 100 => 2100.codewords!



Literature

e Challenge: generalization to longer block lengths
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Turbo AutoEncoder

Key: Architectural innovations, novel training methodology



Our approach

e Turbo AutoEncoder (TurboAE)

» ENC and DEC as neural networks inspired by turbo code

Decoder
Neural |—»
Network

Encoder
— Neural —
Network




Main results

e TurboAE is comparable to turbo codes for block length 100

BER

10-1;
10-2é
10-3é
10-4é

10_53

i ==@= TurboAE
] == Turbo LTE
| === LDPC

=<

LDPC code

Turbo code

Turbo AE

A\

_'1

0 1 2 3

SNR (dB
a5 (Rate 1/3,100 info. bits)



Outline

1. Neural network based encoder and decoder

Encoder
Neural
Network

Decoder
Neural
Network

o>




Outline

1. Neural network based encoder and decoder

2. Training
Learn | earn
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Outline

1. Neural network based encoder and decoder

2. Training

5. Binarization of learned (TurboAE) codewords

Encoder
—  Neural
Network

o “aw
g——— ‘“-f: . '
.Pc
f
' AWGN
'd

i -‘5}'5

= channel

—

o

-
-~ —

— p—
g S~ -

-
|
'
]
'a

J

Y
:3 |
5\\ ../
P

»l

Decoder
Neural
Network

o>




Outline

1. Neural network based encoder and decoder
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e Concatenate codewords from two convolutional encoders

Inspiration from Turbo code

» Long term memory via interleaver

Convolutional
Encoder

Interleaver

(1)

—

Convolutional
Encoder




Encoder as a CNN with an interleaver

e 1D convolutional neural network

» CNN — — (1
b * cNN ——| Power —— C2
Normalizer
Interleaver CNN

—> () — — — (3




Outline

1. Neural network based encoder and decoder
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Belief Propagation Decoding

e |terations of BCJR w. interleaver (1), de-interleaver (1t-1)

» BCJR: maps (prior, noisy codewords) to posterior

B B B B
YI — ¢ mn(y1)— C yi — C mn(y1)— C
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Belief Propagation Decoding

e |terations of BCJR w. interleaver (1), de-interleaver (1t-1)

» BCJR: maps (prior, noisy codewords) to posterior

B B B B
YI — ¢ mn(y1)— C yi — C mn(y1)— C
y2 — Y3 — | y2 — S LN
O—F R m R | m "Rrlin — R P

e Earlier: RNN decoder can be learned solely from data
(Jang-Kim-Asani-Kannan-Oh-Viswanath '19)




Decoder as a CNN

 Model decoder as a CNN with a vector belief propagation
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2. Training
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Training

e Generate random bit sequences b of length 100

e Simulate the AWGN channels
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Training

e Auto-encoder training : (input,output) = (b,b)

e Loss : binary cross entropy £(b,b) = —blogb — (1 — b) log(1 — b)

“Learn”
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b C y b
Encoder Decoder
— Neural — » Neural [—
Network Network

Backpropagation

—



Training

e Alternate training of encoder and training of decoder

Learn
— T A
b c y b
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Encoder AWGN Decoder
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Training

e Alternate training of encoder and training of decoder

Learn
T~ N
b c y b
e ihidhdl
Encoder AWGN Decoder

—1 Neural — - channel >)—> " Neural [—
Network N Network




Training
e Alternate training of encoder and training of decoder

» Encoder 100 times & decoder 500 times

» Principle: (For each code, learn near-optimal decoder)

Learn | earn
b c y b
Encoder F i awen ) ‘ Decoder
—1 Neural — % channel " Neural | —
Network o Network




Training choice 1. Alternating training

e Joint training of encoder and decoder results in a local optima

1 | —-= Joint Training

- !'\ — = Separate Training

L | ~ == Turbo Performance
Joint training
10—3_: /
Test loss
. / Alternating training

10"

Training Iterations



Training choice 2. SNR

e SNR of AWGN channels

Learn at test SNR Learn at Mixture SNRs (-1.5 to 2db)
b e y — b

Encoder mzN Decoder

Network = ST Network




Training choice 3. Batch size

e Batch size iIs critical

» Large batch size is necessary (>500!)

Test Lloss

10_2?

10_3?

10_4?

. \ —-:= B=500
\ —-= B=100
‘ - == Turbo Performance

Batch size 100

i

/ Batch size 500

0 100 200 300 400 500 600 700 800

Training iterations



Main result

e Achieve the reliability of turbo codes for block length 100

Turbo code

BER
Turbo AE

_6 |
10 ] - TurboAE
] =g Turbo
10—7__ mge= | DPC

(100 bits, Rate 1/3)



TurboAE: Results

« non-AWGN: TurboAE harvests encoder flexibility:
» 11d non-Gaussian Channel (ATN)

» non-iid Markovian AWGN channel

Additive T-distribution Noise Channel Non-iid Markovian AWGN Channel
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Block length gain

e TurboAE has a block length gain

CNN AE
103
BER 10"4-5 / Turbo AE
\,\ Turbo code
10_5? ///////
| w—t— CNN-AE
: =@®= TurboAE /
| =—v== Turbo

25 50 75 100 125 150 175 200

Blocklength



Generalization across interleavers

* Fix an interleaver during training, and test with various interleavers

BER

10"

10 = -

10_33

10_43 ==
1 —&— Test with random interleaver 1

| —»— Test with random interleaver 2
1 —+— Test with random interleaver 3

1 —@— No interleaving
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Generalization across interleavers

* Fix an interleaver during training, and test with various interleavers

» No overfitting to the interleaver used in the training

No interleaver

10"

10 = -

BER

10_33

Matched interleaver

Mismatched random
Interleaver

1 —@— No interleaving
10—4 4 — - trained and test on same interleaver
—&— Test with random interleaver 1
| —»— Test with random interleaver 2
1 —+— Test with random interleaver 3

\
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Outline

3. Binarization of TurboAE code
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Binarization of TurboAE

e Binarizer: Output = sign(Input)

> CNN — — — C1
b " CNN Powgr Binarizer'_> €2
Normalizer
Interleaver
5 5 CNN |— — —
() Cs
Backpropagation
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Training through Straight-Through-Estimator

STE (forward)

1.0

0.51

0.0

—0.51

—1.0-

No Gradient

STE (backward)

1.0+

0.51

0.01

_0.5 4

—1.0-

-3 -2 -1 0 1 2

Non-trivial Gradient

z = sign(b)
dz __ 1 _
9 — Libl<



Effect of binarization

e Reliability remains almost the same after binarization

BER
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TurboAE: Results

« non-AWGN: TurboAE harvests encoder flexibility:
» 11d non-Gaussian Channel (ATN)

» non-iid Markovian AWGN channel

Additive T-distribution Noise Channel Non-iid Markovian AWGN Channel
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Summary

e TurboAE

» Reliability comparable to modern codes at block length 100

» Key: Architectural innovation (long term memory by interleaving)

& Training methodology



Summary

e TurboAE

» Reliability comparable to modern codes at block length 100

» Key: Architectural innovation (long term memory by interleaving)

& Training methodology

» Improves reliability for non-AWGN channels



Open problem

e Longer block length, High SNR



Open problem

e Longer block length, High SNR

e Interpretation



Open problem

e Longer block length, High SNR
e Interpretation

e Extension of TurboAE architecture to other applications



Remark

e Source code

» https://github.com/yihanjiang/turboae

e Paper will be available soon

» “TurboAE: channel codes via deep learning”
Y. Jiang, H.Kim, H. Asani, S. Kannan, S. Oh, and P. Viswanath, NeurlPS 19


https://github.com/yihanjiang/feedback_code
https://github.com/yihanjiang/feedback_code

TurboAE: Joint Modulation and Coding



Joint Coding and Modulation

» TurboAE automatically learns coding + mod together.

» But Learning separately allows rate adaptation using same code.

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Transmltter
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e
5 <)
,.________________39991}’9[ _________________
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Information Source Channel Demodulate :
Sink Decoder : Decoder /Detect :
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TurboAE with modulation

e All modules are neural network

» Mod/Demod is small FCNN.
» TurboAE is CNN+interleaver.

Channel Channel

Encoder T Channel T Decoder




Training Algorithm

e |f no TurboAE initialization, the performance drops.
e Just training modulation is suboptimal.

e Joint optimization lead to best performance

—— No TurboAE initialization
—+— Only Train Mod
—&— Joint Train Mod and Code

10_1?

10_2;

BER

10_3?

10_4?

3.0 3.5 4.0 4.5 5.0 5.5 6.0 6.5 7.0
SNR



AWGN Performance

 Benchmarks:
» Turbo+QPSK/8PSK/160AM
e TurboAE-STE:
» Still use QPSK/8PSK/160AM
 TurboAE Norm:
» Learned constellation.
e Better at low SNRs.
» High SNR performance not good



BER

AWGN Performance

=t Turbo+QPSK
~#- TurboAE Norm
w= TurboAE STE



AWGN Performance

wepe= Turbo+8PSK

~#)- TurboAE Norm
weeee TurboAE STE




BER

103

3.0

AWGN Performance

wepe= Turbo+16QAM
~#)- TurboAE Norm
w— TurboAE STE

3.5 4.0 4.5 5.0 5.5 6.0 6.5
Total Rate 4/3, SNR




BER

Non-AWGN performance

e ATN is much better than AWGN.

e Joint optimization is good:

101 10.l ] Y y
= Turbo+QPSK === TurbolLTE + 16QAM

2 ~@- TurboAE Norm —— ~@~ TurboAE Norm
10 w—= TUurboAE STE 10-2 \ == TurboAE STE

\
10-3 \

S 1073
— @
10-4 o
\ \ -4
oS \ \ 104 -a
105 T ! l ! 1 10°° + T T T ) T T T

-1.0 -0.5 0.0 0.5 1.0 1.5 2.0 3.0 3.5 4.0 4.5 5.0 5.5 6.0 6.5



Feedback code with block output feedback



Deepcode: Recall

e Deepcode

» Model encoder and decoder as recurrent neural networks
and learn them jointly
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Deepcode: Performance

 100x better reliability under noiseless feedback w. precision

10‘1E | - T T 3 | Schalkwijk-Kailath
» - |~ 64 bit precision

RER | Deepcode
109) 16 bit precision
{ :
10'6%
) :r - = Turbo
|

o—e [Deepcode

o

-
o

~1.0 -05 0.0 05 1.0 1.5 2.0

SNR (dB)
(Rate 1/3, 50 bits)



Deepcode: Limitation

e Limitation of deepcode

» Deepcode does not have a block-length gain
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Deepcode: Limitation

e Limitation of deepcode

» Deepcode does not have a block-length gain

» Requires feedback with unit-step delay



Deepcode: Limitation

e Limitation of deepcode

» Deepcode does not have a block-length gain

» Requires feedback with unit-step delay

e Feedback Turbo Autoencoder addresses these Limitations!



Block-wise output feedback

« Message: b = binary sequence of length k

e Code rate 1/3:x = (X1, ..., X3k)

b X y
» Transmitter -+ { Receiver

y

Delay, noise




Block-wise output feedback

« Message: b = binary sequence of length k

e Code rate 1/3:x = (X1, ..., X3k)

e Block feedback:

At time k+1, Tx gets (v, ...

» Transmitter

,Yk); At time 2k+1, Tx gets (Yk+1, ...

L

Delay, noise

» Receiver

y

, Y2K)



Outline

1. Neural network based encoder and decoder
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Outline

1. Neural network based encoder and decoder

2. Training
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Outline

1. Neural network based encoder and decoder
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Inspiration from Turbo code

e Concatenate codewords from two convolutional encoders

Convolutional
Encoder

Interleaver

(1)

—!

Convolutional
Encoder




e Concatenate codewords from two convolutional encoders

Inspiration from Turbo code

» Long term memory via interleaver

Convolutional
Encoder

Interleaver

(1)

—

Convolutional
Encoder




Encoder as a CNN with an interleaver

e 1D convolutional neural network

> CNN — C1




Encoder as a CNN with an interleaver

e 1D convolutional neural network

CNN

AWGN




Encoder as a CNN with an interleaver

e 1D convolutional neural network

" CNN —

AWGN

b " CNN [




Encoder as a CNN with an interleaver

e 1D convolutional neural network

" CNN —
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Encoder as a CNN with an interleaver

e 1D convolutional neural network

C(NN — €1 ——|AWGN [— VY1
'
N . » € —|AWGN— V2
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Interleaver U eNN C3
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Outline

1. Neural network based encoder and decoder
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Belief Propagation Decoding

e |terations of BCJR w. interleaver (1), de-interleaver (1t-1)

» BCJR: maps (prior, noisy codewords) to posterior

B B B B
YI — ¢ mn(y1)— C yi — C mn(y1)— C
y2 — Y3 — | y2 — S LN
O—F R | R 7| m R 2l [ —R [




Decoder as a CNN

 Model decoder as a CNN with a vector belief propagation
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Outline

2. Training
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Training

e Auto-encoder training : (input,output) = (b,b)

e Loss : binary cross entropy £(b,b) = —blogb — (1 — b) log(1 — b)

“Learn”
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Two stage training

1. Train FTAE without feedback until convergence

2. Train FTAE with feedback



Two stage training

1. Train FTAE without feedback until convergence

» Let feedback signal y ~ N(0,0.017)



Two stage training

1. Train FTAE without feedback until convergence
» Let feedback signal y ~ N(0,0.017)
» Training techniques
- Large batch size

- Alternating training of the encoder and decoder (5x)



Two stage training

1. Train FTAE without feedback until convergence

2. Train FTAE with feedback



Two stage training

1. Train FTAE without feedback until convergence
2. Train FTAE with feedback
» Training techniques
- Large batch size

- Alternating training of the encoder and decoder (equally)



Results

e FTAE outperforms Deepcode at high SNR

1071 = 7 —>— Turbo Code

? —— DeepCode
—»— FTAE

107° :
]

-20 -15 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0
SNR

(Rate 1/3, 50 bits, noiseless feedback)



Results

e FTAE demonstrates block length gain:

» BER { as block length f

1072 -
] —»— Turbo Code
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Conclusion

e Feedback Turbo Autoencoder

» CNN based code for channels with feedback, inspired by turbo codes

» Two-stage training



Conclusion

e Feedback Turbo Autoencoder
» CNN based code for channels with feedback, inspired by turbo codes
» Two-stage training
» Outperforms existing codes in reliability

» Achieves a block length gain



Conclusion

e Feedback Turbo Autoencoder
» CNN based code for channels with feedback, inspired by turbo codes
» Two-stage training
» Outperforms existing codes in reliability

» Achieves a block length gain



Survey of Other Directions to Invent Code



Discovering neural codes

- AWGN

» Neural (7,4) code: BER ~ BER of (7,4) Hamming code

CLote Y (o) (7 e )
S
—— —~—
BRI AE 5| (")
: 3 = ~ < i ;
15| x] [2] |y & || g3 |||,
se—>|[1| P 3 S e | | < T s P0.85]]|[>S
0 s | = 3 < 2 3 0.03
|| £ || E 8 S g2 -
. = : 8 .
\o/ | = || 7 = \ 0.01 /

-

\ Transmitter j \Channel / Receiver /

T. O’Shea, J. Hoydis, “An Introduction to Deep Learning for the Physical
Layer” 2017



Discovering neural codes

- AWGN

» Rate 1 (128 info. bits.) BER ~ 5dB better than QPSK

Companson of CNN and DNN AEs Dropout 0.01

Dense( 256, linear)

—_ o
3 Conv(4,11) 2 0 \
s ) - = QPSK Theoretical \
. < Dense( 256, linear) 5 10* - - QAM16 Theoretical
Dense( 256, linear) = ) B . —— CNN CE Linear/sigmoid Unils @ 5
. S Dense( 256, linear w 107 —— CNN MSE Linearfinear Unils @ 5 dB
Conv(2,11,linear) O D 128_ i D e DNN CE Linear/sigmoid Units @ 5 dB
ense( ) 'near) DNN CE RelU/sigmoid Units @ 5 dB SRR
107 = DNN MSE Linearflinear Units @ 5 dB SR
Encoder . IR DNN MSE ReLUflinear Units @ 5 dB SNR
-10 5 0 : 10 15

SNR Eb/NO (dB)

T. O’Shea, K. Karra, and T. C. Clancy, “Learning to communicate: Channel
auto-encoders, domain specific regularizers, and attention” 2016



Discovering neural codes

* No clean model: variation of AWGN channels

- . 109
Phase I: End-to-end training on stochastic channel model
, , 1 ~ 107 |
Stochastic
— Transmitter ——{ channel Receiver > 10-2
model ) e
Training =
J 10—3
Phase II: Receiver finetuning on real channel 104 L GNR DQPSK
—e— Autoencoder ‘
p . —o— Finetuned Autoencoder |

—

10-5 L
Transmitter Real J Receiver > 56 58 60 62 64 66 68
channel [ Transmit gain [dB]

___“ramning 8 bits, 4 (complex) symbols
under a wireless channel

S. Dorner, S. Cammerer, J. Hoydis, and S. ten Brink, “Deep learning-based
communication over the air’, 2017

Aoudia and Jakob Hoydis, “End-to-End Learning of Communications
Systems Without a Channel Model” 2013

70



Discovering neural codes

* Clean channel (erasure) / source is complicated (text)

» Joint source channel coding

S S
____________ Encoder softmax[] L] -+~ [ |
[ BLSTM, J— ‘[ LSTM, J
' | ib Channel 0; '
E( BLSTM, J‘ Binarizeri § —{ LSTM, J E
] | Dense i EDense ‘ |
"""" B I I

Wi W, <eos> i <s08> Wy W,

Decoder

N. Farsad, M. Rao, and A. Goldsmith, “Deep Learning for Joint Source-
Channel Coding of Text’ 2018



Discovering neural codes

* Clean channel (erasure) / source is complicated (text)
» Joint source channel coding

» Improved reliability, evaluated by human

— bt

____________ Encoder softmax[_] [ 1
[ BLSTM, J— 4[ LSTM, J
| ib Channel 0;
( BLSTM, }- Binarizer} ~[ LSTM, J
Dense i ;Dense ‘
.................. .I.--------------------. ]
Wi W; <eo0s> <s0s> Wy W1

N. Farsad, M. Rao, and A. Goldsmith, “Deep Learning for Joint Source-
Channel Coding of Text’ 2018



Deep Learning Polar Design

* |dea-1: Fix the code and learn which bits are good

» Ebada, et al, “Deep Learning-based Polar Code Design”

» |dea-2: Use Reinforcement Learning to optimize the starting
code for polar code

» Huang, et al, "Reinforcement Learning for Nested Polar Code
Construction”



Discovering neural codes

» Coded computation

» J. Kosaian, K.V. Rashmi, and S. Venkataraman, “Learning a Code: Machine
Learning for Approximate Non-Linear Coded Computation”, 2018

* Orthogonal frequency-division multiplexing (OFDM)

» A. Felix, S. Cammerer, S. Dorner, J. Hoydis, and S. ten Brink, “OFDM-
Autoencoder for end-to-end learning of communications systems’”, 20138

» M. Kim, W. Lee, and D. H. Cho, “A4 novel PAPR reduction scheme for
OFDM system based on deep learning”, 20138

* Multiple-Input Multiple-Output (MIMO)

» T.J. O’Shea, T. Erpek, and T. C. Clancy, “Physical layer deep learning of
encodings for the MIMO fading channel”, 2017



Open problems

 Canonical and benchmark : AWGN
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 Canonical and benchmark : AWGN

Open problems - 1

» Challenge 1. neural code that has a long range memory

» Challenge 2. Error floor at high SNR
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Open problems - 2

» Channels with no good codes: deletion channel

» Practical (e.g. lack of synchronization, DNA sequencing)
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1 Channel
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Open problems - 2

» Channels with no good codes: deletion channel
» Practical (e.g. lack of synchronization, DNA sequencing)
»  Optimal codes known only if deletion probability v. small

» No practical code exists; capacity unknown in general

recelved estimated
message codeword codeword message
Encoder ) O Decoder A
b —1 Neural Deletion — 1 —  Neural — b
Network 1 Network

1
1 Channel
0
1



Open problems - 3

* Network information theory setting

» Relay, interference, Coordinated Multipoint (CoMP)



Applications of Deep Learning to Information Theory



Applications of Deep Learning to Info Theory

 Compressed sensing

 DeepCodec: Adaptive Sensing and Recovery via
Deep Convolutional Neural Networks

* Mutual Information estimation

* MINE - Mutual Information Neural Estimation

« CCMI - Classifier-based mutual information estimation
 Low Rank Matrix Decomposition

* |Indyk et al, "Learning-Based Low-Rank
Approximations”

» Coded computation
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