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Error Correction Code: Setting

» Goal: allow reliable data transmission over a noisy communication channel.

* Adesired binary message m is encoded to a redundant codeword x = Gm over GF(2) and modulated
(via BPSK) to xg.

* The noisy channel adds (AWGN) noise z such that y = x4 + 2.
* The (parameterized) decoder fo(y) aims at retrieving the original codeword x from y.

Decoder

* The parity check matrix H € {0, 1}(®~0> js defined such that GTH = 0 = Hx = 0.
* The parity check equations allows parity check errors discovery: H(x + z,) = Hx + Hz,, = Hz,,
* The Tanner graph is the graph representation of H (edge for 1 in each column)

PC Matrix




Neural Decoders

s Two main families of neural decoders:

* Model-based decoders implement augmented parameterized versions of the classical Belief Propagation decoder
built upon the Tanner graph (graph representation of H).

* Pros:
* Invariant to the codeword (robust to codewords overfitting)
* Built on iterative legacy methods

* Cons:
» Suffers from heavy and restrictive inductive bias.
* Improvement vanishes as the code length and the number of iterations increase

* Model-free decoders employ general types of neural network architectures (e.g., MLP, RNN)

* Pros:
* Total freedom in model design

* Cons:
1. Overfitting (exponential number of codewords for training) [1] y X

2. Difficulties in learning the code [2]
3. Lack Iterative formulation [3]

* Consin Common :
4. Lack Code invariance (one decoder must be designed and trained for each code/rate/length)

[1] Deep learning for decoding of linear codes-a syndrome-based approach, A. Bennatan, Y. Choukroun and P Kisilev, ISIT18
[2] Error Correction Code Transformer, Y. Choukroun and L. Wolf, Neurips22
[3] Denoising Diffusion Error Correction Codes, Y. Choukroun and L. Wolf, ICLR23



One needs to develop, train, and deploy one neural decoder for each family of code, length, and rate.

How can we develop a single universal neural decoder
which is code/length/rate invariant?
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Code-Invariant Initial Embedding

* In ECCT, a unigue model is crafted for every code and length where the initial embedding is designed such that each input bit
possesses its distinct embedding vector, providing, as a byproduct, a learned positional encoding.

* In our length-invariant model (FECCT), we propose a new code-invariant embedding, where a single embedding is given for all
magnitude elements, and two embeddings are given for every element of the binary syndrome.
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* This new length/rate-invariant initial encoding requires
three embedding vectors compared to the 2n — k vectors of the ECCT.

Emb.

* In contrast to ECCT which captures the bit position with learned embedding,
our method lacks positional information.




Tanner Graph Distance Masking
as Code and Positional encoding

* FECCT’s masking serves two purposes.
* Similar to ECCT, it integrates the code structure into the transformer.

* Adds the relative position information to the processed elements.

* The Tanner graph captures the relations between every two bits in the code (relative positional encoding).

* We consider the distance matrix g(H) € N@n-l)x@Zn-k) induced by the code (Tanner graph).

* Each element (i, ) in this matrix is defined as the length of the shortest path in the Tanner graph between node i and node j.

* We learn a parameterized mapping P: N — R of the distance matrix, incorporated into the self-attention

Qf;) o w(G(H)))V.

Ag(Q, K, V) = (Softmax(

* This attention mechanism generalizes the ECCT which captured only up to two rings information.
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Parity-Check Aware Prediction

* ECCT makes use of two fully connected layers (least length invariant modules) for the final prediction ((2n — k) — n)

* ECCT’s learned output layer is (surprisingly) greatly induced by the code/parity check matrix.
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* Motivated by this phenomenon, we explicitly enforce a similar dependency structure.

* By splitting the syndrome and the channel output elements we integrate the remaining syndrome information by aggregation
according to the parity check matrix connectivity

= (oWt + H” (¢0.5Ws)) Was1

* This way, the final prediction is code-aware but also code/length invariant.

* Finally, the FECCT being invariant its number of parameters is independent of the code.




Experiments

* Trained on multiple codes, our single decoder (with

smaller capacity) can match and even outperform other
methods designed and trained separately on each code,

in multiple scenarios

* Pretrained codes

» Zero-shot codes

* Fine-tuned codes

Code Length

Code Rate

Supervision Unlearned Fully supervised Zero-Shot
Method BP Hyp BP ARBP ECCT Ours
Ey/No i 5 6 4 5 6 4 5 © 4 5 © 4 5 6
408496 607 448 607 845 480 643 8.69
BCH(63,45) 436555 726 464 627 851 497 690 9041 187241020 5.187.3210.31
434529 635 464 608 816 495 6.69 9.18
BCH(63,51) 450582 742 480 644 858 5.17 7.16 953 937961122 5718071131
BCH(12792) NA NA NA NA NA NA NA NA NA 410571 838 4.11584 879
BCH(255.163) NA NA NA NA NA NA NA NA NA 334 413 580 3344.13 576
cCsDS(128,64) 6399651378 69910571527 7.25109916.36 (7710511590  6.529.67 15.01
CCSDS(3216) NANA NA NA NA NA NA NA NA 593 7.77 1002 5237.00 9.21
POLAR(128,86) i'ig P g'gg o e A S MO 639 9.08 1270 5.537.9011.29
POLAR(64.32) i'gg ‘5“3"; g‘gg j'gg 2"1‘3 ;'gg ‘5‘;3 g'ig g'ég 691 9.18 1234 5.887.9110.76

Zero-Shot Codes
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! 4 Dbl‘"(\;[‘ 10 BCH CSDS "‘\‘(‘m !I:‘DJ".‘ LTE PolarCode
Method BP Hyp BP ARBP ECCT Ours
Ey /N, 4 5 6 4 5 6 4 5 6 4 5 6 4 5 6
3.724.655.66 396535720 433594821
BCH(63,36) 403542726 429591801 457639892 490637 885  4.536.38 9.10
BCH(127,120) NA NANA NA NANA NA NA NA 470637 895 462633 8.95
Reed Solomon(21,15) NA NA NA NA NA NA NA NA NA 571742 911 571728 9.12
Reed Solomon(60.52) NA NA NA NA NA NA NA NA NA 553754 998 547759 10.21
POLAR(32,16) NA NANA NANANA NA NANA 6578941191 6.368.3611.49
POLAR(64,48) i‘gé ;"gg g‘gg j‘gg g“l‘g ;‘gg ‘5‘;; g‘ig gég 6218321071  6.068.21 10.90
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Analysis
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e Learned Distance Mapping:
FECCT seems to assign the most
impactful mapping for the elements
distanced by one and two nodes,
remarkably matching the ECCT’s

two-ring heuristic.

Method POLAR(64,32) BCH(63.45)
4 5 6 4 5 6

ECCT 412 522 6.67 445 581 7.65
ECCT +11 427 554 7.14 452 598 792
ECCT + 10 444 573 740 441 576 762
ECCT + 11 + 10 409 526 6.80 431 562 741
ECCT + DM 444 573 737 474 634 853
ECCT+DM +11 444 573 7.37 517 707 959
ECCT + DM + 10 436 5.64 732 453 6.01 803
FECCT: ECCT+DM+11+10 436 564 732 452 598 8.05
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* Architectural Ablation
The ablation demonstrate the beneficial

impact of each of the contributions on
the obtained accuracy compared to
SOTA

Method FECCT - single FECCT
4 5 6 4 5 6

POLAR(64,48) 6.358.5011.12  6.06 8.21 10.96
POLAR(128,86)* 390536 7.57 5.537.9011.29
BCH(63,36) 401542 730 4536.38 9.10
BCH(63,51)" 4.656.35 873 5.718.0711.31
Reed Solomon(21,15) 4.254.62 497  4.56 6.83 10.51
Reed Solomon(60,52)  3.68 3.81 3.77  5.477.49 10.24
CCSDS(128,64)* 290342 430 6.529.6715.01
CCSDS(32,16)" 410454 443  5237.00 9.21

Generalization:

To show the importance of dataset
diversity, we show that training FECCT on
one single code is slightly better on the
trained code but totally lacks generalization



Links

e Papers https://yonilc.github.io/ :
* Error Correction Code Transformer
Y. Choukroun, L. Wolf — Neurips22
* Denoising Diffusion Error Correction Codes
Y. Choukroun, L. Wolf — ICLR23
* A Foundation Model for Error Correction Codes
Y. Choukroun, L. Wolf — ICLR24

e Code:
e https://github.com/yonilc

e Correspondence:
 choukroun.yoni@gmail.com
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