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Spiking Neural Networks
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Spiking Transformers
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Relative Positional Encoding

Two Forms of RPE
1. ALiBi-like:

Q- KT Distance Consistency:
Attention(Q, K, V) = Softmax ( + ”) -V
N @ _ The magnitude of R; ; is
AttnMap determined exclusively by the
_ relative positional offseta |i — j|
2. RoPE-like: ensuring that the model
systematically differentiates
Attention(Q, K, V') = Softmax ((QRi) ' (KRj)T) V between proximal and distant
T ) Vg g tokens.
AttITMap
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XNOR Spiking Self Attention

XNOR-Based SSA

Z =(Q@K):  dim=2

dim=1

dim=0

Q: {0 1}T><L><D K: {0 1}T><L><D

‘l(uns queeze unsqueeze

Attention map is a
similarity map.

Q: {0 1}T><L><1><D K: {0, 1}T><1><L><D For binary matrices, we

can use Hamming
| Distance as similarity

~(Q@K) l XNOR (Broadcast) Hamming Distance

A 101 01 dy (A B) = 3
TXLXLXD 10 11010 0lojoLi]1
No

D :
Summation Along XNOR == Hamming Distance
2 Dimension D
i=0
AttnMap € N, 724 AttnMap = )_~(Q & K)

1=0
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Gray-PE

Theorem 1. (Proof in Appendix@) For two position indices differing by 2" (n > 0), their Gray
Code representations have a consistent Hamming distance. Specifically, ¥V position 1, we have:

g (G(), Gli + 27)) = {1 g =10

2 ifn>1.
ray-P
= ay E Gray Code Decimal Binary = Gray
1, ifn=0 .
. . n . .
dy(G(D),G({ +2M)) = {2’ ifn>1’ for any position i Binary 0 0000 0000

1 01 1 O0...
- \$\$\$\$ 0001 | 0001
PositionIndex 0 1 2 3 4 §5 ... L-—1 \I/ 0010 o011
1 1

1
2

w Gray 3 0011 | 0010

dy(G(0),G(2™)) dy(G(1),G(1+2™)) D: XOR operation 4 0100 0110

Implementation on XNOR-Based SSA:

(e [polel & 0D AwnMap =3 ~(Q | o) @ K | GW)

Concatenate on Dimension D 1=0
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Log-PE

D
AttnMap = (Z -(Q @ K)) + R, ;, where R, ;

= |R; ;]

1=0
Log-PE
~ Two-Dimensional Form for Image Patches
K 0 1 2 3 | widths
Of1 0 | 1 2 | 3 | Distance between Patch 0 and 4
. > 4for Gray-PE1D  x
4 15]6 |7 > 1for Gray-PE2D
0 AttnMap 211 8 | 9 | 10 | 11 | Implementation
si12]13]14]15] (L @ G(h) G(w)
| D _
Heights K G(h) Gw) |)

Farther distance, smaller R; j
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Time-series Forecasting

PE

Metr-la (L = 12)

Pems-bay (L = 12)

Solar (L = 168)

Electricity (L = 168)

Models “Spike  Type ' MU —5——51 a8 96 T 6 24 48 96 T 6 24 48 9 T 6 u 48 05 1 VB
Transformer w/ RoPE ‘ X ‘ R ; Rz’l\ | 729 560 .416 .306 ; 787 730 694 676 | 051 854 763 .720 ‘ 984 978 074 968 ‘ 756
' ‘ ‘ . RSE| , .548 696 802 878 ,.499 563 .600 .617 , .225 373 492 539 , 251 274 341 .420 , .507
T f / ALiBi I X I R I RAT I .725 .0H8 .409 293 1 TR2 727 690 677 1 924 845 741 665 1 984 980 976 968 | .747
ranstormer wi AL ! [ ' RSEL ' .556 700 814 .85 ' 507 569 606 615 ' 281 393 527 .602 ' .250 .271 .339 422 | 521
Transformer w/ Sin-PE Cx a0 RIT2T 554 413 284, 785 734 688 673 | 953 858 750 718 | 978 075 972 064 | .752
: ‘ ‘ . RSE| | 551 .704 808 .895 1 .502 558 610 .618 | .223 377 .504 545 | .260 277 347 425 | 512
: N ‘ T RT | 713 527 399 267 ' 773 607 686 667 ' 029 828 741 674 ' 050 955 055 951 ' .733
Spikformer w/ Conv-PE (Original) ' "' A pgp) | 565 725 818 003 | 514 594 606 621 | 272 426 519 586 | 373 371 379 382 | 541
okt ALIB: "~ x | r KT 665 453 380 104 | 700 64 348 064 | .0S0 080 080 080 ' 710 710 710 710 | 413
priformer w ! j j ' RSE| | 622 .768 .833 1.02 ! 520 709 870 1.04 ' 1.01 1.01 1.01 1.01 ' 1.03 1.03 1.03 1.03 ' .909
Soikformer w/ RoPE x| r 0 RT699 493 390 243, 768 699 680 664 911 820 714 644 | 950 951 949 940 | .720
p w w ' RSE| ' 584 .757 835 .920 1 519 501 614 .625 1 204 441 550 .633 ' .375 .383 .384 454 1 559
) ‘ ‘ T RTT | 726 526 410 287 | 780 712 690 666 | 037 833 757 707 | 072 970 066 060 | 744
Spikformer w/ CPG-PE Y0 A URSEL | 553 720 806 890 | 508 580 602 622 | 257 420 506 555 | 200 310 314 335 | 519
: ‘ ‘ TORZT 718 531 405 269 ' 771 693 690 665 | 028 820 740 66O | 960 957 055  .0953 | .733
Spikformer-XNOR w/Conv-PE /1 A 1 pop| ' 550 721 813 910 | 518 599 613 628 | 273 421 527 595 | 365 371 376 384 | 542
: ‘ ‘ " RZt | 728 544 414 295 782 724 694 .673 | .936 840 756 710 | 074 972 066 962 | .748
Spikformer-XNOR w/Gray-PE v | R | pop| 1 546 706 806 .885 ' .506 .578 597 .618 ' .257 409 .507 546 ' 276 .304 .320 .342 | 513
. | ‘ . Rt 735 535 424 290 , .789 717 691 670 , .933 841 .758 734 K .978 974 968 .964 K .750

. . | I | | | | I I
Spikformer-XNOR w/Log-PE v R | pep | 543 719 799 8761 496 575 601 620 | 265 408 504 525 272 300 314 .340 | 509
Soikinad o PE (Original) | T R°T | 717 530 362 212 | 800 704 681 620 | 931 751 518 381 073 071 967 961 693
pranglormer wio ngwmal) - 7 RSE|, 560 .720 842 936 , .483 587 611 .659 , .258 500 694 788 |, .299 305 .325 340 , .557
- ! i I R®*f 1 .720 537 .396 .260 | .820 .714 .681 .646 ' .934 .832 .535 420 1 .070 .973 .973 .965 1 .711
SpikingformerXNOR w/Gray-PE | /' 1 R | pp| | 558 712 819 907 | 459 578 610 643 | 257 .21 663 .768 | 305 .293 204 .338 | 539
o RQT 737 535 .403 .260 , 816 .719 682 640 , .939 .8B54 544 434 , 977 974 972 967 716

| I | | | ] | I
Spikingformer-XNOR w/Log-PE v/ R | pep| | ‘540 714 814 906 1 463 573 609 652 | 246 382 651 759 270 292 293 336 | 531
i ‘ ‘ TRZT 680 517 400 253 ' 769 700 647 630 ' .17 819 723 655  .056 .052 .949 050 ' .721
SDT-VIw/ Conv-PE (Original) v 1 A pep| ! Gos 735 811 915 | 522 506 665 .673 | 286 430 538 602 . 371 376 388 386 | 557
‘ | " RPT | 701 525 418 257 | 778 716 660 656 | 010 820 710 644 ' 063 060 058 052 | 727
SDT-V1w/ CPG-PE © /0 A U RSEL ! 585 24 799 920 | 515 578 633 642 | 285 430 558 637 | 361 368 370 376 | 548
SOV w/ Loa PE ., 0 g o R¥M 714 531 415 265, .784 709 672 654, 921 820 730 674 972 968 .963 957 734
-v1wiLog- ‘ ! . RSE| | .554 .713 807 .904 | .502 .585 629 641 | .280 437 .527 .598 | .353 .356 .360 .366 | .538
SN ‘ T R¥T 717 513 376 246 ' 767 706 681 654 ' 020 .748 512 416 ' .070 967 .963 .958 @ .695
QKFormer w/ Conv-PE (Original) "' A\ pep) | 561 735 832 917 | 521 586 609 635 |, 289 515 716 784 | 306 .319 355 367 | .565
w w T RZT 740 554 410 276 ' 783 714 702 660 | 022 754 702 604 | 077 960 068 063 | .732
QKFormer w/ CPG-PE Y 0 A U RSEL ! 536 704 803 896 | 503 578 580 633 | 285 520 581 645 | 266 312 315 332 | 531
: : T RZT | 742 551 418 274 799 715 691 674 | 927 817 710 601 | 074 970 068 .965 i .742
QKFormer-XNOR w/Gray-PE | v | R | pop| | 534 711 804 898 ' 484 577 601 .616' 276 438 556 570 ' .277 310 .314 .331 ' .519
‘ ‘ . Rt | 742 541 416 265 , .801 710 707 661 , .928 818 .748 .698 k6 978 974 972 966 , .746

| | | I
QKFormer-XNOR w/ Log-PE Y 0 RO RSEL L 535 715 805 003 1 482 581 B85 620 | 274 437 515 564 . 264 285 296 328 | 514
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Both Gray-PE and
Log-PE are
effective on
various spiking
Transformers,
including
Spikformer,
Spikingformer,
SDT-V1,
QKFormer.




Other Tasks

Text Classification

| PE | | English Dataset (Length = 128) . Chinese Dataset (Length = 32) |
Model “Spike - Type | Py ST Subj SST-5 | ChnSenti T
Fine-tuned BERT X 1 A T 1098 ! 87.63+0.18 92.31+0.17 95.90+0.16 50.41+0.13 | 89.48+0.16 90.27+0.13 | 84.33
Spikformer w/o PE ro— b= 109.8 75874035  81.71+0.31  91.60+0.30  41.84+0.39 | 85.62+0.25 86.87+0.28 | 77.25
Spikformer w/ CPG-PE L/ : A 1 1104 0 824241042 82.90+0.33  92.50+0.25  43.62+0.36 | 86.54+0.26 88.49+0.20 | 79.41
Spikformer-XNORw/oPE | - | - | 1098 | 75.80+040 81.74+040 91.50+0.20 41.88+038 | 85.64+0.31 86.66+0.33 | 77.20
Spikformer-XNOR w/ Gray-PE |, v 1 R | 109.8 | 83.73+045 84.52+0.39  92.50+0.33  44.06+0.48 | 87.41+0.36 88.40+0.30 1 80.11
Spikformer-XNOR w/Log-PE ' « ' R ! 109.8 ' 83.88+0.40 84.64+037 92.80+0.30 44.52+0.43 ' 87.95+0.34 88.46+0.28 ' 80.38
Image Classification

Model PE : CIFAR10 : CIFAR10-DVS ! CIFAR100 ' Tiny-ImageNet Avg

. Spike ' Type | Param (M) Acc | Param (M) Acc | Param (M) Acc | Param (M) Acc | *
Vision-Transformer X A 9.32 96.73 | - - ! 9.36 81.02 9.40 62.18 | -
Spikformer w/ Conv-PE (Original) ' v 1 A ! 9.32 94.80" ! 2.57 78.10% ! 9.36 77.04% 9.40 48.10% ' 74.51
Spikformer w/ CPG-PE /A 8T 95.06 | 2.06 7840 | 820 7782 | 8.24 48.52* | 74.95
Spikformer-XNOR w/ Gray-PE1D | v | R | 8.00 95.46 1.99 77.90 8.04 78.12 8.08 48.33 | 74.95
Spikformer-XNOR w/ Gray-PE2D + v 1 R 1 8.00 95.66 | 1.99 78.70 8.04 78.45 8.08 48.74 1 75.39

Fudan NLP Lab




Analysis

Bits of Gray Code
Pigeonhole principle
L—1>2b

Long Sequence Analysis:
AGNEWS, Length 1024
IMDB, Length 2048
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Time-Series Forecasting

Text Classification

A P -
{Ele:trricity
0.85- S — S S 90-
9 yY——v — v —V
< ——F¥
~ 0.751 o
(4 A % e —k g85,
80- —&— SST2
0.55- Subj
—¥— ChnSenti
0.45-5 T T 5 T T L S— T S 8 o 12
Bit Number of Gray Code Bit Number of Gray Code
(a) (b)
Model . PE | A\GNEWS ' IMDB ' Ave.
. Spike | Type | | |
Fine-tuned BERT X 1 A1 9450 19210 ' 93.30
Spikformer w/ Conv-PE (Original) | v/ : A 8384 | T79.08 | 81.46
Spikformer w/ CPG-PE v A 8470 7947 | 82.09
Spikformer-XNOR w/ Gray-PE ~ + « 1+ R 1 8492 1 79.79 1 82.36
Spikformer-XNOR w/ Log-PE v " R ' 86.77 ' 80.46 ' 83.62
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Contact us:
czlv24@m.fudan.edu.cn
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