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Abstract: Transformer-based models, such as large language models (LLM) and vision Transformers (ViTs), had
achieved state-of-the-art performance in tasks across natural language processing and machine vision. However, the prevalent ac-
tivation functions such as GELU (Gaussian Error Linear Unit) and Swishin ViTs and LLMs encountered challenges with insuffi-
cient precision and low computational efficiency during fully quantized inference, which constrained their deployment and appli-
cation in resource-limited edge devices. This paper introduced a high-precision segmented quadratic polynomial fitting method
(SQPF) and its corresponding quantized inference process, to achieve high-performance deployment of nonlinear activation
functions on the edge side.The SQPF adopted the least squares method and particle swarm optimization to fetch the optimal coef-
ficient and interval divisions for the quadratic polynomial fitting of activation functions. The obtained quadratic polynomials-
were subjected to dynamic fixed-point symmetric quantization, enabling pure integer inference that solely required shift opera-
tions and multiply-accumulate computations. This paper calculated the quadratic polynomials of GELU and Swish to Si-GELU

and Si-Swish, and evaluated their inference accuracy. The experimental results demonstrated that on ImageNet, the Si-GELU in-
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duced a minimal accuracy reduction of only 0.09% in the classification tasks for ViTs (ViT, DeiT, and Swin), which is 27.3% of

other methods. On large language model benchmark dataset MMLU, Si-Swish caused a negligible precision degradation, with

subcategory precision degradation not exceeding 0.77% and major category precision degradation not exceeding 0.23%. The

minimal loss in precision indicated that the optimal quadratic polynomials derived from SQPF were a direct substitute for the full-

precision floating-point activation functions in Transformer models, negating parameter fine-tuning or retraining.
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A3 Si-GELU A 2R A, 5 GELU Ji s &30 £ S 30

B A G B Si-GELU 5 GELU p& %% 75 X (7]

[-3V2, 3V2 ] INIR2E45 B3 1 TR, Si-GELU 4

WRJLHAR I 25 (12) 5 U] L R FE B (Leo) fi /N, #H HLEL

A7 TR 60%.

F1 FBCELURBHMENHEEFT XS RILER

Method L2 dist Lee dist
ShiftGELU 0.000 40 0.020 33
h-GELU 0.001 12 0.068 70
i-GELU 0.000 30 0.018 15
Si-GELU (ours) 0.000 12 0.006 63

4% GELU bR MU AL AR )5 iA7E K ] [ -3 V2,3 V2]

AR 22T 2R 1 5 BT

h-GELU
-GELU
Shift GELU

—0.7854x+1.235, x € (0,1.533)
_x =
—0.05498x+0.1454, x € [1.533,3.0]

3 (36) F=L (37) 76 X [1H] (0, 1.533) N AE#E 3438
FOAEXTE][1.533, 3.0 JNAFAE 2 D38 1 S i Ab iR 22
IEENR KA . 185 TR Si-GELU fy % 22 i 26 78 X Ja] (0,
2.167) NAFLE 3 A 7EIX 0] [ 2.167, 4.242 | NAFTE
2R A AR, I HL 15 25 05 KAH Loo7E Ho b — M B i Ak
]

4.2.2 Si-Swish X} Swish FF £ HI#l & L BTG

LT FESA V45 31 Si-Swish Fe A 19 X 8] K1) 435 #5 thd
3. 612, 15 B=1 XF R (1) 1, F1 L, FREANF

1,=-0.03652(x—3.602)+0.9737, xe (0,3.612)
1,=—0.002239(x—7.126)*+1.001, x € [3.612,8.0]

38R T AR B 1Y Si-Swish Xf Swish PR 7E X [H]
[—8, 8INMILARCR A SR EAES .
SE BTN ] B 114 Si-Swish 5 Swish pEBC7E X 8] [ —8,
ST L2 Fl Lo B K 2 FoR . I 6 45t T AR B 1Y
Si-Swish 7E X [a] [ —8, 8 [N iR 2= Btk 4 . B T Si-
Swish (B=1) 7& X [0] 75 A5 &b W J2 4 {E 5% 14 , i 7E {0,
3.612, 81 AR %4 0. 5 Si-GELU 2548l Si-Swish(B=1) )
R 22 MR EAT 5 DA A, 1R 22 R KAH Lo Horp—
A RARL AR R

*£2 A REBHISI-Swish &R

(37)

B L2 dist Loo dist
1 0.000 25 0.024
0.5 0.000 063 0.005 3
0.25 0.000 009 2 0.000 84

12167 4242 ]
1 1y 1 Ly
4 3 2 1 0 1 2 3 4

K5 % GELU eRECEALIE BT 5 1R 228 Al 2k

Si-GELU fE X [ N 1R 2= 3 s/ . T Si-GELU 78
X R) A A A 5 A A5, BOTE 10, 2,167, 4.2421) AbiR
7R 0. ERF sRE0 H L (o) B9 50N F -

2

ERF'(x)zie'x (36)

T

4.3 Xt Transformer #%2Y HE 18 4 B8 2 ML {4

4.3.1 Si-GELU Xt ViTs HE3E {4 gk 22 M (4

W& 4 i 75 ) Si-GELU | ShiftGELU F1i-GELU 43
SR V7 A GELU pRESE B ViTs 455 8 fg iy [ 45 28, JF:
1E ImageNet L VFAG A S HERG R . R I FEAMEIR T Si-
GELU ,ShiftGELU F1i-GELU %} ViT . DeiT 1 Swin %545 54
S AHERR RS . FEAR R AR BE T, Si-GELU 51
B ViTs 455 84 73 28 E Aff 58 S 00 /D, IV 245 A L v
R IS ARYERFTE 0.09% LU .

Rt — 25 PEAG TR T RS A AR, AN S H R
Xilinx Vivado HLS 2019.2 52 ¥ Si-GELU . Shift GELU F i-
GELU #E 1 J7 16 19 1P i 1H A 26 | 32085 2k H Xilinx
ZynqUltraScale+ MPSoCs #& %1l By .k, 5
XCZUTEV-2FFVC11561, TAER B %15 2 100 MHez.
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Swish
Swish(beta=0.5)
Swish(beta=0.25)

6 A[FBHYSi-Swish iR 2L T2k

F 445 T Si-GELU , ShiftGELU F1i-GELU 7 Zynq

FPGA | A #EFEAE IR | 4 BN ) %8 98 5 P DL S o e
0L . Shift GELU J7 7% hy bt o 1153 [ SR 8 50 EXP & A= i
T A A AR U A e KA, Ab B AE
R 5 b FRECHE AR DS BE HE . Si-GELU Fli-GELU 2% A
TR 2GR AT 2, T R RS AL, MR R
U O DL B T #E B AIK T ShiftGELU. 45 & 3 3, Si-
GELU F1i-GELU 1 58 FF 85 A1 4 3 2 B #2300 , B 2 Si-
GELU [ HERf 232 Y P2 BE AR i-GELU J7 k1 27.3%.

4.3.2 Si-Swish % LlaMa2 12 {4 8 2 IiE {4

& 4 T 7 4 FH Si-Swish AR R 55 Swish pREUTE K
LlaMa2 £ 54 B R [ 43, IR 78 MMLU _EPFAGHERE R 6B
FSTEANFE/R T Si-Swish B T K5 55 48 LlaMa2
sf X R B H S MMLU _E A [ R H 2 1 i 1Y 52
Si-Swish 7£ 8 /> Jl] i 5 | 6 1 L 8 0, e KM
IR AT 0.77% ;78 5350 T4 F 200, Si-Swish
PETE T AR B MR PR R, B R MR RE AR TE N 1.38%. 1F 4
AR, Si-Swish 51 2 4> K250 9 HE BRME BE 2k,
TR R 0.23% 5 LA RGN I 4k BRI B AR AN 2B Bk
PET; PR TR B 0.37%.

R3 HGELU BB E L HEE T AR A Transformer BB {53 2K HE B 2 25 I3 LE 7%
Baseline ShiftGELU i-GELU Si-GELU (ours)
Model

Top-1 Acc. Top-1 Acc. Diff. Top-1 Acc. Diff. Top-1 Acc. Diff.
ViT-B 84.53 82.88 -1.65 84.20 -0.33 84.44 -0.09
ViT-L 85.84 84.87 -0.97 85.65 -0.19 85.80 -0.04
DeiT-T 72.14 70.99 -1.15 72.01 -0.13 72.11 -0.03
DeiT-S 79.83 79.29 -0.54 79.75 -0.08 79.83 0.00
DeiT-B 81.79 80.56 -1.23 81.57 -0.22 81.79 0.00
Swin-T 81.37 81.21 -0.16 81.30 -0.07 81.37 0.00
Swin-S 83.21 83.08 -0.13 82.98 -0.23 83.19 -0.02
Swin-B 83.60 83.56 -0.04 83.40 -0.20 83.57 -0.03

F®4 BCELUBRBEMHEIETT A FPCARITE A HIER
Logical resources
Methods Latency/clk Total time/clk Power/W
DSP FF LUT

ShiftGELU DS+46 2DS+46 8 2032 1723 28.54

1-GELU 15 DS+15 5 476 406 7.46

Si-GELU (ours) 15 DS+15 5 476 407 7.42

TE 3R DS S b PR Rk

Si-GELU F1Si-Swish TEPRHEECEEE FAGIIIAZ AT,
SQPF 75 £ ) Si- Act X} Transformer #5513k BEAE BE A4 52 0 b
N AT DL A S R 4 Ao B T R TP AR AR B

BRI, AT S BUMOR S E BN A, sh AR
T SRR AL H 15 Si-Act T AL B (AL A RS o7
PAVEFIIRINE S, 7E FPGA ASIC 258U j% |38 B Ar Uf-
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%5 Si-Swish Xt LlaMa2-7B 7 MMLU £ #E 85 _E HE IR M 6L A0 B2 0 HA %
Subjects Swish Acc. Si-Swish Acc. Diff.
math 26.41 27.26 0.85
health 42.20 42.68 0.48
physics 33.59 33.91 0.32
business 54.00 54.23 0.23
biology 45.81 45.37 -0.44
chemistry 32.01 32.01 0.00
computer science 41.02 41.02 0.00
economics 37.60 37.47 -0.13
subcategories engineering 40.00 41.38 1.38
philosophy 35.14 35.74 0.60
other 48.07 47.30 -0.77
history 53.98 53.87 -0.11
geography 44.95 44.44 -0.51
politics 51.70 51.39 -0.31
psychology 49.27 49.18 -0.09
culture 60.24 59.64 -0.60
law 36.19 36.25 0.06
STEM 34.06 34.43 0.37
) humanities 39.26 39.51 0.25

calegones

social sciences 47.87 47.64 -0.23
other (business, health, misc.) 45.90 45.89 -0.01

5 Zig Association for Computational Linguistics, 2019: 4171-

AR SCE XA Transformer 4 5 AL HE B 7 28 F 805

PRIAR SR BT T AR RS A R T RRCRAR A n)
BB T — AT o B R 2 I LA D0 pR AR
RGBT 7  SQPF K H B AL e P 72 . sl ad F
fiti 5 G 43 B — W £ T U & Si-GELU F1 Si-Swish 7£
ViTs Fil LlaMa2 B35 |- (4 30K B2 451 J% , W] SQPF K& H:
A HE IR 7 VR RE S A AU IR oR B 2l R R0 B ok
1 Transformer 5 % #E 2 A% 5 98 , 1 3% $2 Ft Trans-
former 4 1 AL HE B 8 , S Transformer 15 % /£ FPGA |
ASIC 45301 25 vyig 8507 L I b B T0IS PRESCER 3E n) R4RfAE T
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