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FP8 Quantization and Inference Memory Optimization Based on MLIR
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1 National Supercomputing Center in Zhengzhou,Zhengzhou University, Zhengzhou 450001, China
2 School of Computer and Artificial Intelligence,Zhengzhou University,Zhengzhou 450001, China

3 Fourth School, Information Engineering University,Zhengzhou 450001, China

Abstract  With the development of object detection models and language models, network models are becoming increasingly
large. In order to better deploy the model on the end-to-end hardware, model quantization technology is usually used to compress
the model. The existing model quantization strategies are mainly implemented based on FP16, BF16, INTS8, and other types.
Among them,the 8-bit data type is the most significant in reducing inference memory usage and deployment costs,but the INT8
type relies on specific calibration algorithms and fails to handle models with large dynamic ranges and multiple outliers well. The
FP8 type can better fit the data distribution in neural networks,and has multiple formats that can be flexibly adjusted in terms of
expression range and accuracy. However, the current MLIR lacks support for quantifying the FP8 type. To this end,a FP8 quanti-
zation simulation strategy based on MLIR is proposed,which includes two formats: FP8E4M3 and FPSE5M2. By quantifying and
simulating the operators in the network, the impact of the two formats on the inference accuracy of the model is evaluated. A
memory reuse strategy based on define use chain is proposed to address the issue of memory allocation redundancy in inference
engines, further reducing the peak memory usage during the model inference process. Typical YolovSs and Resnet50 models are
selected for testing and verification, and the results show that, compared to the existing INT8 quantization strategy, the FP8
quantization strategy can maintain better model accuracy,and does not rely on specific calibration algorithms, making deployment
more convenient. In terms of model accuracy,the test cases achieve an accuracy of 55. 5% and 77. 8 % s respectively. After memory
reuse optimization, the peak memory usage is reduced by about 15% ~20%.

Keywords Model compression,Deep learning compiler, FP8 quantification, MLIR, Yolov5s model
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VT e A PR T A4 o A BT — e A SR Y g R AR L
TVM(Tensor Virtual Machine) , MLIR (Multi-Level Interme-
diate Representation) fl XLA ( Accelerated Linear Algebra)
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MLIR % B as F A BAF 40 JR M e A8 P sk 20 — & 0 2 5
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VIS AT G0 1 RE AU B 10 -7, 24 A b 3 O i i R 4
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Fig. 1 Format comparison of FP32 and FP16 with BF16
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Fig. 3 Format comparison of FP32 with FPSE4M3 and E5M2
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AR 1b S5 R PR BUE AT 5 6T I kA% X, FPS BdlE iy —
el R 2022 4R 3 A I8 K R EAM3 % 2R ESM2
ks 2, 30 T 19 32 KO AE T 1A B 2 40 IC 45 98 BUE
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4 NLFEECFN 3 AL/NE, R g A AN SR 1 BT
F 1 FPSE4MS3 — i ifil 4 i 1L 1)
Table 1 Binary encoding rules of FPSE4AM3

{8 2% 5] —#H kT
HHomEE 7

k% x

NaN S 1111, 111,

ez S. 0000. 000,
A A R K fE S.1111.110,=1.75 % 28 =448
AL A NE S. 0001, 000, =26
36 A A AL R K E S.0000. 1115 =0, 875 % 26
3k A A AL R AN S. 0000, 001, =29

F1HERT EAMS 4 i 3 00 3 40 #0000, 5 H B A 1) fs
BAE R 7,/ LLFR/R NaN FIEH H kR RTLHHE, BT
NaN FH AUl T WA i i 317 R m , RS NS, T
764 FA FPSEAMS (¥ T 4 4 % B0 %2 4 35 B &4 1 i /b
B4 0 BT R R IE K E , X O FPSEAMS & i T 4
SR 7 AN B (256, 288, 320, 352, 384, 416, 448), A It
FPSEAMS [ /R VL Bl N[ —448,448], [F},FPSE4M3 HA
A B L B(E R 8 B BRI 0, B S [ e S — 6, I
IMEH 277,

F2PRIR T ESM2 4T 2 (W 1 40 #L0 , FPSESM2 5
IEEE754 fRifE S e ir , Hoh 38 8 m B {6 >4 15, 7T LR R
G55 EAEA NaN i . [k, FPSESM2 A% % /i A1 B 1k
A, B4 2 BB A2 BN O, B RS B E o — 14, B/ME N
271, 5 FPSEAMS #H It , FPSESM2 H.A7 8 K Y 3 35 70 Fl LU
K SR B R R A 22 % BE 7 H FPSESM2 i FAX A 2 fii/h
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Bk 1 FPSEAMS3 ${H 4% 1] FP32

i JiT FPSEAMS3 #% 35 4it FP8Data

i X Y FP32 4% R AU FP32Data

1. for all FP8Data do

2. w=FP8Data<{< 24;

sign=w &.0x80000000;

exponent=w-+ w3

¥ FP8Data MUK AL AH 5540 %y FP32 A% 1k
normal_v=exponent=>">5+0x3C000000;
mask=141 <<<23;

bias=0x1. 0p+14f;

# FP8Data JE MUHE AL (G 5% 40 FP32 Bk fLAH
10.  cutoff=0x10000000;
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11.  if exponent<C cutoff then
12.  FP32Data=sign | denormal v;
13.  else
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14. FP32Data=sign | normal_v;
15. end if

16. return FP32Data;

17. end for

Bk 1 B & bias B FE R FPS S AE LA L EU(H . 2R
INVNBUR Z RSB0 0, L[] FP32 B, FP32 #LA% 1k
B BN INEOE 2 B R 1L R R R R FP32 Bifi te
FP8 J& 4 B H B K, 75 220k & bias % & # FP8 #% =X £ n
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Fig.5 FP8 quantification type
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%5 = “tpu.Conv2D" (%2, %3, %4) {dilations = [1, 1], float_scale =
[0.05740785226225853, 0.0045583001337945461...], group = 1 : 164,
kernel_shape = [6, 6], kernel_zp = 0 : i64, pads =[2, 2, 2, 2], strides = [2, 2],
with_bias = true} :
(tensor<1x3x640x640x!quant.uniform<f8:£32,0.0022321607142857>>,
tensor<32x3x6x6xf32>, tensor<I1x32x1x1xf32>) ->
tensor<1x32x320x320x! quant.uniform<f8:£32,0.16413830758928>>
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Fig. 6 FP8 per channel quantization support
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Fig. 7 SILU operator memory reuse support



118

Computer Science T HEHFIZ  Vol. 51,No. 9, Sep. 2024

Bk 2 R TR T RN Z AR, Add FH 15
Z AL TR R W ARG SR Add BT R A
Al B8 FL A A [R] (9 I AR L R 45 B R 1 i AT R X R 1 5 1) s
M.
Bk 2 MAETIEETNEE TR
A : element-wise F 5 F QS
1if is a (tpuiiActiveOp) (op) then
2. activeop=dyn_cast{tpu:: ActiveOp) (op) ;
3. v=activeop. getInput() ;
Ao BRI TR AT 2 () A R
5. num=distance(v. user_begin(),v. user_end());
6. opname=getName(v) ;
7. param A5 T4 A S8 map A8 AFH A
8. BT AR LAY P9 A2 ) R A 4§
9. param— >inputs=map[ opname ] — >data() ;

10.  if num_uses==1 then

11. A K 1 23 [8] 1 98 B 48 ) S A 25 T b ik

12. param— —>outputs=map[ opname | — >data() ;
13.  else

14. result=activeop— >>getResults() ;

15. o_name=getName(result) ;

16. param— —>outputs=map[ o_name ] — >data() ;
17.  end if

18. end if
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