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Abstract  In recent years, breakthroughs and innovations in artificial intelligence algorithms
have led to significant successes for deep neural network models across various task scenarios.
However, the exponential growth in the scale of neural network models has outpaced the devel-
opment of existing hardware accelerators. The vast number of model parameters and computa-
tional demands make deploying neural networks on current accelerators challenging. To bridge
the gap between Al algorithms and computer hardware advancements, model quantization has
emerged as one of the most effective compression strategies for commercial applications and the
proliferation of neural network models. To accelerate neural network models more efficiently and
achieve higher accuracy, numerous hardware architecture designers have developed new architec-
tures specifically for deep neural network model quantization. These innovative architectures, de-
signed for model quantization, involve application-specific integrated circuits (ASICs) and focus
on accelerating and optimizing neural network model quantization across various levels of comput-
er architectures. This approach not only enhances operational efficiency and model accuracy but
also reduces energy consumption and deployment costs, thereby promoting the green and sustain-
able development of the Al industry. This paper explores these new architectures from different
perspectives, summarizing the features of various schemes and providing insights into potential

future directions for novel quantization architecture development.
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Intel Sky Lake 2015 4F 8 H — X OBER B — — X — — — —
Intel Cooper Lake 2020 4E 6 H YHF O XHF O XHF T HiK
Intel Alder Lake 2021 4 11 A — HE K X — — X OHR X — —
AMD MI50 2018 4F 11 H 53(INT8) X — "k — — X X — — — —
AMD MI100 2020 4 11 A 92. 3(INT4) R — XKFE oEwWw — XFOKFE o Wl — — —
AMD MI210 2022 4£ 3 A 181(INT4) FEs PRSI XEE KR
NVIDIA Pascal
4 21. 2(F LSRR — $ B¥w o
(P100) CUDA Core 2016 4 4 A 1. 2(FP16) X X OEW
NVIDIA Pascal
201 21. 8(INT =3 K Y — . o
(P1) CUDA Core 649 H 8(INTS) X OBEK OER X
NVIDIA Volta - - \pe R S . - . - o o
(V100)CUDA Core 2017 45 A 15. 7(FP32) XA OBUH BUH T
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Tensor Core
NVIDIA Turing 113. 8(FP16) - . L e -
(2080Ti) Tensor Core 20188 s LNTD) & HK xR
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NVIDIA A
mpere 2020 4E 5 H 1248 (INT4) — — EH R OBk % ok Bk —
(A100) Tensor Core .
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NVIDIA Hopper 1000(FP16) o . X . X
2022 4F — — = b b - =3 =4 2 e o
(H100) Tensor Core 9 2000(INTS) XHEBUH BN H Xk IR OER
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o plackwe 2024 4 3 J1 (FP8/INT®)  —  —  ¥# — — I W i W U
(B100) Tensor Core
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Google TPUv1 2016 4 5 A 92(INT8) — — HK — — — — — — —
Google TPUv2 2017 45 A 46(BF16) — — B — — — — HK — —
Google TPUv3 2018 4E 5 A 123(BF16) e & S —
Google TPUv4i 2021465 A 138(BF16/INTS) R X

T VEEAERE  Intel B AP H B . A% EHEE 1.

PR T ) RIS PE AR DUV R TR K

(3)%flik GPU CUDA Core

Yefl ik i) CUDA Core™ — B & 1 GPU M #
DB — M TR O, M Pascal 224
FE4R B fh 3k 8 12 CUDA Core £ 45 RS B2 2% i1l
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FlANF FP16 B 3245 DL M Pascal (P4) R E IR 5 A XS
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YINZ i #E ) Ak B BE L {45 9 AR 3R 1 GPU 7E 44
ATURBE 27 > 1o FH A, e 6% 12 A5 0PI 174 i 7 3ok 0 B 1
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XA B G FR AT AT L) & BE L 95 A 5k A | % CUDA
Core 22 7. £ DA THI [n] i 28 0 2% 1) 32 2T H 53 B T A8 SRy X6
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AR KA AN w T ) AL R B AL,
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B R SEME L K S IR AR M AT I BRI
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B o 0 AL T IR A S B9 BE B R s 0B B
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TSR RAE R R . T 7E Hopper 2248 o,
P b IR HF T FP8 4% 2, IF HA ESM2 Fil EAM3
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FP4 BUE A 3k J2 flk ot i vp dic S0 RF FPa 288
RN B g . S AT Ak Gl O A W B BT {43 HE Tensor
Core #EAR M N7 FlcN etk T B2 — . h
AT RSEME T E R3],
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SR U3 T8 = w1l | A Dl L E s NN
B BN B BUE A e N T R8I0 R rp i 1 IE 7
P K e 5 TE A D TR BE 27 > B8 A8 i K ) 2 4 it
SR T R PR AR . 3X SRR AR S A N B
TN T Rt i & R, Bl & 2% i N T3 RE R
PEAE T IR STA R LR AT L& B XTI B
WAF R H R 2 2% e AR — A R, A
THT 58, Y ot 228 0 24 e A7 AE K5 B TUAR Rk
MAEE LB FTER ) Ak
AT TR B v i Sk HARORS B2 B0 2 B B 1))
SR JRy B AE 7 a5 BRI SR R 2 Y, A T | ok
P b SR R T SR B A AR e T
I B R s DL /N 3 T R i A AR
FHASE T B A A B o PR UL, 3 T B A B T
() 87 PR AT AR AEAE — 22 19 R B M JF R REAR 4 b
T O R A 4 I 4% ) e A i R

Z AL TAEERC 20 48 3 78 (INT) B i 2 A
FEARIE G i 26 1 i Ak . 78 TR BE B 28 I 2% iy ik
2 1Y BUMH 53 A1 B 43 M DA v 38 4 A T B v ] T =
FE ) INTT 2 20 ) 2 B %) 55 & 35 55 43 A 1) 850 2%
LA E 2445 338 0 L1, & RAE MICRO
2 ER T AR ANTYY X 53 A4S 18] B8 25 8 7 398 4
Br. V52 A0 T ARG SRR R R A AR TR 2 (] 1 3 5
w2E (MSEXE R L AL B bR . 3 A o 16 78 45 7 B &
Ab BT R — R DAY BE A 7 3 . MSE B d kAT
DLt LR 230 X

MSE =E [(z —%) "]
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:J(I —2) p(a)dx,

o, o ftz 4 5 F R JE s (6 e, p (o) J2 5K
o ME R B R, AR 4R MSE Fl ok & 19 7 fii A
BTG, R, dn S A i B 2 AR B oy
RN o0 A AL T 5K 1 53 A, 0 AT DA S 3 R = AE
HIJG 19 MSE, 3X & 18 2 B 2 A i Ak 7 ik 1 % 0K
P E PR A B K R B9 GPU H100
RELT & m T FP8 (W i Ak Uy X DL A 2 E

INTS8 t Ak, AT A 2 B 45 1 AR AR, B 2 R T
R [l hoaod A

Float 25575 w0k B (4N 32 Led) 1 0 T A 5 58
UF B RAR VG o B [FIRE 280 T3 A S Ak, 7 ARORS B2
LT HRRAE S sZ R, IEWN3R 3 iR, FP4,FP8
P18 91 5% 114 2 7 0 BB AR AR AE AE S R Ry PR SR i Bl
FH I 5 0907 a5 36 m J7 20 ARG B 17 B e R
[ 7 1 50 91 L T 3K o L O S BB AR 4 b sz e b
26 0 2 B 1 43 A I . DRI K 1) A 9 AR 7R
SIS R L T 1) A2 0 2 B BUME o A HEAT T
it — 2 By GE fi Tt

4TI D B B B 3

AR T N 45 L R B BT LS AR E
F 5T N BB ) THT fi %8 J3E 1 28 0 285 0 A0 Y L T RUIE 26
TV K BB T3l L 1 22 9 2% 0 B (R A A
I 3K B AN 2 X A TR R P 5 TR Y B R A
HAWRE At IF B 25— 09 BE R R Y
SCRF . AT IHGIRLEZS T 59 N A RE L HT R &R
AR BIBETE . R 8] 1) ol 28 190 285 1) 4 AIE L BF 5 N B
Bt T 2R BB I Y IR W2 G AE 45 Bl
FIE b XS RUR(E 2R R B e L R,
AT R AR D AE T P A L . LAT
e TR A A 2 5 23 M 2R £ TRT 1] et 28 0 245 L A7 A1 B B4
(EE ey LS KR VA SER 75 o8

R HE IS T B 32 B T (R 2 Y A AR
PRI XA T RO . 3 R — A R B R
1N 4 (- = oW (= AN 1 VAN Y LR VA
A DI A% B8 00 77 A T B 2 B T SR 26 L. AR Y
Je o BUAT B8 BRI 6 B AR A 2 38— S 5 ) (Re-
gime) 7 Y FEARF X, 32 B 3527 AT LA 5T A £
(19 £ L AT AR 38 o 26 {7 5 8 G Ji 25 B 0 A 2 ) 1)
KB . M AT LAAS 2 Py 3 ml A2 4 0 B 28 B i1 7
MR B SO E R J5 %8 . Ja SOR AR i 3 Ff X
S RE A 43T R (E D R 3
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Power-of-Two Quantization (PoT)M* & — fif
FEUE R GI7E 2 MR B4k Jr ik Blan 1.2.4,
8 &, XWEME PoT RARE T 175 M8 47,

LESS

PetblfL AL R
Pl 3 B A 0 5 X

EESS EESS
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XA 7 1 AT H B R IR A S R R, P e
PL 2 B 5 T LASE o 7% A #8452 9, 1N T 7 2 Ak
e ikiz 5, PoT H¢ 53k FH T 9% 5 A o 32 BIR 19 %
AR RGN S B4, SR, X Fh i 4k 7 AT AE
Fop 2 W g ARSI AE NG B B B AR AR Rk . S T
U PoT mOKE FE FR 1, Additive Power-of-Two Quanti-
zation (APoT)"" ¢ PoT HyJERl b ik47 T4 &, &
i3 2 T A Po'T {8 2k e 75 HUfE . A1 52 B Bk
M ALGON . X RO RAES T RO LA
SRS 40 Y A 20K L BE A8 78 T 15 i 28 I 288 0 v R
FR i) P 5 30 v 80T BRE

Adaptive Float""" SR FI T — #8110 17 2 B0
RITEE RN KERE T — MR & IS
HETE BN AR BGH 2 R A . X R R
{#i15 Adaptive Float W AR 5 BUE A9 52 br 43 A 18 I
FEAN [R5 B B R {22 1) ) 8 (G . AR
EAEE AL AL Gt B S BGE B AR A O E et T
TR A R T M T R IE T AR R AR EORG BE

Posit" ™ J& —FFT 24 i B R B 2L B 72 B
1% G0 1 I R BRI o DA 8 T 3 S50 o B R B
AE. Posit TR T &8 R AT 5 AL A2 W A7 | B i 0z LA
MEMNL, E& M John L. Gustafson F 2017 4F#2
LR T —BlE K IEUAZE AL, 5 TEEE 754 3% %L
FALE s Posit S 4k 7 5 KA gh G, 9F HAEH T 1
R E AR Y L 0 A B 22 0 A 8 (B X T 3R 3 R Bl
BTN, AT BEA AL 2 b) . Ptk A AR Z 4
FEH% Posit B 76 #0489 45 Ak o

HiFloat8""* J& 4y 23 I 18 2024 4F 4 th i1 7 B
BUEZR AT X R B AL T Posit, My T — A~ 4%
7 XA DX R FH 8l 28K B 1 G 5. X b g 5 2
— FhET 2 AY (prefix code) , Bl TR A4 E 09 it
8D 7 A8 AN 2 2 3R 7 AT Ay At — 3 AL 10 T 2K L X
FERE AT LIS [A) R A 42 il i R on A TRl {5 B . Jdad
e FTRE SE WAL R A 1 R E L AT DA S B 22 b RRO(E 2R
ARG,

Al , Flint ! b2 —FOR T 2865 19 S0
AL, Flint i 10 8 57 2805 B =R B fd . #5em) 3%
W, T AT 28 % 1 B TR I R 0 B B e 4 R R E
K i i, [ B 2 A8 2 AN 5 K G b o (EL PR R A 4 Y
KERNERK.

Normal Float™" #§ i 3¢ %1 % H T 20 7 % 1k
Tk XA E Bt B XL i R A 1k
DX ) rv 5 A ] R Y i A SR dE(E . A Bl R i
b Al A 5K B o 2 Ok S, AR, X AR

M FEEHRAE T o B BT AR & . R
BE L R T SRAM F3 437 B8 HR s 0 3030 10 55 1%
AEATAG T . H R T Xk A R 7 b
SE AR T RE S RE R IR 2

A3 He V% 5 %0 (Block Floating Point, BEP)M
S — P NE FH R T2 I R R 28 R Y R S TR AR
ATzt 268 8 KN EED L, BFP
i o FE— B PR N B ) wp =2 38 B0 4, i b
TR R D T AT SR IR T IR
R, Wk 5L G IF SRR R AL 5807 b R
ANBUE AR AT 2 S7 ) 48 BOR R BGE 43 L i BFP Hh, —
L BSOMEL Can b 22 T 245 v %) 38005 (B SR D) e — A
[7i) 79 48 B0 B> H000E 300 00 £ 7 4% 11 R B8 4
HTF 2N EEILE — 8L XM E R AL R
W T AT SR U AR 18 B0 TR 5 /N 1) B 4R
RS RO S5 A R IiR2E .

BFP ML S 4 T A BOR AT B0, &
BB P =2 — A8 BOR K> T 75 BEAE A 1 46 L
A3 L 3 AE KRS I b B b onT D) T A
LTI 0 NG s R T S B i1 < SN T N = A R
AT VF Z2 a0 3 3k RO i i #4E nT AT A6, 920 T 48 55
PR BN B & T iR . LA T L i
AT BRI A A8 B S B, DA T X B 1 i 3 2% 40 FPGA
o ASIC %5 5 i 1 73 5 A A

BFP U 28 75 — 26 7K J 2% > HE 48 v 45 3] 1 .
B0, FlexFloat ™ 2 #5 5. 7 % B #h 28 I 45 v 1]
BFP ) BRI IR 22—, B M AN [R) X B 9 500 K
NG SR RS i, O R EE 2 T YN R4 I T — b R
W B X, A FASTSY & — R &1 3l 4 3%
SHY BFP s & , W2 8 19 BEP 88 R 288 it
 H. T. Kung ZLH21E 2022 4E 52 M, il 3 £ Fhoks J
(1 BFP &3 RIBE AL & A AR PE4L T DNN I 2k i 3%
R RURE

1M Microsoft Floating Point(MSFP) "% J5 % &
HAETHRCN A B BFP T R Z— 7 iz W T Kk
HEI(LLM) &z H . MSFP 2 W 2wl 4
HH T — o A B 1 SOOI 28 A R — g X
ol 25 190 2 Al BN AL 0 AIORS B2 7 ks 2K B TE DR
JE 4 [a) R A% R st 4R T T A RCR AN 4 N TR R R
/N, R R IR T 5 %8 MSFP16 A LE BF16
FKRIBEAR T 66% 1Y 6F {4 By A<, 1 MSFP12 48 It
INTS8 FEAR T 7520 B BE A A, [a] s £ fit 1 A ] 5
WA RS RLRS B, R4 R MSFP Xt 455 78 4 B 119
SR T LR (<1 %00 o HLJG T XA 0 4 25 4 R £
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B AT LS R G 2 A 7 O R A L 3 A 1 R B
T P )Tz R W e R . 2023 4R
JEE » R A AMD, 3245 /R Meta , 3246 ik | 5 38 4t
Rl T MSFP, ¥ H FF 24 N Microscaling $01H 2%
A (MXFP) ™| [@ #E 3 T BEP B8, %1+ MXFP $t
M,

% 2T MICRO 2023 22 1 Bucket Getter™"
J5ZEXF MSFP i 1 i — L Ak, L1t T 1T
Ak FRARE A BRI 5 K (BEP) A% 2 A9 14 1 o 28 9 4%
HEIE %5 R AR S BUE A 27 K6 S R
G R AR BN B S S — A R SRR i
T T 8 808 A o i b B0 2% L B T B0
Qb BB FAKCR . A H T ELA A9 MSFP 7 % . Bucket
Getter g5 7€ 4k 35 508 R & 2 19 [7] B, 36k 2> P A7 5
T 41 2%, DT oA I B 38, 488 33 7 ok it . ik P 4 A R 1)
A PATIRBE 2 2 v B Y &R 2% 40 MR as 5, 5 1
I B T8 3 o A3 A58 S R TR 2 2 AR 9 R B 17

5 EFHFUBHFROERENGT

AR AT F BT GRS T T 2 N 4% Ak B
RIS HUA REEMBFIE . AR F B — ) B fE 28 R %
T i g it Ak A 28 45 b X6 hin ek i 0 R 1 18 o kL W
A [vi) 2 35 1) R T ) e T R S 4 . AR L T BUE
FERIBTT A N T RE N 2R 4R b SRR A 1k
HEZE , F A v I 22 22 R T K Pl Ay 1 e 3
501 ETREGHERENELGEREN

FEUR B 2 2] UL, 22 K5 B i A 2R 0 1 % R AR
S i TR I 5 R B OR I SR R Dy . [
RN FILE 2017 AF 3 U IR A RS BE I 45 52
PASK 3% — 4 R B i Ak L IE7E 2 B0 B 17 & rh A E
TEHL SN, FERIRTE 2018 AR HfE 1 1Y Turing 2R 455
L BARIR E— LT X FF 2R E B GPU
KA L O UE TR AR B R A S B P T
TSR

TXRR L AR 1 51 ARAL AR T I 50 B b 2 ) 246
(7 2t 4 B G R AR T MR BB AL T Rk L
ISR R R P BUE S IR AR R
R 8% 78 Wl 20 T 5 96 T AR 1 ) B O R kB AR T
R ) Pk B B . K P S A 2 3 A R O 1 T A
SRR L [ S

[ R/ =25 N 1 WY B R )
P A 7 X — 40 A T B R Tk . B, &k
76 ISCA 2018 23 f#% Bit Fusion™™ 1§ W42 T —Fi

BB B AL 20 3h A 20 5 A L B RE I MR A 1 4% 2 1 B
R R BN THRAL B T A 98 . XA 2 i it
A5 B 25 B 02 T AT AU b A B AN [ 2 R A o SAE
55 B TR R RERCRIPERE . S 2l 2 A0
FECSRA T L AR, TRAR L R RE & e AE ISCA
2018 £33 - iy Outlier-aware Accelerator (OLAccel)™”
I A T S (R R 0 IR AR T vk o —
AL T 2 28 I AR YRR . XA RIH T
28 1 2 R BC(E 1 A 450 53 A1 R e S R RN
e 58 SO /I 0 S 10 B S 2 T 0 T
WL TS R R BE TR FE L [R50
30 B (R A JEE S B, AT SHE B 1 el 28 1 45 A AL 1Y
G BE IS ATROR

2020 4F, & £ AE MICRO 2020 £ i) GOBO™"
W 3 T i Al B AR AL B A b i T L
(7 A 308 3 6 T e L JR R T AEORS B2 5 AL 5 v L B AIR
TR IR I P T AR . X —H R ARSI E
FH T R o 107 B N 3 5, 0 SRR A
ZHAXERGE . FAF, KR A ISCA 2020 W E
i) Dynamic Region-based Quantization ( DRQ )"
3 o A AN [ 1) 0 28 X 30y FH A ) 1) 2 A 500 R TS
b VR REORS BE L DLk B BE O 15 5 M BE S AR T B A
PERY EH AR . X B DX A 1Y) 56w AR 2 AR R =2 18] 119
RS T 2 p i A (),

BiScaled-DNN"" 3 1 52 8 %R i Ak, 72 V0 78
PO 245 189 AN [+] J22 0 AR ) 10 44 Tk L 491 3 55 ik A B
REDRUE DB 2 A B2, L RBAE AN R BRI 2 b 5 45 1
TEBTIR. MRS AR I S TR A FR A PR A%
AR A ARG KA. Kk RAE 1SCA2024 2
WY Tender™™ £ 5 KA B A7 £ S 4 8 Y 1n) B, 15
I i Ky TR S 1Y A A L B8] R R Ak B
AT LA 008 0 0 1R AR A . FILM-QNN'™ % % FP-
GAF R, Bl 2 IR AR B Aok 0 AL iR
JE 2 P 25 B B A B, X AR T FE AR R T FP-
GA (%Rl 5L P, S0 T XA [ R B 2 I AT 55 1
FIRCEH . Sibia Y MBI T RS A U] 4R,
AL i A DNIN THE R B LR 87 28 R i 4 ok
I AL B X RO AR T AR i BRI
T A R R G G A B RIS 1) TR B 2 2] AR
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T ALY R 1Y b AL 00 1Y B e, B S R IE T
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REAR T MM g AL TR
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Z N . RaPiD™ ™ il £ 5 Fi ARG 2 4 A ik
B T AT AL B I 50 A B R, X b it aE
o i b e AR KL 9 2 98 L A e O SR AR A TR Y
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2% S Y 5 AT: 55 A% 6 . FPRaker ™ 5 i %
BT AL BB TT L 1] T i 22 0 2% 11 25 Y i
1o 0 S o) A% ok i, AR Ak 1) 580 O RN 5 7 X i
FIRTF T IR BCRMBE . 2-in-1 Accelerator' ™
JeR T AERECR R T b SRR FE Y 3 A D) 4, S A A
PRAL T R R OR R T I RAOR . X
T R I S T R R R T ORI 5
BN %37 5 . Cambricon-Q'™ I 38 3¢ FLVE & 22 44
BT ZE DR A5 5 RO 1 [R) I S48 2 Z% AR B 1)1 2
X ARSI AL W 1A R I 25 B B AY 5 5K . ik BE 7
PR A5 v 4 B 1 [ B i A3 v 2k g I P

X L 22N B A ARG B A ST SR R T B e e
AR AN A R P THIR B p 22 2% i VERE RSO . Bl
AN TR RE H AR B AN W 328 25 0 H 4508000 A I
Ji& Tt AR KA T 2 0 BIHT A D 7 22T B, DA 2
H £ 49 i T 5805 SR R RE AL A
5.2 REHEXRIHNEULEREN

TEGRBE 2 ) 1Y i A B 90 8, X A ] 5 & F0 4R
W 19 AN T] 0 A1 B R A SR S [ 1 {1 26 AL A7 3
P E I 4 g 8 5 B AR RE 1 % T AR 10 T T
B ATV T TE R — BUE RS B R AR 2 A
HE A Z T iR R a5 40 10 55 1 3 0 19 LA B
R . 88 AR 30 T 7 R A BOfE 2R B BT TR AR
K I 22 R BE 2SR 3 o B B AR R 45 0 it L DL S
FEA ) 0 B0 28 YR AT 1158 R A7 A ) 5T R0 4
PR BT SCRE AR L T RUE R R A B 2 R I
TR ] 1) B A

%%, Adaptive Numerical Data Type (ANT)""
R A T TR L AR R B A 22 I 2% 1 1Ak Jl i RS
W 2 A A R B BE 2R RS, 0 Fline R (INT) PR 2
(R R (PoT) » SE BT 5% AN [m) 50 4R AF 14 3 17 2 7
B, Ho, Flint 2 ANT 742 i % 7 21 80 26 2
FoOmAh A B 5t © 240 5% 1 A 58 K 1y 48 BUR /N B
o HJ2 SR | Flint 2K, X FP 55 AU
16T BUE G FR o 5 3L 30 X BT AT 28 7R R TR ) R
JEBR S T NAE TR ROR, BB W T P N AT &R
i, T ANT R T 2 R0 6] 0 %58 28 AL, X

T 2 I 45 e i B e AR B A e Ak R 25 BN L AT
153 T A ORS B . AR AN TR R R B TE T
PAE R —it B ooh A Tia B, Ik, ANT %
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IF 5 B A R AT 7 7 G . DA AR A i RN TR
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Off-chip Memory

P4 B AL A AR S5 S0 — A0 LU HE 22
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source-constrained devices, aligning with broader trends in
Al miniaturization. such as the push toward Tiny Al De-
spite these efforts, several challenges persist, especially in
designing hardware architectures that fully support quantized
models in real-world applications.

This survey aims to summarize and evaluate recent ad-
vancements in model quantization techniques and their inte-
gration into computer architectures. It specifically emphasi-
zes the design of novel Al accelerators optimized for quan-
tized models. The previous work has laid a foundation in
Al model compression, including contributions to low-pre-
cision training, network pruning, and the design of quan-
tized neural networks. This background informs the cur-
rent survey, which offers a comprehensive understanding
of the state-of-the-art approaches and identifies opportuni-
ties for future research in model quantization and Al hard-

ware co-design.





