arxiv:2506.21371v1i.0 0 O

MAx-DNN: Z R F AU T HERY DNN £#
PEIn s

Vasileios Leon*, Georgios Makris*, Sotirios Xydis', Kiamal Pekmestzi*, Dimitrios Soudris*

* National Technical University of Athens, School of Electrical and Computer Engineering, 15780 Athens, Greece

t Harokopio University of Athens, Department of Informatics and Telematics, 17778 Athens, Greece

%E—nA, WML (DNN) ZUam P K a1t
IR B RS DL A7 IR 55 JF AT I (B PR S Bs J5 3k . B
SHIEDEE DNN 158, ASCbE 14k B s A 45 DNN T
i AR S LB A Z I A TR, DL B S K~ 1 ik
WECR. FHEREY ROUP EMIRLS, JRIORGHWKRE T
BIEG DAk R 5, IR T2, IEDE SR RS
Jiik, g g RRE R . A1 CIFAR-10
B dl LY ResNet-8 BERDRIFAS AU . BB
TR GG LB ONHILL, el 4%MRE RIS T R ik
54% M RE AR, [FINAE i ek DNN SL{0U5 76 M LEi 4
e T AFIPREEEA 2 x I RE RN AR .

Index Terms—i{lH5, AHTIRILSS, FHERLE,
TREERIZE IS , Bk 754, CIFAR-10, TensorFlow,

L a4

B fEoa s (DSP) FIATLRGE (AL) Gilsrhi
7% TAR DB A O b i 5 R BB B AR A SR G it
RRTI A O TR IR DI ARTE I A S B PERE T 58
WHE A IEAE R R AN BT SR . FERL T ) B, i et
SR P Eal (1], BRI A R PR A A
R BEHCECIAE . RS TRIBURN /el 38 75 ThT A e o A
AKSTEECEIUR T, TSR BNI T ARZI, —IA
L [2]-[5] #IHNEEAR [6]-[10].

REEMZE R 2% (DNN) f 7RG D B PRI Y
WK, AR AL 7RI T B SEAE
g5 (DINEBR 2. BARi, LA, fHAN
IERHR R A RIS EEE . 78 DNN BRI s AR
WA R AR [7]. MRS EEE(EA X [11], B
AL [12] DA 2 SCHERE YA [13]. T DNN HERER

I RARE g [7]-(9] B ILm 5 1N 1 RE T #E HE 1
W2 B EA. Besh, ASIC/FPGA A SRVHRHAL
A B SCBARS RN TE, A2 TR kR, X
i GPU/CPU figte i ZHMI .

J Ll DNN JEZSH Sk T8 Tk . IEanE
[7) e Y, BT E AR ek N 2R DA A
BATE G . IR MR (1) LA RERER /B T REA
FIH, (i) AR AL O B DA B fif 1 SR
ARIZFAFINT FE NGBS . AEE el DNN 1) 5
— AN EEPRAR R A, BIEWE B AU, DA
A L b A = B A ) B PRl P 482 32 K~ 1) HE B 44

EARSCH, AT T MAx-DNN HEZLE MR ik
BBk, A DNN 22 AR 2 9 i (A 3
BIZEM 452 . J2 U8B g s B AR A% D N . 25
DNN R 280t HEL 2 - 2o [9] 25, RAT% 1
T ix Eesfevkiz . MAx-DNN R T ALWANN [7]
de A A Tg B E IS DNN BE sk, Jfi8
P FRATH A S B AR BEAT TR, e ARET ROUP
Pk (2], HRARH) ALWANN HEZEAH L, FRATI R
IR, FERNBRUZ G AT HIFE AR i
2 (R 2R sk as T REARR) o B, FritH K
NN BRUZE . SRR s O/ BN A L
ROUP g N TIAGFRATIT I EE, AT A
CIFAR-10 ¥4 450 S Ak ResNet-8 4%, IR H]
PRt B 7T ASIC $RPA K TSMC 45 4K 1. 1o, K
IHEM S AN AL A 5 N AR DNN 203 (L) fi e
SRIGHEAT) 2 W 23 (R 43R SRS - REAE MG R 48 /0 b

© 2022 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media,

including reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution

to servers or lists, or reuse of any copyrighted component of this work in other works.


https://arxiv.org/pdf/2506.21371v1
https://cenxiv.cn/cn-pdf/2506.21371v1

PARHRFA T iR P iR I . SRR, SRR
BUAEE, FRATAYBTTERIRE AT0 R0 BE A1 DL Wl A%
ik SA%RYRE R AR, T HAHE T BUAR) ALWANN i
UL BRFRBE T 2x A RE R . A SO TTmkAE T2 i
TR R AL BE T YRR DNN A i sfedfis 5
PASCRAL 1R H AP R R B A5

ASCHYH AT AL T o 56 N4 T AL-
WANN HEZR [7]. 55 =5 & L T HRATHE L2 0 . 56
VU it TSI AL . RS, SR TR

IT. ALWANN JE{HEZE

ALWANN HEZE [7] #5Z AFHi A (i) PA protobuf
YNGR (FRGE) MMZEAL, (i) I pIkds I, AKX
(iif) BB IR A ALY (4N, KRB R %
B, IR TTHER) o EARBINAER FLaREE L,
AR R AA— R RIREL. sk, N TIEARTE R
YIRS 0 TS ME R, AR e v 2 1 S I VR e o
B EREE . XU M4, FRic AxNNs, 2%
IERE AL S A, 10 2 PR s A ) 25

N TR ALWANN, §"F# TensorFlow DA 2 £5ir
RiEALE, A — AR RSB, IR
FEREH LI B A% 4R 20 J2 Rl % 4R 2p 2. LERAEAT
FLVFil L AzMult(F 45 % ) ZH06 &€ S RISk
#r (FRERIEARN) C/CHHBLAL) I H R BEH (5 FI AL
HIFARIGE, @ AzTune(w RAL) L. FREEHIRL
AUy TensorFlow B &3 A M THEHAME, Z TEFBAT
AxConvaD J7%, #RJ5, il NSGA-IL FIAFEIUIA R FTR L
AxNNs,

AR, Fefilh ALWANN Jlss T8 il s
W%, WM g P RRE R T . R RE U R T
HmARmE s, 5 ALWANN FHEG, FRATR: 4%
2pTensorFlow #AERFE SN SCRFRATE =D 2K
(2. gy, W) ErERUrE, HFHERA T
Jeikn) ROUP PR Ry plafekes [2].

L s S

AT, FATHE T R RIAsE], R T AN
e DNN ByRE—)2 . U8 2 A% 20 e i B ey afe vk
Ao X IATHY AT, BRI ALY) DNN 3eky: 445
PUZEHE N AUEEA, IR E M DB
PAAEFR M A% AGEE 4t — D RE R (R N
AN FRHE R o ST A R AR T A A A R 2 E

Network Build
Model
4
Final
AxNNs

Initial Network
Representation
(Uniform Structure)

New Approx.
Approaches

¢ Learning [—

Layer-Level
OUP Library) RTL Synthesis ALWANN [7] o)
[ DL Model: TSMC AT Kernel-Level:
lodels +
AxConv2D Kernel-Levelz

Extension

| 45-nm |
| C/C++ Models
—‘ '| Synopsys DC l

P 1. MAx-DNN THj7i# 5%, ALWANN [#i @ [7].

CIRCH, R, )R DR N L T
IAE P ROUP Feikids. fa, JAIN4 T ROUP 3
TEARIZE [2] T E AR

A. LLAM: E2BEa R ik

B—FrEE, WE 2R, BTEFEM S iE AN
[l B M . Bk, AT &R 20ra
FVEBRAEM ] ROUP FeyAaR AT . X PP vk 2%
GERIMCE, HohiE s A SRR 0 R R
#r, TCIERMER (B2)5010) BN (AEH2)5)
M), RAEM L HGX 23 B
B. FLAM: J& ik PR ATR ik

KAl LLAM (5%, FRATREE ZFp v a0 &l 2bfi
7, FE DNN 5 540 2 o i A @A [ B
LR, FRATHERE—)Z 4 U8 WA A AN TR 1
ROUP T4 1, X5 —MIyEHR—FE5H—H
JrE, Al — 20T DR A R A IR ROUP fe
BR T 2l B R AR LR AT A R R Y
ROUP Sfes§ A 1A LB .

C. KLAM: WAz B A%

T =Yaa i, FRATTHE DNN 24 it —2
TR, IR 35 5 D B A S FAZ R T (L. 4521
&, BRI G BEER HORER ROUP ek
170 B 2chliid T e M =Fg ik miEAe 4k, H
Hh 55 PN AZONT IV 1) 4 A A 4 VR0 £l FH A (] 1 Sl kA T
PAKAT /BRI, oot T N 17 /5 A R Y
Ei8
D. KLMS: W B R EkT

MW RJG—FO7A, Wl 2dfR, BETAUEE
Bl B ERR— 2 RA . RIS, FATIT SRR
A AR FIIE, H T 53 E AL




Conv Layer 1

Filter 1

Filter 2

Filter 3

Filter 4

(<]
o
3
<
=
Q
<
- )
Filter 5 | 2

Filter 6

{E TR

Filter 7

(a) LLAM

(b) i

AN it/
E wilw2w3| | i (wi|w2|ws
4 w5|wé| ; i
w4 |w5 w6 > —>|w4|w5 (w6
w7 w8|war 1 !
w7|w8|w9 4wz |ws (g
w2 o [w2 [w2[w3| || wi|w2|w3
wolwol ‘:"F w4 |w5|w6 | | | ¥ |we
w8 E at I
w7 w8 w9 ) wZ|w8 (w9
wllw2liv3 wl|lw2w3| || wil|w2|w3
w5{wé w4w5w6—>§ AN S
w7w8ws w7|w8wo | |/ w7|Dg|»9
(c¢) Flam (d) KLMS

Bl 2. RHAYARY BT RAEA R ZR R (a) 29, (b) IERaEHRE (o) WRIZZEEURE, PAK (d) WREHIFREND .

X TTE . BORISEN 1, WifEER o, RATERE
NPATIE T XA (1 — o, 1+ o] B [p — 20, p + 20] NI
U [ e v

E. ROUP itk %

ROUP ZReZHEMAS [2] BT 4 dgmi5, J
M TWRNEAS IR A, B, SR AFFI. FEI
RATH, FIUEME T R AT, R
A A A NKFRES A3 1O BT 8 A BIR [ R A 9
I T B AE R A R rh i T
P N (LB EC ROUP Jeik j2 i i AR
FLHE P& AR BT MG, BI: Py, X Eedssy
BUREET RH-4 gD [2] A -
N

ROUP(A, B) = » P&/

=

Jjo

N/2-1

DAL (1)

BH P RS T AL ARG T B B . T
WAFIRMTRD TR Py, i ABRIERL A Py ABIH r
i/ NERDE (r BRSO 2R

(2)

FERRRBRAEAE AT hfiife T AR, B bk kgl
W B AR 4 BRSO Bk T 3RO A2 .
e, b RIS(ES B I H LY 2 R,
AEIMN—ADFB T I a1, X2 LA AR S s
P iy o

ROUP Sk gt 17— KRR =S AR IR R &
e 2e-RE AT h, PRI RME B PN ASZ ) SRR
1 [2] B PRAL o, ROUP BRI 1 HA W4
IR ZE-TE RN BICHHT, &l T SREEn ek
#v. 5 HT ALWANN /¥ EvoApprox8b J& H1 1) e i 4%

A; = <aN_1aN—2 o 'ar>2’s +ar—1

[5] #HLL, ROUP #4179 2 iU FLE , Ryl
KIMSEEI T B, BRIRZEGHCEMESE, M
Re 1, AL ROUP i [ EvoApprox8b ks
B 15%.,

F. i&4k DNN #4458 451

Pl DNN A a5 0 BEAE 2 B T I Rl ke iy L E
BATAEER) o EFRIFRHERIT ASIC $oR, XS8Rkl
Tkt T ESZE T TSMC 45 42K %, B, Synopsys
Design Compiler i %%, Synopsys PrimeTime fF
I EEDIHE -

£ ALWANN [7] 2610l, FATARE G2 10 e ik 8k
AR FIEAF RE ORI AR 2 RE R, B, #Fmult x
avg_mult_energy. K T34 DNN gyaE&E, 4]
R8N 2R RE = BN R .

IV, SR

J T VHERRATR I, FATTR T ResNet-8 I
2 M 28 F1 F T TensorFlow 1.14 [FF i ALWANN #E
28 7], ResNet-8 7r. CIFAR-10 #¥lifk AT 8L I %%,
SCELT 83% MY A UER R

085 0.85
g 075 .o~ T 065
g 0.65 :Egﬂi; EJ’ 0.45

0.55 o ROUPH | g5

01234567
Approximate Layer
(a) (b)

Pl 3. ResNet-8 MEffiREZAGIL LG (a) 2 (B, U5 5R),
(b) ELJUZ (B0, % 15]5)2). “Layer=0" FInhkdibpind.

01234567
Succes. Approximate Layers




HIZWR IR RIS wok, Ik ELEH)Z
R 2SR, AT MR 2 T AEAT AL . AR XA
LR, FRATESE T =ASRREREE R ROUP %, R
L7, CH g R “ET, r BiRRIE S ROUPL, ROUPy,
1l ROUPy . & 3aiji B T 5 F X L6 e S5 i hs B2 A5 1k
SAESE m BB (m=1,2, ..7). TiCEAR 5
FEARA], #ERBELRIE — 22 — S5 R 2 B S
ke (m=0 BoRHELRA | HEFRR 83%). X —HAE
ROUPy FeE o R, HAmA T2 &M ITE R
#Zo FEXFERR, ST 4-7 )22 0, REEERR
DI RRETEL) 8%. B 3b, #i4E THEENTH m JZHY
FE AT, WTUATIRRE, i T CUZECRmR, KR
BRWAE R AT, FATFRRIEBEIRE —EiRE
B BAORUL, SRS 4 B2 EHE R, R
PRIRE . IRIFER I 7 — AN EELER R, ToREI
— R KB )Z, ROUP, Il ROUP  fir B (k5 B
PR AT PAZIEASTT R oA ik Be e 2% 5 R 50 1T A0 HL R
T BEMREEI AT, BRI BIRZH 10%H1 20%.,

MR E: FiE, RATEIHR % Lk
FITTZ MR 23 %R, W R4S F ROUP feikids,
PASRBUE T THEHER R REAE Dy T 5o 28 L& . X T
BATER, ff TIUMREERAHG. R 4, &
TRR T AL A 5% R IEM RS, IS
BRI He d 2 B 2 ST HERfE . T e 4 b f BT
N, ZNECEART R A K T W] DAZREAN T
WREES, BRI 0.02%%] 1% 18], FEHFEHT
ROUP Feikgnimiserm T RER. Ht, AT LT ATE
B UER BRI T 00 R S A . T
AN ERIRCE, MBRFCHTTLT-58 4 h ARG B 2 )
B B A B TR ] A BB G, X S R Tk
G ZH AN A RERELERE , 53N T IR B Al
REROAN IS AN R R R, R 40%.

5 ALWANN HEZR ik : R I T H
EvoApprox8b Feyk#5i) ALWANN K 2% Pareto Hif
WTHCE [5]. Prigh iy mg it 4t TSRS, Bh
EvoApprox8b fit & i~V ¥4 2k ~23% , TAELIFE T,
BAMRMET 2x M. X R R TR R
S DNN (fil4n, yEdasai) i i i,
R, A AN (] 56 B2 1y ey P At s B2 YA DL T Ge i) e
A IZFE BRI

4.6 | ?f+ ’ + +o

4.4 "G_ﬁ)«x“‘ + + + o+
= 42+ &‘;éo awgQ o +Layer-Level (LLAM)
»i/ 4.0 q;}9+ o, . + | xFilter-Level (FLAM)
8 gg | * . o *|oKernel-Level (KLAM+KLMS)
5 3.
S5 361 © 4 ¥ oooox o
341 SR
vox@ O o o
3.2 ¢ ° &

0.17 018 019 020 021 022 023 024 025
Accuracy Loss

P 4. $EHASEIT EIIE ) ResNet-8 fifl {125 1) 8 L THFERURS BEI 2% .

U BN ARIEFA T Z RO 2 IRE AR, Bl
SCHUER] T

(1) H— 2GRl U,
HFERE A B iREE

(i) T AR S AR SRR /A% 3 14 18 L 7 YA 1) o
HOr L HORURL 2 2 2 i i (3t B T RS

RIS 5 I 4 )2

V. 54K T

TEATAER, A5 H T MAX-DNN 258, PASE
RERAARUIAE DNN BELF s AR . MAx-
DNN $J€ 7 Jeifdeit ik, % g 7 sfekd i
PP, AT XA DNN E, b g XA g e AN
o SR BARTATR IR M ICE S B T ik 54% ) e
A AD IR ERIR . [RIIN AT 6 EvoApprox8b
Feikas i) BT ORI T 2x . FRATARRM TAEE
TR 2E AL ) DNN A7 3Al, PAJWFFE DNN 35 5
Z IR EE LR

27 SCHk

[1] S. Mittal, “A Survey of Techniques for Approximate Comput-
ing,” ACM Computing Surveys, vol. 48, no. 4, Mar. 2016.

[2] V. Leon et al., “Cooperative Arithmetic-Aware Approximation
Techniques for Energy-Efficient Multipliers,” in Design Automa-
tion Conference (DAC), 2019, pp. 1-6.

[3] D. Hernandez-Araya et al., “AUGER: A Tool for Generating
Approximate Arithmetic Circuits,” in IEEE Latin American
Symposium on Circuits Systems (LASCAS), 2020, pp. 1-4.

[4] V. Leon et al., “Approximate Hybrid High Radix Encoding
for Energy-Efficient Inexact Multipliers,” IEEE Transactions on
Very Large Scale Integration (VLSI) Systems, vol. 26, no. 3, pp.
421-430, Mar. 2018.

[5] V. Mrazek et al., “EvoApprox8b: Library of Approximate Adders
and Multipliers for Circuit Design and Benchmarking of Approx-
imation Methods,” in Design, Automation and Test in Europe
Conference (DATE), 2017, pp. 258-261.



%1
F{, RESNET-8 i g b i

WAL Ji ik /Il fie i As bR T
FLAM-3clas._2_1_1 49% 18%
FLAM-3clas._2_2_1 52% 20%

\SQK‘-%AM—Chan._l_O_l 46% 17%
& KLAM-chan._2 0_2 53% 21%
0%&/ KLAM-chan._1_1_2 50% 19%

Q@Q KLAM-chan. 2 1 2 54% 21%
KLAM-row_2_1_1 50% 19%
KLAM-row_2_1_2 52% 20%
Evo_mul8_2AC 23% 20%

40©Ev07mu18u72HH 23% 23%
&&/@\ Evo__mul8u_NGR 32% 23%

&i@ Evo_mulsu_ZFB 39% 23%

Evo mul8u_7C1 20% 24%

LR S AR R H . SRR, SRR TRATE S, B8
T LTS .

[6]

7]

(8]

(9]

(10]

(11]

(12]

(13]

V. Leon et al., “Exploiting the Potential of Approximate Arith-
metic in DSP & AI Hardware Accelerators,” in Int’ l. Conference
on Field Programmable Logic and Applications (FPL), 2021, pp.
1-2.

V. Mrazek et al., “ALWANN: Automatic Layer-Wise Approxima-
tion of Deep Neural Network Accelerators without Retraining,”
in Int’ l. Conference on Computer-Aided Design (ICCAD), 2019,
pp. 1-8.

G. Lentaris et al., “Combining Arithmetic Approximation Tech-
niques for Improved CNN Circuit Design,” in Int’ I. Conference
on Electronics, Circuits and Systems (ICECS), 2020, pp. 1-4.
S. Venkataramani et al., “Efficient AI System Design With Cross-
Layer Approximate Computing,” Proceedings of the IEEE, vol.
108, no. 12, pp. 2232-2250, Dec. 2020.

V. Leon et al., “ApproxQAM: High-Order QAM Demodulation
Circuits with Approximate Arithmetic,” in Int’ I. Conference on
Modern Circuits and Systems Technologies (MOCAST), 2021,
pp. 1-5.

U. Koster et al., “Flexpoint: An Adaptive Numerical Format for
Efficient Training of Deep Neural Networks,” in Int’l. Conference
on Neural Information Processing Systems (NIPS), 2017, pp.
1740-1750.

J. Wu et al.,, “Quantized Convolutional Neural Networks for
Mobile Devices,” in IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2016, pp. 4820-4828.

S. Anwar et al., “Structured Pruning of Deep Convolutional
Neural Networks,” ACM Journal on Emerging Technologies in
Computing Systems (JETC), vol. 13, no. 3, Feb. 2017.



