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M CNN HHI B Transformer BEIF IR E: CNN (Convolutional Neural Networks, FRfRFHZEMIZE) 2—
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Al Processing Differences between Cloud and Endpoint

System Examples Needing Fast Real-Time Operation

Response Time
isec Cloud Video analysis (1sec)
Al on Cloud (50~100msec)
e Advanced Al iii Communication (0.4sec)
GPU server :orocess":g (Ijoatsed on L00mseck J Recognition and
(>100W) :arge-scale cata judgement that needs
including language - - .
understanding Endpoint fast real-time operation
(1~30msec)  Energy control (10ms)
\ 3D vision sensing (10ms)
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Al on Endpoint P
Al processing for > Factory automation (0.5~5ms)
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- (10W) (Fast latency)
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= Imsec|— t@j Robotics motion control (1ms)
Collision avoidance(<1ms)
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Computation Amount for Relationship between computational complexity and
Image Processing (Al/ Non-Al) accuracy as neural networks evolve
Evolution of Al models
° 10
i 3800
> - @ OT-w24
3= 1 = = T
Q O 0_‘ @ ViT-U/16
<g > e i e
T = ® TENENEtF
5O 5 .
BN 0.1 8 h rﬁ\mﬁ( bt mw yer
25 < oGS
58 o001 o 01 ”é e et viato o M ReBNGRGa op oot v2
E (o] 8 . W LeviT 1285
Q o thlMxvzhaQ”;o0 B ResNet 50
R a~
§ oo . = st 1 S B
- HBONet M ResNet 34
RGBcolor  TinyYOLOv2 ~ YOLOv2 - I s
W MobileNet V2 1.0 224
CorreCtlon fu“ B MobileNet V110224
HD)
. Non-Al Processing . Al Processing ] ) ‘"":fs
Required Computation Amount [GFLOPS]

Bl 2: il AL IR T5 S THI s FR I AR

&4 Vision AI W) RZ/V R F|HIRFIE

ExtumPLIE AT BLAT ) MPU 251

RZ/V FRFI A5 AL (19 MPU, R 3% B 72 G0 (19 i R AT I 2S (DRP-AD) o A 3B L7 Zh A
A K AbFEEE (DRP: Dynamically Reconfigurable Processor) , BEWSRIZIAT&#F AT BH. BT &
REL 3749 80TOPS f iy AT MPU——RZ/V2H Z Ak, e AETERE R I 15TOPS H RZ/V2N K- 2025 4 3 /]
FrRER=, JE#EBA AL PERETT Y R DASCRE & Rl U AT 82 FH 2

UEAh, RZ/V RA BRSO IR BEHL AR BN S0 50 (0 AT BB, DRBGRR a8 PR R R . it RIAEAME
WU, RZ/V2H B ARG A% IR 5 8 F R R XU R A 3 GPU J L AR TR 7K, R F 50 22 3 R
AR AT P 4% PR A ZOR AR AN N o IZ R B RKRERLLI 9 10TOPS/W, AL+ Heft 22 7]

H¥s M H

RZ/V Z5E Z T e AL 173z @)@ (10TOPS LA L) Tidg®ldhig (1TOPS-10TOPS) iz (B 3) . Ifi
Ie) ety T 4 ) RZ/V2H 2 B2 T 75 2 v SER PERE R s 2 AT IS R AT, b ERLES AL AGY RIE A
Bl T T4 RZ/VeN EZH T DMS CEB AR RS  BalHLEs AFI AT FA5 S 56 5 A 4t .
RZ/V2N PEA LG, ARHIE S AT PEREZER o HZRG HAA% 1 hai AL i R

March 2025 RENESAS JiRY 3



B MPU RZ/V2N, FRERN. RN PEKG5H K BRI R AL B

Al Performance

S
High

RZ/V2H
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| RZ/V2N

Mobile robot
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Low | zlﬁv-z et H
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Smart Office Appliance
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General Renesas DRP-AI

Al accelerators
RENESAS
DRP-Al -
focus on Convolution Neural Network Structure
PR ECG  Convolution Multioly- mul ration 11
acceleration ‘ ( Multiply-accumulate operation ) 11 : I ||| \ -
Al-MAC T 1IN, "I"I=I"" 1
LS| Internal II II ll Illll Il II II
: ]|
Conne ction (111101 I I. lll l l
e n T 11 T
everything //|| i 1l "" . i
else must be - . Lonvollition
done by GPU Pooling and so on = Pooling
External Bus (Various other operations) SoftMax
- Other

Bl 4. #%% DRP (Dynamically Reconfigurable Processor) ] AT Jii#E 2% (DRP-AT)

DRP-AI T ERiE
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Custom Application) o JFH, FATEIRMEARELIH I THE (TLT) , % B8E EoHil Zas
L W AT CARR AR AE 3 [ OB (J] 6 fY) Re—train RZ/V AT Apps) . HRVELIEE, ESH
Al B HERPHY Github

B AL BRI P . BATESFH P ECE B e A (E 6 111 Custom Model) o Al X} DRP-AT i
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https://renesas-rz.github.io/rzv_ai_sdk/latest/
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N ¢ - - - B
. RZV AISDK  ( Amsdeioboa
Start with Free Al | — - N/
applications e QRZV AITLT QORPAITVM Develop ‘
R;VAI - runtine ey & Deploy ’
Re-train Compile
= 5 : _— Run
. User Training 00 Bary
Brlng your own Environment © DRP-AI TVM RZN Al SDK o o
B Custom Model [ Amcie ] I TV
Al model BYOM or 0SS " Develop e ey '
R - Compile
e-train & Deploy Al model abject

B 5. AN &K DRP-AT T A/ E
PP a4 AL R (BYOM) [&EmkiE

BYOM #5570 22 92 (&1 6) EA LU NAR &

AT AT B & 2R TR SREA T ARASCR &M AT BURAYES IS5, BRI R
i)z 3z F HOB A S0 AT B2

ZHEZET . 8 PyTorch Ml TensorFlow 252 5 AT HEZE

RZ/V P2 Z 84— API: RL7E 55 RZ/V RFF- 14— APT, PABAERFH 7 AT B H IR B —2i:
BRI S IRUR,

1E{#i | DRP-AT Extension Pack ¥sill DRP-AT L #r1) AT HEZE (Pytorch B3 Tensorflow) _bHEfTHE%y
R4, AlEREA (B B, BAh, B SRR B S DR R AR 2 Ak 7 PR R R ARS FE (AN 32
A0 3] 8 £7) (QAT: Quantization Aware Training) . (BRI E QAT SZHEEXTT RZ/V2H A VON 2
ATERDD

7E DRP-AT TVM ", # AR R (H S5 2Rm BHS B 5D
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.
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Ubuntu PC

-

Model

compaction
(option for
RZ/V2H, V2N)

Compile,
Runtime
generation

Al MPU Evaluation Board

<&
3

Training Program,
Al model

0SS Al Framework PYTHRCH

1F TensorFlow

Training

D OSS Al framework

D Tool provided by Renesas
[ ] Renesas Al MPU hardware

- Data prepared by user
Eﬁ Al tool output

RENESAS

DRP-Al Extension Pack for Pruning

Pruning & Retraining j

QAT
(Quantization aware training)

v

Al sparse Model

RENESAS  DRP-Al TVM
Graph optimization

INT8 Quantization (

Compile

Ega,? « Patch to add DRP-AI support
on Pruning and Retraining

p, ¢ User Manual
* Sample pruning code and

retraining code

Pre-deploy inference simulation with
compaction model (interpreter mode)

Inference
— Program
\ - .
simulation result

| Object files I
lDeploy

RENESAS Al MPU (with DRP-A)
Inference

K& 6: BYOM (Bring Your Own Model) T. B2

DRP-AI Extension Pack (BYfi T H)

j&id DRP-AI Extension Pack (BYE{T.H) fif Al BAIRE(
RZ/V2H F1 RZ/V2N s 88 f ) DRP-AL (DRP-AL3) , RFIMMGIEAR, FIT7E & AR D #E T o idid
THURI “BIRL” BORSIHL AL RSN A AR o B — il e Ak A £ 000 4 R a2 T AR SR
SRR MBEAR,  REYE PR DIFEFE b 2 72,
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x.a.

0y 0

Dense neural network Sparse neural network

Pruning
_—

B 7. BRI R R

DRP-AI Extension Pack 5] /1] PyTorch B¢ TensorFlow Y ZRFEF 45-&ik, mIE4AL4040 DRP-AT H BT
FiZhRE. DRP-AT Extension Pack H#& FAIRHE, AMEREHEWEE Z AL AH T FR, RMEARRZEN
HARPH W8Nz 57k TAE,

D A RFERESRE, R 3304 soE & s,

2) WMREINGIE, wiEH T AR ONN L,

{¥ FH DRP-AI Extension Pack B Al #EEIEZE (BTk:D) WHiE
K] 8 & ~f#i [l DRP-AT Extension Pack M7 EH 7 AT 184 (BYOM) (BT A A FE

RSB MBAEE: LIk AL BAE, FEHSIISGER M TINEREIRE. (] SZRFROHESS
FE Pytorch 1 Tensorflow)

TNH: EEESNZ%FEF, 8H DRP-AT Extension Pack #h 1
IR SEIVISGHHAIT: 7 AE 23 Pytorch 8¢ Tensorflow k45258 PC _E3AT B H il 25,

SR AN &0l DRP-AT TVM g B FIEibG, TR R b STt Al 58 78 N b R e =0 A BY
BRI R SRS B, DA E e BT R R,
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Prepare datasets and Yesiing Pecoraih
training scripts by user
‘ runing can be applied by adding the DRP-AI Extension P

M%ﬂo “Trainer class” in the “trainer.py” file when using YOL!
Add patCh tO tl‘alnlng e MOdIfy training SCl'ipt Four steps to adding the DRP-AI Extension Pack to YOLOX
code for pruning s to import ext. module

\ Loading the trained model (edit resume_train() function)

\ Preparing for pruning the model (edit before_train{) function)

Retraining to restore \ j
reCOgnition accuracy Retraining \ | Updating the pruning parameters (edit before_iter() function)

ilati Compile
Compilation S
(w/ Quantization) w/ Quantization
(DRP-AI TVM)

-2

Check accuracy

Check accuracy (on board or interpreter
mode)

Bl 8: {#F DRP-AI Extension Pack HJIREIE4EHFE
DRP-AT TVM f¥) Github $24t T /R IIZRIRAEIE ST VERI AR VEAIN BIRAZE R Web 457 FoR B BHIAZE
ZRIRAEE, MREEBESH
AT B K PR B b R DRP-AT PN 8, IEBE A DRP-AT AR B B 1 AR . X
ANEREHN N B F DRP-AT Extension Pack MM T 2, F P AJ7EA T ffde B0 5 ol T A8 24 1)
BB, BB ZANT, AP RERESNEA AT, S—J7TH, BRI RE
BEAE BT ONN R TR, v CAT 32 T & FE 55

BT SR (BIRR) AT LB ARG (70%. 80%. 90%%F) , [KILAEHE B A 4n a5t I B R 5K
FERRBE 2 (BT K R e BEAh, B2 MMEET B AR E B R BT G m R B = . IXFE, 1E
BB B BT R 2 BB R ARG B A . T, BR THEBRE A, ERIBTECR I E R U,
(BFRAT L THRITE R R FEAT S0dE LA I B .

B LB AT N R ARG BE T RS e

UTAER, ONN ARSIy A A g A0, P Al R P R R0 e 6 S M B L R/ — okt
SRR AT HEAR R L, B RSHEOR,  BYR IR riR U BE SRR R Ui (9D o [, 7E
RESE 0 AT BERL R, Y BTG I YR R B PR R b K 2 B, MRS, BRT 1D MBI R %
NEARMEZZ AL, R 2) A3 5 R RS (AR B IR B 30 1 B AR B e o — P AT AT RN T 12
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https://renesas-rz.github.io/rzv_drp-ai_tvm/pruning.html
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Model size (small) Model size (large)
YoloX-S YoloX-M YoloX-L

90.00 90.00 90.00
_ . Baseline
= 85.00 85.00 Basellg_e e S e — gs00 o T e L
o |“®Baselne C e TR AEU — A=3%%
é 80.00 A=20% 80.00 INT8 + pruning ® 80.00 INT8 + pruning
1%}
<
< 75.00 75.00 75.00
E 70.00 INT8 + pruning 70.00 70.00
o
e}
O
2 65.00 65.00 65.00

60.00 60.00 60.00

Base 70%prune 80%prune 90%prune Base 70%prune  80%prune  90%prune Base 70%prune 80%prune 90%prune
Pruning Rate Pruning Rate Pruning Rate
B 9: AN SRRERMRGEEZIRRXR
Y
By R B I B T v

T AER B R SR T RS T P R LR VR RS 2 IRV A48, 5 U BT R A AT ER I 5, R
AR R CE AR DA B P AR R B2 . O T T SE /D ROAE IR B R EAT 8, FEHATRERT ) 59711 45
AT, T B BN U R I SR AT T H AR BIAL R AT 2 AL DRP-AT TWM 45 T — AN, HIT7EH
ATRERT B B H ISR 2 BT S BTRG A S MR R, BRI, %7 IR B B BT R R B — NI
B BRSO, SRS TESENL LR . OXFE, WA B TR R . OGS R, 1S
(DRP-AI Extension Pack (Pruning Tool) Sparse Model Processing Speed Check Guide ) .

AT 45 %%8% (DRP-AI TVM)

DRP-AI TVM FRJ4-E

DRP-AT TVM f&3&T Apache TVM [¥) DRP-AT 21k 4w 85, Apache TVM 4/ ¥z FHMEFFIE AL 4iikas (&
10> o DRP-AL TVM B A LLRARE, SEBL T Sk Bl s A IR EVE . SR AL E RE A= S 2 [ AT 4 e
s

TERERHEE: N T SCFEZ LR AL BERL, AP DRP-AL NSRS (BT EC4S CPU, IHAE
DRP-AT i1 CPU Z [RIBAT I R Z1E . #5520 Fic 4y DRP-AT A CPU #R/&7E DRP-AT TVM g AFHY £58, R
W2 5 B ST R

SCEFS P AT HEZE: DRP-AI TVM SZ#rEvi AL HEZE, {235 ONNX. PyTorch Fll TensorFlow %5,

DRP-AT H1 CPU thFEIFFBE: > T 7F AT N2 (DRP-AT) FI CPU 2 [A]Se Bl @ik bh R Zh1E, & B & kI EE
e S E A RORE (Ebln, CPU ALFER Linux RE4Lh PN AF45 6] A1 DRP-AT AbFR W FE PN 4725 (8] P & 1 Y

March 2025 RENESAS JiAY 10



B MPU RZ/V2N, FRERN. RN PEKG5H K BRI R AL B

AR, BCEBWE R . @ g L5 (d 4858 DRAM It E /ML ZE) « IF B 34 iE R DRP-AT Al
CPU Br[E3A 38 runtime IIHEE .

DRP-AT TVM X RIGRIFRENERL. AT #8058 T DRP-AT TVM &AL A4 3454 i 7] £F DRP-AT $AT (4%
B, BARCRUE, B2 T N — B AT SRR RTRD 32 f73F 0 (FP32) 2| 16 17 (FP16) &1k
(RZ/V2L, VoM, V2MA) E{# 3| INTS &4k (RZ/V2H, V2N) . 7F DRP-AT Extension Pack H#i N#2 &1L
ISR AR S, ARG A i TR AL A 2612 DL A DRP-AT OB K IhRE

RZ/V R Z BRI DRP-AT TVM REAE L AN it Fh 5 F AR R ) 2w 36 25 A1 APT,  [RILAE DRP-AT TVM I
BATI AT SRR AT DA = dal H (n] e R 228 SOt Se i B )

Customer trained model .
. A wide coverage of Al models
IAI Framework <3 ONNX PYTORCH I TensorFlow

v Enabling DRP-AI to operate in conjunction with CPU

L]
mivm
Transformation to Rela
Frontends A DRP-AI TVM —i
Graph optimizer
¥v" ONNX, PyTorch, TesorFlow

HW specific optimizer Codegen
Backends

Cross compiler  DRP-Al Translator

v Quantization to FP16, INT8(ote!)
F - - - v Pruning (RZ/V2H, V2N only)
| Runtime, Library for RZ/V series Improve performance and reduce power consumption.
Note: DRP-A|l TVM is powered by EdgeCortix MERATY Compiler Framework note1: FP16in the V2L/M generation and INT8 in the V2H/V2N generation

& 10: FHT DRP-AI I¥y AT 4#%%% (DRP-AI TVM)

DRP-AI HI&4k

7E DRP-AT 1) AT FAYFNR A B AR H, BT EHINGREMATVE PTQ (Post-Training
Quantization) £ DRP-AT TVM H##HAT. 3 —FhFi%mt 2 QAT (Quantization-Aware Training) , @
SRR B AR RS BE . B — R RTRIRAE, ESI N DRP-AT TVM Z 1 B AT H
fE. 5T QAT M AAKURE, 16527 DRP-AL TVM ) GitHub &5

2 DRP-AT BUEARZY

L 4L DRP-AT Extension Pack 322 ALHIBTAMAYNS, RG0K H 3N A DRP-AT BIRCDIRE. %
PR A BT B RS RGO, AR BT SR PR K DRP-AT BTAL DhRE AR . A A BT ) A
B, REMS KRRk R ) AL JeEE RS LUK AR DRP-AT 2 8] (RS A5 A i, AT 48
TR A L ) 5 S B0  BEAE RIE
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https://github.com/renesas-rz/rzv_drp-ai_tvm/tree/main/QAT
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{81 FH DRP & £z b i AR FAL #1 & FE

FEA5 A DRP-AT iR CNN R 2 B, AT AL (1 B U8 8 (1) T AL BRI TR AE R K o FEIX MR ARG o, A DA
F DRP AR &k N3 CPU R At o 728 DRP-AT M Fr (s i, X 2R 50 B F 2 7
(YOLOV2) [ B AAHE BRI 1] CRLRETALEE) ELiR AR CPU R 6.5 15", Bbah, FATEAEZESY 755 DRP
WA MG AL R . @ e B XL, 5 CPU ZhEAREL, Tl B 3 i R4 — AN S

RZ/V2H F1 RZ/V2N ) CNN AR HEE P e VP

CNN #5L2 3 1 B

B 11 o453 DRP-AT B LA™ ft 2 [F) $028 ONN A B g Ve RE LU LS5 SR . #4548 DRP-AT3 1) RZ/V2N (F K1k
HE 4TOPS CRBIAZ) . 15TOPS (LBTEL) ) 5 _E—X#E % DRP-AT 1) RZ/V2M (H K1ERE 1TOPS) ) AHEL,
RETEAER A TERESRTHEY 4 5, BTRER Dy 90%M B AY (P RS THIA B 10 f5 LA b o AT BERLZ AT 1 R
PETE, BRT AT-MAC B sy Sk U (M RE SR LASL, il B SRR Ak N B NAATEN N
FEE PR A T 5Tk,

YOLOX-s HRnet

R t-50
esne (Inference only) (Inference only)

(Inference only)

8 80
— 7 %) 70 o *
Q —_—— = — I} Y * o] RZ/V2N
2 6 | I 0 60 RZ/V2N © 8 —_———
2 o] 50 - — - 9 | |
g . & w0 1 =
5 3 | [9) 30 1 2 4 |
g 2 I 1 £ 2 I 1 £ 1 !
= = 0 = °
= — o - N o = a o l
0N 2N N U o\ o) & -y
x\\\v q)“\h? \5@0% ’ {\\@q & § Q\\ 'ﬁﬂ/ 2 & : & P N & 3 & ’
& <& qf& \n\l\g’\ ad @?\4 ¢ & Ale\? A%\' @‘Tfe\\ &L mv\\b@ = ng x\@Q
Al U RO o
PO PN E R FON S N

*Al inference performance during capturing image from camera and displaying

B 11:  RZ/V RF1Z EIH CNN HEHRE B i

JE1d DRP-AIS RIHEFEHIM SRR E R
A 8 5 Fie KAk BE AN BB AR IR T L I RCR R A T S, LB R

BHE, RORACFEVERE (WEMETERE) RN AT-MAC P ERAR RIS S 8% A E B R A AR R Se B, (B,

B A RS AR 8RBT 2 BT AT AL R/ AR TR IR, A RS R IOE— A
FIFAHMH . BeAh, BT RZ/VIN XN A B8 I BRI b RZ/V2H BN, (ERII AT AT DAAM 97 2k
SLFHFRFFIS, RZ/V2N ) AL AL BEPERER BT REX T K. BRIk, R AMNEER & AL AbHEMERE, HI&

AT ISP AIAL R A AR A B 2L

BN R B2 BUBCHCR A R . DRP-AT (R BY B A sy A 5o AR, 38 I BYAS /A 22 o 245 1) 4
K (RESHIRED RHIEEETK EHR AR (8] AT RE . 38 I B AT DA SRAE S AL, - D A B
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S 1 IARRIRERL. Fy— Ty, HEERI (] R AR P AT AN A AR A . B, BAREIE B

BoaT DA b BAORIZ S (] 595 S5 S (8D [IEEE (B 12 (D O, ITREN 4k & B R 1 R
fE], (HRHTAZIIBFAR GRREED BEBR A Sl (B 12B)) |, S s B Hcs T EURFIE
KR IEE RN, AAEER G RS BOERERINIR . (22, S GPU I BT A I E i2
TE10%A A7 VARG, HBE R BTAL PERESE B 1 20%-300% A 47, DAL E BT RE D THT 12 514 LA «

[Dense model (w/o pruning) [Sparse model (with pruning)
operation] operation]

DRAM DRP-AI DRAM DRP-AI

time

Hv;a:l:. \Plullu\.:) > lnference
— (frame0)

. ~ resultout =@+ —
inference ~ Imageinput = —

(frame0)

s L e inference
[P R (ramen)
 resultout

g inference

I )
I

g inference

inference ] (frames)

(frame1) e

>

inference

L m (ramey
—

Bl 12: PBIEARA (Dense) A BYHARRY (Sparse) Z MK ATV A ELEL (EEO

Transformer 52 ) s &5 &

UEAEK, BT Transformer BB ERERI 2 HIG P, LR 2 M B 7RG I B & b o L RRR T
ChatGPT 25X EREAY ISR, ViTW4E Vision Transformer B, SayCan'/RT-245H1 8% NAT ML B Ay
WA T AMISGE. T R PSS, ATH Transformer S T & R G DRP-AT TR,
{#AT7E RZ/V2H F1 RZ/V2N W {i Fi] Transformer BERIHEAT HERE,

F—7J71fl, Transformer FAAE{EFE WM EMTH S ON BRI SR B WA R/ R E R
T ONN BEAY S ) i, B 7 3E— 2B etk DRP-AT T H 241, Eaps iR 4k 8a4Esh F —1X DRP-AT [ &, M
& Transformer A7 (1) 12 S50 FIHE o BT AL SRR/ NTRUAL B R
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Transformer &Y 1R A\ FAC B & H PR

¥ K Transformer A& H

B TIOR3 AT A 2 M4 BT 88 K1 2B CNN (Convolutional Neural Network) &
J& 4 Transformer #i8!, ERXMEREEIINEZERE (B 13) .

B, Transformer BALLL ONN BEALEA B IRBIG .  IXARRHIA Transformer A HIE R /ML
(Self-Attention) KA RMALE EE KB EE BRI R X8, AMCTAABEEBIRBNES, &
A AR [A) P ST A SR 5 A AR B AT SS . B4t Transformer BiZY ik & ZHAHIE AL IE. 5]
. B2 MBI A AES PRI, B F N A B R AN SOA . B S R AL . it
bh, BEEBE—LIT K Transformer MAEREAEAR, (RINFESZH AP Transformer R 45 LLSEHL

Bedlr, B4 ONN FiT Self-Attention fRIEER ({40 YOLOv10 I Topformer 28) | ZHgH, K ANIHLILES
HFIEME AT (ONN BRI FEREZE RS FE 5 PERE 2 ] - . IX e DK ONN RRFIE SR B AE 15 Self-
Attention I K e RICHERE LS A, LI T B S IR 5 RCR,

Transformer can understand the relationships between

Features of Transformer objects and keypoints over a wide area of space and time.

CNN Transformer
CNN Transformer (local object feature detection) (wide area relation detection)
Recognition Prediction & Recognition
Time-series { g
Single data Motion X | \ g
image Recognition m planning | iz = .
e e /ﬁ\ Human- )
- robot inter- Understanding temporal changes in movements
Q”)) action . -
Future
w @ scene D |
prediction ; T — J .
Multi T ) 4 <
modality -

B 13: Transformer %I HIHRHE
Transformer ¥ {ll A& [l ) PkiR
ST, Transformer MRS ZAL ] 5 ONN AU M SEA R s A8 A AL, JF HHAR RS K+ O
(E 14> o Kk, N7 EmMIECE Transformer LAY, WAZRAA IR L& ] 35,

THEE MR 5 ONURE, ONN i 90%[r)ia & A #UALHE (Convolution) ZH AL, ifi Transformer
A A E SR, 2 FIER 2 A A2 LK Softmax. GELU. LayerNorm 2 Transformer 545 [
SR, BT, FIL, JFEAALE AL IR 56 4 3R BICERC B 2% & PO . DU T
B R T RSB S E AT HE VS B R 2 2K 00 1)
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BAUR/PATHEE B IN: Transformer 84 54445 ONNBAUAHEL, BERESETHAMIRGEE . —J7iH, &
R R INRITH S AR AR B N 1%, XA S CH M DAE B 3 A5 TS B PR 1R s 0 5 4% b

Relationship between

Operation Type Comparison Calculation Amount and Accuracy | e

within a Model 50001,
88.00¢
CNN model Transformer model e
§ 84.0
>
3 &
w, A‘N £ oo
% é 80,00
softmax c
~ g 78.00"
- ref [2] [ 5.00%
ref[1] [2] g 76.00% e uﬂm e A
L Mobianetv2 D ZBRerh o e b v2
90%~ Convolution Many types of operators e CNN | = .

— B RepyceaD
72.00% W WobileNet V21,0234

M MobileNetv11.0224

ref[1]: “ShuffleNetV2: Practical Guidelines for Efficient CNN Architecture Design,” ECCV 2018 70.00%

ref[2]: “Data Movement Is All You Need: A Case Study On Optimizing Transformers”, MLSys conf., 2021 0.1 1 10 100 1000

Amount of Calculation Required [GFLOPS]

14:  Transformer & Fysmdl AL Ao & &

DRP-AI3 X i) Transformer ELZY

DRP-AI3 ] Transformer HERIRALFIAR

RZ/V2H F1 RZ/V2N it B ff) DRP-AT3, RAIAIAZEXT CNN AT ORI EEHE o i HE 7 IEAEHE S AT 4 a8 A
HABIAEE, DAEIX S R 0] SCRF Transformer 8. BARCRYL, FATIEEAWIHES) FAIEA BB,

INEEL AL Activation: 4R A EEEE, FIHISEELFEE (DRP)  SZH Transformer FEAYFH)
Z RS E S A,

ACFEREZEL: 7E DRP-AL TVM Hol (5 Transformer KE/MSH R MRS HFHON ON R Eis i G2
7)) , JEit DRP-AT SEEf i b2

BHBEBBARSEHEAR: DRP-AT (RSB T H, ABAHF CNN, @&n] 7+ Transformer.
M, &5 N —#aH TEH AN EEN. &F, EXFEAEAINZ (QAT) .

X AL a5 (DRP-AI TVM) Transformer

B 5% HLF- I 58 T X% DRP-AT TVM ) Transformer WISCRFJIRE, M 2024 45 10 H KAl Version 2.4 FF
G, B4 Transformer BEAIFLE FAFHAYA] £ RZ/V2H M RZ/ V2N Figfr. #ik 2025463 H, BT ViT

A Swin™% Vision transformer Z b, TIESZRFREG Transformer HIAIRT ONN AL IR (] 15) .

DRP-AT3 JEAZ 5% ONN {12244, 1fi DRP-AT LERAMAL TREEEHEE I BL, RIMAEAE— L5 R R

March 2025 RENESAS TRy 15



Wi MPU RZ/V2N, HRERN. RN PE K& K B =A% AT B

s ARG ERT, DR S B AR R TG v e
- H S I INTS B0 S0 IR T BRI 15 T
« AN HF DRP-AL Wi 547 CPU 4b¥E, 5 CPU AH LI IR Ak 10 5 A A .

New or updated support models from DRP-Al TVM V2.4

[CNN model] MiIDAS (CNN model, Depth estimation)

MiDaS — new model support
* Yolov5 — performance improvement
* Yolov8 — performance improvement
* Yolov9 — new model support

[Transformer model]
* ViT — new model support
» Swin — new model support

[Transformer— CNN combined model]
TOPFormer — new model support

* Yolov10 — new model support

* Yolov11 — new model support

B 15: 2025 4E 3 ¥ DRP-AL TVM (Version2.4) Pz dpFITa i -2 AL AR

Transformer FiB 7~
Topformer f& Token Pyramid Transformer HI4E5E, J&—FhE | TH TRINZIE LB . fEX

H,  “Token” JEIRHE > BB INE /T 1 EE BEHE . Topformer K& K /MK Token 1EAHIN, HARYEH
KANE R 78 SRR . IXFE—3R, REREINSE Token Z [HIIK R, FHETIEIRMRI 1. fEiZHEM 2
W, 5 U A CNN A Topformer FIRERIARLE, K CNN Al Topformer [ 244 Lok M 75 45 FE RIH FE 2 [7]
o s =

AU, FAMEF DRP-AT TVM V2. 4 48 1 Topformer #%Y, Fmebipks Hfic & 7E RZ/V2H I, #ERIE 4 1
KEFERTE] (inference time) /NT 100msec, I H n] SZIR =k B AN SEI AL 10 4921 kb
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TOPFormer (transformer-CNN combination model, segmentation)

‘Scale-Aware Semantics Extractor

Transformer

B 16: CNN-Topformer VR &AL RH] (Topformer)

ASFEWE: FFRHF—IR AL NESE (DRP-AI4)

H—A% AT kAR (DRP-AT4) B 7EHE— D HETF 4RI (¥) DRP-AT3, DASTILBE iy 1 AR RN BE iy R 11 AT Ab 2
RElE, FRATIELERE— DA%t DRP-AL B84 RiG v 55 BB A S RE,  INIRBER AL I Es LARfR R
Topformer A1 CNN ¥4 n] /5y id H AR Dh#EHh St Ab P

Issues of transformer operation Renesas’ Al Solution
Model Size

10x Efficiency
Sparse Pruning Technology rather than GP

Transformer model

DRP-AIl dedicated to pruning tech

@ }}% can reduce not only mem size

but also power consumption and
latency

CNN model

Al model size

Ei
i

year

Power efficiency at
ansformer operation [TOPS/W]

:

Complexity

CNN model Transformer model Flexible & Real-time

& -
|

ref [2]

20%- Conoluton Meny ypes of aperaiors DRP. D ically R . ble P Large Fan/
y Dynamically Reconfigurable Processor cooling fan Fin'less

., Flexible parallel computing (among -
8 (2 DRP and MAC), DRP-Al provides GPU  DRP-Al4
high power efficiency (T.B.D.)

B 17: TWMIF—/CDRP-AL (DRP-AIL4) HIHENE

i
B b= LT AT SR BB B A 3, WA dhOPR EHE R T . AT H AR A OR 7 AT LATSCL A A 3R
M. A Ja, FATR RS- BEOUR MR 7%, Bz P A S B -
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1. K. Nose, et. al., “A 23.9TOPS/W @ 0.8V, 130TOPS AI Accelerator with 16X Performance—
Accelerable Pruning in 14nm Heterogeneous Embedded MPU for Real-Time Robot
Applications, ” 1ISSCC2024.

2. Accelerating Inference with Sparsity Using the NVIDIA Ampere Architecture and NVIDIA
TensorRT

3. D. Alexey et. al. “An Image is Worth 16x16 Words: Transformers for Image Recognition at
Scale”. arXiv:2010. 11929.

4. SayCan:Grounding Language in Robotic Affordances

RT-2: Vision—Language—Action Models Transfer Web Knowledge to Robotic Control, arXiv
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HRER
RZ/VON: PUAZARSE AT MPU. 15TOPS . XWiHf%3k. BiResk
RZ/VoH: VUAZALSE AT MPU, RF] DRP-AT3 3o S0 i 1t B S iy Ah FiH 48

Embedded Al-Accelerator DRP-AI &4

Next Generation Highly Power-Efficient AI Accelerator (DRP-AI3) HJZH
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https://developer.nvidia.com/blog/accelerating-inference-with-sparsity-using-ampere-and-tensorrt/
https://developer.nvidia.com/blog/accelerating-inference-with-sparsity-using-ampere-and-tensorrt/
https://say-can.github.io/
https://robotics-transformer2.github.io/
https://www.renesas.com/products/microcontrollers-microprocessors/rz-mpus/rzv2n-15tops-quad-core-vision-ai-mpu-2-camera-connection-and-excellent-power-efficiency
https://www.renesas.com/products/microcontrollers-microprocessors/rz-mpus/rzv2h-quad-core-vision-ai-mpu-drp-ai3-accelerator-and-high-performance-real-time-processor
https://www.renesas.com/document/whp/embedded-ai-accelerator-drp-ai
https://www.renesas.com/document/whp/next-generation-highly-power-efficient-ai-accelerator-drp-ai3-10x-faster-embedded-processing
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HEEBOMEFEYN

g TR S LRI A (BURIRR “FREE” D MIBCRNEA Stk g (R8T« BOHRE (BFS5800) « M s
B Web TH. 2ZaF B UL HAM B “Hie” 2t APRIETCEIR. B AEEM P78 G (R, SR EAR T el i, &
T I8 A Y BN BT EE = T AR AL AR -

L6 BRI R GO B i AR AT WO RO RN e BURSREIE BAT 5T (D) RIS A B A @ i)™ i, (2) et JRaE Al
RN, (3) BRI BN AT SIE AR LA R 2 VeSS T A ZER . IREE BRI SE e, AR S ATIBAN . B (AR X L SR TIT
SR TREE P SRS o AR IR L YR T At 3 . FRATR SR AR AT A % S0 R A U A 5 =07 BRI A

B 0] DR IR S B 7 AR MR AT R 4 E . R SR sl AN G T, HEmES e AR A i B R A A R e A2 o B 07 i (S8~ T
B R B AN A6 1, s R8T A H A& 2k (IR RO BRI S K BOE SO 267 b AR AT SR IE B R IB S B B
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