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Laboratory policy

-We trust and respect the individuals.
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-We achieve our common goals through teamwork.
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EfficientNetV2

GM MYSV MD PM

EfficientNetV2 (cutting-edge CNN) failed (falsely undetected)

YOLOvV7 (cutting-edge object detection)
for healthy cases: failed

(falsely detected)

but

YOLOvV7 (cutting-edge object detection)
for infected cases: success

ture 2023

Object detection model (e.g. YOLOV7)
+ High detection performance
— High annotation cost

— Cannot explicitly learn healthy cases

The HSReM strategy

&

HSM strategy
Generale hard-samples
from healthy data.

Mhshem
{trained on N diseases + |
“selected” healthy)

Test recall scores

HSS module
Strategically sebect

Moy (baseline) Test recall scores

Proposed: HSReM successfully identified!

HSReM also show good performance

for healthy cases
Model CCYyv CLS DM GM MYSV MD PM HE Avg.
Baseline 95.02 88.51 88.26 66.29 69.50 5999 8557 4458 | 74.71
+ HSM 95.34 87.54 §87.86 53.99 58.80 64.01 7728 6991 | 74.34
+ HSReM 9711 8593 87.86 67.84 6932 6888 8529 7590 | 79.76
(proposed)
EfficientNetV2 94.19 6998 7692  66.67 60.83 49.77 5735 57.28 | 66.62
Two-stage 95.68 86.21 90.12 66.26 51.05 4626 54.11 56.89 | 68.32
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a(7) (¢) Thrips (10)

(a) Kanzawa spider mite (b) Twospotted spider mite (c) Cotton aphid (d) Greep peach aphid
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No (RZ.BRITGE)
# YA NARIGEBME LB LR ER S AEMORMNZERE THIFAHE L
BERZETEMASKRDON S, T—FWNFREAETRL !
— RAREDNLEELY —» EfT D

N-Def K-Def

= . = WS Class Sample Size
= Train  Test Total
= Healthy ME) ... 16023 5576 21,599
@) Magnesium Deficiency (Mg-Def) 65 28 93
Nitrogen Deficiency (N-Def) 135 58 193
Potassium Deficiency (K-Def) 37 16 53
o Cucubit Chlorotic Yellows Virus (CCYV) 35,969 179 6,148
*a Melon Yellow Spot Virus (MYSV) 17,239 1,004 18,243
E Mosaic Virus (MV) 26,861 1,626 28,487
é Total 66,329 8487 74.816

Dataset F1-Score [%]

HE Mg-Def N-Def K-Def CCYV MYSV MV Micro avg  Macro avg
Baseline 70.28+0.90 70.56+7.75 88.53+3.70 51.74+ 6.42 79.34+4.65 72.07+0.81 51.62+0.83 68.61+0.46 69.16+1 .48
Add-Top500 |71.8910A95 81.48+9 28 88.11+2.10 67.96+ 7.02 83.02+3.76 74.59+0.66 52.90+2.08 71.26+0.78 74.2811.40!

HHIZHLLA) D LRZDHEBNEN+16RAI UL ERTHSRAULORE
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BOTLLEWT—E2DAMNERZE

Training data

ID Name training test
00 _HE 16,023 5,576
01 _PM 7,764 1,898
02_GM 643 167
03 ANT 3,038 7
08_DM 6,953 2,579
09_CLS 7,565 1,813
17 _GSB 1,483 374
20_BS 4,362 2,648
22 CCYV 5,960 179
23 MD 26,861 1,676
24 MYSV 17,239 1,004
Total 97,900 17,991

LaEge domaiEll-gap Test data

(a) Bacterial Spot

EREHAHENT

e

(b) Bacterial Spot

g p ! Ig

A \
B o
PUX:

(c) Downy Mildew

\ taken in Nagano taken in Ibaraki taken in Nagano

ID_Name baseline all-train fine-tuned _proposed

00_HE 7.7 76.0 78.3 79.5

01 PM 69.1 81.2 78.0 80.0

02 GM 3.8 62.5 67.6 85.4

03_ANT 34.6 44.6 35.0 65.0

08_DM 67.9 82.8 84.4 86.8

09 CLS 60.6 69.8 81.1 8.7

17 GSB 30.5 60.6 64.0 79.2

20_BS 1.7 56.7 77.0 78.9

22 CCYV 61.6 68.5 59.7 79.3

23 _MD 58.9 52.1 58.0 65.9

24 MYSV 58.1 58.7 69.5 70.0

—_ = [ — — 47.7 64.9 68.4 77.2
F=o=RRCE10HIFE SES & (117.2) (1207 (+29.5)

FEIXKiEm Lt
(BRITERTAEH1TRAUE)

SEMEWNAEZET HE
+307 R b e E !
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“Waveshift” augmentation 0y ey 2 Y Y oY oW, O
J & Vi -Gy =G+ op T an) ~omgm O
J/ o 1 = . j2'ﬂ'2 5 5 .
dj e S, (u,v) = So(u,w)exp[—T(u +v%)z] = Sp(u, v)W(u,v, 2)
v: = doz - B9 - — W (&)
ey N

-
{\
-~ -
=

-~

WAVEFRONTS

Propagator in Fourier domain W (u, v, z)

T 00

41m

Classification performance in F1 (%)

CROP_NAME DA employed
w/o WS with WS Improvement

Geometric 77.59 78.32 0.73
TOMATO Geo + CLAHE 72.53 75.47 2.95
(10 classes) Geo + AugMix 73.60 72.93 -0.67
Geo + RandAug 74.42 78.53 411
Geometric 83.53 85.57 2.04
STRAWBERRY  Geo + CLAHE 86.56 84.48 -2.08
(4 classes) Geo + AugMix 77.98 78.41 0.43
Geo + RandAug 83.36 85.91 2.55
Geometric 56.96 57.68 0.72
CUCUMBER Geo + CLAHE 53.99 55.43 1.44
(10 classes) Geo + AugMix 51.72 54.56 2.84
Geo + RandAug 53.56 54.97 141
Geometric 82.68 83.35 0.68
EGGPLANT Geo + CLAHE 81.82 84.79 297
(6 classes) Geo + AugMix 83.52 84.82 1.30
Geo + RandAug 83.62 86.76 3.15
OVERALL 1.54

Classification performance in F1 (%)

DATASET_NAME DA employed
w/o WS with WS Improvement

Geometric 76.88 78.18 1.30
OCULAR DISEASE  Geo + CLAHE 77.40 78.70 1.30
(2 classes) Geo + AugMix 76.36 77.40 1.04
Geo + RandAug 77.14 77.40 0.26
Geometric 64.41 65.25 0.84
SKIN CANCER Geo + CLAHE 65.25 65.25 0.00
(9 classes) Geo + AugMix 59.32 64.41 5.00
Geo + RandAug 66.95 67.80 0.85
Geometric 66.78 67.11 0.33
CUB-200-2011 Geo + CLAHE 68.11 68.95 0.84
(200 classes) Geo + AugMix 70.78 70.78 0.00
Geo + RandAug 71.29 71.45 0.16
OVERALL 1.00
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) *EN T A 8 c D E F G H
I '~ 11D i 2020Crop 2020Dis  2021Crop 2021Dis 2022Crop 2022Dis xcoord ycoord
. 2 487 3201 Jv=v% 13v=vs 13v=vs 1 138.3398762  36.28526347
3 3 474 2018 Fi#E 532=vs 33v=vs 1 138838936 36 28603583
43910 1980 #aHEN 5 SRHED 5 HERE 138.8370282 36.28476707
5307 107 #7% 5 kiE 5 ERHEN 138 8362261 36 28569655
6 1810 450 #E 5 FHHE 5 FHHE 138.7928646 36.2989666
7188 325 st 5 Bkt 5 Bk 138.7927988 36.29914426
s 189 899 Ethbish 5 BRE 5 BRE 1387926179 3629834298
e 151 819 31 5 FHHE 5 B 138.7889842 36.30081152
0 1532 692 31 5 B 5 i 138788594 36 30006805
" 14-18 3922 3nvs 13v=vs 132wl 1 138.7884168  36.30057412
a 2 14-14 3658 2 5 dn=v4 13v=v¥ 1 1387877567 36.30080714
. E 1413 6872 =i 5 22=v4 13wy 1 138.7873019 36.3010269
\ = bl 949 Jn=vs 13v=vs 1 HENE 1387920488 36.30004939
7 A $ 0) Ej%ﬁ 730 gEs 5 e 5 BiERE 1387625683 3630017718
5~ 171 1085 #HENE 5 FHHE 5 HifetE 138.7922952 3630030144
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‘Deep” Content-based image retrieval (CBIR)

RAMDERRZNODEL HARMLEFAETHZ AL
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ZEETHOUNEIZANAIBH TEELIE  Human Brain Mapping 2025
ERDFEIL EELBEEICRENH T
Posture correction skull-stripping (PCSS)/ OpenMAP-T1 M=

—

MALF OpenMAP-T1

89 Reca 90.96%  Recall: 90.46% 78.77%
Precision:  98.38%  Precision: 99.87%  Precision: 98.98%  Precision: 99.81%  Precision:  99.99%
Dice: 98.68%  Dice: 92.08%  Dice: 94.80%  Dice: 94.91%  Dice: 88.12%

Dice: 0.859

Recall: 89.23%  Recall: 82.16%
Precision:  97.82% Precision:  99.77%  Precision:  97.65%

Precision:  99.56% Precision:  99.91%

97.82
Dice: 98.46%  Dice: 94.21%  Dice: 89.24%  Dice: 96.37%  Dice: 87.59%

AN Ot A Ry -
Recall: 99.99%  Recall: 93.95% 95.76%  Recall: 97.64%  Recall: 90.30% OASIS4
Precision: 91.39%  Precision: 99.35%  Precision: 98.77%  Precision: 98.51%  Precision: 99.83% Dice: 0.837
Dice: 95.50% Dice: 96.58% Dice: 97.24% Dice: 98.07% Dice: 94.83%

(a) ADNI2 (b) CC-12 (c) LPBA40 (d) NFBS (e) OASIS

FIGURE 10. Example of SS results by PCSS; from top to bottom, SS results for U-Net, Auto-U-Net, and PCSS-3.
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Discriminator E{%@Eﬁ *[I
ANIZIEZRZ7GZULA
BEICIZIRZATLEIEZLLT,

y'= Gy(x)
* skull stripping and geometry correction (MRICloud)
* brightness correction ,-~77777777 7777

b x !
192 f—r1 | ' ; —
160 ; 9&1|\\-CO)T_90)* E1t
160 : 160
MRIs from Domain Y ; MRIs from
standard scanner X S — g other scanner Y

(pre-processed*) (pre-processed*)

Discriminator | (scanner standardized MRI images)
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FIGURE 7. Distribution of embedding visualized with t-SNE [31]: (left) baseline (3D-CAE + metric learning), (right) baseline with
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Recent HOT topic!
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multiple decoders =

N
| Decoder: f; . 1
I
nput ) !
N ! ]
N XN XN X X X x =2 P x X0 X XN XN XN [}
X, 5 83 83 83 8% 8% 88 «v |8 B 88| 8F 8% 8% 83| 83! .
S @ B @ B Do @ Og 8 E| NosHd -Md N Mo _-Md N, - 1
__®a wo _Fo _Fo _wgo-wmo-mga-_0 n o 0 o FO O ® O T O O 1
S 3o Ba 26 2« 2a 2« 2v @8 Sl I S E3-H3-H3-N2- |
v 2o 2d 29 =u 2o 2 Ev 8@ EW 2v 2u 2u 2w 2w su ol [
Oy 08 06 Vb Vo Oy V5 O = OF 0 06 908 25 Vo Qo |
XB Q2 R R R R R VU 3 T ¢ R R g0 m&'.’| :
w H '
! i
1 1
! 1
1
U
Domain predictor: g
(Fully Connected)
o~
THT
Qo
B ®
<L
Fig. 1. Architecture of MD-ADA (two domain; f : filter size, s : stride size, p : padding size, ¢ : output channel size).

IEEE SMC2023
ERTRIEDRH

Introducing domain-specific decoders

TABLE II

COMPARISON OF EACH SCORE FOR EACH METHOD.

significantly eliminates domain clues.

(1)Reconstruction (2)Domain F1 | (3)Diag F1 T (4 DoN—cin |
(RMSE) | Logistic-L2 ap

A) 3D-CAE (baseline) 0.0853 0.942 0954 0.762 1.030
B) + Combat [10] - 0.524 - 0.730 0.971
C)  + Noise (SD: 0.01) - 0.953 - 0.753 1.031
+ Noise (SD: 0.03) - 0.918 - 0.737 1.009

+ Noise (SD: 0.1) - 0.820 - 0.637 1.010

D) + ADA 0.0868 0.795 0.584 0.753 0.861
E) + MD-ADA 0.0861 0.702  0.558 0.775 0.847

HERDIERTTRENG, AU DIFEHREIRET D &I
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Isometric Feature Embedding for Content-based Image Retrieval (IE-CBIR)

[ Do ) |
| D(z, &) |
*j/ Enc z D?c) -
> fo(z) 9s(Z NN
T — | 4
Parame}f’r\?‘i;}F of Z Dec
R = lop(Puute) e P
X
{ —— s 1 z (embedding of &)
class 1 @ — similarity scores
class2 O l cos [517 82y 0y Si]
i | prototyp
class K @ : cross-entropy loss C
e B e
(1) Data reconstruction l (2) Data retrieval capability T
RMSE SSIM Recall Precision macro F1
A) 3D-CAE 0.0649 0.922 0.690 0.658 0.777 L )
B) 3D-VAE 0.0786 0.880 0.573 0.485 0.607 | External classification models
C) RaDOGAGA [15] 0.0775 0.882 0.599 0.577 0.749 are required_
D) DDCML [6] 0.0902 0.836 0.786 0.891 0.874

E) IE-CBIR 0.0758 0.887 0.802 0.867 0.888

¥ 91.5% in accuracy

-BEDINBEEZRFLE0B RIT—-1400 R TICEMELI-RIEZTER
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Generating probability map mmllarrty scores pred|-:t|on probability

£ = Pa,d la o

D.T“ & O=5/4H . S
! T L :l;iﬁi: :;ii;;j:i: e
(lnDEFSIICE} H I_-m‘_i €T @:: ;ET:;] ﬂiﬂ;:]j]ﬂj]ﬂ l#’ “:. ”:._Fj _;‘% -

class
e -3 -
elass K | T JEL
class protolype 5|m|lar|ty scorles [I Ny [I | o Pa g /
| Enc | - _JIU :
] [cross-entropy loss 7] @:' ““‘ ui g Jn}]ﬂﬂ li ’ : :

label

(a) Architecture of iCBIR-Sli (b) Generation of probability maps
Figure 1: Architecture of iCBIR-Sli and probability map generation for result interpretation.
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Figure 2: Visualization of probability maps at each cross-section (£ = 0.8).
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= _ Artificial Intelligence In Medicine 2025
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XERREILEE, L2 E#LL (85%)>BEIZMINEFND
B2 TRHULLNS BEXREBRZENRELIZENAZHV AT L
Refined Stochastic gastric image augmentation (R-sGAIA) :
Hard boundary-box training (HBBT) D Ex

y o ‘ recall=90.2% @ precision=42.5% & X
/% Refined > m M\_’ '5 !
, Eﬁ;}:%;;iﬁ:acﬁon m 1 T ]

\

Input image Hard boundary box training (HBBT)

ction re

qJ EEﬂiotummw@tu 6(>85%)

5oo)’rﬁtlml7~120(i;b\/u ELTHEE

=R {EaXk
—RELFLEIZIEE IR




XEQHRDI-OIZEELBREENT?  pid meligens

Applied Intelligence 2022
SRLEMRETIKAVNGNS, XEADEE - XFOERZEDER
attention: BFEOXFDERTRBRICHITLIEEZEEDEH
{gradient . iR, TRISROFEEDFEOREZRLT DEDKES

CHLAKELNE ., BB, XEN, BEELEZ LN TES
BDLAL. chslELIELIEESERERT

XEDH T, B e sa. mree DT=OHIZ open Issue
BELGXHE-BHE - XFIEENGONERDLM—HGEFEIE?
Attention IAdVT D3 —EB(TTDEKELHYFE ~ DI (2022)

attention&gradienth Ml B L5112
attentionMFEE (2, B (BEZA LT VWEMELR) G/ A XEMATES
SST IMDB 20News AGNews
Fl1|%] Corr. Fl|[%] Corr. Fl|[%] Corr. Fl[%] Corr.

Baseline (Jain and Wallace, 2019)  79.77 0.852 8785 0.788 9444 0.891 9552 0.822
Word AdvT (Miyato et al., 2016) 79.60  0.647 89.65 0.838 9556 0892 9587 0.813

Model

Word 1AdvT (Sato et al., 2018) 7957 0.643 8967 0.839 9554 0893 9584 0.809
Attention AdvT (Ours) 79.53 0.852 8986 0819 9563 0868 9506 0.835
Attention 1AdvT (Ours) 82.20 0876 90.21 0.861 95.87 0.897 9577 0.891

attention&gradient & <tEEET 5 KLIIZ4EY,
FRRIGARYD TRIBIZFHREMRL (S5(2M_L£2022)
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Proposed Framework

User :
‘ Predicted as
o Take a plcturc: i Quality | || h _igl_l_q_u_a_lity
N I_IB ) Prediction H
- Model
e © M ! Predicted as Cah;:[t(i;nilng
Ny § i low quality =
= o ;
Notify the user that < _ : :
the picture needs to be Mo ‘ Y
retaken with clear reasons s ¥ ‘: I;g;?:::gg‘gf
l Image is too bright and blurry . / time medicine

2FELN: [F-SYL TS ’)i(b\?b\ﬁl,\ﬁﬂ W7 RO RIBIGEGRE

The man at bat readies to swing at the A large bus sitting next to a very tall
pitch while the umpire looks on. building.
o . CIDEr 10.0
correct: correct:
a calendar shows the month of october a person wearing a black shirt is standing
ith an image of a locati near a bus station.

predict: predicl'
acompu rmo sung'

= hn ﬁf&l_l{gli %@iﬁfcaptlonilﬂi
ESELZEZIZHLTIE. TOEBRBFIRT
:\whops : rv"g;Ia e e load of hay and Bun kbed‘whlt‘ha narrow shelf sitting %‘Ew*ﬂi L)_El./ggnﬁ

REENNEIED=HD T Ni-captionE£ B D 1= D EFEIEHE
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Simple and effective learning strategy for data imbalance
II]_ ut TEXT The WBC took place in Florida
- Majority or minority loss (MoM loss) P B == ToRe © o o milec
Loentence(y"™, p") =X - Ly, p™) Ly™,p™) Lol o L LT
+ (1 - A) ’ EMDM (y(N)jp(n}) T(G'D B-ORG I-ORG o] Q Q B-LCC
H H H £M0M(y(n)?p(n)) P(Pred) B-ORG I-ORG | I-ORG o o o
Simply add a loss term from majority class. Proposed =0

Lang. #train # val # test # class # O-sample # entities sample PO

CoNLL2003 [5] En 14041 3250  3.453 9 248 818 53,993  0.8217
OntoNotes5.0 [6] En 75187 9,603 9,479 37 1,441,685 190310  0.8834
KWDLC [13] Ja 12836 1,602 1613 17 236,290 16,694  0.9340
NER Wiki [14] Ja 4274 535 534 17 80,944 17.552  0.8218
CoNLL2003 OntoNotes5.0 KWDLC Stockmark NER Wiki
Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1
ROBERTa 8993 9156 9074 8824 9000  89.11 77.11 8166 7931 81.07 84.45 82.72
w/ WCE-1 8586 9131 8850 5955 8259 69.20 4685 77.38 5831 3951  49.58 3.08 -
(:2.24) (-19.91) (-21.00) (-38.74) f hypergf\hramgter b# class
w/ WCE-2  89.88 9194 0090 86.61 90.49 88.51  68.86 77.23 7280 7572 8119 7836 uning or them Is cumbersome.
(+0.16) (-0.60) (-6.51) (-4.36) _ o
w/ FL 9097 91.11  91.04 8835 90.09 8922 80.12  82.44 8128 8141  85.07 83.24 Available only for two class classification.
(+0.30) (+0.11) (+1.93) (+0.52) (in this test, we extended)
w/MoM  9L11 9127  9L19 8834 00.16 8925 8110 8260  SL85 8185 8523 83.54 . .
(proposed) (+0.45) (+0.14) (+2.54) (+0.82) - Very simple and effective

(only one hyper-parameter!)

BHTOUTILHODMBRMGEE FEEER



36,

ALK F I AR - EET —2DHRET D HEM

CIKM2024
b L AINTIRIZIREE
ﬁ??«fhn:i&%ﬁ?;fk;ﬁﬁéé FREPAICILI ZRFED, REPAITERERTE D,
l FREVAIZRAZREE D, FbvAICEBBEZREE S,
FboAICEREES FREOAICHERTEE D, FLPLAICEEREED
R7PX - Chaﬂt‘GPT E/T—5 ChatGPT \g] L{E E/]'_ ntF%"C?-f%) W@b\
=3 == - = 7 pEs—y  DFIE
= = |3||X| > = = -
— w || ‘v’ w°
H x6
——— Accuracy Precision Recall F1 ?-9%%’{]221%[:#}_@53’6:&'@
RoBERTe (RT_STuE) | o8 | ose | oem | 9:??.?....) +2.0%ROBERTaDFEE#I2RA VA L,
RoBERTa (HiiET—5twhk) | 0.864 0.853 0.858 0.855 F-1+L
ChatGPT (GPT-3.5 Turbo) 0.838 0.778 0.916 0.841 fx O El’]t;L iﬁ EClE
GPT-4 Turbo 0.938 0.936 0.931 0.934 LLMT%%GPT4(:'¢&[$7§:L\
. Ll BARXEZEOXITENTIE
RoBERT RoBERTa(3 E/INSA—H) [ZGPTA(#92k /N5 A—
GPT-4 Turbo : IE 9)‘ L\,liﬁgg%iﬁl !
RoBERTa : &

Coor oo M GPTADFEET—ADOREY P
ARSI TR OO AED7 /7 7—45 —DOIEER O 2L

CNANLA T =11 M TFEE AL nh
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“a red car and white sheep” “a brown bench sits in front of “a blue back pack and

an old white building” a brown elephant”
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[2212.05032] Training-Free Structured Diffusion Guidance for
Compositional Text-to-Image Synthesis (arxiv.orq)
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CBRAMEGRDELERRRERICAT =BT —2RFEHEF OEXRTHEARROER
HMAREAN #HE =
RAVBISIC B BFIREICH L TERGIBEMRESH AT LDEE”
TRSE, BINER. @S T FHROLESES 202343A
FETEME (x3)
HELUEBIRED-H D3RTMMRIBEHZRIZH 1T HBIRED B L VMERTRIEDER"
i B AHET #E -
HEESIERZ B ELIB3RITMMRIEHRICE T S BEBREICT ELHERBEOER"
FiRiRt, AHET, WE 1
OB - RERTENRNIHEA SO E 2B OBYRE A DR
EFRT, HNHE, BMER BE C FROEFR 2022438
Best Paper Award
“Bulk Production Augmentation Towards Explainable Melanoma Diagnosis”
K.Obi, Q.H.Cap, N.Umegaki-Arao, M.Tanaka, and Hi.lyatomi
IEEE EMBC Conferences on Biomedical Engineering and Science 2020
(IEEE IECBES2020) 2021%3H
FERPE (x3)
C2BRPEDEBREREFERALEZRY DH ST —4tyMIxt 9 HE KM% data augmentation”
B m. BIBR. FEEZ.E@E
CERICRAETHEMFEEDZHEEDIRE"
IBHEAE, BER. FEEZ. @2
-“Patch-wise FEZ AWV ET—HIT& D0 MRI ER D EfE{5”
AHET.HE C.KERE— [FHRULEFS 2020%3A8
-%@-g-
CERMEM OO DTERBLERARICN Y HBEERROEAN"
tEEH. BE - YANS2019 20194%8H
FHREE (x2)
CBEMMRIEHRIZH TH3RTA — T a—F — 2K D4 MBI O PR REORE"
FEEE, BRLUES HHEAN Rtz BE chﬁ_—
‘TR R SRR Z X ED - Dbody hair augmentation”
tEEH. BE T [FHROLEFS 2019%43A
Best Paper Award
“An end-to-end practical plant disease diagnosis system for wide-angle cucumber images”
Q. H. Cap, K. Suwa, E. Fujita, S. Kagiwada, H. Uga and H. lyatomi
2018 International Symposium on Computational Intelligence and Application
(ISCIA2018) 20184 7H

Best Paper Award
“Web Application Firewall using Character-level Convolutional Neural Network”
Michiaki Ito and Hitoshi lyatomi

14th IEEE International Colloquium on Signal Processing and its Application (IEEE CSPA2018) 201843H
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GPUs Nvidia RTX A6000 (48GB) x 24
GeForce RTX3090 (24GB) x 32

RTX2080Ti(12GB) X 25$zr‘
& 2% 58 $7F %E X
g

.- .4_.__4.

Xeon 24cores x3, Xeon 28cores x4
with 1TB, 512GB RAM

AMD EPYC 16cores x2

120TB 7.2Krpm RAID-6 Disk array
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