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gence (AD) technology, represented by deep learning (DL) and large models, has undergone rap-
id development and successfully applied in various fields, for example, computer vision (CV) and
natural language processing (NLP). As accelerators such as GPUs continue to advance in speed,
the data storage has become one of the major bottlenecks in DL training and inference. To be spe-
cific, the data storage faces several significant challenges: (1) The size of datasets is growing rap-
idly, making it impractical to cache them entirely in memory. (2)If no additional processing is
performed, datasets primarily consist of small files. During each epoch, training jobs randomly
read files from the training set. On the one hand, traditional storage systems are optimized for
sequentially handling large files. On the other hand, this access pattern can cause cache thrashing
when using the existing cache replacement policies, such as LRU (Least Recently Used). (3)The
bandwidth of storage devices is improving at a slower pace compared to accelerators like GPUs.
Consequently, the gap between I/O and compute is widening. (4)Model states, such as model
parameters and intermediate data, become huge, often exceeding the memory capacity of acceler-
ators like GPUs, known as the memory capacity wall problem. (5)Training jobs are frequently
interrupted due to failures. For fault tolerance, training jobs typically perform checkpointing op-
eration to save the latest model states, but this incurs a significant performance overhead. To ad-
dress these problems, storage for Al, particularly DL, has emerged as a hot research area, draw-
ing extensive attention from both academia and industry. In this paper, we first introduce the rel-
evant background of DL. which includes the common processes of DL training and inference,
typical models, and distributed training methods. Secondly, we summarize the data characteris-
tics of DL, which include the sizes and types of datasets and models, as well as data access pat-
terns during the data preparation stage (including data loading and data preprocessing) and model
computing stage (consisting of model training and model inference). Next, we analyze the data
storage requirements of DL in the data loading, data preprocessing, and model computing stages,
and propose a research framework on data storage technologies for DL.. Then, we summarize the
existing related work and classify it into three categories based on the different stages it targets:
(1)Storage optimization technologies for data loading focus on how to accelerate the data loading
stage. These include improvements in dataset storage formats, dataset storage systems, dataset
caching systems, and dataloaders. (2) Storage optimization technologies for data preprocessing
concentrate on how to speed up the data preprocessing stage. These involve the data preprocess-
ing pipeline, disaggregated data preprocessing, data preprocessing cache optimizations, and near-
storage data preprocessing. (3)Storage optimization technologies for model computing aim to ac-
celerate the model computing stage. These include model state storage technologies, fault toler-
ance techniques for model training, model storage systems, as well as I/O benchmarking, analy-
sis, and profiling tools. Finally, we discuss the limitations of the existing work and propose po-

tential directions for future research.
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Ui, RS — DM ECF R sk EEFR Y 0 Bk &, B bR &
2 A BT R RO 2 1 B sk i, B ) o, 4
[0, 1, 2, 3]s A2l i 41 LAY 020 /2 2 Bk &,
BRIV R 5 vh 221 R R 2H R B PR 3 B ik e s i 2
A 3 Bk B A B R 4 B ok A m Bk
AR,

) B s e B M tE, —Jrm, oA
THIAAEL R R B 7 ) BB 25 ] Re-
LUYY S 0% s, SR 0 AT BN T ZR A
ReLU(x) =max(x, 0) &Rt FAH . iX £ ffi py &8
JC AR P A 40 % ~ 90 Y IIRR B S . A — T,
N T By kAR S CROAE I 2R 4 | 00 v o o3 ok
A (AR TRER L A T 3 AR BRI TR B A
> WA H 238 Dropout J7 k™, BIBEHL % 55—
SIS Z S5 AR 2 oo . SR X 2 S 2
J5 Y H 2n i A 50 %0 B B RESY

(3D FHAS ] 14 B A XOR A il Bt . A W) Y
TREE# > RE B8 T T e 58 19 808 A =Xk A7 it B B
e BRI SR KB R ZE Y, LL TensorFlow™™ i
@& i | TFRecord #% 30 ok 77 it £ 4% 4 . fii 16
SavedModel % X R (R F BRI S MBI RI S50 . Ry
TR A FE IR, Meta fil Microsoft FF 4 T
TP 25 0 4% 32 3 (Open Neural Network Exchange,
ONNX)#& 2, % 4% TensorFlow Hl PyTorch** 4§ £ fi
WRIE 2 I HESE
2.2.3 HARVIMEL

FE R BE 27 2] W v AN T) B B 2 AN [) 8 8l U5
AL, PRI A SN BB T 2 o B R A B 1153 B B
PIAN T3 T3 0GR 25 1 TR 32 20 o AR 5 D7 ) =X

(1) A 25 B B

B A B B ) Bl D T AR o R B R h .

{ELAF Y ZR AT

O BEAL 2 BCYIN 255 00 32 B it 4 . 78 Ui 5
AR UNRAT 55 NS B U 4R A S8 s
B B0 4 b A RO L AR U R B 2R I 2k
5538 % 23 T EL I 25 42 1Y) 152 UL o DA o i A 281 1Y
ZALRE 1, B TE RN DI AT 55 T BT
KA RENL R AR . R RIS )22 )5, U2k
1T 55 K 23 ML 152 JBC 0 3 4 b 1) i A R AR AT Al A5
TR 2505

Ot B AT I BB AR L 0 S B A R, L
ImageNet-1K ], Y1 R L% 128 ik A .
WAHER/NA 512, 08 2 5 R AT 2 RE e 512 5K K]
F T A 5 I 25 00 7 BT aE 2500 ik AR, b
Ab INGRAT 55 H 23T 132 U AN AR AR, I 58 3 2 HUZ
BEAS ) 423 o =

OFALE REHITEMRE VI, I iHZ
BT VI RAT: 55 T 28 150 BURICHR 45 i A DG 15 8L, Bl n L 48
TR 25 BE A B0 5, 8 5 U 2R % R IR
Bl AR BB U BAT 5 B R — R
AR, TR BURE AR 1 B HE 2w, U AT 55 T B e 1 )
BEAR B e R

OB R BEEIL =, —Jrm, [ — I 2k
AT 45 B AS [R) 56 YR 75 25 7 1) AR ) A i 4. 53—
D5 T AS TRV YN AT 55t ] B 25 008 FH AH 7] 1) 2504l 4 5
F R — BRSO AR R R A i, 78 8 S 508 &R
rh ] — B B 22 AN R S 4 B A AN [ B S 4 R
T BT A R A B A L S R TR B AR
BNPTT 2GS Re s S HE SR E T W
AR RA

(2)HE 755 B B

Y5 B B3 %) B U ) B R B R N

OSHVI A5 AT IS5 B, 3R
B4 S N 2 AR A REAR B S i S 80 L R
115 o VF 22 18 FH 3 5 17 76 25 B0 Rk L il
T ISCAR K L B4y 1 ) B R T T RO
— SR S A BE R B R, BE A B R R 3K
TEHEI AR5, A 2N GRAT 55 38 S f
FHRFER AR RIS 2 — 5 AREA, X th &4
ol T 8 2 B Vs ) AR

QOFAEERENEIEEZN . FEHRERT. R
i) % 4 2 & R A 0] A5 4% BB 45 1 T B
SRR Bl YA | RS R
S — 1 2 05 R .

@ TFRecord and tf. train. Example, https://www. tensor-
flow. org/tutorials/load_data/tfrecord 2023,3,22.,
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OfFEELENE ABAE, ISR S, #HE M ARG,

GRAT 55 AT RE 2 PAT H R4 AR R B U AR B4 %
e YN 2 om0 K B R AE A RSO H S SO
Rt AN IR AT 55 I 2 R A A L ok
B DR A W R 55 5 A )l BT R R Bk KA T
Al w2 BRSO IR ATIB NS AN ST

2.3 TARIEZR

MR T SOOI BE 27 >0 35 5 AR RUBCHE 45 A5 0 43
BT o AR SO BE 27 2T WA TR B B o 3 BT 1 TR B 2
> BB A A 5 oKL B T T ) R R 2 T I BN A7
EFRBEFEHELE BRI 6 iR,

E| e FScbate et | [ 6 FhR i |

MRS
i | st | | st |
AR RS }—‘ B —
—w RS —_.+ [ s | [ s
FhEiN '
> HORGG RS ]—|_' Mermie | [ soRamie
—> R 1| wnANgE | | s |
BB UL e
ﬂ > B [ mmswmingtit | [ momhaie |
i% e
3 43 B8 MR ik B L S S0
3 p IR LT K ] | mmdgmen | | edsommam |
: == | e o
i [ wEzmwin | [ sesuane |
L3 | nfiegoRmeE | TR R
| ceumtie | [ st |
o e
B | wwmEbA | | poEmRk |
mammrn | [l BmEA e | [ otesmek |
—> iR | I'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_
> BERRS |y I T
VARG | wwemtie | | puie |
e AiL e[ ROl | [ mess ol
P 6 T ] % B 2 ST B B A7 Bk B R B S HE 4
() Kot i 28 B B BARAT TN JZ . Ak T dE shuffling F%k

TEIN 2R 5 v, I ZRAT: 55 8 0 2 3T 0L 4 28 Uil 2k
1% B V7 TR, -4 B0 2 e A AT 6 2R 48 b 2
IR A AF T, SRR N Y B S TR
SR L IR AU R AT 55 0 25 BRSNS Jin 28 e e 1)
TR0 R ] e 250 A A A o A A AR X R
JEE 2 2T I 2 19 35 25 I (1) A0 5% U50R) T R A7 A8 4 R
LA

LRI, T8I 1 K 40 0 28 A4 77 4 D0 A B 7 32 KL
i S A7 s 3 B SR A7 R 4 B SR AT R G0 U
LB T A va A 5 T BT . v B A A A%
AW TTHE T P A AT B DL B A7 1% 45 2 A
KA A7 itk L LA T Hodle B 1 1 U B s Ko 4R
Al RGERT TR 1T IR 5 2 U 4R 3 5 b SCMF &
Gt R (ELAT il L SO A7 Bk 458 1) K0 1 IR PR RE L 03T
TR R B A L 5 KON B G2 AE R S0 S A ]
TN R A HUAE A A T AT SR i PR T L
i B A7 it 28 8 v R A I 28 S S B vy 4 ) 5 A0

PRI .

(2) B dls FAk 2R B B

TEN 2R3 5 v 248008 4 b B R AS o 2081
I CFE #fE B 3 5 v, 25 Wi 21008 (9 f A 23 D
CPU i ZEIAT 224> o T4k BR4R A R It B %
e g B Y i AR o SR AL B
18 TR 58 A R L IR 2 I G /4 PR 55 i 2 1 B
B T AL B AR 0 ) R, A R R P
20 70 BN ERAT: 55 4 9l ad = 70 2 — B TH R0 1] 7 S
AR E o DRI G o DR S 3 99T Ak LR o ot %
JE IR EHNEZ—.

FIR T (i) %5808 0 Ak 31 A A7 6 O A 0T 58 32 2N
KUY AL BT K 26 70 1 RN TAR B S0 AL B
A7 VA S A fitt s FoAE B DO AN Oy SR IT . Horh,
00 Ak PR K e AF 5 5 DAL K 2R 114 O Ok ST
Kot UL B ST R Y B 2k B AL B R TE £k
Bl Uk B 5 g RO T4k BT 5 AR A
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BILL 5 < THT o] 9 BE 4 > 14 B8 A7 il R 255

1021

JORARAT B UL PR 45 A S0 1 BiHle AL P A K
SR 5 BCHE AL B A AF 5 B 2 A R AL B
PRAE R SE IR 48 0 1 s AL B 52 LI 18] 5 A i
HAIE 04 AT 50 T8 23 BCHE AL B AR 1) 2 ) £ i
B B A IR 55 A% P G2 T CPU Y 50 Ak
M1,

(3) B HITH 55 i B

TN 2 R0 HE B A o A8 v, AL 3RS Y R o B
AN G AT KW B B 2 R O AR
e B E DL K A IR S A AR S 1 B AR
BRI TR Y B A AE B VF 22 18], {5 2, A2 70 2 B
TEAEAS W K, 8 0 1 g A A i A Y K
B, X FE YN SRl B, R AT R4 LA
Tl B, S BCUINGRAT 55 P i, 2R B & 1)
FRERLH BB i S BUE R 2 2K THFER T B BT
WA WEIR B . T A0 SR 2 8 AL R A O B R IR AT
SR SRR B A TR IR . o U TR X LB ) L
A BT 46 R 2 2 U SRk R] B AR IR B 2= 2 1
HEHLAER

H AT T 1) 45 B0 5 A A A O AL T Y T A
AR SRR BRI R R BN A R 58
DA R RE i 0 A R O AN 5 T T, Hoh A
RUR S AR ML T GPU BAAME R, FH T
DRAM. 3k 5 2 1 N #£ (Non-volatile Memory, NVM)
L K [ 75 88 3% (Solid State Drives, SSDs) 25 5 #4 1%
fitt BT T AF i IR R R R 4R R L gtk 1
5 0 e 3L A S TR HR 25 A i T A5 A B I 2 25 A R

R T H A5 2RI H & L 2 6 45 5 vk L 5
LT R RO RS RS A RS AL L o e TR B IR Y
TR B s BERUAE it 38 G BF 50 52 B 1 A5 24 2 ORI A 245
HE RSB SO 14 R ST o S DR AT AN [ R AS 1) A5 2
S s PEREINA S A T RAR ST 7L TR /0 I
W5 T T AT R IR o 2] 3 5 T Bl A7k Y
/O PERE AT R 22 ST Y 1/ O 4728

3 EEBHEMBHFELLEAR

TEAT i B B I, 8 DL B A0k J2 R 2 3
0 R0 A7 it X, RIDRE AR AS A7 6 O — 4> Bl
SCHE L PyTorch BRI X 7 8088 77 fif 4 50 1A
ImageNet-1K S §il . & > FE A A7 i — 4> JPEG
SO TREAS B4R 28 0T B S 44 ok 3m 0 T A R H
FTBREARTR TR —2 0, SR, 75 B 51 20T 46
ZHI S TR BE A% 2] I 22 4T AL I 25 46 09 3 BT
I IR AT 55 75 20T R A 1 L BEBILAY /N S 152
PENGRPEREMR T o v 1 310 TR E = > 1 5 diE D5 Il
PERE  BUA OB TS AT A% X TP R G VR AF R 5
DA KKt i vd A5 i AT 1A .
3.1 HEEFEHEEX

AR A7 A1 J3 189 7 A [R] L 7A SORF B3 K dls 46
A XA DI A T 20 D i T S0 9 A7 Bk A% XA
e T PR B A7 R RS SO AL | B R B A% XU AR A
L KA A% U AL . 36 3 B4 T AR Bl 4 A7 ik
U 2 57

R3 BEEFHEEXIE

BRGAMER  WELH VO FMERANE  HUEMERE 5 FEERIRA BRI  EMHR
3T SR 7R A X 5 i [ R ) i 1

ST BEHE 9 70 1 X 2 5 # & i i 1

B A7 X 2 # 5 2 i i

BN R EN 2 i 5 0 x B G 42 %
3. 1.1 T IO RAF A X /NS IRURE 38 g 2 i R SC PR Y DU B2 30 $ v T

B I 253 5 . Bae 55 AN TN EE 2% A2 4
M IC R G A 2 L3, 42 7 GPU &5 i s th 3f 47
SERLR S I AR L BRI T CPU X 508 v 45 B BE iy 1
. EF XY 5, Image Calculator ™ $2 ) 4 &
R KRASE (18 A 32 A% B T 25 8], 08 T 1 i A 2 ok 48
Ko A i 1 EHRAE i A =X, DU TIC R o8 1Y TR B 2 )
5% .
3.1.2  FETPHER A%

— SRR B2 SJHESLR T Record A JRy , B £
AN SO PRE R — A RSCPE TR A A L BEHIL Y

B i S b B . B0, TensorFlow 1 MXNet™”
39 % i T TFRecord #% =X il RecordlO #% =@,
FEF 2R AR, — S 5 £ TR 0 B S A7 i
Moo T AT R S A Ry AR 2R s T
T 43 A 28 AH DG B e Ak T4 .

(D EHR AR R4k, DIESELY 48 i % B4 4
FR IR SR SR A K R B, JF 8 A SC R B

@ Designing Efficient Data Loaders for Deep Learning,
https://mxnet. apache. org/versions/master/api/architecture/note _
data_loading. html 2023.,5,6,
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i 2025 4F

L SO B Al A% R B A5 T R A A 7R B0 B
3. WebDataset™ i FH tar 3C{F 4 7% i 4
K 2H R — NI R AS 18 i A S (o 18 SC PR
PRES SO TR AE RSB A7 8 . Zhu 55 AV BT
HDFS(Hadoop Distributed File System) FJ 7 i #%
25 T H Bl 4R s A OGSO L SR S
45K pile, Wit 7RG — pile MZURGI LY, BERE
FRAE SCIF 4 A58 4 H AR pile B47 &, 78 HDFS 045
Beric 3¢ T 44 pile B9 % 5. MindRecord #%
2O e B S0 N F 51 SR A R . B SR DL
B S AF RN 2R o TR 51 SO ) T R AR R
BE%E(E B . FFCVE T beton #% 30, 2 7 K
H LUV 4R BE IS A7 A AT B 0 B B2 R0 T B
FRAF WA [ ST HE FE M HEA 1385, 5
T U5 1) £ 45 4R b i Bt 2 R A, AR R ] &L 7
Fros

Hefrft

— 12810004-FfA4 i [ekis
— iR TR —— 1 Ce 1]

e
B

=
B X N

|3 IntField] P : RGBImageField / \
Int potis R s g T g YR |

0 0 99 | 50 | 0 POxAC4134 # [eealson] Bardsit|
- 1 1
NIRRT | 50 [ 1 pxC423BE

1453]0xAC4134
® | M LN if) “’1k}\C47lBF|

I 7 beton # 3 m fi°

OBIEFRRIA . — 2L T $E e 46
AR, ﬁEftT??ﬁ%f%fE’J’ﬁ%Ei’%%,?Jﬂi/'\T%?%:iiEY
(K B . FanStore™* $2 H K 48 45 %1 o i £
Oy DX BT T A A 4 'g%UHEﬁnﬁE‘J%Tm
FEAR5E T e 43 X 1 A SO 05 PR
45 Z J5 WSO BT — i

Kuchnik % A % BUAR [ I 25 4T 55 68 15 25 22
AN B RE e 4i ) . 36T X — R B AT I T
PCR ( Progressive Compressed Record) ¥ =X, 7
TFRecord #& X 1y B filt 15l AT ¥ i 4, ol Lok
BEAYIRAT 55 B A5 2% P56 38 A B0H PR L BRAR T
KOs i SO A, B i 8 s, DL R
191 T B A O LR A PR ) — A 4348 (scan) o {2

o {mEs {ifs 2
i i u
1 ]EDI-f i I I‘m ﬁl (fﬁl i
FEE EEt i) Eatiiian| A2

8 PCR A"

ELJEAH A B B 218 T 94 4 (scan group) . 4
TR HURY E O B W BE i, P LT 2 PCR 1)
AR GR AR S/ e R E S B KT F I RS ET = sl R el
SEAH N B A 4 Ik

A4 RDGE T T PHE R A7t A AR H U5
2 SR A B 2 B LA e 2 15 S 4 BE AL 5 18] 45 J7 T
22 5%

x4 ETHEHGFHEBTE

VRS BARALUTA SR EUREE BEYLUIT
TFRecord P2 ORI B =3 N
RecordlO Pl He iU e & 14 SHF

DIESELM"  PfHe i Bcdi e (e AL FE
WebDataset™™!  $F 42 sUEURE B (5 =3 AN FE
pile™?! Pl He U e 1= NS HF
MindRecord i A (E=3 X E
beton™*] e T L &= FEE
FanStorel "] P OB B (S =3 AN HE
PCRM PREe B e R S AR

M o3 B ARAE SCHERL54 ] A gE it B AE Tma-
geNet-1K _FE Il Z;: ResNet18 #1 ShuffleNetv2 i, 4
SRAH FH BRI A7 A% =X CRIHE B3 9K 1 7 A7 o — A
XA BRI ST E a2 /NEF, B TFRecord 4%
{18 T 25 1% ;1M 5 TFRecord #% 2\ AH H . PCR # 2X
B YINZ If [8] 3 — 20 4 %0 T 50 %,

3.1.3 HEHAFMEA%

TS 43 TR E 2% > HE AT P B (A7 i s =Xk A7 it 5K
gk, G, Caffe”™ fif J 36 T B+ M i LMDB
(Lightning Memory-Mapped Database) "™ Hl % T

HGR45 ) A5 IE A LevelDB K 77 fif 0 #5 45. Lim
SN IR A5 R R W] 4 ImageNet-1K Il 2k
BRI, 5 B T SCHF 9 A7 i 46 20 (PNGO A LS Lev-
elDB 1l LMDB S5 8 {8 A7 fift 4% 2 19 Y1l 5 i 18] 45 %2 Ky
+taz—.

3. 1.4 HIAAFfitA% X

BT bR 2, — Se 5T U 4 i A A A
# 2 Ok A7 it BUdE 45 . 7F Apache ORC (Optimized
Row Columnar) #% = FYFEmt I+, Meta 24 & & T Ifi
] 04 6 i 1) DWRE #% 30©, JF 48 FH H A7 66 AT L
PEAESY L O AT 3 50l B B A KR AR 8
FEfi# S DWREF A% i e 8i T s 8ok . o 1 ok
I, Meta 24 ] CHEHY T Alpha #5X, T4k
Pt 1 w0 F 0 A X A 8D B T ORC &

O #%2HE He, https: //www. mindspore. cn/tutorials/zh-CN/
master/advanced/dataset/record. html 2023,5,10,

@ DWREF file format for Hive, https://github. com/face-
bookarchive/hive-dwrf 2023,6,14,
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T 2-3 4,

Deep Lake"" % H T 81 sU A7 i 4 4 o 7k & A
NI, AR s — 2R S0 B P2 T A K e
He 2 A0 5 RE A P 25 9 0 BN — N RE AR ROR
NEEZAREN 1T, W THRENHEARL] 54
AR B SCIK Y 225 | S R 68 H B A A B0 i 7 1 £
P P L K A B s S v i) B A
3.2 HIEEHFHESR

o 0 HA AL B, H s 5 08 2l R L T SO Y
PRt =, Y Mo T 3 o H 40 4R A7 ik 4 U IR AT
55 S PRAT K& /N SO BE B3 B AR 5 SOBUHE
FEREART . A TR L M TR T
VF 22 1 0] 508 4R B Al R G 07 vk
3.2.1 XMFRGAE

TE 52 PR I 2R3 5 b B0dE 5 08 2 A7 i e T
I3RS, FE 2Rl & b, I ZRAT: 55 75 2B HL
Vi AE I AT SO RGP I BUE 4R O H a2k
I E R 4R AFTE A R B AT EE D 18] I 2k
PEREMC T . BRIt B A9 T YT A4 b A7 it Oz
P I AR IS I T HEAT T B0

(1) B 795 s A M A7 6 09 DAk

BT A H A7 (0 A0 AL AR R A I
SRR M A7 A R B A A BT ekt T
KR FE 5], FanStore ™" $& HKs B4 48 4 81
At 20 TH 5T AR A A i P O R oo RE A2 ) )
BEASTHEEAT Sh E ] T AR S8 U A U
ZEH AR LR AL T POSIX (Portable Operating System
Interface) A4 1 Wb T #7425 8] 5 H

Kurth 58 A5 42 18 B0 48 20 20 1 2 4> AR M
AE Y ER Y, 28 45 AN m) BE AR R 3 L, TR AE TR N BB B 1T
AL AT U AT R e SO, R
P AR W R T A M AR 2 ) B TR
FH ST S MPI(Message Passing Interface) 1§ B ¥
B A SO R AR 43 380 At e 52 A S i 153
T IR TG R A i 2R e i IR R o
RERL A,

DLFS(Deep Learning File System)" i fit T
— BT ) T BE 2 2 N Y fRT B APT (Application
Programming Interface) . & i1 T 3& T P AF A A AEAS
5w LS B PR T 19 0 208 A B SC B T 6 T SPDK
(Storage Performance Development Kit) #J 1/0 AR
% 38 11 NVMe over Fabrics Wi 3 FH P S W TE
it 53 B I $2 Y T R A ORI B S B S n AL s PRIt
BT

Schimmelpfennig %8 A" B3 7 1 [ % 2% 2
B TARS . T %8 & 28 vh X R S8 GekkoFS™,
T T R AR RS A REAR T IR AT SO RS B
B, I N P TR SR T IR 4 R i 44 2 T
i fi% Il 1l 7 1) T A 540

(2) e Fam R AL 2 A7 1 A4k

SE T RIS I A T AR SR B B A
FEIC AR B o T UIZRAT 55 1 ds 5 00008 1 1] 1 i
DIESEL"" HpAl & 3 T 171 2 G M A7 R 55, 1 4l
T T E A A BN A R A B SR BN T T B
PR b T B Ui In) BT T AT S5 R Y 4 A X
GEAT BT A i B 1 5 i R ] 7 A TR 2
YIERAT 55 N, 30 B2 K /N SCPR B 91 R R a4
TR RGN RE, DIESEL+" 9 & T
DIESEL., 5| AT GPU % Bl i) &l F il ith 71 75 48 Ik 2%
B X (Region of Interest, ROD A, /> T K A f#
T 1) A RIS T 1 22 B A B0 7% 3h T 4

Zhao %5 NVl 43 A XS 2 58 Tectonic™
F A7 I 2 K0 HE . SR, Tectonic i F ML A A 45
(Hard Disk Drives, HDDs) 3£ 77 fi# Il 25 50 4 . 45 10
AR 1/0 LT . L. Zhao % AW E
— LR T B S ELEH Tectonic-Shift, & T I
HFHAAE 2 Shift fl Tectonic, ffi JH SSD 3 42 15 52 Ht
PEBE IR T A AERERL, /D TR 2 HDD % 4,
VETE T B8 2 AF 7 1 R Y25 550808 4 rhogk
A 5 S8R DU I 24T 55 A O 1) 50808 1 Tl A =K

L5 AR A SCHRL58 ] MISE T, £ Meta 19 PB
G REh g AT 9 /I 2Z 5 . 5AUE A HDD 17 %
DN GRBAEAE L , Tectonic-Shift BUBERIE = T 29% .
3.2.2 HEEAFEM AL

Caffe ffi il LMDB >k 17 fiff B 48 . Bk U,
LMDB i I T N 77 B BF Conmap) AL K 3% A~ $0 98
£E WIS B N A7 T 7 Bl D0 b T e S R R O R R
GRS RGEHATLE A EHEERZE 1/0 5%
AR R A B ScuaReY kA, LMDB ff F B+
B i I A & /105 9l 16 I il L1l
LMDB 75 22 AR S TF 1R - 4K Ul J7 #4642 v i) 44>
SRS LR ) H PR ECHE S L BT AR
— SR 5% LMDB #E47 T4k .

LMDBIO™* £ i} T J&) % P9 77 Wt 5 (localized
mmap) J5 %, 76 BT 8 sk B — A E AR AR O AR
T, 55T SCHE R G b s BOBOHE O filf e 2 N A2
B0 A3 25 1 A i At R D T R AR 2 Y
1/O 5&4 f R SCU0 48 8 YR 880, Fo i o I A 2R )
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YA e B E A A 1 1/0 SE B R

1 2 A~ AR U7 ) B E ) OR [\ 43 i, LMDB
M LMDBIO #4778 & TUAR R B e % 5™ . Wik,
LMDBIO-DM"™ 4 5 T fi FI f B 4l 6 b 271 1
AT 1/0 MM 4T 1/0 i Wi 2 i, Bk
9 FiaR . Horp 4 AN B EGHERE (PO-P3) 43 il b B8 45 48
S0 4 A EB 4y (DO-D3), 785 — 4 1, LMDBIO-
DM 2 550405 7 b G 20 97 A 1 1) A0 ) 68 400 b ik
HBR I ERAT AT T A HERE LT R A R R ) S e
T Ak B B AR 5 A5 R AL AR B O br) 1% 346 45
AR, EE 2 H, LMDBIO-DM £ 5E il
A AR A ) O BORN S U B L AR S X
S TIAT IR B N A7 b, 3 B AT — 2P Y -
HEFDCAR U4, B J5 AT S5 B B s D 18], Rk T
AT IATHY Ok B BB K

g [ Do [ o | b2 | D3 |

mﬁ;ux; PO bR AL ESP
PLEEIC, PLHILER ST P2

v PR, P2 AILEPS ﬂé
P3TEIL), PIFOLERAELPO |
CHTF—it)
(a) JEFFLORE bR b e
HdEf [ Do | DI | D2 | D3 |

e Sr—

P2 Hie——»

P3 i

POFIT POK R RSP

PO PI by, PIHEHRRILEP at
P1jfa] szﬂ-_l:ﬂ P2HS BRI TP !?n

P2ufifil P3HIL) PIHLERAIAL:PO
e S L%
(b) AT VORI AE N 3 hl
K 9 LMDBIO-DM 75 2 &5

—
PO «——>
s PLiSHT

lilsg
(HFED

FE M FE R b, Pumma 28 AU g — BRI T 4
AT, Jrik 18t T LMDBIO, 4 Hi A FEfd
FH mmap 48 DUEHE , oAl B2 170, 6154k
I (4 b 1k s B 4, SRS T pread SR 32 BCECHE | TH BR
T mmap XU EECA N . ik 2 BGHE T LMD-
BIO-DM, fifi HI %5 A1 4 5080 22 01 I8 45 L L 3 28115 4K
8 22 09 A SRy, T LA ME B 4 T RS AL E L THBR T
LMDB W7 # 2l B 1 i ok 17 1/0 B 847 ) 3,
Jiik 3 B A I 2k AT A 8Os, 3 g A
1/O #AERH RN, DU 58 53 R S R G2 1/0
PERE. ik 4 ARG 2R /0 B/EEaE,
FEAR T 1/ O #AE R BEAL A CLUAS B 5 /9 0 17 ) SC
IR AL T R R 1/0 If1T.

bR T4k LMDB, — S6fiff 57 i 46 1 11 ) IR B

F R EEAE AR R GE . BE X 0 A 20 GNN I 2,
DistDGL" ™ 82 ) T 43 77 3 4 £7 8 {77 i KV Store,
FH A7 At b o1 030 09 e iR s . KV Store 3
R 05 B8 73 DR, I fd ] 3 = A7 ] — AL
ar I TRt R AT 22 B R TR R T SRR
W] 2% 38 {55 B9 A2 #2 3 F2 98 H (Remote Procedure Call,
RPORESE fi 1 Z 48 DUAIL i ok 52 30 84k 1y 91 A6 1
ZEPBWCERED,

AT 43 AR R SOk [68] MGt MMl CI-
FAR10-Large Y% AlexNet BB}, 5 Caffe A,
Caffe-LMDBIO Fll 2k 1] 5 5 47 2 1 42. 900 3 11 4
{7 F ImageNet-1K VI Z; CaffeNet #5281}, Caffe-1L.MD-
BIO By YI 2 1] Fz i 46 0 1 95. 2%

3.2.3 XMgAEEiL

T 0> IR B A AR A X RAFAE R SR
X RAFAE 1 A [R) T SC1F R GE B2 A B0 His 1%
PERERA . B4 RS R AFfith rb 152 JBORSCH K 2 4452 V1|
g I, — S BETEAL TR A 2] 0 RO 4
A U7 1] P BE

Ozeri 25 N7 ifi FH s3fs H¢ POSIX 4 115 4
PG4 T, 4 R TR R A S HE 2R R SO 92 IR oK
e 45 R Xk 22 A B B ) I e v O SR S T 8K
I8 P LA S A O oK B O A X 4 A B
SR IR ER 4 B L T N AE G AE B XS
GATA# T R B e G2 A A O T R A A
I S 2R (] 25 TR B 2 2D HE SR, Rt 4 1 22 R 1 L
A TR A8 K4

AlStoret™ J& NVIDIA 2 i 19 | 1 ] % B 2% 2
HIXF A7 fiff . AlStore SCHEHRE ) 47 J, $24L T 28
S3(Simple Storage Service) BXF %4 0 . f# H HT-
TP GET M PUT #AE RS M~ . IF A H
HTTP & In] & & 4 Ui [0 77 it Ik 55 % i 3 4.
It Ah , AlStore ¥ 7+ # | Amazon S3 1 Google =
FEfitt 55 22 B RAF VR 0 J s o S5 BT 3 39 3 79 4
Pa AP 2RI LR 2185, 4 8 T MapReduce §
Ji& L BR A AR ] 48 0 0y HE Y 5 XRE R 1Y 4 B K
NI R SR AT RO A

T2 B 1Y AR 77 IR 55 v A B — BN ) S 2 A
BB, R T B B 4R © 2 A i
XFRAFAE T A % R R B b AR BN R A i
B} 72 A 0 F A o T 432 ) B3, Targoat™ #2216
% i AL SV 2 SR B R B I — R A tar
S R 7 Mk 55 s il BB JBLAR 1) /N SO T B AR
PR DG 4 T BOals 46 1Y b A I TE]
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3.2.4 FAmAsEiie

B XTI 25 B B 45 55 () 8, PRM (Partial-Recov-
ery Method) "™ 414 1 2 #1753 33 BURK 4 B 43 A3
2 )R {5 B I RE I AN AT J5 VAR 20 43 X A BE 1 AE
J1 s AALREAR T I ZRBCHE 0 R 52 4 iR B 4L T A
ROV ZR e B % . B R SK 30, PRM 23 48 o 4 A 8 &
K DU 2 800 R B A7 45 R R T i Bl Bk
SRR AT AR B LSRG W B R 1 S RO
BRI H B R AT J5 ok 1 B BRI R A o

9 B Ja A TS B AR G S GOR 2 ) A 4 1k
BB 43 A 4 R A L IR AT IR O B 2k
3.3 BIEEZEHRRS

BAR LR TAEC &5 7 20 10 IR B &
A7 it 2R B2 L Ak J7 % (2 DA i 3R 458 b o 280l
FGHRARNRAFEELE RSN /0 28R, Hik, —&
TF 58 48 10 76 TR B 2 > N FH RIAE At R 48 22 [m) At 42
fERG ., R 5 BE TR EE &AL
E5R,

RS BEEEFRFEIL

532k WIRES LRI R R R Gl R BRI SR
A B R GA RIS R S AR M AF L B A7 50 B T A B 4R 1 /I AT SR
SPGB BB LT R AT AT 58 R B0 A B & x o34 Nk
4 B T TS B0 Vs 1) 5P - e BR 540 s ) ML ok 51 BRURE AR w (5=} i
BRI A B 2 4 BE AL IE 5 O 246 G2 A7 WU RE A SR B 40 5 A RE AR =2 = i ]
BENEHF ZERETRWAEARIFE 25 ) XA e (=S ]
GAESTC [ B 25 R TR A 55 19 1/ O RGE A% 5K i (E=3 ZINHAL 55
3.3. 1 WA IEAT Al A HHE
—“%Eﬁ%%bﬂ *ljﬁﬁi‘l‘%:%)‘ﬁ E@Z]Xi@ﬁﬁ%;’é%ﬁ P (TensorFlow Keras | [ PyvTorch Nu:nl’)-'-‘ (" cuDNN Caffe
sif [ Bvacka ||| [ HVACK [ HvacEra )

AT R GE D BN R . AR BT X A I R Y
ANT) S A SORE L3 O B R BT S 2R Y B Y G A
FER X 43 A1 2N ki) 23 A G AF

(D BT AT

Monarch"™ " it F 354 45 14 74 3t 77 it ok 28 77
SRR B B R AR L B T 1 IR EE S T/0
R S 20 B T SR W L I 2 TR AT SO R G
TR SCIE R N2 B T IR 2 2T Y IR M RE
G TIFATSCHER G 1/0 e J7 . AR A% 35 A [ 19
TRBE 2 ST HE R A T B SO 2R AR

(2) oA G AT

Hoard "™ $2 5 76 AT 55 FF 4 22 7 88 4 1T 55 40 1 B
A7 1Y 3 P PR S B A7 A R G b B A7 BT A Y
HA AR T RS TE R —AE 55 MR 2 kBl &
M () BOHiE 4R 1A W) I R AT 55 22 1) () 2 i 24
W FOMHEAF B . DeepMemoryDL'™ i1 1 3£
TF CXL(Compute Express Link) i N £EAE Jy i 3
F) R T A 2 2 T Sl SOOI 2 5080 L I K H 2217 2
TR M5 JE 9. HVAC (High-Velocity
Al Cache) ™ B4 T V1 45 A9 A 0 17 ik A0 30T 5 5
K # £ (near node-local storage) UL 2% 77 347 344
RGP R KRB AR AT T 20 A 2 A R E AL A
s ke 1 oo B UE R S, Gf A PR B R B LD
PRELOAD R {ZHAR G A AR IE T 8 ACHS 4wl
BRI HAR B ] 10 Jror

HVACHHE %5

E B |! Wjnvacas | E m]
ENVME_Ij ,ENVM&_Ej ,
\ +/ ¥ ~ :
; L AT E TRl

M
L

AT RSE (GPFS, Lustre, ...)

01 HARN. W COER
B 10

HVAC 4 fyg

A AN MR SCHRC79] MBI R I
Ml Summit F.HVAC TP R E 1024 N85
GPFS 1t , HVAC WY ZRint A S35 4558 T 25%
3.3.2 ZRAFRMEAR AL

B TR 31 580 A AR A A ok 28 A7 B di A
— SRS AR A A R . AR (T B RS
[F] o AR 3K 97 A7 56 s A0 Ak 23 o 88 18 T B0 A 4
HEMRAF VL R G5 HL.

(1) % fE 19T B

— BB 5 B B B 7 IR Y L 4 IR AR
i 1) I Sk FUBRE A, Prisma ™ 48 185 474k 1 1k
SRR 2 ) HE B R R B B LA/ A 2
FE RGP, Prisma SEEE T 94T A9 500 UKL
il s e RS S0 TH 58 L 0 0 U7 Ta) LY L 6 ] 22 A4~ 46
T, IF K B O 5 B8 O B HA7 il 7 N A7 22 v IX
LTRSS 260 1/0 3R, 76 85 5 F 4,
Prisma S0 T [ sl S 45 il 53005 Al T 2 45 4 il [
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Bl

L
£

i 2025 4F

% o VAT B0 Y 1T 11 % 1 DX AR 0 AN T 9 A g
T2 R Y 8 R % o DX ) R/ R R B A A

NoPES"™ i F§ T 3% M (clairvoyance) 1 FL 44 .
o5 5 MR U 7 ) A X 1 PR AL B A R T R
ATTRT LA 15 260 3 AN R AR 2 7 A B e IR A 3
Vi), BT E A, NoPFS % 433 20 L % 2% 5 19 %
P U5 M AR AT T 4301, AR 4 R T AR TAR
G TR RE A (S [) )7 1) 48R, I 35 T 1 R A A
9K 5 1) 43 A 2 28 A7 R IR W, T DA A B Al B 22
FE 2 U 230 e O W B BB 008 335 07 AN () R ASE 174 50 4
B R4 T A7 At J2 UK CAn 3 550 P9 A7 19 AR Bl SSD
LBy A SN A7 %) . b 4h . NoPFS iR S Bl T 56 F
PERERE A Y 1/O MERERLIL 2R . BEAS LA & Fh i 50 h
AT 1/O 5w 9 P BE L 38 1T LA 4 AT 5 G728 Ak X il 2k
FRF 5] 174 52 1

(2) B4 2 #h

— B 5T R B B A A RO S BE ML A L Bk
A2 BB N T a7 T O R 4 ik L B
LS O AR R T E AR,

DeeplO™ ¥ 3 T #ir A K k. S T £ A
YRR/ A B B T B AL S T, O
PIAF 2% o X gk /N Ak i b B BE A SR ML T AT RS
FE P AEfigi 4 10, S5 R TR) 9 O i 47 i R 8. Zhu 5§
NS BT DeeplO HEHL, S HEAE oA AP
BATEANTAEE . SIA T ZMERE WX, LXK A
] T A3 (3 R FECH

Quiver™ ™ J& Bl 4 B BE F 5% B 4 HH A TR 1) O B
2 WNEWERERG . B, Quiver il TR TN
ZE0E i 1 41k 5 =X R 0 7 A A ) B HE R i 2 A
YIZRAT 55 TN 22 A 22 J6) 35 W b 7 ) ) 2 SR A7 1 B
i . HR, Quiver #2117 AR Z A b, NS
FErf A R B 2 AR A, Al 92 47 D 1 R A SR AR BN
fit i ke T AE RS, AR WA 11 R, & A
Quiver #&H T PpE 28 17 9K | PpE 28 A7 A iy o Ak 2
DA B WS s J% R 114 8 A7 4 SRk, A S s 28 A 5 TR) 4y
TC 265 18 6 BE % DA 2% 77 v AR A5 d R U 25 P I R AT 55«

ERACRRE
A, 240t

Quiver#H
A, 6hAdrt)

N oy S
S
< Eooaet

P T T e S,
- e o R N

G KA
Bl AT G A P Y

HOEEWNZET
A HRITFE 0 L S )RR A o A5 78 31| 25 i

BEVEIE AR . PR, — SEAIF ST T T
RAE R AL RN A I EE A HEAR IR H 2% X
BEREAR

iCache" ™™ $i& H ¥ 2% 17 25 0] Rl 43 W 2% A7 5 B2 4
AP H-cache FIA B B AR ) L-cache, Xt F H-
cache,iCache BT 1 3 THEA H 2 1) ZE A7 5 4 50
2 (A& 12 Ji 7, J7 HE 8 040 180 TR 3 7 A A 110 B B2
PR L IR AN T B R R, I TR AR A A
ZIEEHERSEF ., X T L-cache,iCache i3t T
BT AHEA WA E LA BN F] L-cache
o, JF 00 BSOS B Ty ok Ak B GE A AS i A L
e Ah s iCache if ity T 2 AT 55 4k BEAL ] AR 95 45
155 09 G A7 W 2 VAR A B B4, JT T B R A 1 A
Xf HE A T AR RS,

LRUE /7

iCache

| E

(a) LRUEAT & ik (b) iCacheB A7 & if
12 LRU fl iCache %f £

SHADE"" $ Hi 46 I ¢ A% 9% (4 & 220 45 1k, JF
FIHHRE . fEHEHZ ], SHADE £ T
P ik S w45 FH /NI i A 2K o BB AR L il
FEA AR R SR T SEREA B T 2, 3T T T HEF
) F B DA O 2 DA R TRl o A RE AR 1Y
FROGEEE B L IR T TR S K A 3 N R SR
FES WS 72 —Fe YN 25 Z2 0 o) B REAS . FE4
)2, SHADE 28 1 H 3 I A9 DL 5 9 gk 1 3 )
ZRATRME , BE NS 2 A8 T B AR AR 1 F B L R R e
HEWFEARTEEAE T,

(D GAE I BE

AN F NG AT 55 X A7 (0 55 SR FE A AR TR L 9 2 %
ST 5 BRI 9 4T 55 X0 28 A7 IF AN U T A2 3] 1/0 BR
il AT 55 M55 LAy B o 2 B Aras ], Rk, — 8k
5% 4 LAk 22 A7 43 T 5 [W) B 2% & AS TR AT: 45 19 1/0
BT K .

Fluid™™ 51 A 7 1 1) 5346 50408 U8 0 = B A8 S
EWMBEMEAA RS A O, &t T 92 at I 2k
R BN B A B S A g L B T T A
LI ZAT 55 P EE SR M . Synergy ™ i T AR WA B
S WA [7 Y 2 4E 55 19 CPU RN FEf R %3 T
B2 B A 1 i 2 =X R AL L B 08 AR Al I AT 55 1Y
BEUR Sy O DL 7E 22 R0 P SR B LR U R AT 55 R



5 3 UYL < THT ] I BE 2 > 14 B8 A7 il PR 255 1027

TR I 4 06 TS AT 55 56 B R, SiloD
P PR TR R AR R A T R G, it T
5 1A 55 P B T % R DI 2 1 K D 1) A Ok
I RN GRAT 55 9 2 A7 NI A 1/ 0 755K A o
HE T3 LRI AT it 9 U (L8 G A7 A 7 1/0) . A
NP B R B R Y LG B AR . R T A AR R T
i B FE 4%, SiloD £ Hi 1 90 19 2 A7 43 T SR W, A
FAA TN GRAT: 55 14 5340 G2 A7 R00% T 18 o B 4
Li % AU 20 T 4% GPU [ E 43 I % 5 19 S5 A%
N 9 43 Bd B CBA (Cache and Bandwidth Allo-
cation) , KU 1 A7 5573 B 3 5 b A7 Al AR A A0 o A
HRAER A, IR TH X GPU g 5978 Y
A AutoCBA Bk I Z T 1/0 Fit5, e
PEFEGEAT A 98 . GPU DL M AT 55 45 2 2801 bR B9 i
MHG. £6 84 T ERITEEFRIEDI. 26 X
FR G A7 A s 46 DL 6 SR 2 AT 55 A I = 55 07
THT 14 22 5% .

R6 ZEHEDBAEI L

VRS WAL ZAF A BN g BT
Fluid"®"™ A7 P P
Synergy**] ZH+HItHE & e
SiloDM* AR 1/ O+t b =
Li% AP g - 2 2

L0 5 HT AR SCHR(88] M GEit . fE B AT 32
V100 GPU ¥ B AERE b, 53 GPU % W L fl
A Bc Fo A 9% VR AR L, Synergy A9 SF 4T 55 5€ A AR )
(Job Completion Time, JCT) &K T 33.3% . %% 99
F AL JCT FEAE T 502,

3.4 HIEMER

TERJE 27 > HE 22 b BiHis i 2 4% (Dataloader)
FEEMLL T ILAN TAE 58— B4 shuffling, BI £
BRI GRIT 6 Z 17 AT S 25 4R /Y D7 ) LR 5 56—
HOHE A, RIDREAE A DAAF it 22 B¢ v 3 4tk m 48 21 4 A7
rh s 5 = HOHE AL B RDZE AR Y 3O I X A A i
ARG P B, 40, %k B EAT A T 4 AR BT 55
Horb, 5800 8t B A Y 2 £ s shulfling F1%L
Pama . P AR 43 5 %05 shuffling F1%L
AR G Y A L T ¢ T EiHiE 104 B A P 2R
S5 4 o EAT U
3.4.1 % Shuffling 4k

R4 B0 0 4T LA BE R[] B B9 8 shulf-
ling J7 3% 0] VLAY b4 R shuffling, J&I#F shuffling L4
K5 — JJEk shuffling, 4/ shuffling 52 4]
FLUINZRAE h TR FEA 1 U5 B . 3205 v AT L4 &

BRIz AL RE 770 1/0 FFHR K. 54 shulf-
ling #H It . J5 3B shuffling FEF 5> — Rk shulfling [
BT s s 1) (0 BE AL BE L 4 1 BN 2R M e
HamBE Rz bae ). R 7 B4 T =R
shuffling Jr ¥ M 22 5,

R 7 #¥4E Shuffling 77 i%XF bk
oA VN 4

IR L
R 1/0 B
G e L
BE R g S mmer R
e
Al:l
RO w & kx o»R R % @
shuffling
)%iﬂs =} N =] AN
shuffling fie = / = " x x
o — Rl
L N
shuffling

(1)4:J5 Shuffling

DeeplO"* #2173 T3 18 11 3 W AE V5 7] (Re-
mote Direct Memory Access, RDMA) i) J5 i shuff-
ling #AE REEC 8 H A7 e IR 5519 s i N A7 b L O
it RDMA 32 B 28 58 45 A Al 55 719 . M iF A
T 5 U REt B i U5 BT 5 T FR Tl . i
N i A fifh HH B BT I R

(2) Jai#B Shuffling

X F BT 55 %k, TensorFlow S A T #iL 8 f) J=)
# shuffling LY, w5, Wi A —3B o FE AR,
FENAFH I W X ARG L NG b X BE AL B — it
FEA I AR I FE AR B e i P g RE A, 52 v X
FY R /N R T 88 T B Hle B 1 RN S 3207 B AR S 4
Jai shuffling, 1 %F T & JH B8 347 19 43 A 21 2k
Yys MY SRR shaffling J7 ¥k R & AT R 5 45 4
A TTAEH BT ES 2 K d

DIESEL™" §2 His SOl 8 i SCHF 5 45 1 2 4
BAm & T BB shulfle ik, HE. ENAH
FTHLIT A B i P iy 1D WA 5 5K 5 4 Eiogis B gl 43 il
S HA B BE S A R i SO 4 AT RL S
PF2 0 5 J5 WY s 550 3 1 A 20 b i S 91 3% . 15
B e 2 1 SCHF SR BOBUT 91 3%, BRI 13 fs

FECV™ Al F T 4006 L FE D7 9% - S 40 il — 4>
SRS K% vh X, BE A5 25 90 B 48 19 batch_size 4>
USR5 AT RLEE 46 vh BT A oL, JF 4% SR TRl 2
J& B BT S5 78 2% v X, HOA Gz i DX B R A AR AR
— AR

@  shuffle, https://www. tensorflow. org/api _ docs/python/
tf/data/Dataset # shuffle 2024,7,18,
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BRI F o B ARG SCHRL92 ] gt A Tma-
[Ba | [P0 ] [(e] [Ba] [ Be] [ ] s .
T geNet-1K i)l Zk ResNet50 B}, 5 4 Shuffling
otk it e P, PLS J5 1 52 307 AH ) B4 o o 5, (H 2 29 A AR
e | [ ] (S jjow] W] 1% # FUT A0 0. 039 0B B 4 T 4096 AT
T TS A S e P 5 11 45 J5 3 Shuffling # He . PLS J7 1% 991 4

(ERTFRITELIC T4

<
000000 QOUAOD (EOOAD  NAwamd AAGEDE NN0M
AMIEEEL iR SKE R PRI IER
MR = Mg WA -
Jitif e P2 R -

B 13 %3 Shuffle”

LIRS FIH SSD Ay sk b1 s ) et sk A 7 B
ML shuffling, FLEE AE A U7 0] 358 HH A DI ZRAEAS , IF4T
AL — R, B 5E, LIRS 42 H 7 S 4 =X 1 47
B AR RIS 2R AR Y ZRRE AR 07
SRJ5 LIRS $&H 1 SURAIBEAL shuffling, I ZRFEA
1) KN INTHRAE 2 B0 K AU 0T 9 /N, i FH 04 ok B
ANFTELEASE S K A ) BT (9 Y1 25 e AR 9 6 A TR LUK
USRI GRAEA B RN 2 T R 805 1% AN, Il )
YRREARENFTEL AN . Be)m . LIRS i 2 1 TR T 7
P X 55, AN BEA YN ZAAE A 1) P9 25 35 0T, U)o 0 2 31
78 0 IR SFINGRREA bk T I0AR B T 1A]

(3D E4r — ]/ Shuffling

X8 >R F e 9147 10 43 A LI 25 3% 5% . Nguyen
4 NS T partial-local shuffling (PLS) J5
HARSR UL 78 B AR N 25T 46 Z 1 B4 T AR 4 Bl AL
BRI R AR A K 3% 25 Fo A T A3, IF AL T4
A B SOHE RV B AT REAS . X T 3k i R A
A, TAEESHILERE 1B TA/EE., E8EL
W sE 2 e TR K I BR & 2% 45 Jofh T AR A AR
SEREA, IR IS B 08T FE AR R A B A s A A . B
Joi s TAE 20 X5 A A7 il 0 R A AT R &8 shuff-
ling, B THEARFEAR T A, PLS HikESE T
bR RS R ) R S RS R AR sS e, B
R ME 14 i, B, isend il irecv 43 5 Fw
MPT i 9 BH 2 & 2% Fi 22 05 R %R

I

{f | HiCFOAN || isend/ | AFAN [FEAS) | dsend/ | ATFIAN (FEA (FEAS

?’r B2l A irecviM R\ S A1) (77| (ireeviB | Se (8] (RAF| (MRS
AN A SN
BoeAci  FRARSCHR BRREER PR BRREASHR

; AN NGNS W

f | HwOAn || dsend/ | A (FEAR) | dsend/ | dipifn (FEAS

'zﬁ' Feli 4| (irecvil H| B4 (RAF| [ireevil FIE2 I % i) (747
AR A2 %43

Pl 14 A RE AR SR If) /S 1) 42 46 R R

HER RIS T 102,
3.4.2 Bl

R A5 fe FH 08 O Ak T ¥ AN TR S A SORE B X 080
FALH AL TAE 3 A LR 25—, 9f 4T 1/0,
RIIEAT 2 I ZRAe A 5 50—, B8 WU, B AE I 2R AT
55 A0 PR Y A ORI L T8 58 3805 2t W U R R A
5 =B GAE VA 2 0 I ZRAE A, ik A
MG H I, GPU B4 5 R AFfif B o iF GPU B
Ui R AT A B AL A7 P IR AR

(DL IFA7 1/0

Kurth % A"V i f1 T Python #J 2 i 72 4
multiprocessing, ¥ TensorFlow {# F #9547 T./E 4
PR R AT TAE R i B DR AE HC W
HDF5( Hierarchical Data Format 5)™% 5z ], L4
fift e HDFS JE 8347 S0 T 132 A AR 14 1] L, O 47 52 B
I 4b By A B4 . PyTorch Dataloader 32 45 fi F
Z B IF1T I £ #HE A . ConcurrentDataload-
ert" ik — 2B AT I — AR P AR
DL o B0 I 2 iy e k£

(2) B

TEPAT B shulfling 22 J5 . 24 Hi 58 WA HEAS 1
R G 2 LT A . DR O, B A BIF 5 4 R B R A
B 7 T e 6 506 In 2 I R A L o 38 > it v g )l
GG MR N AR, Lee % AWV $E M T 1 ) 43
A I 52 1/0 g A R eI d &
1/O 2, — W B — YN SRR A, I (8 FH X 22 o
KAk KESE /O IR, Serizawa 55 N4 i
G BOHE B A Oz A =2 A7k v 2 1 DI R i) 0
JINAE B A OIS A b A7 At 3 O R Sl O AR
BN . TPDLY™ 42 4 75 I 25 24 By it vk, @1 22
TR, T5E IR R A il R GE o2 T — 4B
PaGraph'* 4 I 3 7K £& $h 4T %046 fn 28 A1 GNN 31
B TETEECY A O BURCR — R R A . R
8 NG T [A) B A Ty ik 1 22 S

x8 HIEWMEAEN L

WiRES o TR A FHAT TR T AR
Lee %}\DS] T —2H w il
Serizawa %]\r%’ T — it I il FH
1PDLE™ T — it 7 i
Pa(}raph[%] i H— it w GNN




5 3 BILILI 5 < THT o] I BE 2 > 14 B8 A7 il R 25 1029

) BHE 547

AT WBUIE B A T LAy AR 2K R — L Bh S
A7 WA T R e, IR B A b R 8 L i
BRAT BV AT A7 R e, DA S 28 A7 5 ey >R Y
FEEY . 29 BGS T A BIEGA TR 2E

R BEREEFHEIL

Ik ZHEMNG PATEAA I & A
Lobstert*"” (SN I i H
SOLARM™ B A 2 CNN

AliGraph™°Y 5 SR A HRE P GNN
Ginex!' W A HEAE P GNN
BGL IR 2 GNN
MariusGNNH & 43 X HRYEAT 5 th 2 GNN
MinIO"% B A & i
Yang % A% FEA w i
PaGraph!*® T AR 7 GNN
Chen % A1 REA 7 TC2 5

O B%AE., Lobster ™ 11 T RIG LR
B W, w] LA PN B5CHE in R T Ak B 2 T (Y B U
L BEE P A0 7] 15 SN A W) GPU Z [E /Y 1/0 fi
2, Il P B AR B R R R 207 b 2 AR A B SR MR
oA R EAF S Aok, SC a7 35 7 8 I 3 0 28
70K 2 3R ms . EF X B LA 4 W 4% (Convolutional
Neural Networks, CNN), SOLARM™ #2 & 7& {# F
B2 2 5 6 75 B IEAT SO R G b ik i)+
AR A5 43 45 AN TR) 0T R Ak L G A RS A (RS
SCTAE /NS TR Sk doie BB 4 Jn 25467 , -4 A8 [R] 4tk
W LA JR M 1 2 A REAR U ) 3R A — IR Bl B
nEk. #& = T HDFS (% JF 47 0 2k & ek &L g X
GNN Y%k, AliGraph" " $ it 43 FF 776k Ja ok 57 4 [
() 25 K A5 B RVRRAIE o O 22 A7 000 5 5 [ 19 15 S50 Re i
WREAE . Ginex " H 1 4 R5AF 0] B B A7 AE F A7,
SEI T B B G A e RN L B AE BB LAY AL
A2 2% 50 0 B B R 45 . BGLUY 4R T 4R E & A7
S1# fgi 1 T FIFO (First-In First-Out, &3k %6 H)
TR BT T A0 AT T SR A SR R I L AR AH 4B Y /N
it 2 U R] P P A SR B YR A R T T
ZH GPU A7 FAF W WG AF . BF X 4% 422 o0l
£ %5 . MariusGNN" 48 1 7 & 4r X & # 5 0g
COMET, {i FH T 4 RN 32 55 W5 9 431X, 43 85 1 B0
FEA# /U7 1) FIECHE A% i R T /NG 6 A U 43 DXORF
o, AR T B BB SN A S

QO ABZEAE ., CoorDLU™ $2 1y T % B4 5 3I|
209 MinlO Z577 (A0 &l 15 T ) o 16 85 47 25 ] ] 5¢
ZJG s RPAT AT > T BRI 2 1 R A A A

R REAR T /O FR8Y . 8 & T 8 x4 A =L
Ry 43 IX MinlO S8 47 B 7 35 2 A A9 72 MinlO
AT B T AR B BIE N8 . Yang % AN fifi
THMXERAHEAR, RS 5N H TAEH B AL
AR M AT (NAE R SSD) L 32 1y 1 J5) 350 1 S i) %k
o ARy kL 42 SR /A R A b B 2 G A Y R
AR SR A A b /NHE B O 3 g KR A ok S B TR
2 [ AR, PaGraph' ™ i il GPU 117 3%
GEAF I BT[] 45 55 R e R IS 7 ) 1) e I 4
Wi o BEREAT 2B 4T 55 MariusGNN- 41 08 i
A YR i S HARE ] B B AR B AE b . Xt B
22 YRR T 2 ) B I 2kt S (L an, ot e ),
Chen 25 NV H T 4 5E (steady) 28 A7 5K g L B8 %L
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Background

In recent years, artificial intelligence (Al) technology,
represented by deep learning (D) and large models, has un-
dergone rapid development. Generally speaking, deep learn-
ing has two modes: training and inference. During the train-
ing phase, the model learns the parameters from the training
data. The training dataset is shuffled before each epoch.
Each sample is processed exactly once per epoch. A training
job typically runs for multiple epochs until the model conver-
ges. This phase involves data loading (i. e. . loading data
samples from storage), data preprocessing (i. e., transfor-
ming data samples into tensors), and model training (i. e. ,
learning the parameters from data samples). Among them,
data loading and data preprocessing are collectively referred
to as data preparation. During the inference phase. the
trained model is deployed to make predictions on new data.
This phase mainly involves data preprocessing and model in-
ference.

As accelerators such as GPUs continue to advance in
speed, the data storage has become one of the main bottle-
necks in DL training and inference. To be specific, the data
storage faces several significant challenges. First, the size of
datasets is growing rapidly, making it impractical to cache
them entirely in memory. Second. datasets primarily consist

of small files and training jobs read these files randomly from

the training set during each epoch. On the one hand. tradi-
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tional storage systems are optimized for sequentially handling
large files. On the other hand. this access pattern can cause
cache thrashing when using the existing cache replacement
policies, such as LRU (Least Recently Used). Third, the
bandwidth of storage devices is improving at a slower pace.
As a result, the gap between I/O and compute is widening.
Fourth, model states, such as model parameters and inter-
mediate data, become huge, often exceeding the memory ca-
pacity of accelerators like GPUs, known as the memory ca-
pacity wall problem. Finally, training jobs are frequently in-
terrupted due to failures. For fault tolerance, training jobs
typically perform checkpointing operation to save the latest
model states, but this incurs a significant performance over-
head.

To address these problems, storage for Al, especially
DL, has emerged as a hot research area, receiving extensive
attention from both academia and industry. This paper pro-
vides a comprehensive summary of these research efforts, di-
vided into three categories: data loading optimization., data
preprocessing optimization, and model computing optimiza-
tion. Furthermore, this paper discusses the limitations of the
existing storage optimizations for deep learning and proposes
future research directions.
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