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Hash-based DRAM-SSD Storage System for Large-scale Recommendation Embedding Tables

AO Xuyang,L.OU Bohan, WANG Yongfu,LI Jing
( School of Computer Science and Technology,University of Science and Technology of China,Hefei 230026 ,China)

Abstract : As deep learning-based recommendation models continue to scale,the memory ( DRAM) required for storing embedding ta-
bles of categorical features grows exponentially. Single-machine memory is increasingly insufficient to accommodate these storage de-
mands , while traditional multi-node distributed solutions incur significant system costs as the number of nodes increases. Recent studies
have explored leveraging solid-state drives ( SSDs) to store parts of embedding tables, but their reliance on specialized hardware limits
widespread adoption. This paper presents SSDHashEmbed, a novel hybrid storage framework that integrates hash-based partitioning to
enhance the concurrency of cache replacement strategies and implements an efficient two-tier embedding table storage module using
hash tables. By combining commercial off-the-shelf SSDs with a small amount of DRAM, it effectively supports the storage of large-
scale embedding tables, significantly reducing memory consumption. Experimental evaluations on real-world public datasets demon-
strate that SSDHashEmbed reduces memory usage by 50% during training and 80% during inference, while achieving 1.8 x to 3.4 x
speedup in training and reducing end-to-end inference latency to 70% of the baseline solution.
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inference in deep recommendation models
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Table 3 Update time and hit rate of caches under 15 threads

Cache T B [B] (ms) PR (% )
LRU 2736.010(16. 11x) 37.36
LFU 1314.707(7.74x) 38.83
BSLRU 189.575(1.12x) 35.65
BSLFU 169.879(1.00x) 36.67
BI6LRU 678.453(3.99x) 36.47
B16LFU 217.959(1.28x) 37.56
B32LRU 614.179(3.62x) 36.86
B32LFU 187.762(1.11x) 37.36

N, 7E 15 REEFH G R T, Block-Cache fHHLETHERA LRU
SEPR T E R 16. 11 fZ RN, B4k, Cache 3t K /N4 Block-
Cache HREtA B2, ¥ K Cache B4 S BUERET [%.
3.1.2 4k

LR R BN, 7E Cache WIRFHEH , LFU MM R H R
BT LRU, 7BV 4R508E Lt 2 RS R, 1Ak, B F Block-
Cache 7E4G4~/] Cache Herp il ST AT B Fr B s s, S B
AP R E TR TR Cache. X3 HHB—FIEBRT
LRBRPCH 15 WIBRT , SR EF BRSSPI TE ST R ME

M 2, SRR B RABECN BT SR R SR b R
IR AR

B2 ZARBEXT Block-Cache F15: TH£R A Cache By
H RN 4048 X T FR Cache 3EH%, LFU By h R H T
LRU. %}7F Block-Cache 15 , Cache 3R ik, fr P R #E. H
Il Block-Cache R 3ETH 405 75 B A7E E HTHE REFN Ay vp 38 2 JH) 7
TR B TEREE R, A& #E B32LFU (FR/D Ny 32
A% Block-Cache-LFU ) 4T & S 2 {4 f: R 3.
3.2 BEFMELETEMS

ACHETE R N BRIER S SWAP L ( Baseline ) 1 SS-
DHashEmbed 3 FAR B T I 2R &R R, v 5 AR B B K H
AR T A AF 4 5 R 2] B SE R WAERY 67% (L)
53% (M). B 7 BT 4 MR FBERE M ISR SFER XL,
SSDHashEmbed #§% T Baseline 7 L R B A S ERHIT
AR 1.3 ~2. 0 fE R M RBER T, 78 M 3 B9 M A7 2 B FR i
TR 1.8 ~3.4 M5 RER T, Hors DLRM 1 WDL F4
BRI AR BRAE G LS, ISR E A 8.

O0DLRM @8 WDL
8 MMoE mDIEN

Normalized Total
Execution Time
© = N W A W

B o DY“%@

B 7 sERYIgSR AR

Fig.7 Training execution time

A3 DLRM 2 b 555 1 T74422]#) AlBox RecSSD
F0 FlashEmbedding #E4T Xf bt , RecSSD 5 FlashEmbedding fif
FA T RGN , BN I A 3O3R A7 SR B9 N L R 48 — b
B, RS RINR 4 P F TAE AR T Rk n
A M2 8 T K I B8, A Hu 2 T Block-Cache B fir
R R REBTH R TRK EFENHALL. R4 &AH
—FN R IR A B S R R She Rt 5 NS B A
FERT A LUAE IR/ PR RRIR 2R B/, Forp 1. 14 B LU
] SSDHashEmbed REBA B FERMFF R R, B354 A
AR E R HEBEHAEEUD, LT AlBox.

R4 MARZEFNHEL
Table 4 Speedup ratio of embedding table caching

S b Lookup ¥ Bl MEED]
AlBox 1.77x 1.38x 1.25x
RecSSD 1.45x 1.25x
FlashEmbedding 2.75x 1.20x -
SSDHashEmbed 3.76x 1.41x 1.14x

ASCER T R A LevelDB 1y 774#% J5 3 # B &
HRARKHERER KAE EV-SSD-Storage T HA R, % LB
7£ DLRM & 50, Y1 4t 2 ) AR R AR R R
FRFZHRARFIRR 27% (L) 20% (M) #113% (S) . %
FERT 5382 DRAM TRER R LLMEINZR 5 Fim , K “K” RR
REGEANFA R MER, Rk B.HH# L 4351527 Baseline,,
SSDHashEmbed # LevelDB.
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GREVENFERRZMRH R T, SSDHashEmbed il 4
AR Z % 45 4 SR B & & T Baseline 77 R, T 4F T Lev-
elDB, HFEE P77 R B0 R, RS A B X2 H A
SWAP S B BB BT R EN SR NFRENE —F
B, RELERSFRRARTIRA RN B S A MEH
RHIE. BT Y ZREEAAFE I B N ROR HoiX B A5 s 5 B B
#H % SSDHashEmbed £ Fi%E /1> i) DRAM, A T % T A5 2l
PG A2  HANER S B IAE R J7. R A LevelDB £ #7 ik /5
W I RAEWFEZ N SURI T, X EEIR T LevelDB
Y038 P SR8 B8 BT 5 A R A4 Rob e SF A
FFeH.

5 DLRM YIS &5 R

Table 5 Per-step latency of DLRM training and inference

BLE B(L) H(L) L(L) B(M) H(M) L(M) B(S) H(S)
Ylg 1.43 1.22 4.32 2.36 1.67 10.95

W 6.46 4.73 K K 6.61 K K

11.32

7E 27% H)FEMR il T, SSDHashEmbed () #E 34 #ER R
7 Baseline 7R 70% . BIRKEE PITFRR fil 90 JEl , HAER B
A Pigin, B REIR BRI SRR &, B T R AT AH
HZ T, Baseline I LevelDB J5 R7EXF WA R 4 T B M7
FRFE R L 78 BB 5.
3.3 IO &gl

WRTSCHTR , FER E BT HRATEM SSD B A1 &
A, RGEAI R AR B 10 5K, f84E DirectlO (drio ) , mmap
A% mmap + madvice(madv). % 6 B/R T AR I0 R T
SRR A ) SSD B B SIS Ren  HEHE R
WRAER , BUE RN AFIE BRI T B LU AR

#6 AR I0EKATH IO mEFFER

Table 6 I/0 traffic volume and time cost across [/O modes

- drio mmap madv drio mmap  madv
wRBL ) ) @ m w (m)
ke 2.91 9.22 8.81 6.77 12.81 12.43
BEZRE 6.15 31.55 31.82 6.74  33.26 33.91

NI4ER 2.35 4.27 4.43 4.78 5.94 6.01
WHER 25.55 43.09 39.63 29.14 46.64 44.16
YgEnt 1.14 2.66 2.84 1.52 3.4 3.96
WEFIER 4.73 15.89 17.37 6.61 16.36  19.06

YZRFHR T DirectlO KBRS AR BHRmiz/ T HAl
PR 53X, mmap + madvice J7 = #Y 32 B B AH L T mmap R
AF AL, MR EBR O RBER T IELBETEAR
B BT, #E— 2B R ma T I 2k 88. SSDHashEmbed 3 % 1)
DirectIO f)J7 B SSD H ik A 1 BRI A HF A B Z R
RO T RIRAENERE. R T 4 R 5143 ] —3(, Direc-
IO BRI I BALE. 7E R A HFER B R R B L, DirectlO
FHEL T HABBIR T &R 2 U EWERILE
3.4 ZEBHRERGEE

REAICRAH) Block-LFU #H8 T 2 TH#RH LFU &
TR B AR, e ERTRER N SSD J7 iR R B T
FWAPERE B LR E R AR TR TE R M IE
EWH. £ 7 B T R Cache #t K/ 32 B Block-LFU

(B32LFU) 5ETH#ERELEE LFU 7Y ZRA0HE B 18R J5 1
HOX EL.

RT AR BRGSO IER

Table 7 Training and inference step latency of different cachee

Cache B32LFU(L) LFU(L) B32LFU(L) LFU(M)
YIGER 1.22 1.63 4.32 6.93
R 4.73 5.57

Y GAERL RS, B A W BERBSME —K
FFERT. RAREYEER LFU AS KRB R T EH
W8 T YIRS R WA LR IAT , Ho B R M T o i o 3R
REHAS. SEPR E7E 16GiB ATFECE T, B32LFU [fir P&y
89.77% ,Yii LFU F)frH 2% 89.92% , WiE 2 P H .

4 F g

A H T SSDHashEmbed, iX & —FME M BE A
RIERG B IH SSD fE% DRAM AT B, ENFER
BRMRORGH SCRFE R AR R S HE 2. 43¢
it T EV-SSD-Storage, FH T 7E DRAM F1 SSD 2 [B] & 3%
BRI R A BB, LA K Block-Cache, Fj T LB X R I &
EHRR AP R R R R X TR TR A I,
HE B EREER. B — P RARKLEIHTEARAESRIT
BERANBERRE, EEEALPEE LWITMERER
B, SSDHashEmbed REMS7E W7 & B Z R H &4 T BE WD
REVI SR AFER , FRARIR 4 2R

ABIXERAIAF EA ARE—B PR, 5 5%, GPU B H
BRME I Al R BRBEE, MRBESH NERD
GPU, 523 HBM-DRAM-SSD =% B &R A R4 , M RES
LR BEHLRE S . Hk, TR R B 3 e Fsh S £
MRARK DRAM AR T, BEREEEERREMN
PR, BERERNSEIEAHRARD HRA R BER
BB ER AR R E. &5, EXZREH FE, NG
T R LA BB A P S 40 B I K Rk HE— 25 04K, T
TR T BB R A RM—EH A LB MR G
PR S5 HER
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