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HBM-DRAM Embedding Storage System for Large-scale Recommendation Model Inference
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Abstract ; Storing the feature embedding vectors required by large recommendation models consumes considerable memory resources,
and the frequent querying and cross-layer transmission of these vectors can become a bottleneck during inference. While GPU offers
TB/s-level bandwidth, leveraging GPU memory for storing and accessing embedding vectors can improve inference performance , GPU
memory is costly and has limited capacity, preventing it from holding all embedding vectors. This paper addresses the characteristic da-
ta skewness observed in recommendation scenarios to develop a hybrid storage system tailored for large-scale recommendation model
inference. This system optimizes inference by harnessing the high bandwidth of GPU while reducing costs through the use of DRAM as
secondary storage. The experimental results demonstrate that,compared to conventional implementations utilizing memory for storing
embedding vectors, our system achieves a 14-fold increase in throughput for the embedding vector component. Furthermore, when
compared to other implementations that employ GPU for embedding vector storage,our system’s approach to managing the embedding
table yields a 3. 8x enhancement in throughput for the embedding vector component.
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Fig.2 System architecture
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Table 1 Datasets for evaluation
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BT 545, EERHE R ABox FEME MR AR BEIREL
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#£2 BARBISFLZE(10° inference/ sec)
Table 2 Embedding only throughput (10° inference/sec)

System MovieLens Taobao Ele. me
DeepRec 1.86 1.77 1.63
AlBox 5.04 4.48 4.29
EV Store 5.27 5.53 5.11
HS-Rec 34.36 39.47 24.82

MILARMBEE, TUEBRAAREEDREEE
Taobao HFFEILELTF. X 12 FH 7 /NS & MovieLens FB TG
B4 BAE GPU BIFFATINE, J3 s R BVERSIT 45 o B
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&, S FE M DRAM £ I R B A 1 B3 2
HBM, (KT R G B F ik %2, 78 P RIS £ Taobao H3, 8 A
B B RELAREAF7E HBM 3, [F] i S HORAE 17 o] A . 3¢
K, REBLTF HUF Fl GPU BYTHE RN Ay P REAL S in 2.

#£3 BB F K (10° inference/sec)
Table 3 End-to-end throughput(10° inference/sec)

System MovieLens Taobao Ele. me
DeepRec 1.31 1.27 1.26
AlBox 2.36 2.25 2.20
EV Store 2.41 2.65 2.39
HS-Rec 3.92 3.91 3.82

R 3 L TEITHZINGAY DLRM BRI HE 3 A& ot 2.
7 MovieLens 3324 | ,HS-Rec # DeepRec 127} T 199% , ¢
AIBox 27} T 66% ,% EV Store 12£F} T 63% ;7 Taobao %
4 |, HS-Rec %F DeepRec 27} T 207% , % AlBox 7} T
74% % EV Store £ 7} T 48% ; 7& Ele. me B4 |k, HS-Rec
% DeepRec #£F}F T 203% % AIBox #£F+ T 74% ,%; EV Store
T 60% . #E T DeepRec, R F M LA R HHE, 2
% DeepRec 584 f# F§ DRAM RAFfFI AL HR R A0 B , 7EHR
R ] o E K, fRAL S MR B3 AT EV Store F it 2R
RAB S — ik, BE S HE M HBM SR, ATk
THEA T BALIX — RS, B E ISR IE T GPU ik A B
1 DRAM ik A [0 B RZE W M REEEE. N TARALE
BERGMS A RBRRVIRIE NS AHRETHE,
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#£4 AFEHLALE KN TFFH 2 (10° inference/sec)
Table 4 Throughput under different batch size
(10° inference/sec)

Batch size MovieLens Taobao Ele. me
64 1.93 1.95 1.89
128 3.16 3.42 3.26
256 6.22 6.78 6.15
512 11.89 13.08 10.92
1024 22.04 24.64 17.97
2048 34.36 39.47 24.82
4096 37.92 44.37 31.06
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Latency vs Throughtput
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<

—a— MovieLens
—a— Taobao
—e—Ele.me

Latency/ms

10 20 30 40
Embedding Throughtput
(10° inferences/s)
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Fig. 6 Throughtput-latency trade-off analysis
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Table 5 Hit rate with different strategies

Cache Size LRU/% LFU/ % LRU_PA/% LFU_PA/%
10 65.09 70.90 67.12 71.95
20 81.03 84.57 82.44 84.77
40 93.11 94.25 93. 68 94.22
60 97.31 97.57 97.50 97.55
80 99.10 99.13 99.12 99.13
100 99.99 99.99 99.99 99.99

RS HHTARRA R BREFHRMIE AR Cache
Size T HY Ay RAFDL. ¥ F LRU H LT = , ¥ LR A
5 , A 2R BRIt , 78 Cache Size /MM RARTH HLEL

B8, 2.03%. 7E Cache Size X KK firh RERK R, ]F A
H®. X F LFU HE T 5, 7 Cache Size BB, fir PR A
1.05% f42 . 7 Cache Size B KA, fir PR A T FE. X
WA SRR FE A R/NB/ NI A RO U R B 7E Ttk Rl A s>
ALBEHABRNEFER, REBAZFRESAA. £ 2
FR/PNBKRES, JLT A R R ARRAE F B #R T DA AR i
P, ILAT DL P A SR B < R BB i [ Y B TR R
FHRA BRI FELFA. BB LER M AR GPU A
BERBEFYH 10% 2] 20% MR AN, R RERLNH T #
A AR E) LFU DL T bR,
3.3 AEABENETIHARER
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Fig.7 Effect of admission probability on hit rate
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3.4.4  HAEHHEGIESHT

A3 f# F§ NVIDIA Nsight Compute T B AFH
BRI ARERE, 1T N 2 MLP [ 50 % 2.
FER BN, I HBM R&E%0H 55 5 281. 9GB/s, Tesla T4 #
HBM HHeH 58240 320GB/ s, LI &4 FEiA 2] T H I I4(E
i 88% ,RIIARAE B RA BT ERBBHNER

4 B 4

AICHR T —AH R R AR R B AR A 2 B A7
RS HS-Rec. MR G GPU KA T2 BFRRANEHRA [
B, HBM R AR KA [ B #5 ), DRAM SRA7 6 2 B Y iR
ARBEIE, B8 THEERERAR BB HFLR BT
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