GEN Al RECOMMENDATION ENGINES

FOR ECOMMERCE PERSONALIZATION


https://chenzomi12.github.io/
https://github.com/chenzomi12/DeepLearningSystem

ZOMI

s
;i EgeK RAG EBE8E HEeeBw Tl RHEE
6. KIERIMIE&E A 7. KEEEYII%: 8. KIZBUIE
KiER BIEAREYITE AEREE 2tk iR HEIBHELR i3 37/R1d
V|3 Prompt T#2, # | | Scaling Law, TP/DP/PP/SP/EP $#17, 2SHE. KSR VLM, HEBAESRE | ABEUEEME
B B ARE Transform £5#43, Megatron. DeepSpeed iA(LoRA/QLORA RN, HIBNEZS (XXXAttention), 1<
¥ LLM/MLM 8% DIRFTENE =), 5B Bt IR E%
4. TTERE 5. BIE%M
ﬁ#z hy h bl Al
e ERmiEas Al FiFg BmR R Bimitt SHEIAF K5BEE NCCL/HCCL
2k et R ARERRES | BiRE (B iRt EZREOEIMK EERIE. & REBEE, BT
x~ GCC5LLVM FMEY, RK = FRAE. NF (Kernelffit.. i R AGIE) ERE, £8 . BEAR. BIE
P BE i) Auto Tuning) BHLE=E B 3%, NCCL 2244
SREECH SREEEEREIR SEIE—F ME&i%
X A
JAISRE  omie. cosmm. spmmeTA | maw mw awms | 6 EEREERG U ol e
GREEEHH
w4
/33 AL SR/ 2. BIES51E#E
4t
& ALEER | AISHER  XHAGPU ESALSH ERAISH &S 1=k
Al T EE CPU, GPU, RABIAGPU CENE D ERE. BHE PREEE. R DRAM, SRAM, 77
5itEkzse NPUE R & TensorCore. EERALE A= EHAl MEARREEF] fi§ POD EIKIEEITF
1 Eht[RE NVLinkEI#fr EZORIE QNEBSREIE REZE T fi# CKPT Ei%

2 Course https://chenzomil 2.sithub.io/



https://chenzomi12.github.io/

(T ARV

& zom

al
e

HERALS

)

SINENES] Google wide&deep 1EHY
, [ 4TFEA 2016~2021 J‘( R EL Meta 1/t ft, DLRM ZE#4)
DLRM HIEIE K DLRM ##&[@4 & Embedding
[ #8288 2021~2025 | orem scaling 2

5|\ Transformer 2243 KF7 + BEERER

) / AR EEFFTER HSTU Encoder 2244

#hest 2023~2024
f\ HFRFCATS Meta MTIA V3 &3 %

BEXM R

J

3 Course https://chenzomil 2.github.io/



https://chenzomi12.github.io/

01 EHIEFREE

‘;%: ;;;;;



https://chenzomi12.github.io/

HERFIRIGE

Recommendation System

Query ; - R,,etrleva| Database :

; Ranked : . :

: 0(10) items O(100) items All items i
\\\ Item 1 E E
- VR— ltem 2 l [ :
ltem 3 |« 5 Ranking i Waal i
l\\\ \\\\\ \/— E | E
- ~iim -‘-‘:::-;-;-;{:: ---- :

User Actions --------- : . - :

eee ZOMI 5  Course https://chenzomi|2.github.io/


https://chenzomi12.github.io/

WHERF21MER: aE + HiF

RIERFERDIE, NEBERYIRESR, REKE—NEBDREF ||

3 e
B samsammme EER
B ARSI, SMET, EEn s aREE

6

Course https://chenzomil 2.github.io/



https://chenzomi12.github.io/

HERFANMER: fFdkIS

BrER S

(=|E NEEY) R IREKRE—ER o EEYm

ABHF TR, RIE—EREEFRYImEE

el ATV T MEHERE

EHF BUH AR

7 Course https://chenzomil 2.github.io/



https://chenzomi12.github.io/

02 £T%I/HA

201672021

Deep learning recommendation model for personalization and recommendation systems
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2. wide&deep 128!
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AND(query="fried chicken", item="chicken fried rice”) ~query="fried chicken" item="chicken fried rice"
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2. DLRM =8
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Summary
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Understanding Capacity-Driven Scale-Out Neural Recommendation Inference
Understanding Scaling Laws for Recommendation Models
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1. Scale-Out DLRM
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Fig. 1: Historical model growth of significant production rec-
ommendation model. Both number of features and embeddings
have grown an order of magnitude in only three years.
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1. Scale-Out DLRM
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2. Understanding Scaling Laws for Recommendation Models
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2. Understanding Scaling Laws for Recommendation Models
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2. Understanding Scaling Laws for Recommendation Models
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Summary

Scale-Out DLRM:
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Scaling Laws DLRM:
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Actions Speak Louder than Words

T HETEZ (Generative Recommenders) 3B, &
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Actions Speak Louder than Words: Trillion-Parameter Sequential Transducers
for Generative Recommendations

Jiaqi Zhai! Lucy Liao! Xing Liu! Yueming Wang'! Rui Li!

Xuan Cao! Leon Gao! Zhaojie Gong' Fangda Gu'
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Actions Speak Louder than Words
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DLRM: An advanced, open source deep learning recommendation model

Wide & Deep Learning for Recommender Systems
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