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1.Graph Understanding
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3.Graph + LLM(Foundation Model)
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https://medium.com/stellargraph/knowing-your-neighbours-machine-learning-on-graphs-9b7c¢3d0d5896



Graph Understanding

OlA0 & Delf = X ol &4, Weights Types Properties Attributes 0l (th2t 2 =2l 4210| UH R O 2.

Directed vs. Undirected Graphs

Undirected Directed
Links: undirected Links: directed
(symmetrical, reciprocal)

Other considerations:
Weights Types

Properties Attributes

https://web.stanford.edu/class/cs224w/slides/01-intro.pdf



Graph Understanding

XA 7 el Z(Knowledge graph) £ 8t heterogeneous graph 0ll =50 2. Google2 XAl i ZE ZMAX Q| =R, 0|2
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Florence Price < Uoten

© @ » -
Available on e .
@ spotity About
& YouTube
P Pandora

More music services

Florence Beatrice Price was an African-American classical
composes, pianist, organist and music teacher. Price is noted as the
first African-American woman 1o be recognized as a symphonic
composer, and the frst 1o have a composition played by a mojor
orchestra. Wikipedia

Bon: Apeil 9, 1887, Little Rock, AR
Died: June 3, 1953, Chicago, IL Toprohe

Education: The Universay of Chicago, New England Conservatory of
Music, American Conservatory of Music

W g

Florence Price - Wikipedia
Children: Edith Cassandra Price, Thomas Jr, Florence Price %
Robinson

Albums: Symphonies: no. 1 in E minor / no. 4 in © minot MORE

Songs

Dances in the Canebrakes

Fantasie Negre

Song To The Dark Virgin -

View 15+ more Mors tomgs

https://blog.google/products/search/about-knowledge-graph-and-knowledge-panels/ https://medium.com/@fakrami/re-evaluation-of-knowledge-graph-completion-methods-7dfe2e981a77



Graph Understanding
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DEVIEW2021 Stella NAVER & &' Knowledge Graph , https://deview.kr/data/deview/session/attach/4_Stella_ NAVER%20S & %20Knowledge%20Graph.pdf



Graph Understanding

FOrE S, 80 2 A1 XA e Z ol A Ontology 1121 1) RDF?

AAdHE =S Aol 2R

ron

W
g

Ontology
- Taxonomy (class hierarchy)
- Relations, Restrictions

RDF HEf2 12t
- Resource Description Framework

- URI (Uniform Resource Identifier) Entity
alignment

Ontology

Entity Alignment
- #2 EntityE 30tAM A
- DB Linkage / Entity Alignment / Entity Resolution

DEVIEW2021 Stella NAVER S & Knowledge Graph , https://deview.kr/data/deview/session/attach/4_Stella_ NAVER%20& & %20Knowledge%20Graph.pdf



Graph Understanding

JeZE H8ot = gA 0l [2t LPG(Label Property Graph) 2+ RDF(Resource Description Framework) 24 & JHAI 2 LiF H 2.

Modeling workaround

Connection between NYC and SF: 300 USD / 4100 in Km.

LPG (Neo4j) RDF
300
:CONNECTION 0stUSD
{ distanceKm: 4100
costUSD: 300 ) ‘cltylslo /from ——
ity/nyc y
/city/nyc to

city/sfo

https://www.researchgate.net/figure/Representing-the-same-graph-using-LPG-vs-RDF-Image-by-Neo4j-35_fig1_358729930



Graph Understanding

LPG? RDF? SlZel=0l, HM HEHN S& &2 Bt 2 ME A ALEoi OFol 2 ?

When to use RDF vs. Property Graphs

Questions about the choice of data models are at some level, a user decision. A rule of thumb is that if you have sufficient structure over your
records and want to model them as a graph (e.g., to find paths, patterns, ask for recursive and/or arbitrary connections between records), you
should structure them as property graphs. The general principle is that DBMSs provide fast query performance over large sets of records by
exploiting structure. Outside of this, some common scenarios for using RDF are the following:

1. When your data is very heterogeneous and hard to tabulate.

2. You want to homogeneously represent and query both your data and metadata/schema information in the same format of triples. For the
example above, we represented both data and schema information homogeneously as triples.

3. You need some automatic reasoning/inference capabilities.

£X : kuzudb


http://kuzudb.com

Graph Good Use
Sgiotn 2

MDM(Master Data Management)

el 2 H85l=2 856l Q. (Linkedin Atdl)

0, Def=

St st
S 2

[=a=1

NS0l &

f §
=

AHE H0IHE
DataHub Architecture

St

/ Used ’ol/ the business
Frontend
Graphal & REST

GraphQl & REST

APL In‘tegro:tions

Data Sources

7 MySQL Redshift
" SQL Server PostgreSQL
Looker dbt Spark Kofko
Amazon Athena Hive Glue Mif
Bf,Que,ry Snowklake Ice’oe{‘g

ClickHouse Vertica Metabase
Superset MonﬁoDB PowerBI
Amazon S3  Tableau
SaieMo\ker Mode

Serve the frontend, AP in‘tegra‘t\ons,
and streaming integrations

Search Index Groph Koafka
Database
S‘treaming In‘tegrations

P“Sh + P““
Datastore
PQQ?SQIS-,Q 5 Elasticsearch
ostgre:
Metadata
Servin3 Lm/ef‘

Inﬂest‘lon

https://atlan.com/linkedin-datahub-metadata-management-open-source/




Graph Good Use case - MDM(Master Data Management)

HIOIEf2F 2t H E Sall GIOIE £ 0lalial ) 0| 2 DI B2 2 Business JHA

Entity Type
. Entity Aspect

e Relationships LastName ‘\ '
Has Admin
R GROUP : MEMBERSHIP
Has Member .
urn { 20
WaNE adwin: jdoe,
ES members: [{

J
i'

-1

https://www.linkedin.com/blog/engineering/data-management/datahub-popular-metadata-architectures-explained



Graph Good Use case - MDM(Master Data Management)
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Graph Good Use case - MDM(Master Data Management)

Graph 2t 2! XIS RDBE &2 &ot= XS HIRHA & HE X,

Commerce Finance Social Media

https://web.stanford.edu/class/cs224w/slides/01-intro.pdf



Graph Good Use case - Recommender System

FEANABUME LA AFZ0H D AN L. DM 01 HEH D HI==8 AFE 2 AP 2l AE 0l FOHE WS JIBte 2 = [ s & X 2. (JOIN)

Motivation: Why GNN are needed for RecSys
» High-order connectivity

» Recommender systems rely on capturing similarity

» User-user (User-CF), item-item (Item-CF), user-item (Model-CF)
» GNN extends similarity to high-orders

» Connectivity among high-order neighbors

» Besides, data sparsity issue is well addressed

i

uy iz
u i3
us iy
is
User-Item Interaction Graph High-order Connectivity for uy

Figures are from:
Wang et al. Neural Graph Collaborative Filtering, SIGIR 2019



Graph Good Use case - Recommender System

AHAL, 2801 20 20 D0 XA DXl 2 D2 J|gte2 HEot) ] HAZ0 JIHH =& ot= et 2 Al=H 0 2.(Cold-start)

Motivation: Why GNN are needed for RecSys

» Supervision signal
» Users’ feedback can be sparse
» Semi-supervised signal in GNN learning
» Users’ feedback can be various
» Well handled by various-form graph (nodes and edges)

iy

u, i 2 .. ."'.‘
7 i "3 3
u, D I, 4 :
i u S
U3 iy 53
is e :
(a) U-IInteraction Graph (b) Local Graph of u;

Figures are from:
Jin et al. Multi-behavior Recommendation with Graph Convolutional Networks, SIGIR 2020



Graph Good Use case - Recommender System

2OEEH ULstolA X0l ESHECHH,

Motivation: Why GNN are needed for RecSys
» Structured data

» The input of today’s recommender system is always structured

» Can be utilized to construct graph

» Learning from not only features but also structural information

» Structural reveals implicit signals that cannot be learned by traditional
works

» GNN'’s strong power to learn from graph-structured data

Relations

ry: Interact
Items i, Q) i r,: DirectedBy
r3: ActedBy

r4: Genre

Entities
Figure from:
Wang et al. KGAT: Knowledge Graph Attention Network for Recommendation, KDD 2019



Graph Good Use case

GNNS ZZ2EHE( 2Eotd Y, 5= FhotA =2 2 =HE 2 2! (Linkedin)

‘ Member @ = I Feed engagement
affinity
i i’ P3 M1 posted P1
. Notfcaton  F3ye2, i
G1 Notification
has P2, P3, etc.
. Company ,'
Cllck“l
. Group
@ g
(Do |

M3 commented on
P1 posted by M1

Figure 1: Schematic representation of LinkedIn Graph. Mem-
bers engaging with Posts, Jobs, Groups, Companies and other
members.

Borisyuk, Fedor, et al. "Lignn: Graph neural networks at linkedin." Proceedings of the 30th ACM SIGKDD Conference on Knowledge Discovery and Data Mining. 2024.



Graph Good Use case

GNN= ZZ2HEN 2Zotddd, UsS=S FotA=sZ 28 =38

0]

I (Linkedin)

: Starting the Graph Engine gomt:ﬂe l EGNN Training/Inference with the GE |
: : raphs ; 5
Graph > i
S::pgraot?c:ra\ — I Engine )  iVia Runtime GRPC call ( GNN Trainer — I
W (DeepGNN) /% 39 ;
{ | Node IDs l I

Figure 2: High level view of GNN pipelines.

Borisyuk, Fedor, et al. "Lignn: Graph neural networks at linkedin." Proceedings of the 30th ACM SIGKDD Conference on Knowledge Discovery and Data Mining. 2024.



Graph Good Use case

GNNS ZZ2HE( 2EotdY, hSS FlotA=Z2 28 FHEH

0]

! (Linkedin)

DeepGNN Overview

DeepGNN is a framework for training machine learning models on large scale graph data. DeepGNN contains all
the necessary features including:

e Distributed GNN training and inferencing on both CPU and GPU.
¢ Custom graph neural network design.

¢ Online Sampling: Graph Engine (GE) will load all graph data, each training worker will call GE to get
node/edge/neighbor features and labels.

* Automatic graph partitioning.

¢ Highly performant and scalable.

https://github.com/microsoft/DeepGNN



Graph + LLM

Graph AGI , 84 &!91 Graph Foundation 0| 2+?

“A Graph Foundation Model is a single (neural) model
that learns transferable graph representations that
can generalize to any new, previously unseen graph”

https://towardsdatascience.com/foundation-models-in-graph-geometric-deep-learning-f363e2576f58



[ MiniMol ] [MOIGPS ]

Graph + LLM
S AR5 D Y= 20FGFM
Small
Molecules
L MACE |
Potentials [ JMP-1 ] [ DPA-2 ] [ MP-0 [MatterSlm]
Protein ESM-1 I [ ESM2 ‘ —
LMs
Graph
= Algorithmic Triplet (]
Foundation Reasoning GMPNN ...many
Models e
Link UniLP
Prediction (no features)
KG
Reasoning ULTRA UltraQuery
Node
Classification GraphAny
2022 2023 2024

https://towardsdatascience.com/foundation-models-in-graph-geometric-deep-learning-f363e2576f58



Graph + LLM

Node level

Graph-level «— Community

gl;ea(::tlon, (subgraph)
generation )

—'—> Edge-level

https://web.stanford.edu/class/cs224w/slides/01-intro.pdf



Graph + LL

GFM == <{of

Ol
50

FO| M= 2HA! Graph MoE(Mixture of Experts)

Node1 | \ P

=
Q
IJ

A

.............
.............

Node 3 R\ e SR, >

N

g
&
N

g

P Q

." 'l : 7
N
0

Expert 1 Expert 2 Expert 3 Graph Mixture of Experts
(hop-1) (hop-1) (hop-2) (Mix hop-1&hop-2)

Figure I: Each row represents the aggregation of a single node, and each column corresponds to a
different network or sub-module. Blue dots (¢) denote the input features passed to the red dots () via
the colorful edges. On the left, we demonstrate two hop-1 experts with distinct weights, along with
one hop-2 expert. On the right, GMoE is depicted. In this instance, the proposed GMoE selectively
chooses one expert for each node while masking the others. Best viewed in color.

Wang, Haotao, et al. "Graph mixture of experts: Learning on large-scale graphs with explicit diversity modeling." Advances in Neural Information Processing Systems 36 (2024).



Graph + LLM

A, DSE 2 Graph + LLM 2| A~AZ H0HIIM 2 HH S H R

LS~ Multimodal Pretraining, Adaptation, and Generation for Recommendation: A Tutorial Lecture- Sunday, August 25 10:00 AM- 1:00
7 style M
LS-  RAGMeets LLMs: Towards Retrieval-Augmented Large Language Models Lecture- Sunday, August 25 10:00 AM- 1:00
18 Style PM
LS-  Recentand Uy Linear Algebra for Machine Learning  Lecture- Sunday, August 25 10:00 AM- 1:00
20 style M
Ls-  Symbolic Regression: A Pathway to Interpretability Towards Automated Scientific Discovery Lecture- Sunday, August 25 10:00 AM- 1:00
23 style
HO-8  Domain-Driven LLM Development: Insights into RAG and Fine-Tuning Practices. Hands-on  SundayAugust25  2:00 PM-500 PM
HO-9  Tutorial on Graph Reasoning with LLMs (GReal) Hands-on  Sunday,August25  2:00 PM-500 PM
LS-2 ASurvey on Hypergraph Neural Networks: An In-Depth and Step-By-Step Guide Lecture- Sunday, August25  2:00 PM-5:00 PM
style
LS-6  Causal Inference with Latent @ d Future Prospe Lecture- Sunday, August25  2:00 PM-5:00 PM
style
LS~ GraphMachine Learning Meets Multi-Table Relational Data Lecture- Sunday, AuguSt25  2:00 PM-5:00 PM
n sty
LS-  Inference Optimization of Foundation Models on Al Accelerators Lecture- Sunday, August25  2:00 PM - 5:00 PM
14 style
Ls- ge Language Models for Graphs: Progresses and Direction: Lecture- Sunday, August25  2:00 PM-5:00 PM
15 style
[ER a g with Large L ode Lecure- Sunday, August 25 2:00PM-5:00 PM
19 style
Ls-  safe Multi-Modal Machine Learning Lecture- Sunday, August25  2:00 PM-5:00 PM
21 style
LS-  Towards Urban General nteligence Through Urban Foundation Models Lecture- Sunday, August 25 2:00 PM-5:00 PM
25 Syl
HO-1  Practical Machine Learning for Streaming Data Hands-on  Monday, August26  10:00 AM-1:00
HO-4  Breaking Barriers: A Hands-On Tutorial on Al-Enabled Accessibllity to Social Media Content Hands-on  Monday, AUgust26  10:00 AM-1:00
PM
HO-2 A Hands-on Introduction to Time Series Classification and Regression Hands-on  Monday, August26  2:00 PM-5:00 PM
HO-3  DARE to Diversify: DAta Driven and Diverse LLM REd Teaming Hands-on  Monday, August26  2:00 PM-5:00 PM
LS~ Grounding and Evaluation for Large Language Models: Practical Challenges and Lessons Learned Lecture- Monday, August 26 2:00 PM - 5:00 PM
12 style
HO-5  Privacy-Preserving Federated Learning using Flower Framework Hands-on  Thursday, August  10:00 AM-1:00
29 PM
Ls-9  Foundation Models for Time Series Analysis: A Tutorial and Survey Lecture- Thursday, August  11:00 AM-3:00
style 29 PM

https://github.com/HKUDS/Awesome-LLM4Graph-Papers

https://lwww2024.thewebconf.org/docs/tutorial-slides/large-language-mdoels-for-graphs.pdf
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Graph + LLM

Graph + LLM 2 202 2L, LLM + E-commerce 2 A4 QI &I I & 2 LH ALIE LOIEH 2. GS SHOP | Amazon
AWS 7| E2O
GS SHOP I{M ZAMo| XISl Amazon Bedrock HE|RE 7|dh T{M ZHM A|AEI 1

o At

by DongHoon Han | on 22 8& 2024 | in Amazon Aurora, Amazon Bedrock, Generative Al | Permalink | # Share
=H: JAS0H Held Hl=otk)

S0t !
=> 0|0IXIg} HAE FEE HIEC=Z &
= =+ U EAJSLILH

X

o435 2l g HaEH

k!
Ie

==

glg
rr

https://aws.amazon.com/ko/blogs/tech/gs-shop-bedrock-multi-modal-fashion-search/



Graph + LLM
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AlAE 2 OF7[HA]

AP
EF

GS SHOP | Amazon

&7 US EastVPC

- Search

: i

: Recommend :

: ; Amazon Aurora Amazon EC2
1 ]

| Display ;

I ]

https://aws.amazon.com/ko/blogs/tech/gs-shop-bedrock-multi-modal-fashion-search/
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Graph + LLM
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https://aws.amazon.com/ko/blogs/tech/gs-shop-bedrock-multi-modal-fashion-search/
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[Prompt Example]
Prompt Description
You are the top fashion designer of a clothing company. You should ZEZE G AFE.
look at the picture .. HEY07H 22| HER/S 25 E Context
olad
25,
M=ZREZE OE MY It Sttt W8 F
7t

Rules.
{
wColort s
"black": "e1",
"white": "02",
"beige": "@3",

b

"Print": {
“check™: "e1",
"stripe": "02",
“zigzag": e

b

-

S 7SRt Holst Mt gl Z2E 528
JSON2 2 7/445}0{ Context2 Mg

If you are uncertain, it is fine to classify it as unknown.

7t gEBHA| 22 F= o2l X2

https://aws.amazon.com/ko/blogs/tech/gs-shop-bedrock-multi-modal-fashion-search/

GS SHOP | Amazon



Graph + LLM

ZUJUHH Y Z2UE

[Output Example]

DBOl Insert! (04 710l A DB= PostgresE A

GS SHOP | Amazon

Prompt Description
JSON HEHZ SEE 20 Output Token
{ A|AS}SD HA|Z21240 A JSON IFAISHO]
Color": "©2:06", DB 9] Insert
"Print": "@2"
}
I
L
“Colopr™2 168",
"Pr‘int": 19"
}

https://aws.amazon.com/ko/blogs/tech/gs-shop-bedrock-multi-modal-fashion-search/
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https://aws.amazon.com/ko/blogs/tech/gs-shop-bedrock-multi-modal-fashion-search/
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Want shoes for
pregnant women

Shop JOOMRA> Sponsored @

Intention (query)

Price and other details may vary based on product size and color

Bought a slip-
O Resistant shoe

landeer LongBay
" Women's and Men's Women's Adjustable
User behavior Memory Foam Slpper...  Slipers Non lip Wid...
s

& amazon.com

Commonsense

(Pregnant, require, slip-resistant)

Figure 1: An example of mining implicit commonsense
knowledge from e-commerce user behavior.

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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Figure 1: An example of mining implicit commonsense
knowledge from e-commerce user behavior.

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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=> ‘We adopt instruction tuning for effective e-commerce commonsense

knowledge generation to better align with human preferences.’

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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Table 2: Mined e-commerce commonsense relations for the

COSMO KG.
Relation Type | Tail Type Example
USED_FOR_FUNC Function / Usage dry face
USED_FOR_EVE Event / Activity walk the dog
USED_FOR_AUD Audience daycare worker
CAPABLE_OF Function / Usage hold snacks
USED_TO Function / Usage build a fence
USED_AS Concept / Product Type smart watch
IS_A Concept / Product Type normal suit
USED_ON Time / Season / Event late winter
USED_IN_LOC Location / Facility bedroom
USED_IN_BODY Body Part sensitive skin
USED_WITH Complementary surface cover
USED_BY Audience cat owner
XINTERSTED_IN Interest herbal medicine
xIs_A Audience pregnant women
XWANT Activity play tennis

| Amazon

Ol Al

‘customers bought camera case and screen
protector glass together because they are
capable of providing protection for camera’

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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Task: Please provide typical explanation for the following
search-purchase behavior and complete the answer.

Search Query: {Query}
Product: {Product Title}

Question: what is the product capable of, which exactly
match the intention of the search query?

Answer: the query means customers want the product that
is capable of

L,

Figure 3: Prompts used for generating knowledge candidates.

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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from nltk to extract the first sentence from generation. Then we

Prom pt Generate calculate the perplexity score based on the GPT-2 language model

and tune the threshold to remove incomplete sentences. We also

directly filter the generations that are exactly the same as query,

product type or product title (or edit distance less than the threshold).

Filter For the general knowledge like “used for the same reason”, or “used

with clothes”, we identity those cases by combining frequency and

entropy since they co-occur with many products or queries rather
than specific ones.

—_— — Rule-based Filtering. We first use the sentence segmentation tool
— —

Instructions Similarity Filtering. To handle the semantic-similar cases that
Annotate

can not easily be handled in the previous step, we use the in-house

= 2 language model, which was pretrained on the e-commerce corpus
Rule-based ﬁlterlng including query, product information etc, to obtain the embeddings
for generate knowledge tails, query and product themselves. The
similarity between the knowledge embedding and the context em-

Instruction: Explain the search-buy
pair with the capableOf relation.

Human

Input: < Feedback bed.ding (_the c_Jrigp'.mfl query or product embedding) is computed by
e Similarity filterlng their cosine similarity:
Query: winter coat
Product: Long Sleeve Puffer Coat \ ) d(k,c) = cos(E(K), E(c)). o
\\ ',

Output: pIOVIde h‘lgh-level Warmth : & We find that filtered generations are essentially paraphrases of
original user behavior contexts with syntactic transformations. By
two coarse-grained filtering steps, we are able to remove quite

a large amount of noise and keep typical knowledge as much as
possible.

Figure 2: Overall framework of generating high-quality in-
struction data from massive user behaviors and LLM:s.

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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Figure 2: Overall framework of generating high-quality in-

Feedback
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struction data from massive user behaviors and LLMs.

| Amazon

professional data annotation vendor
company Ul Al 2l 2|dl Ct= 5ItX
Checklist £ J|8t2 2 EHEEH

1. Is the explanation a complete
sentence?

2. Is the explanation relevant?

3. Is the explanation informative?
4. Is the explanation plausible?
5. Is the explanation typical?,

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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- Co-Purchase ®
PRODUCT A PRODUCT B
Fintie t Surface 3 Case - um PU Mr Shield for Microsoft Surface 3 (10.8 inch 2015
Leather Folio Stand Cover with Stylus Holder for Version) Anti-Glare [Matte] Screen Protector
Microsoft Surface 3 10.8-Inch (Screen Protector) a
(Digital Device Accessory)
Q
The customer bought Product A and Product B because.
They are capable of protecting his Surface Pro.

Is the explanation a complete sentence? Is the explanation informative?

Is the explanation relevant? Is the explanation typical?

Is the explanation plausible?

Figure 11: Screenshot of data annotation interface.

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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4 E-commerce Commonsense Extraction h
User Behaviors
item-item co-purchase | I query-item search-buy
q N A ;

( Domains Relations
Clothing, Shoes & Jewelry Used_For_Func
Sports & Outdoors Used_For_Event
Home & Kitchen Used_For_Audience
Patio, Lawn & Garden Capable_Of
Tools & Home Improvement Used_As
Musical Instruments Is A
Industrial & Scientific Used_On
Automotive Used_In_Location
Electronics Used_In_Body ...
Baby Products \_ 15 Relations
Arts, Crafts & Sewing
Health & Household
Toys & Games Tasks
Video Games Commonsense Generation
Grocery & Gourmet Food Plausibility Prediction
Office Products Typicality Prediction
Pet Supplies Search Relevance Prediction
Others Co-purchase Prediction

18 Domains ) 5 Tasks
A 4

Figure 4: Illustration of finetuning COSMO-LM to generate
e-commonsense knowledge from two typical user behaviors.
We scale up product domains, relation types and tasks.

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.

Model Deployment

products
behavior | filters
N enaviariags S wa® related searches Qa aa ao
— | Search o
Py Recommend  Navigation
----------- » | Relevance :
ation System  System
search context System
Session Store Amazon App
logs :
features 3 search context
Offline Knowledge
Distillation il
.. . e . — model response =) features Frequent
N - -_— Searches
» = -
B - - e €
ublish
P request (prampt) search context
Sagemaker EC2 GPU Fleet Feature Store Async Cache Store

Figure 5: Illustration of COSMO-LM deployment, featuring
the Asynchronous Cache Store and Feature Store as central
components. It depicts the efficient processing of user queries
and dynamic daily updates, crucial for meeting Amazon’s
search latency requirements.

GS SHOP | Amazon
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Query Encoder

(b) Cross-encoder

Product Encoder ’ Encoder

(a) Bi-encoder

Figure 6: Illustration of Search Relevance Models.

| Amazon

Table 6: Experimental Result of Public ESCI English subset.

Fixed Encoder

Trainable Encoder
Macro F1 Micro F1

Methed Macro F1 Micro F1
Bi-encoder 25.52 65.49 47.96 70.23
Cross-encoder [49] 28.44 66.84 57.49 74.23
Cross-encoder w/ Intent| 45.52 86.40 73.48 90.78

A 60.06% 29.26% 27.81% 22.30%

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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Table 8: Experimental Results of Session-based Recommen-

dations.
Method clothing electronics

Hits@10 NDCG@10 MRR@10 | Hits@10 NDCG@10 MRR@10

FPMC 62.16 45.07 39.60 | 21.79 16.01 14.18
GRU4Rec 83.20 63.37 56.94 | 49.53 33.99 29.06
STAMP 81.34 61.32 54.86 | 56.96 38.74 32.92
CSRM 82.31 65.59 60.25 | 61.66 46.63 41.83
SRGNN 85.82 69.68 64.45 | 67.83 55.23 51.22
GC-SAN 84.43 68.96 63.93 | 66.88 55.87 52.34
GCE-GNN 86.67 69.35 63.79 | 70.13 55.17 50.37
COSMO-GNN | 90.18 72.30 67.08 | 74.21 56.26 50.67
A 4.05%  3.76% 4.08% | 5.82% 0.70%  -3.19%

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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GENSROCK 300W Portable Power
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Figure 9: Search navigation experience using COSMO

red

**Yu, Changlong, et al. "COSMO: A large-scale e-commerce common sense knowledge generation and serving system at Amazon." Companion of the 2024 International Conference on Management of Data. 2024.
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online A/B tests carried out
over several months in total, targeting
approximately 10% of Amazon’s U.S. traffic.

a notable 0.7%
relative increase in product sales within this
segment, translating to hundreds of million
dollars in annual revenue surge.

an 8% increase in navigation engagement rate
was observed within the same traffic segment,
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