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Alibaba Ecosystem £ Alibaba Group
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Our Marketplaces are Networked £ Alibaba Group
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Why Graph and Graph Embedding? =y

« Graph computing models are very popular in big data companies, especially IT companies, as they
are the most straightforward solutions to many practical problems

« Traditional recommendation and CTR/CVR prediction problems can be equivalently modeled with
the attributed user-item bipartite graphs

« Objective functions are more general: global optimization vs conditional independent
optimization

« Introducing high-level proximity samples and their modeling brings both risks (e.g., noise) and
benefits (e.g., more generalization and exploration, predictive graph changes)

« Pure deep learning is mature, graph embedding that combines both deep learning and graph
computing integrating end-to-end learning with inductive reasoning, which is expected to solve
the relational reasoning that deep learning cannot performiil,

[11 Relational inductive biases, deep learning and graph networks, Battaglia etc, arxiv, 2018.



Representative Work: Graph Embedding in Fraud Detectionll}

Challenges of mobile fraud detection. ~ jme=—r--—-

'Decoder 5 '
« Billions of mobile logging records per day i |’®@®@é@@@@)i Graph Context
« Device ids are missing i b h E ’®®®@®®®®®®]
- Devices are abnormal: l__j\_@?_‘f_?f?%{-}_@@_@_{
 Dual sim cards dual standby: one device has two imei, imsil ,®®®'®®®\|
with random switching 'I:EE‘.I;I-F ________ au—
« Replace the sim card: one device corresponds to multiple imsi i D i
« System Restore: One device corresponds to multiple device ids B 4 %
- Simulator: One device corresponds to a large number of device ids (899888689 i
« Cottage machine: a large number of devices share one same id h_I.\T,-l:I_I‘IE]_I_—IF:II:IE]_I_I_I"ﬁ___

« Devices contain rich attributes

Attributes

We propose a distributed deep learning-based representation learning model, ANRL, which maps nodes in the
graph to representation vectors in low-dimensional space to facilitate subsequent processing of related tasks
« Combining both network structure and node attribute information to better maintain network

characteristics
« Neural networks can mine deeper correlations between the two

[11 ANRL: Attributed Network Representation Learning via Deep Neural Networks, IJCAI 2018

[21imei: international mobile equipment identity; imsi: international mobile subscriber identity



Representative Work: Graph Embedding in Fraud Detection ~ aiibana crov
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* Objective Functions:

I Facebook [ UNC [ UnilD

£ = Esg + O‘ﬁae + .BL‘rreg "
- exp(ul,y;")) :
= =)0 Dl
i=1 ceC —b<j<bh,j#£0 > ow1eXp(ugy; ) -
n 3 K E
) A U 2 ) f f(k) 2 ~[l\ 2 s DecpWalk  node2vec LINE SDNE AANE SNE  Planetoid-T TriDNR  SEANO OWN EMN WAN
+ a Z || x; - T( l l ) ||-2 + 5 Z ( ||\R’ || F + ||\\ J || F) Comparing Algorithms
i=1 k=1
Datasets Citeseer Pubmed Fraud Detection
Evaluation Micro-FI ~ Macro-F1 | Micro-FI  Macro-F1 | Micro-FI  Macro-FI
1cti 1 1 1 1 SVM 0.667 0.626 0.856 0.855 0.725 0.719
* Existing methods generally incorporate attribute information R B S o B
into representation learning by matrix decomposition or by Deep | er oz | om os; | ool 0%
adding auxiliary nodes. This shallow level model can't capture SNE | 020 oms | ooms o oodn | ooed oo
the deep inner relationship between the two. O L S S S I
Planetoid-T 0.656 0.594 0.851 0.847 0.692 0.693
TriDNR 0.633 0.587 0.843 0.824 0.686 0.685
. . 4. SEANO 0.713 0.662 0.859 0.848 0.703 0.704
* Compared with the existing state-of-the-art method, our ANRL-OWN | 0.652 0.606 0.842 0.845 0.723 0.720
. . . ANRL-EMN 0.716 0.668 0.865 0.867 0.733 0.731
model ANRL has a certain degree of improvement in tasks ANRL-WAN | 0729 0673 | 0876 0871 | 0759 0755

such as ink prediction and node classification by using the
deep learning model.



Representative Work: Graph Embedding in Entity Recognitiontll

Challenges of mobile entity recognition:
« Data contains large-scale sparse network structure information and rich & o 6

LR

1
2
attribute information 3 )0
. . . . . (4) > 4 [ ] ]
« Both information can be used to describe the relationship among the 5[] | —_\ 123455
nodes, however distance measures of the two are probably not Topology e 05t 01
monotonically increasing or decreasing of the same nodes Lraese ; _>H-lg;gg g;%
. o . . . . . —_ ! 11 015
+ Consider a non-positive relationship, we can capture more information ®% : T oo
. . 3 : : mbeddin
to help improve the learning performance ® L B e s Fbeddng
5
©9 JEEN
We propose to investigate attributed network embedding through Attrbutes Attibute Thresholding

taking uncorrelation between topology structure and attribute into account and make the following

contributions.

« We recognize the uncorrelation phenomenon between topology structure and attribute which affects the
actual proximity among nodes in the embedding space.

« We propose a Personalized node Relation Ranking Embedding (PRRE) model such that the resulting network
embedding can capture the uncorrelation as well as preserve good proximity among nodes.

« Sampling with Mini-batch Gradient Descent for efficient iteration and update.

[11 PRRE: Personalized Relation Ranking Embedding for Attributed Networks, CIKM 2018



Representative Work: Graph Embedding in Entity Recognition; aiiana crov
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* Objective function and algorithm framework

T (H.07.04) = InT (H.0r.04) = 24 Y Ilhill*
J(H,0r,04) = l_l ( l_[ l_l P(p =i alba, 07, H) i€V

ieV ‘pePacA Oip — Oig +1
Z ( Z Z +g(9 0 )l 2 + Nodes are mapped
Pla>: nl0a 6+ H i€V ‘pePacA T-vA into the 2-D space
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Algorithm 1 PRRE for attributed networks

Input: G ={V,E A}, d
Output: H € R"™*4
1: Compute similarity matrix Sy, € R™*" and S; € R™" using
selected similarity measure

(d) PRRE

2: Initialize 04,07 and H ~ U(0, 1)
3: while t < max_iterand AJ < € do 1 1 1
4: Sample batch B with size s, T\\‘\“‘ H\ !
5. for v; €V do . 0.938 . 0.875 . 0.938
6: Compute Positive/ Ambiguous/Negative pairs using cur-  § o475 8 ors $ o0ss
rent thresholds 07,04 § A PRR § 4 PRRE § A PRRE
7: end for 0813 gl:?pwhSAGE 0625 gAa[r)pWhSAGE 0.813 g\a?pWhSAGE
8: Compute the gradients for h;, hy, ha, hn by Equation [13], 075 © AN 05 * AANE 075 * MNE
[14], [15], [16]. 80 70 60 50 90 80 70 60 50 %0 80 70 60 50
9: Up date H by Equation [19] Percentage of Training Edges Percentage of Training Edges Percentage of Training Edges
(a) Citeseer (b) Cora (c) Pubmed

10: Compute the gradients for 01, 04 by Equation [17],[18].
11: Update 07, 04 by Equation [19]
12: end while




Other Graph Embedding Representative Works >

Subgraph-augmented Path Embedding for Semantic User Search on Heterogeneous Social Network, WWW, 2018.
ANRL: Attributed Network Representation Learning via Deep Neural Networks, IJCAI, 2018.

Adversarial Detection with Model Interpretation. KDD, 2018.

SPARC: Self-Paced Network Representation for Few-Shot Rare Category Characterization. KDD, 2018.

Mobile access record resolution on large-scale identifier-linkage graphs. KDD, 2018.

Interactive Paths Embedding for Semantic Proximity Search on Heterogeneous Graphs. KDD, 2018.

PRRE: Personalized Relation Ranking Embedding for Attributed Network. 27th ACM International Conference on
Information and Knowledge Management (CIKM), 2018.

N o u ks wNE

8. Heterogeneous Embedding Propagation for Large-scale E-
Commerce User Alignment, 2018 IEEE International Conference on Data Mining (ICDM), 2018

9. Local Algorithm for User Action Prediction Towards Display Ads. 23rd ACM SIGKDD Conference on Knowledge
Discovery and Data Mining (KDD), 2017.

10. Hybrid Framework for Text Modeling with Convolutional RNN. 23rd ACM SIGKDD Conference on Knowledge Discovery
and Data Mining (KDD), 2017.

11. Bayesian Heteroscedastic Matrix Factorization for Conversion Rate Prediction. 26th ACM International Conference on
Information and Knowledge Management (CIKM), 2017.

12. Will Triadic Closure Strengthen Ties in Social Networks?, ACM Transactions on Knowledge Discovery from Data (TKDD),
2017.
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Part 3 : PAI - AliGraph Algorithm System




PAI : Alibaba Machine Learning Platform of Al

gLAlibaba Group
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PAI Architecture E 2 NBaRa Croup

Al Solutions ( Recommendation., OCR. NLP. Robot . Vision )

-
Smart Labeling PAI-EAS Elastic Algorithm Service Al Marketplace
« Cloud Native = High Performance « Elastic « Build-in Accelerator

- Algorithm

-
» : Com ent
« Multi Scenarios PAI-Studio m PAI-DLC PAI AutolLearning o
= Al Models

s * Al & BigDhata Apps
Templates = Variou
* 100+ Algorithm arnous « Cloud Native * One-Stop System « Training Data
2 e Shdars ez Components Frameworks, - Easytouse = Transfer Learning « Certification
+ Distributed TF. PyTorch... « High performance * Model Zoo
« AutoML * JupyterLab. * Labeling System

WebIDE, Terminal

-
ML Framework (Alink / MPI / PS / Graph / TensorFlow/PyTorch/Caffe...)

Engines (MaxCompute / EMR / Flink) ACK (Alibaba Kubernetes)

Infrastructure (CPU. GPU. FPGA. NPU)

https://www.alibabacloud.com/product/machine-learning



PAI-AliGraph Algorithm Framework

) Alibaba Group
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Algorithm 1: GNN Framework

A ! AW N

-]

Input: network G, embedding dimension d € N, a vertex feature x,, for each
vertex v € V and the maximum hops of neighbors k., o> € N.

Output: embedding result h,, of each vertex v € V

h,s,o) — Xy

fork < 1to k, o do

for each vertex v € V do

\\ S, < SAMPLE(Nb(v))

h’ < AGGREGATE(h{*~ 1) vu € S)
h{*) « comBINE(h{*~1) h))

normalize all embedding vectors hfjk) forallv € V

h, «— hg"mam) for all v € V return h,, as the embedding result for all
veyYy

Business needs to carry out more model
innovations based on the AliGraph
Algorithm Framework

Need more flexible programming
framework to support algorithm
Innovation

PAI Tensorflow



AliGraph-System Overview £ Alibaba Group
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- Graph storage + sampling + operator need to be tightly combined for deep learning together

Search Engine Recommendation Advertisement Security Link Prediction ID Mapping

A - Aligraph Algorithm Framework
GNN Series Node Embedding Series based on PAI-Tensorflow extension

GraphSAGE, GAT, GATNE, HGNN, stc. DeepWalk, Line, Node2Vec, etc,
Mutdge Ml Nodaty FS— - Use TF's flexible composition
A method

Graph Convolution Aggregate Heterogeneous Embedding - Use TF's good design structure
A for effective expansion

Neighborhood Negaive - Most of the existing algorithm

TS s o, — innovations are based on TF

A

Graph
Homogeneous, Heterogeneous, Attributed Checkpoint

Blink Kafka HDFS




AliGraph-The Flow
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Friendly
Graph Query Aggregator

Sampler Combiner Flexible

Data Bridge

Large-scale

Robust

Heterogeneous

Effective
Attributed




AliGraph-Graph Building

LOADING THREAD LOADING THREAD

Batch Read|
"o PROCESSING PROCESSING PROCESSING

THREAD THREAD THREAD

Graph Graph
Parsing

- - - ——

LOADING THREAD LOADING THREAD

PROCESSING PROCESSING | PROCESSING
THREAD THREAD THREAD

L e —




Sample £ 2 Alibaba Group

PIEEEEED

Define a TRAVERSE sampler as sl
Define a NEIGHBORHOOD sampler as sZ
Define a NEGATIVE sampler as s3

del’ sampling(s1, s2, s3, batch_size):

vertex = sl.sample(edge_type, batch_size)
- Provide traverse, neighborhood, negative three ways # hop_nums contains neighbor count at each hop
context = s2.sample(edge_type, vertex, hop_nums)
neg = s3.sample(edge_type, vertex, neg_num)
return vertex, context, neg

- Various sampling modes require flexible support

- Overlap sampling and calculation

‘ Hours & Hundreds of TBs on FS ‘

Generate Samples Training

VS  iiike2eftifniEaitt |
‘ Graph Building, Minutps & No Extra FS Cost ‘

: Async, Flexible




Graph Storage ( Memory Representation ) =y

- Tens of billions of edge relations
- The adjacency relationship is the basis of the GNN algorithm, and locality needs to be fully utilized

- Tradeoff between data fragmentation and communication

- Effective caching strategy: importance metric based on vertices

- Easy to traverse and sample by batch



Cache/Memory Strategy £ Alibaba Group
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® in-degree dist

Input: graph G, partition number p, cache depth A, threshold 71, 72, . . ., Th
Output: p subgraphs

Initialize p graph servers

for each edge e = (u,v) € £ do

J = ASSIGN(u)

Send edge e to the j-th partition

1000000 *—5

for each vertex v € V do
for k < 1 to h do

Compute ng) (v) and ng) (v)
D) oy

1000

N A kW

if

®

) > T then
» v
o~ (v) X L
9 Cache the 1 to k-hop out-neighbors of v on each partition where
v exists

—_

1000000

o
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In 20
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—B— Random Cache
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1
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20

Percentage of Cached Vertices (%)
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Percentage of Caches Vertices

Cache acceleration; 50% faster than random method, 60% faster than LRU method



Operator Optimization

gLAlibaba Group
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- Reduce double calculation by caching all levels of h

- Co-locate model parameters, all levels of h and the graph

itself, greatly reduce network communication and delay

» Algorithm and System co-design: need to cooperate with

training strategy and upper-level algorithm



AliGraph-Module Development Demo

PrepareData

BuildGraph

GSL SampleStream

FeatureVectorization

DefineLossFunction

Traininglteration

ExportModule/Vector

example.py

import graphlearn as gl
import graphlearn.python.nn.tfm as tfm
import tensorflow as tf

=g

. nod
.edg
.ini

query

dims
model

embed

nc =
logit

train
train

t
Pl

train

g.clo

1.Graph()

e(i_path,
e(i2i_path, ('i*', *'i', 'i—i'), decoder=gl.Decoder()) \
1800

= g.V('i').batch(10).alias('i") \
.outV('i—-i').sample(5).by('topk').alias('hopl') \
.outV('i—i').sample(5).by('random').alias('hop2') \
-values()

tfm.DataFlow(query)

= np.array([4, 16, 8]1)

i', decoder=gl.Decoder(attr_types=['float']l * 4,

dAlibaba Group
EEEEH

attr_dims=[10] * 4,

= tfm.HomoEgoGraphSAGE(dims, bn_fn=None, active_fn=tf.nn.relu, droput=0.1)

dings = model. forward(df.get_ego_graph( i'))

tfm.NodeClassifier(dims=[8, 4], class_num=2)
s, loss = nc.forward(embeddings, eg.nodes.labels)

er = tfm.Trainer()
er.minimize(loss)

race(ret):
nt('loss = ' % retl[1])

er.step_to_epochs(10, [logits, lossl, trace)

=<0

labeled=




AliGraph-Algorithm Deployment and Share

gLAlibaba Group
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- PAI provides algorithm warehouse for algorithm package, management and release
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Part 4 : Algorithm Warehouse




Sampl I ng Subgraph-augmented Path Embedding for Semantic User Search on Heterogeneous Social Network, WWW Z&Aﬁbaba Group
PIEEEESD

« Representative and negative sampling

« Borrow idea from importance sampling

« Extend node-wise to batch-wise sampling

« Type-dependent & -fusion sampling with self-normalization
« Computational complexity drops from O(|E[+|V|) to O(|V])

Algorithm 2 Training type-fusion strategy with self-normalization Algorithm 1 Training with type-dependent strategy (one batch)
(one batch)

Input: target nodes {v;}; neighborhood {v;}; sampling size of
Input: same as Algorihtm 1; each type {n;|t € T}; embeddings H; parameters (k).

Output: same as Algorithm 1; Output: the optimized embedding H and parameters ek+1),
1: compute p and the sampler g by Eq.(16); & for eacht € T do
foreacht € T do '

2:

3: sample n; neighborhoods with the sampler g;; 2 compute p an.d the samp ler g; by Eq. (14);

+ end for 3 sample n; neighbors with the sampler g;;

5. for each v; do 4 end for

6: foreacht € T do 5: for each v; do

7: normalize {7(vj)|v; € Ng(vi, t)}; ¢ foreacht €T do ) .

8: compute the estimator g; ; by Eq. (17); 7 compute the estimator g;,; by Eq. (9);

9: end for 8 end for .
10: compute the reconstructed h; with {gi,+|t € T} by Eq. (6); 9 compute the reconstructed h; YVith {gi,¢|t € T} by Eq. (6);
11: compute Lgpg, (vi) based on hi, hi; 10: compute Lgpg, k(vi) based on h; and h;;
12: end for 11: end for
13: minimize Ly (H, %)) and perform gradient updates; 12: minimize L (H, 0%)) and perform gradient updates;

. output the optimized ©*1) and H. 13: output the optimized ©%*1) and H.

—
S




Table 4: Micro/Macro-F1 scores for multi-class classification on Aminer. Excluding HEP, the best method is bolded and the
second best is underlined. Percentages in parenthesis indicate the performance level, treating HEP-nil as 0% and HEP as 100%.

Micro-F1 Macro-F1
Sampling 512 1024 2048 4096 512 1024 2048 4096
size ~ 3% ~ 6% ~ 12% ~ 24% ~ 3% ~ 6% ~ 12% ~ 24%
HEP-NIil 0.2084 (intuitive lower bound) 0.2027 (intuitive lower bound)
HEP 0.9566 (intuitive upper bound) 0.9551 (intuitive upper bound)

AS-GCN | 0.2866 (10%) | 0.2901 (11%) | 0.2951 (12%) | 0.3050 (13%) | 0.2721(9%) | 0.2770 (9%) | 0.2788 (9%) | 0.2818 (10%)
Unif-TD 0.3089 (13%) | 0.3934 (25%) | 0.5227 (42%) | 0.6861 (64%) | 0.2864 (10%) | 0.3679 (21%) | 0.4978 (39%) | 0.6642 (61%)
Unif-TF 0.2877 (11%) | 0.4010 (26%) | 0.5574 (47%) | 0.7329 (70%) | 0.2897 (11%) | 0.3941 (25%) | 0.5371 (44%) | 0.7162 (68%)
Unif-TD-SN | 0.2283 (3%) | 0.2955 (12%) | 0.4816 (37%) | 0.7260 (69%) | 0.1768 (-4%) | 0.2286 (3%) | 0.4431 (31%) | 0.7209 (68%)
Unif-TF-SN | 0.1631 (-6%) | 0.2951 (12%) | 0.4489 (32%) | 0.7101 (67%) | 0.1315 (-10%) | 0.2655 (8%) | 0.4302 (30%) | 0.6954 (65%)
VarR-TD | 0.3423 (18%) | 0.4911 (38%) | 0.5734 (49%) | 0.6408 (58%) | 0.3258 (16%) | 0.4663 (34%) | 0.5516 (46%) | 0.6185 (55%)
VarR-TF | 0.6200 (55%) | 0.7472 (72%) | 0.7931 (78%) | 0.7920 (78%) | 0.6087 (54%) | 0.7388 (71%) | 0.7812 (77%) | 0.7822 (77%)
VarR-TD-SN | 0.2353 (4%) | 0.3245 (16%) | 0.5210 (42%) | 0.7078 (67%) | 0.1999 (-1%) | 0.2853 (10%) | 0.5008 (39%) | 0.6921 (65%)
VarR-TF-SN | 0.5960 (52%) | 0.8124 (81%) | 0.9008 (93%) | 0.9311 (97%) | 0.5843 (50%) | 0.8170 (81%) | 0.9047 (93%) | 0.9327 (97%)

Table 5: F1 and AUC scores for binary purchase prediction on Alibaba. Excluding HEP, the best method is bolded and the
second best is underlined. Percentages in parenthesis indicate the performance level, treating HEP-nil as 0% and HEP as 100%

F1-score AUC

Sampling 512 1024 2048 4096 512 1024 2048 4096

size ~ 2.5% ~ 5% ~ 10% ~ 20% ~ 2.5% ~ 5% ~ 10% ~ 20%
HEP-Nil 0.3994 (intuitive lower bound) 0.5134 (intuitive lower bound)

HEP 0.5793 (intuitive upper bound) 0.7777 (intuitive upper bound)
AS-GCN (unable to complete due to memory constraint)
Unif-TD 0.3883 (-6%) | 0.4353 (20%) | 0.4692 (39%) | 0.4891 (50%) | 0.5999 (33%) | 0.6616 (56%) | 0.7158 (77%) | 0.7463 (88%)
Unif-TF 0.4051 (3%) | 0.4281 (16%) | 0.4558 (31%) | 0.4858 (48%) | 0.6207 (41%) | 0.6584 (55%) | 0.6992 (70%) | 0.7413 (86%)

Unif-TD-SN | 0.3884 (-6%) | 0.4322 (18%) | 0.4470 (26%) | 0.4920 (51%) | 0.5982 (32%) | 0.6635 (57%) | 0.6873 (66%) | 0.7500 (90%)
Unif-TF-SN | 0.3928 (-4%) | 0.4219 (13%) | 0.4435 (25%) | 0.4917 (51%) | 0.6028 (34%) | 0.6496 (52%) | 0.6836 (64%) | 0.7489 (89%)
VarR-TD | 0.4476 (27%) | 0.4518 (29%) | 0.4852 (48%) | 0.4743 (42%) | 0.6829 (64%) | 0.6969 (69%) | 0.7314 (82%) | 0.7317 (83%)
VarR-TF | 0.4774 (43%) | 0.4863 (48%) | 0.5019 (57%) | 0.5090 (61%) | 0.7374 (85%) | 0.7466 (88%) | 0.7513 (90%) | 0.7548 (91%)
VarR-TD-SN | 0.4293 (17%) | 0.4497 (28%) | 0.4720 (40%) | 0.5038 (58%) | 0.6645 (57%) | 0.6941 (68%) | 0.7293 (82%) | 0.7501 (90%)
VarR-TF-SN | 0.4766 (43%) | 0.4896 (50%) | 0.4970 (54%) | 0.5097 (61%) | 0.7347 (84%) | 0.7453 (88%) | 0.7496 (89%) | 0.7551 (91%)




M u It' plex ANRL: Attributed Network Representation Learning via Deep Neural Networks, IJCAI 2018

ﬂAlibaba Group
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Gender: male
Age: 23
Location: Beijing

Gender: female
Age: 26
Location: Bangalore

Gender: male
Age: 35
Location: Boston

Representation Learning for Attributed Multiplex Heterogeneous Network, KDD 2018

users

click

Consider all information

— — — » add-to-preference

—_—

—

add-to-cart

conversion

Price: $1000

Brand: Lenovo

Price: $S800

Brand:Apple

Price: $50
Brand: Nike

Ignore node

atrributes

I3
1

F1-4core

70.14

86.65

DeepWalk GATNE-T GATNE-I
f
Results on A+ dataset

Figure 1: The left illustrates an example of an attributed multiplex heterogeneous network. Users in the left part of the figure
are associated with attributes including gender, age, and location. Similarly, items in the left part of the figure include attributes
such as price and brand. The edge types between users and items are from four interactions, including click, add-to-preference,
add-to-cart and conversion. The three subfigures in the middle represent different ways of setting up the graphs, including
HON, MHEN, and AMHEN from the bottom to the top. The right part shows the performance improvement of the proposed
models over DeepWalk on the A+ dataset. As can be seen, GATNE-I achieves a +28.23% performance lift compared to DeepWalk.



« Transudative Model:
For GATNE-T, the overall embedding for node v; on edge type r

is:
m
Vir =bi + &M/ Uja; , = b; + &, M] Z ApUi,p,
p=1
where 1, denotes the p-th element of a; , and is computed as:
p s
~ exp(w! tanh (Wruj p))
p= )
Y.r exp(w] tanh (W,u; ¢))

« Inductive Model:

T T
Vir = hz(x;i) + arM, Uja; » + ;D x;,

Amazon YouTube Twitter A+ dataset (small)
ROC-AUC PR-AUC F1 ROC-AUC PR-AUC F1 ROC-AUC PR-AUC F1 ROC-AUC PR-AUC F1

DeepWalk 94.20 94.03 87.38 71.11 70.04 65.52 69.42 72.58 62.68 59.39 60.62 56.10
node2vec 94.47 94.30 87.88 71.21 70.32 65.36 69.90 73.04 63.12 62.26 63.40 58.49
LINE 81.45 74.97 76.35 64.24 63.25 62.35 62.29 60.88 58.18 53.97 54.65 52.85
metapath2vec 94.15 94.01 87.48 70.98 70.02 65.34 69.35 72.61 62.70 60.94 61.40 58.25
ANRL 95.41 94.19 89.60 75.93 73.21 70.65 70.04 67.16 64.69 64.76 61.67 61.37
PMNE(n) 95.59 95.48 89.37 65.06 63.59 60.85 69.48 72.66 62.88 62.23 63.35 58.74
PMNE(r) 88.38 88.56 79.67 70.61 69.82 65.39 62.91 67.85 56.13 55.29 57.49 53.65
PMNE(c) 93.55 93.46 86.42 68.63 68.22 63.54 67.04 70.23 60.84 51.57 51.78 51.44
MVE 92.98 93.05 87.80 70.39 70.10 65.10 72.62 73.47 67.04 60.24 60.51 57.08
MNE 90.28 91.74 83.25 82.30 82.18 75.03 91.37 91.65 84.32 62.79 63.82 58.74
GATNE-T 97.44 97.05 92.87 84.61 81.93 76.83 92.30 91.77 84.96 66.71 67.55 62.48
GATNE-] 96.25 94.77 91.36 84.47 82.32 76.83 92.04 91.95 84.38 70.87 71.65 65.54
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Figure 3: (a) The convergence curve for GATNE-T and
GATNE-1 models on A+ dataset. The inductive model con-
verges faster and achieves better performance than the
transductive model. (b) The training time decreases as the
number of workers increases. GATNE-I takes less training
time to converge compared with GATNE-T.



M |Xtu re G N N Is a Single Vector Enough? Exploring Node Polysemy for Network Embedding, KDD 2019 QA!;ISSEEEGrOUp
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Hierarchical GNN E A Baba Group

- o I
Individualized Embedding 31(1) User Community Embedding e(uC)
| r [
Weighted Average 0 product
A Probability
%) ~ R for item
e 4 4 N
’ for user
—& —&
Weight 1 : Weight k : for item
t : t
DecomPOSitiOD Distance Function E Distance Function for user
& Softmax ~ & Softmax
y
4 1 t N T 4 : community space
: S Pl ReLU & BN
TP RY (LLETT TP TTPPPEEEET P SR LT P LT L EPEEEEE I\ :
Full User Embedding e S) -s Item Embedding e;
m e - €, H B
Community Space Embeddin,
GraphSAGE oP & GraphSAGE
A
< R
t Wide & Deep Vel Y
t t
m .| H NN --- HO N EETE .- H HE =
User Item 1 Item 2 Itemn Item 1 Item n Item
User Neighbors Item Neighbors

Figure 2: Framework of Bi-HGNN. Left side outputs user-community and individualized embeddings. Since user and item raw features are
generally sparse, wide and deep is used here for feature encoding. Based on the user’s historical behaviors, n items are selected as his/her
neighbors to generate full user embedding with GraphSAGE. User-community embedding is derived through weighted average over users
that belong to the specific community, where weight is determined by the distance between the user and base community embedding. Full
embedding is decomposed into user-community and individualized embeddings, which is illustrated in the upper left of the figure within the
dashed square. Right part represents the item embedding generation. With both the user and item embeddings, the classifier undergoes several
fully connected neural networks and outputs a probability to determine whether to recommend the item to the user.



EVOI\" ng G N N Large Scale Evolving Graphs with Burst Detection, IJCAI 2019 dA!ﬁllggEEﬁ Group
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Figure 2: An illustration of the proposed framework BurstGraph. At time step t, the framework generates vanilla evolution and bursty
evolution based on network structure GG;. Part a is an original VAE for vanilla evolution, where random variable z; follows a Gaussian
distribution. Part b is an extended VAE for bursty evolution, where random variable s; follows a spike-and-slab distribution because of the
sparsity of bursty links. The encoder for these two random variables z; and s; shares the same GraphSAGE to utilize the information from
vertices and their neighbors.



Bayesian GNN i

« BEM is proposed to bridge KG and BG seamlessly, with the consideration of the
behavior-specific bias. This framework provides a new perspective of making a
reasoning mechanism (cognitive graph).

« As a method, BEM is generic and flexible in that it can use any KG embeddings to
correct any BG embeddings. On the contrary, it is potentially able to help KG
embeddings acquire novel knowledge from the BG embeddings that does not exist in

the knowledge graph.

(b) Reconstructed knowledge graph

Figure 4: Reconstructed vertex graphs. The blue ones are
original graphs and red ones are corrected graphs.



Supported Algorithms E L masan""

Algorithms Proposed

Heterogeneous
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AHEP
GATNE
Mixture GNN
Hierarchical GNN

Bayesian GNN
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) Alibaba Group
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Cloud Theme
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from Single Product Recommendation to Group Meet Place, cultivate metal upgrade

Meeting Place for Personalized Groups

a e

SPR Reasoning
.;I
. Knowledge
Tips Card
NG
Ad Embedding Video .
On Scene recommendation
Natural . . .
. Image Video Machine Learning/ Graph
Algorithm LTGUELGE Processing Processing Deep Learning Embedding

Understanding




Cloud Theme The Flow

Stage 1
Product-Side
Tree Based
GNN Model Clustering
Generation Learning user
Embedding interest
category
User-Side
Embedding
Recall Related
Users

Mining
Corresponding
category
keywords/phrase

Group
personalization
User Profile
mining

Generate
Personalized
themes and

images

Stage 2

Personalized
cloud theme
Knowledge
card and
strategy
generation



User Interest Categories

1. GCN Model generate embedding
2. Hierarchical clustering, each layer is d|V|ded
3. As the number of layers deepens,
the granularity of the division becomes finer

and the semantics gradually emerge

Commodity Aggregation

Lipstick

Eye shadow
Lip gloss
Hair mask
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Cloud Theme Title Auto-Generation £ 2 Alibaba Group

PEPEE
Now: Future:
1. thousands of online cloud themes, mostly manual verification, 1. Automatically generate cloud topics through

many unmaintained algorithms, produce them in batches by
2. The main and subtitles of the cloud theme are too plain to algorithms, and automatically iteratively

attract users to click optimize.

2. Learn to produce scene-oriented, attractive
Tongtai &7 main and subtitles.
4. ex:
A 15t cloud theme
(0. M Main Title: The coolest "digital" baby

Subtitle: Immersive game experience

| 2" cloud theme
/3840:2160 -5 Main Title: Baby winter Heater

B - N Subtitle: Provide warm sleep for your baby
mER (EER

SEHMLE | Led EEIWI@ | Cotton
iR e Monitor SARFH R Quilt




Cloud Theme Title Auto-Generation

TAOTips
Article Collection

Methodl: retrieval model

Civic 10" gen modification / l Retrieval Model
Civic Modification

Rank by PV

I

Angkerra Modification
Fit modification

Merchandise

Candidate Candidate
Querys TAOTips Title

Set

Cate Distribution

+ manual rules
Appearance of 10t-gen Civic is modified to make it even more exciting. _ . L .
The new Civic changes, turn your car into a wild horse. 82;4112 + cate distribution
Nothing is born perfect, a Civic modified car fits you. 0.4561
The new Civic is modified to play a high-powered style. 0.3381 Candidate
The 205-horsepower grocery shopping car, the Civic is so handsome. 0.4324 Cloud Theme Title
Upgrade the Civic to create a savage calf. 0.5325

IDF Values

Rank by IDF
Turn your car into a wild horse 0.4532
Make the car more exciting 0.3312
Nothing is born perfect 0.2545

Sorted Result Set

create a savage calf 0.1124




Cloud Theme Title Auto-Generation
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Main Title SubTitle Category
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Cloud Theme Title Auto-Generation =y,

Method2: generative model

N RAR, .. Expert Writing

|
| |
' : e : Lace desien is simol d elesant Lace design is
b - | EAEfFtitle | ace design is simple and elegant . ) "0
BIOE & A | |
I .
: :—» summarization predICtl E %EL*H—‘@ rules [z_xiﬂtltle]
| | model
7, N l ~ — =a
REMMLENH ... | Gkr_aﬂ;pgg i :
| |
: |
| |

GetixX L& 5 H. ..

. X A
%?E%iﬁii Short titile Cloud theme title

s D R
LRSS EIL...

feed

context

579845811167, interest match = . Simple round neck long sleeve shirt ,
575858885796, | category items BAEEAE | The lace design is simple and elegant ,
Slim fit is more attractive , ...




Cloud Theme Title Auto-Generation E 2 a0

1 description

2 EMARSKHWY, FLRTHNELTE BSHREE AN, DEIREARKE, REXZR.

BRT, SMIUNISHESR, HEER "SR NZAEYERERZIFREZHEEEZ FRESB/XLETE/N
3 HEMHRERT,

RN TEEMAVNLERGERER, AMEILLNHER AR, REBENMMEHEL, FHA—HNN
4 EFE, BIRMREARZRAT, MAEXAZHREERT, KTEIRENAE B ZHIRECH~

HEEERERELMNEE, HAKXKSHNEAREEERE, LAFEXRTMER £EHBERRXBchic, &
5 EERGRIE, FELIR, BRBMREAELER !

FERLEFLE, SREBBER—EENKEXNFEFHFLN, T RN T, ERKEBERT —HFF
6 WWHERET, EEEENMTERREILIRRIE TR, NNRARRIET —LiFBF BN TE~

MRBEFHBHEXRE, MEAEREEERARGEREZE, RBRHZFHABSIICKR. FLE, FRPE
7 WT -ZRBRMER, RB—AHERMIERIRIK, LR RX R EL R AYHTR T |

IRZ FHZ L B BEIFIERPIZNIRAM 0l T N TRBFANAPZIUHY/ NG, IR ZI/IRTIA Ho BT EIXARXIXT|"PHICRH

ERAR, RERWER. . B FIR. ®RF—FENIAGE, REBRALEZLSKEHNEC

REBH, INEFINNEFANXKRT, ZAXRHNREADETUSBHHERE ? TREXZEHTRAKELRE

TTREFHNGEE, BREENENBRENBZEEREN, HEEBMREFNERE, RO/ NEFTERE KA
9 HMIER, EXEXRE, BABEEE.

REWMHALZWT . "RROIHWELNRERK . AETR, OINTFLARREREXEEN, MAOLD
10 | BFRERTF S LHZNEERE, KEXZTEHREXZAT, EXLBREOTFMNXEGFH, NE MR,

EERMN—FRERE, BERAONERIT, BELIESEIME, SHBELY, HEBSR. RTH%E

B, RIBMNENR, FASESTUEMREN, HIERAHRNNSLFKER, BHRNOESEEMM. £ERY
11 $tRmEE, THERK.

EESPEBARBESMTAKBIRE D, KIMEACKXEEINTERERERXE, BREREEXNILY
12 MBERBET . BEARHEAFAT XK IE—LIERILANRERDMMERPRENES, IERXBEFEEETO.




Cloud Theme Main Image Auto-Generation £ Alibaba Group
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[ Cloud theme cover image
[ Template Puzzle

T

[ TOP5/TOP7 Popularity selection from

the cutout

T

[ Commodity Cutout

|

Detect and filter non-white
background product images

T

Extract the TopN product map of each
cloud-themed product




Cloud Theme Knowledge Card/Guide Generation

dAlibaba Group
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Stepl: Training data mining fidf
tri

Context-based query embedding

Tfidf textrank
word embedding
Part of speech
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Query item bipartite Graph embedding =L°"gmal queD search
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chunk extraction
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Cloud Theme Knowledge Card/Guide Generation
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Knitwear category: Query clustering result display

BREELE XZTEEK
EAEKRRX MR LTE BB 4%

BRI BEBRLE
B XERKE BEHLR
wmay  HENER sczzmzé e
RHRL H HiAw7 z :
SHEME HAKRLERETRER REMZE  BERRL
.. EER o EEX SR
e ERARZES AR ATRR B

M ABERY BEIRIE 4R 42 T KRS A2 FHFmm ABEKRE

FEMMITEEREL
H:i: m m E% H& B IR IR ARSVARE TR

heme £ REBEmm H¥mm%2‘€$$

s, \|/
P — KBERZEN m m ERER
ELERTHEMM

. ABERZHMM ot A ERER B oty
j(ﬁg F= 70 =xameAmEmm KBEXRLZHMME "

H¥ yiky BEMMABMEENR
PR IR A R TR

MMERKBHELLZE BEmmEKR BEMMARBELRER

RBERZHFEMMERR

grREES FRREL b A
e gy NEETHER
KEN
... RERFHNEL SELREY
a3 aesmiEy METEE TEW
SERDIEINEL
vl i_h DA EL LK
/ \A USSR VES e
WL R EL ggn BB o ey
BERHZg Ry BEIANEX
B FEEER EEFE B FHRi
WRIE BT — kAR FETFEE

EFRESE

RESS EIJ\’\¥$Z%€E"=“}KEEX%§

ETTES PFER

FERiv \ﬁ

SR NEL IR XS

INDF R

ENFE

INDF

BN FHFER
INDFREDFRIEH

sumui/h\PNFIBE
BN FREuE

BF&E
BN FHE

BT FRES




Cloud Theme Knowledge Card/Guide Generation
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NLG model

PGN:

Soft template
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Germany emerge victorious in 2-0 win  against Argentina on  Saturday ...
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Cloud Theme Knowledge Card/Guide Generation E L Raen

Query cluster: Autumn suit, female student, fresh, college style...
Keywords: campus, in the Mood for Love, golden years

Question: Do you know the style of female students?

Knowledge card: We are at the border of immaturity and maturity.
If we want to be a campus goddess, of course we have to choose
what suits us. To become a dazzling scenery, we should live the
most beautiful look. Come to the small society of university...

Product embedding
Currently, items are retrieved through query cluster,
keywords, question, and knowledge card;

query question
knowledge card ...

search

T

"| knowledge card ...

o

indexed ‘rquery question
search engine index
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Part 6 : What is next?




Current Focus and Challenges £l

Recommendation pipeline for Alibaba: billions of users and products with over trillions of edges and
extremely rich attributes
« Algorithm + System Co-optimization

Graph embedding & inference for attributed heterogeneous network
v Heterogeneous nodes with attributes
v' Different types of edges, easy to integrate knowledge (Knowledge Graph and Graph Embedding)
v" For each specific task, best choice of edge type & node attributes

Multi-modality & Scalable Bayesian Deep Learning
Introducing high quality data labels

v" High quality side information, such as high valuable users and merchandise
v Targeted positive and negative samples, node & edge importance weights

Online Inference
v New data inflow, real-time graph update
v Can handle sequential information

AliGraph Echo System On Cloud



AliGraph-Open Source £ Alibaba Group
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Welcome to Try out

SYSTEM+ALGORITHM

AliGraph

Code: KAUREHERETE

https://github.com/alibaba/graph-learn

Q/A :
graph-learn@list.alibaba-inc.com AliGraph: AMEEMZMETEL

AliGraphZFfT— U AR EmE MG e, EIAFNTERELD
ERIMBRAEZIRAB TREMNHE, WHENATLEBE2.0&E
A

Paper:

AliGraph: A Comprehensive Graph Neural Network Platform, VLDB 2019
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Graph Computing at Alibaba Damo Academy

‘Extremely large scale graphical model has been playing an increasingly important rol in big data companies. in
particular, raph inference combined with deep learning (e.g., graph embedding) has achieved successful phased

-
2\ ‘ h 1 fvi . results in many of Alibaba's business scenarios. The data of the Alibaba ecosysten s extremely rich and varied,
covering everything from shopping, travel, entertainment, and payment. We are working on the development of a new
D u generation of graph learning platform that can effciently perform inference analysis on bilions of nodes and trllions

Alibaba Grou e
a PIEBR DL P COMPUTING PLATFORM Worldwide Cloud Services Partner e e o e e Sttt
® 7= ‘and/or strong system implementation skills, the Latter stemming from the need for efficiently computing tremendous.

graphs n a distributed fashion. We need our scientists/engineers to be versatil, display leadership qualities and be
enthusiastic to tackle new problems across the Fullstack as we continue to push technology Forward. Both Ful-time.
and intership opportunities are available now.

Responsibilities
Participate n cutting edge research in antifcial intelligence and machine learning appiications.
+ Develop solutions for real world, large scale problems.

Minimum qualifications
* BA/BS degree in Computer Science orrelated technical fild or equivalent practical experience.
+ 2.years of work or educational experience in Machine Learning or Artficial Inteligence.
1 year of professional software development experience.
+ Experience with one or more general purpose programming languages including but not lmted to:
Java, C/Ce+ or Python.

Preferred qualifications

+ MSorPhD degree in Computer Science, Artificial Intelligence, Machine Learning, or related technical feld.
Experience with one or more of the following: raph model, knowledge graph, risk control, natural anguage pro-
cessing,image processing, recommendation systems,targeting systems,ranking systems of similar.

0koun.

Location
Hangzhou | Beijing| shanghai | Seattle
Contact Us: Send your resume to graph_compute@alibabe-inc.com
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Graph Computing at
Alibaba Damo Academy

laoyong Liu
ongxia Yang :
el Lin :
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Value, Application and Landing of NLG
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Result Display:
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Mid-length girl's warm woolen coat, this woolen
coat, the surface solid color and the inner tone form
a temperament contrast, the overall look is full of
temperament and personality, if the baby in the
family is a particularly thoughtful child, full of
personality, then Don't miss this coat! As a basic
coat, the difference between this one lies in the
color, with a black sweater, and a cool sister!

BB AT AR SRR AR, IR ACR UL P SR IR} SR R A7 08, o B ORI
FRBE T, TRTZO KT, IR i P 4 FE S — 2% A B A AT, AT ASE SRR T 7

The new mid-length cashmere coat for spring. This coat is
made of high-quality cashmere fabric, soft and
comfortable, and comfortable to wear. The double-
breasted design, simple and elegant, fashionable and
versatile. With a simple pair of jeans, you can go out
beautifully .

Which one is
Machine
Generated?

¢
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Note: Generate Chinese then translate to Engli
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Little princess Korean thick woolen coat. This black sweater
adopts a classic round neck design, which is very elegant to
wear. The cuffs and hem of the clothes have threaded
closures, making it more comfortable to wear. The large
pockets on both sides of the body are decorated, It adds a
little childlike taste to the clothes, and it is very
temperamental.

T LSy () FORT KRR U GRIE KA, FA AN B, 3d S AR BTk, Al 40 Bt
B0 AR B, A T BRI — KPR TC AR Sk T 1k 11 e ST HLER 18] EL 2 AR T B B
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A new style of colorful spring clothes. Korean style of
temperament cashmere coat, medium and long models do not
pick up the figure, 3D three-dimensional tailoring, button
design unique, delicate patch, an indispensable one. With
pointed square button shallow shoes, velvet The thick noodles
are simply too much to put it down, and the colors are also
very spring colors.



Short video front desk service
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Guess you like the video recommendation
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Video product detection
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Video product detection---image target detection  £27. 252"

| o

® From the expert videos, the videos with higher products are
selected as training data

® Generate a multi-product category data set with a single
product image model

® Weak supervised object detection+ Video description infor

® Manual marking +few shot learning




Video summary generation-1
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®Video text description is the basic input

information for video understanding

®Evaluate a large number of undescriptive and

unclear descriptions in the video
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Video summary generation-2 £ Alibaba Group
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|
®Video + seq2seq model : Kid TOy Album
®\Video content + review text content :

|

+ product attributes, produce short |'_.7m%m§f BRI LB | R BTEESE, BIERTERME |
. ,% RUAFE, TURRE, BEEEFLNE, X7 | |2 EREGRER, REREEN—H, WX
video abstracts | SULEMER TR, RETEN, AAIE! A2 | | 2ER! BARENRER! BAREAEENN

!
BTT SR, ENBREEBTES. o
®Long sentences short o L T L L S ——— -

®long short sentences
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Y _ / Develop the

I Variety of
®Add Product Subject cerebellum to ariety o
. . . imbrove styles and
®Manually filter the training data set P counter
. . . . concentration _
from the videos with high views and toys quality

high likes of users



Video summary generation-3 i

®Youku : Film and television comprehensive video slices,
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®Training data: high-quality short video pool | FBESECRERRITRMER | AR FEERE BLR,FE |
| B ®RE, TXONFiRT, HRIRRBE | Wi, 28 ,FF |
with complete titles | REFEEBSNEERBRFREMA | LE,BR,LK |

®Tags Auxiliary title generation



Personalized content themes

ﬂAlibaba Group
PIEEERED

® Generate personalized content themes composed of products, graphics, and videos

® The video quality evaluation model automatically selects products from Youku short videos

+ hand-made short videos

® Gag recall, content-related recall

®Video sorting, video product mixing
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