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GNN: Current and Prospect
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GNN: Learning on Graph Data

* Integrate graph computation and neural network architecture

* From semi-unstructured graph data to structured embeddings
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o Dedicated storage formats
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o Suitable for GPU computation

Neural Network
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GNN:

earning on Graph

Full-batch (FB) Training

* NN learns graph data as a whole

* Preserve full graph information
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Graph Neural
Data Network

= Forward Passing

Data

Mini-batch (MB) Training

* NN learns part of graph each time

« Batch division affects performance
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GNN: GCN ICLR"17]

* Message Passing: aggregate neighbor information N(u) by
learnable weights W to each node as node representation A

1-hop Q QQ
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T Kipf & M Welling. “Semi-supervised classification with graph convolutional networks”. ICLR’17.
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Introduction




Introduction

GNN: GCN ICLR"17]

 GNN Layers: Stacking multi-hop graph convolutions
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T Kipf & M Welling. “Semi-supervised classification with graph convolutional networks”. ICLR’17.



GNN: GAT ICLR18]

« Graph Attention: learnable weights for edge aggregation

exp(attention(h(u), h(v)))
2oenN(u) €xp(attention(h(u), h(v)))
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P VeliCkovi¢ et al. “Graph Attention Networks”. ICLR’18.



GNN: Tasks and Applications
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GNN: Tasks and Applications
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The Challenge: Graphs at Scale

* Modern real-world graphs are on the scale of millions or billions
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The Challenge: Graphs at Scale

» Large scale graphs: diverse domains, diverse patterns

Name Graph Size Data Size Domain
MAG 240M 200 GB Heterogeneous academic graph
WikiKG 90M 160 GB Wikidata knowledge graph
PCQM4Mv?2 3M x 15 10 GB Molecules in quantum chemistry interaction
Amazon 2M 8 GB Product co-purchasing network
MD17 3M x 15 8 GB Molecular dynamics trajectories
COCO-SP 120K x 500 12 GB Segmentation of computer vision images
Snap-Patents 3M 20 GB Patent citation network
4B 400 GB Crawled webpage hyperlink

Hyperlink Graph



The Challenge: =€ Neighlbor Explosion
* Neighboring nodes intensively increases
with network depth

* Exponential, related with edge size

 Lost of node identity

@ Time overhead

@ Expressiveness

Receptive field for Receptive field for Receptive field for
1-layer GNN 2-layer GNN 3-layer GNN

CS224W, Stanford



The Challenge: <€ Neighbor Explosion

Case study: GCN computation graph

(on Network Layer Neighborhood Computation
o 1-layer 1-hop O(d)
Q-3 0
agof --------------------------------
“ 2-layer 2-hop O(d?)
3-layer 3-hop O(d?)




The Challenge: g Limited Memory

@)

 GPU memory is limited and costly

« Storing and processing graph data
requires large memory space

GPU Memory Capacity & Price in 10 Years
160

120

80

5 Memory overhead

40
0 l-c% Training scheme
2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
—o—Capacity(GB) —e=Price($/GB)



The Challenge: & Multi-scale

* Not only local nodes are important
In prediction

* Need to capture global graph
information efficiently

« Homophily: the inductive case,

similar nodes cluster together

- Heterophily: the opposite case, (9 Time overhead

connected nodes tend to be of &) Expressiveness
dissimilar classes




The Challenge: & Multi-scale

Example: Heterophily in fraud detection

» Graph: financial transaction network with
pbenign or fraud users

» Task: identify fraud users

* Fraudsters use benign accounts as spring-
boards &J to reach other fraudsters

0 1-hop connection is not enough!




The Opportunity: Graph

Introduction

Data Management

&-;T What can the DB community do for GNN challenges?
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Preview: <2 Neighbor Explosion

Solution from Node-wise Similarity: GBP [NeurlPS20]

* Replace GNN computation by
Personalized PageRank

* Reduce neighborhood by
bidirectional search

* Decoupling CPU and GPU
computation

M Chen et al, "Scalable Graph Neural Networks Via Bidirectional Propagation", NeurlPS’20.



Preview: 3¢ Limited Memory

O

Solution from Subgraph Extraction: GENTI [vLDB24]

* Only load subgraph (part of the

graph) for GNN computation - T%“ cgd ¢v4
« Structured subgraph sampled ED/? ; GEATCH j u : : tv,
N tg THER ; <
by k-many random walks b - o —— T[4
s Query
 GPU-oriented data structure f /f v O¢ o boreek
R
g Collectlon

and batch computation

Z Yu et al, "GENTI: GPU-Powered Walk-Based Subgraph Extraction for Scalable Representation Learning on Dynamic Graphs", VLDB’24.



Preview: & Multi-scale

Solution from Spectral Embedding: LD~ [NeurlPS'23]

« Embed full-graph information in
spectral domain

 Bridge spatial and spectral long-
range graph operations II

» Fast & scalable spectral
embedding computation

Feature smoothing

H Liu et al, "SIGMA: An Efficient Heterophilous Graph Neural Network with Fast Global Aggregation”, ICDE’25.
N Liao et al, " LD2: Scalable Heterophilous Graph Neural Network with Decoupled Embedding", NeurlPS’23.



Preview: Scalapble Graph+LIM

Future Direction in Graph-based RAG

« Scalable graph embedding, indexing, and retrieval

* Integration between graph data & LLM

RAG
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Advances in Designing Scalable GNNs

Classical Approaches for
Scalable GNNs



Outline

Introduction

Classical Approaches for Scalable GNNs
9:25 -9:50 | Sigiang Luo & Ningyi Liao

Basic GNN: GCN (T Kipf & M Welling | ICLR'17)
Graph Sampling: GraphSAGE (W Hamilton et al | NeurlPS'17)
Graph Partition: AliGraph R Zhu etal | VLDB'19)

Decoupled Propagation: SGC (FWu et al | ICLR'19)

Application: Social Network Friend Recommendation

Hardware-aware Sampling

Subgraph Extraction



Basic GNN: GCN Scalapility Analysis

Graph-wise view Node-wise view

h
@ E (u). ...................................................... Representation

@ P, e Learnable We|ghts

/T\ ........................................................ Graph Aggregation
h(vE h("ﬁ h(v;)

® ® O
2N AR

x(WIE X(WE x(W3E x(wy) x(W5E x(WE

T Kipf & M Welling. “Semi-supervised classification with graph convolutional networks”. ICLR’17.




Basic GNN: GCN Scalapility Analysis

Graph-wise view  Node-wise view Computation

Representation
%&) Q .......................... nxf Dense \

gD — 4 ( AHU)W(”)

\ .......................... Graph Aggregation /

\Q nxn Sparse
Learnable Weights

fxf Dense

Node Attribute
/

Init: HO = x

T Kipf & M Welling. “Semi-supervised classification with graph convolutional networks”. ICLR’17.



Basic GNN: GCN Complexity

Node-wise view Computation
Layer 2 Q
gD — 4 ( AHU)W(I))
———————— - - Graph Aggregation O(mf)
Layer 1 Sparse-dense Matrix Multiplication
Weight Transformation O(nf?)
i\b i‘ Dense-dense Matrix Multiplication
L-layers: O(Lmf + Lnf?)

T Kipf & M Welling. “Semi-supervised classification with graph convolutional networks”. ICLR’17.



Graph Sampling

* Node-wise sampling: limit
neighborhood size of each node

» Layer-wise sampling: limit total
neighborhood size of each layer

« Subgraph-wise sampling: limit
neighborhood within a subgraph

Ei X Liu et al, "Sampling Methods for Efficient Training of Graph
Convolutional Networks: A Survey", J. Autom. Sinica 2022.

5o 5o

8 Soo
5o

Subgraph




Graph Sampling: GraphSAG

« Sampling in graph aggregation: limit
neighborhood size of each node to §

 Structured neighborhood: sampled
representations are fixed-length

* Feasible for various aggregation schemes

@
s
T
Sample
Raw Sampled
Graph Graph

W Hamilton et al, "Inductive Representation Learning in Large Attributed Graphs", NeurlPS’17.

(NeurlPS™17)

S = 2 Computation Graph



Graph Partition

* Objective: minimize data loss in
subgraphs during training

 Commonly used in multi-host/
multi-GPU training

« MB: only load subgraph onto GPU

Train on local partition

GPU
Graph
partition GNN model
parameters €
/ =~
—_— .
\ s Input features Mess.age
\ A < NVLink passing
«— : ¥ or PCle across
\ _'} EGPU .:'.:Graph partitions
: J partition GNN model )
h
\ '\ parameters
—
Input features
a) PipeGCN (full-graph)
y PCle > | GPU
/
- - GNN model
\ parameters
/l
«— . -
\ \ 1.Sample 2.Loadinput 3. Train on local
- features batch
Graph Structure N N PCle > |GPU
+input features \. . GNN model
parameters

CPU memory

b) DGL (mini-batch)




Graph Partition: AliGraph e

* Available partitions: iz \

@)

Global Aggregate
& Transform

« METIS
o
* Vertex/Edge cut OfOROH
Global
e 2D partiton e -

: Local /’.
» Streaming K4 BE N\ Local sampling

 Local Sampling within

subgraphs on each host == m ! @ EE

Host 1 ,:’l Host 2
Graph Partition e

R Zhu et al, "Aligraph: A comprehensive graph neural network platform", VLDB’19.



Decoupled Propagation

» Graph propagation is the Full-batch
computational bottleneck

Full GPU Workload

» Graph computation - CPU

* Network learning— GPU

« MB: random sampling/ Mini-batch
hashing CPU+GPU Workload

Systems: A Performance Comparison of
Full-Graph and Mini-Batch", VLDB’25.

- S Bajagj et al, "Graph Neural Network Training

N Liao et al, "A Comprehensive Benchmark on Spectral GNNs: The
Impact on Efficiency, Memory, and Effectiveness", SIGMOD’26.



@)

Decoupled Propagation: SGC (cirig c

 Combine the iterative GCN (iterative)

propagations in GCN L Graph Propagation
* Reduce GPU memory overhead: HP = s(Ac(A--- AXWD .. ywL-1)
O(m) — O(S) L Weight Transformation

» No change in time overhead: SGC (decoupled)

remain O(Lm) L Graph Propagation
HO =p=A'. X 7 CPU/RAM

L Weight Transformation

HEY — o(HOWO) erdE GPU




Takeaways

« Graph computation is the bottleneck in GNN scalability

» Challenges: @ Neighbor Explosion 10E Limited Memory
* Approaches:  Graph Sampling Graph Partition
o Reduce neighborhood aggregation o Batch training on subgraphs

Graph Partition Decoupled Propagation

o Reduce subgraph size o

Transfer computation to CPU



Applications

Social Network Friend Recommendation

» Candidates are partitioned: based on
different retrieval criteria T

Geographic proximity-based partitions

ANN Index 1 ANN Index 2

« GraphSAGE sampling: fast neighbor
lookup

* MB: sampling within partitions

Entire user base

Active Users

J Shi et al, "Embedding Based Retrieval in Friend Recommendation”, SIGIR’23.
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Memory Footprint
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Time Efficiency

« Sampling: higher time overhead caused
by device idleness and transmission

* Decoupling: speed mostly determined
by graph computation algorithms

‘\ N Liao et al, "Scalable Decoupling Graph Neural Networks
with Feature-Oriented Optimization”, VLDBJ’23.
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Advances in Designing Scalable GNNs

Hardware-aware Sampling



Outline

Introduction
Classical Approaches

Hardware-aware Sampling
9:50 -10:10 Ningyi Liao

Transmission ADGNN [Z Song et al | SIGMOD'23]
GIDS [J Park et al | VLDB'24]

Computation NeutronOrch [X Ai et al | VLDB'24]
DAHA [Z Li et al | VLDB'24]

Subgraph Extraction



Transmission: ADGNN sevon2s

Global Sampling

o Full graph view
o Precision guarantee
o [lransmission overhead

Train on local partition

GPU
Graph
partition GNN model
parameters €
/! TS
_) ] :
\\ : S Input features Message
...... A : NVLink passing
— \ : - or PCle across
: : titi
\ N EGPU £ Graph partitions
: ¢ partition GNN model y,
—
\ '\ parameters
—
Input features
a) PipeGCN (full-graph)
A PCle >
/
- - GNN model
\ parameters
/
«— - :
\ \ 1.Sample 2.Load input 3. Train on local
. features batch
Graph Structure \<‘_-\ PCle » |GPU
+input features - GNN model
arameters
CPU memory P

b) DGL (mini-batch)

@)

&3

Local Sampling

o Distributed storage & computation
o Information loss

o Depends on partition



&

Transmission: ADGNN sevon2s

Balance Local & Global Sampling

* Maintain a set of effective neighbors
locally

n

S
* Only communicate for top remote £ e
o go E
nodes that reduce precision 2 °.
S T @

Precision f)

/ wk, send request Wk send request wk; send request

T — L re _ 1 )12 for;) to wkq for v to whky for 3)5 to wko,
APy = TN ; )Hu T SZ(:'k) BT PUTTE and g towk,

Local Edges Global Edges
Sampled Repr / \Sampled Repr




Transmission: GIDS wios24

Graph Structure: Parallel Sampling

« Sampling can be performed independently from NN training

 Parallel sampling for batches on CPU graph storage

i Vertex ID
Graph topo —-» 1. Sample 2 oo Gy
7

i @) 0 ON
N G- B - ™
QPO | o W g B2 00 T
CPU N : samples iR GPU
/RAM e ¢ l
Features ﬂ 2.Extract ' 'mmmp  3.Train




Transmission: GIDS wiog2a o 10

Node Attribute: Hierarchical Buffer

" ssp | ' CPU/RAM | | GPU/VRAM!
i ' PCle Read !  Read | Gy |©GPU Buffer
| e | E : i e yBatch node reuse
E i X | Direct Access
Attribute Storage \BCPU Buffer \Dynamic Access

Cache frequent nodes Maximize PCle bandwidth

J Park et al, "Accelerating Sampling and Aggregation Operations in GNN Frameworks with GPU Initiated Direct Storage Accesses”, VLDB’24.



Computation: NeutronOrch wosz4 {oF

Layer-based Computation Orchestrating

« CPU: 1st layer, from attribute to embedding
« GPU: higher layers, only process embeddings

- Feature transfer
»==) Embedding transfer

Sample -Gather Train GPU é Cﬁ)
Fu”y p|pe||ned GPU Contention A

— ®e0
GPU 1|2 3| -
CPU + PCle

41-—-
; s CPU
oPu |- 12 ®0® %Qﬁb

(a) Ideal situation (b) Actual situation




Computation: NeutronOrch sz el

Cross-batch Data Pipelining
« Hotness-aware sampling across batches on CPU

» Constrain staleness within super-batch

Sample Epoch i Super-batchi | __ Super-batch i+1
O B cru [S RSN [ Fit
POl [EE [ .. "o CEEE el
Train
GPU--——------------ooooo o [SHSITIS[TIT]-  cpu [S[S[S[SITTTITIT}(SISIs[s[TITIT ]}

Hot vertices :
embeddings update (a) Naive pipelined training (b) Super-batch pipelined training

B OE



[ ] Ll
Computation: DAHA wos24 {oF
* Profiling & scheduling between CPU and GPU computation

S ! ! Directed Acyclic Graphs (DAGs)of )
; : ;"G'N'N _I\[Ip_d_el_\ Dependent Tralnlng Operations @ C PU
(ErEpin lepeieely | sieten - iiesicies) SRt e | PN 5
Pipelined Execution of '
5 m :_:—»Sa?n';ﬁ:ng: ﬁ R ﬁ S i _ Model Training |~ Feature processing
OO0 Y | Intra-batch R . _Inter-batch © Welght transformation
Features | i % | 50 Rewriting i i i Seneduling | i o Major sampling
L_._ --------- | Feature Extractioni NS I {k
CPU T g ' E :: GPU
: Mini-batch : .
; e o Accelerate sampling
‘' _GPU i .
 Samoial % — : Graph aggregation
GPU S Rt Sampling Stage ; Tf"i".”.'f‘?. SEED pemmm eI

-~ -

Group-based In-turn Pipelining



Computation - DAHA VLDB'24]

Computation 1: Pure GPU

 Fast feature processing (dense MM)

* Long data transfer

Z Li et al, "DAHA: Accelerating GNN Training with Data
and Hardware Aware Execution Planning", VLDB’24.

@)

i

-



Computation - DAHA VLDB'24]

Computation 2: Hybrid GPU
« Shift computation workload to CPU

« Only transfer embedding with lower dimension

A T
e U e I
((cPu) | T=HW !
D i i Time-!

Z Li et al, "DAHA: Accelerating GNN Training with Data
and Hardware Aware Execution Planning", VLDB’24.

__________________________




Transmission

ADGNN [SIGMOD’23]

o Between computational devices
o Balance Local & Global Sampling

GIDS [VLDB’24]

Takeaways

Computation

NeutronOrch [VLDB’24]

o Between storage devices
o Hierarchical node attribute buffer

o Among GNN operations
o Layer- & batch-wise pipelining

DAHA [VLDB’24]

o Among data partitions
o Balance CPU & GPU computation



Advances in Designing Scalable GNNs

Subgraph Extraction



Outline

Introduction
Classical Approaches

Hardware-aware Sampling

Subgraph Extraction
10:10 - 10:30 Ningyi Liao

Partition G3 X Wan et al | SIGMOD'23]
Generation SUREL [HVinetal | VLDB23] & GENTI [Z Yu et al | VLDB'24]
Slicing TIGER (K Wang et al | VLDB'24)

Application: Hardware Obfuscation Analysis



Challenges

® Effectiveness of Efficiency

» Topology-based partition « Data transferring overhead

@ Vertex with ground-truth label — — Partitionin - ; . .
®® tonng Remote neighbor Data Partitioning Data Transferring
O O 2-hop neighbors Not involved in training feature request ) _
Q ] Batch Preparation NN Computation
Machine 1 / Machine 2 g/ GNN DNN GNN DNN GNN DNN GNN DNN GNN DNN
b - (O] 100 7 T 11
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£ £ c [ Loy
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(a) Traditional partitioning  (b) H

eavy remote neighbor request (c) GNN partitioning \‘edd\‘ Wi \,e'\o\““a\ \‘\—\'\\"\(s \-\_\a@e e\'\W\\(\—\'\T\\‘S



* Hybrid Parallelism

Partition: G3 SIGMOD'23]

« Data-parallel: graph partitions on workers
* Model-parallel: full-graph training with P2P transmission
* Pipeline-parallel: overlapped computation and transmission

part #0

L-o.. part #1

(L]
[ LEFN
o
a,
.

Input Graph
| part #2

DP Dimension

Layer 0 MP Dimension Layer 1 Layer 2
worker i @00 “":::.-- @00 @00 e o ¢ Output
W@ s o - O
E PP Dimension
worker $ @@ I 200 200 | ..
B 11 Y 200 290
voker . @O0 HINN @00 00
2@ @ o o ¢« Output
Time R
s, Out-of-Partition O In-Partition - GNN Cross-Partition P2P Intermediate
" 1-hop Neighbors Nodes Computation Communication Data Sharing

&3

@)




Partition: G3 SIGMOD'23]

« 2-stage graph partition

« Stage 1: unsupervised, minimize
global communication by
reducing cut edges

« Stage 2: adaptive updated,
balance empirical communication

(o Rxglo)
o Rag o)

{0

Stage 1:

Weighted Partitioning

1) balance per-partition comp. cost
2) minimize global comm. cost

Stage 2:
Iterative Swapping
balance per-partition comm. cost



Generation: SUREL wos2g

@)

« Walk-based Subgraph Extraction
« Sample multiple walks for each query node

« Join walks to generate a subgraph

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

Walk-based Subgraph Storage A

, Random Walks Landing Counts Pruning & Reindexing @ oo T e e e T T "
2 iy es N DRSS RN . [ Prepocessing Ol Query-based Subgraph Joining -
' Set of Walks Relative Positional Reduced RPE Array T | . : Lo 7/_\{% Joined Walk )
(M=2 by m=2 steps) Encoding X Index  Value Query g 3 ();gfoue?y 5 Query 'eVGlRPESXQ z |
........... (0) 0|0 022°2°9°23°2°2°3° X Y X, xe{ubav}
. ~- Xu,u [27 ,0] T =, g U, T V,T )
@@’@"@: oy [0,2,0] w1 0[O0k OaaOpOf @ (12.0,01,[0,0,1))

M\

@"@"@ (b) ([0,2,0],[0,2,0

0
[ogo - 0] j_\ )
@+0-®: ik ¢ gl -
e v Xy [0,0,1] ?ictionary’]—? \‘, : ®_>@_>@ @([0,0,1],[0,0 1]) .
@:@}{b}'@: 2ol02l] | | M2 RETED) L L : 6’}'@'@ - (0,0,1],12,0,0) ;|
W>O®>@: ¥ pog | || QO Q !

H Yin et al, "Algorithm and system co-design for efficient subgraph-based graph representation learning”, VLDB’22.
HYin et al, "SUREL+: Moving from Walks to Sets for Scalable Subgraph-Based Graph Representation Learning", VLDB’23.



Generation: SUR

Walk-based Storage

= VLDB'23]

» Fast neighbor access with pointer

* Reduce feature overlap

indptr § | O Oy Oust e S 1 subgraph @
indices [ e alc |elu|v @ @ S :
{ v E".O:'.:O'.:'b:'.:z';l\:/l';:'.:'.:'
SFptr D c e ]. 2 3 4 ]_ . olol1 Zu’mz
M ol =
structural : 050 Zye
features SF [0’ 0’ 0] [07 07 ]‘] [07 ]‘7 ]‘] [07 27 0] [37 07 O] U . 0| 2 Zu

{0k
Sparse Join Operator
 Remove duplicate nodes
* Reduce sparse storage
Node Level Query Level

SHONON NORO) oter D@ O W
o K (P O @ @ @ || N, OO OB
TN ©® © @0 |77 peastn ™00, SRR
Dis,6..1(1) (3) (2) (1) (&) | |50 SF 0|1 1. .0. 1)1

) ”
SG[ ] de f Q1 0234|141
SRl 01 e e N - i
SPG[U]|1|3|2|O|°|°H |1|4| | |2|1|3|0|4|0|
bool &b
mask |[T|7|T[F|[T|[F|] . |T|T] . §|2|4|3|0 10|
)

H Yin et al, "Algorithm and system co-design for efficient subgraph-based graph representation learning”, VLDB’22.
HYin et al, "SUREL+: Moving from Walks to Sets for Scalable Subgraph-Based Graph Representation Learning", VLDB’23.



Generation: GENTI pose2s

@)

* Dynamic Subgraph Extraction: streaming of subgraph sampling & join

Standard CPU Graph Storage Subgraph Extraction GFeatur_e
Temporal CSR Random Walks Subgraphs eneration
P rocess k y =d—ro k-many —t— |—‘ Featu_re
g Sample a (e c a Record || @©-9-& GPU Learning
. ptr \ — b @-c-d-v (@ a-U-b ... —> L u-a-Uu-b Gen
High CPU usage N Query@ b b @ |l@-b-1-@
indices l e gu, Network X
time | - || Sample g : 0| @lee| - o : : Sen .; DQ 1
k y Query(v B U b vob-u-a g * Prediction
timef  SAMPLE | K |‘ t 1 Subgraph
7 @ UPDATE T »-©-d-¥ Features
e ub ca e BATCH k u-a-u-b Batch Predist
GENTI Iu a—b — C ‘ ] | n GATHER _1_ u-b-f-v Gen i
vid@@ | | @t |, =——= D - DQ Y
Z, OO HI-HOH@- . | [T L[ ||| [Quen L
. . Ay, i . .
CPU-GPU pipeline ggﬁ;sa - thamgIed' pe v Subgraph p
Blckets7. Eieeschiies Collection Feature  Feature
/ GPU| Subgraph Gathering Generation Learning
CPU Graph Storage Neigh}bor Sampling —»Sequential Process —?¥ Batch Process



Generation: GENTI VLDB'24]

Time-based Storage

* Fast sampling across buckets

« Constrain time by sliding window

L i J
(a) B Stale r @Active " Sliding Window_Ji
Neighbor b e c E f | h | bottom g d a top E>
Lookup Table O 1 2 0 1 — 0 01 ,_J :
! next next next i
) ~ '
Bucket Lo Loy | Zyr Zyyr
Timestamp [0, @) l@,20) | - [(r—Deyra) [ra, (r+1)a)
Sample Weight [0,e") [e'e?) | [e" !, e") [e", e ™)
Random Number %) {za} | {23} {z1, 22}
Fetch Amount 0 1 1 2
Sampled Neighbor %) f g a d

Z Yu et al, "GENTI: GPU-Powered Walk-Based Subgraph Extraction
for Scalable Representation Learning on Dynamic Graphs", VL.DB’24.

@)

Batch Join GPU Operator

* Dense operations on GPU

« Complexity: reduce from L to VL

Source U/ NeighborV
DaabbbcR[:’i] bdeff%D
/cuiz 3 154 5 R[:,Z—l—]_]
'RANGE | Ll
0[1]2[3]4]5}Mob) —3[1[4]|Cuhcad _ Pool P
, ‘ ajd|(d|d|f|d|f|.-|—
0[1(2(0[1|0
jbc fle/ gl e ¢ —
3|4(3(1]|2]4 cib|c|ig|e|b|h —
0 1 2 3 4 5




S”Ciﬂgl TIGER moszs %

* Subgraph extraction on heterogeneous graph: based on edge triples
» Bottleneck: element lookup on disk

« Slicing: store elements of same triples together < NP-Hard

SSD Triple List Query Subgraph  Triple List Slice Cache
. . Atom 1 (@, . 3) «———Slice 1 . :
Simple Extraction @, 1, b) Slice-based Extraction
‘ Atom 2 g (qls I, C) ———Slice 2 ‘ ‘
o Random disk access 37| 1. d) ' o Sequential disk access
\ (ql’ I, e) SSD o
G o Slicing overhead
X (@ 1 2) r/ Slice3
b, ™ 3 (qZ’ I, b) .""’
g [(qo 1, D) ¥ ™ Slice 4
(Q, 1, 8)
L J e Slice 5

K Wang et al, "TIGER: Training Inductive Graph Neural Network
for Large-Scale Knowledge Graph Reasoning", VLDB’24.



Slicing: TIG

R VLDR'24]

« Slicing: match-then-generate to reduce overlap storage

« Caching: recently accessed elements in memory

Query Subgraph
O

-

Atom! (.
HCH

.....

(a) Atom-based Subgraph Data

Triple List Atsors-bas;d Existing Slices Matched Slices .\ S S

....... QP ubgrap 1 Triple List

I, a) .(b, I, q)i i1q: 5 : Sl[qaa,b9c] » Sl[q’a’p’c]_)q: [],2,6,7] Atom f 31 1 21 (f, 1, 5) (L, e)
EOHG.EO a2 aid ] Syidegk] | T Saldiedk] 1 o Fe—tfol  (Ere (e

s b.4' . . ) s 1y s Ly, ©py

T, :31)) EE ; h; é o3 i1 S;[1,¢,b,h] Rest Atoms New Slices eg ; 8 n: Z (l)é(f, r,e,) (m,r1,e)
ol T T | Sdlae] V2 Al Sdfghil gl (e frfo] (@nb (mrn

:3 Ez ; g; %g '''' o :; Ssle.m.n.] - E 3 r:..3 S,[1,m,n] e [0 ol (ere)(mre,)
) HASZ Y . n: . ’ 7 . .
rf)lieri) g:4 T i:2 | 1-D Integer Vector : :

""""" Entity : Weight ~ Sljce Matching Slice Generating Slice Encoding Slice Decoding

(b) Two-stage Slicing Algorithm (c) Atom-based Slice Storage



Takeaways

Partition Generation Slicing
SUREL [vLDB’23]
G3 [SIGMOD’23] GENTI [vLDB’24] TIGER [VLDB’24]
o 3 Parallel enhancements o Generated subgraphs may o On-disk subgraph extraction
- Communication overhead be more expressive o 2-Stage slicing and caching
persist under full-graph o Generation and gathering for batter local access

training

overhead



—valuation

Model Operations

* Hash: constantly fastest

Stream-V

& insignificant Partltlomng time N [ Training time N
w w > o w w > o w w

s 22255 45555 50252

« Metis family: fast but less L0, £22255 222255 £223
aEJ a0 TR Vee n ................... oo e

scalable £ 807 OEROND 2SI < << |
() N« clecdeoshoe XINC e o (sclooseocid S)INEoclocdeces

| | g 00] R BEketol EREENSoN PSR

» Streaming family: slow & & 0 S o [ R
. 1 IRSEERE i ...... I R € <, >< I e R ) |

less scalable [ - . — - R—
Z 0.08% Amazon 0.18%  Products 0.08% Reddit

H Yuan et al, "Comprehensive Evaluation of GNN Training Systems: A Data Management Perspective", VL.DB’24.



Training Schemes
* Mini-batch training is more scalable than full-graph training

—valuation

* Mini-batch + local sampling is effective in reducing computation

——

——

Pubmed —— Reddit

Ogbn-arxiv —— Ogbn-products

—— Ogbn-papers100M Pubmed

ratio

FG/MB

101 J

?ﬂ—":;//‘ 10

100 J

—— Reddit —— 0Ogbn-papers100m
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GraphSAGE GAT GCN
1034 1034

P——
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—— . )
/ (L 10"]
100 L
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Num Partitions
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Hidden size

Communication

-\ S Bajaj et al, "Graph Neural Network Training Systems: A Performance Comparison of Full-Graph and Mini-Batch", VLDB’25.
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Applications

Hardware Obfuscation Analysis
* Graph: integrated circuits logic gates

» Task: identify obfuscated gates & interconnections

Interconnect Obfuscation

Interconnect Obfusca

Links ]

GNN ‘ [
+
Likelihood Gate Obfuscation

label

(a) Obfuscated Designs (b) Circuit to Graph (c) Subgraph Extraction (d) Feature Extraction (e) Subgraph Classification



Outline

A0 min | Q&A
10:30 - 11:00 Coffee Breaks

25 min | Node-wise Similarity
11:00 - 1125 Sigiang Luo

20 min | Spectral Embedding
11:25-11:45 Ningyi Liao

20 min | Graph Simplification
11:45-12:05 Ningyi Liao

25 min | Future Direction: Graph+LM | Specific Data | Graph System
12:056 -12:30 | Reynold Cheng



Advances in Designing Scalable GNNs

Node-wise Similarity



Outline

25 min | Node-wise Similarity
11:00 -11:25 Sigiang Luo

Personalized PageRank GBP [Chen et al | NeurlPS'20] & SCARA [Liao et al | VLDB'22]

Pair-wise Similarity SIGMA [H Liu et al | ICDE25]

Hub Labeling CFGNN [Preprint] | HUbGT [Preprint]

Application: Recommendation Popularity

Spectral Embedding
Graph Simplification

Future Direction



Node Similarity: Schema

//, .
L~ ~
g ® L
L
8 5 T
E
mi ddslemans,,,,, 1 29,

Prediction

Neural
Network

Graph Data

Measures of
Node-wise Similarity

o Mature graph algorithms
o Richer information




Paersonalized

Page

Rank (

* A a-decay random walk:

« Stop with a probability at each step

3)

stop  jump to neighbor

1-a
tte

* |f not stop, randomly jumps to one of its out-neighbors

Node Similarity



Paersonalized

Page

Rank (

3)

stop  jump to neighbor

o I

« Random walk interpretation of PPR(s),@) :

- probability that a random walk from (s) stops at @

Node Similarity



Paersonalized

Page

Rank (

D)

D

3)

Node Similarity

 Bidirectional push for faster node-wise computation

Single Direction Push

Computation:

P Lofgren et al, "Personalized PageRank Estimation
and Search: A Bidirectional Approach", WSDM’16.

(O Source Node
O Target Node

L RN

Bidirectional Push



D)

D

R: GBP NeurlPS'20]

* Bidirectional propagation

Forward: Random Walk from ego nodes

Backward: Reverse Push from feature
vectors

* Decoupled propagation and network

* Reduced propagation complexity

0 (L\/ Lmlog(Ln) / 8)

M Chen et al, "Scalable Graph Neural Networks Via Bidirectional Propagation", NeurlPS’20.

Node Similarity

—>  Forward: Random Walk

— Backward: Reverse Push



PPR: SCARA VLDB'22]

* Feature-oriented: start from each
node attribute vector

* Pure forward scheme
* Insignificant push: control by threshold

 Significant push: compensate by
random walk

* Reduced propagation complexity

0 (\/m log(n) //1)

N Liao et al, "SCARA: Scalable Graph Neural Networks with Feature-Oriented Optimization", VLDB’22.
N Liao et al, "Scalable Decoupling Graph Neural Networks with Feature-Oriented Optimization", VLDBJ’23.

n
Feawre o [N [ | ]

Residue r(x;u)

Reserve 7(x;u)

Forward
Push

Forward
Random Walk

r(x;u)

(x;u)

Node Similarity

d(u)"

&3




PPR: SCARA VLDB'22]

* Conventional PPR: each node
possesses a scalar value

* PPR in GNN: each node possesses a
vector (feature vector)

* There are overlaps among feature
dimensions

:()- We can reuse PPR calculations
© among feature dimensions!

—

N Liao et al, "SCARA: Scalable Graph Neural Networks with Feature-Oriented Optimization", VLDB’22.
N Liao et al, "Scalable Decoupling Graph Neural Networks with Feature-Oriented Optimization", VLDBJ’23.

(1) Base s (bi,yps)

@ Non-base 7™ (xy)

2. 0; - 7(bi, yps)

7(x’, (1 =y X 0:) fs)

Node Similarity

&3

n

== ien

Base Calculation
(High Precision)

Base Combination

+

Residue Calculation
(Low Precision)



Node Similarity

Pair-wise Similarity <

« SimRank: a measure of node similarity based on neighborhood topology

« Global Similarity: distant node pair sharing the similar topology

Neighborhood

Neighborhood

Global Similarity



Node Similarity

Pair-wise Similarity: SIGMA coezs S

* Global similarity: address heterophily by graph metric

Local but
Not Similar
. Global &
A L Center A Student . .
v —— Y Projcct ® Sl Similar
o P(e)fggiahzed %ggleﬁank no W Course @ Faculty . SimRank . W Course 4 Faculty '
PPR SimRank

H Liu et al, "SIGMA: An Efficient Heterophilous Graph
Neural Network with Fast Global Aggregation”, ICDE’25.



Palr-wise Similarity: SIGMA 1cpe2s S

« Combining attribute and topological
. Node Features Adjacency Matrix
representations: - S

H=Mpy (5-Hx +(1-0)-Ha). | M0 | [ wrine |

—_—

[ Linear Combination

« Combining local and global
representations:

Skip Connection

SimRank Aggregation

N

AGG: Zy =) ,cyS(u,v) - Hy,
UPD: Z, = (1 — a) Zu + o - Hu, [ SoftMax ]

H Liu et al, "SIGMA: An Efficient Heterophilous Graph
Neural Network with Fast Global Aggregation”, ICDE’25.



Node Similarity

Hub Labeling

* Hub Labeling: adding new links to selected hub nodes, so that distant
node pairs can be easily reached through hubs

« Shortest Path: reachability and distance can be computed through labels

Indexing Querying

—————
’/

-
-

——
—~—
____________
- r~~
___________

~~~~~~~~~
~

~ -
_______

Label Connections /

O Hub Nodes (O Source Node (O Target Node \Shortest Path




Node Similarity

HUb abehﬂg CFGNN [Preprint] @

* Hub labeling: identify hub nodes
as the center of node clusters

» Distinctive message-passing: @@é @ éé ‘ OO O ©

~ \
‘ \ \ '

|str|bute
CCore
3/
VYL
AN S NNES
A NSNS “
Collect A \::\:
N
s
O e"o

® rlnge

* Fringe nodes -> Hub nodes:
collect

* Hub nodes -> Fringe nodes:
distribute

P Ip et al, "Bridging Indexing Structure and Graph Learning: Expressive
and Scalable Graph Neural Network via Core-Fringe", 2023.



HUb abehﬂg HUbGT [Preprint]

* Hub Labeling: compute node-pair
Shortest Path Distance (SPD)

* Positional Encoding: emphasize
important pairs in Graph Transformer

- KT
Hi:softmaX<Q k —I—P) Vi,

VK
° Complexity: 0(n?) (full graph)
0(s?) (within subgraph)

N Liao et al, "HubGT: Fast Graph Transformer with
Decoupled Hierarchy Labeling", arXiv.2412.04738, 2024.

@
02

0 =] & Ut = W NN~ O

0~ O U= W N~ O

= e e e
UL W= O O

=

Node Similarity

egol 2 3 45 6 7 8 9101112131415

egol 2 3 45 6 78 9101112131415

0.30

S

» Adjacency

0.20

r0.15

r0.10

r0.05

SPD

Encoding



Node Similarity

HUb abehﬂg HUbGT [Preprint] @

« Subgraph SPD: fast querying any node pairs within subgraph of a node

Conventional SPD Subgraph SPD

-
———
SN T e ———

=
\\\\\\\\

——————————

_______

~_~~
~
~

O Ego Nodes

---- Accessed Edges

Query Time 0(s) 0(1)
Index Size 0(ns?) 0(ns?)

N Liao et al, "HubGT: Fast Graph Transformer with
Decoupled Hierarchy Labeling", arXiv.2412.04738, 2024.



Node Similarity: Takeaways

PPR

SimRank Hub Labeling
GBP [NeurlPS’20] CFGNN [Preprint]
SCARA [VLDB’22] SIGMA [ICDE’25] HubGT [Preprint]

o Similar to graph convolution
with faster computation

o Scalar — feature vector

o Global similarity between
distant nodes

o Fast push computation

o Rewiring with core hub nodes
o Applicable to MPNN & GT



Node Similarity: Applications

Personal Group

I / User-User Similarity

Debiasing Recommendation
* Graph: user-item interaction
» Task: unbiased recommendation

* Global popularity: biased to top
popular items

* Personal popularity: based on
user similarity

User-Item interaction

W Ning et al, "Debiasing Recommendation with Personal Popularity", WWW’24.



Advances in Designing Scalable GNNs

Spectral Embedding



Outline

Node-wise Similarity

20 min | Spectral Embedding
11:25—-11:45 Ningyi Liao

Channel Combination LD? [Liao et al | NeurlPS'23]
TER [Wang et al | KDD'23] & SSGCL [Wan et al | ICML'24]

Adaptive Selection UniFilter & AdaptKry [Hunag et al | ICML & WW\W'24]
Application: Image Filtering

Graph Simplification

Future Direction



Spectral Embedding: Schema

7
N\

Graph Data
&
@ Spectral ;\
Analysis

I

Low Freq.'

Pa

High Freq.:

Channels

c\,{ Spectral Analysis

o Comprehensive graph information
o Explainable & controllable
o Separated graph computation



Spectral Embedding: Schema

Selective

ML @ Filtering
‘ > m Channel

/ Low Freq. \@ Combination
A
— [ — —
Mid Freq.
Neural
Graph Data \ / Network
. J\
@ Spectral }\ T H H
Analysis 'gh Freq.
Channels Spectral

Embeddings



Channel Combination

How to select & combine
useful channels?

B

=5

H

Spectral

Embeddings

Spectral Embedding

N

Channel
Combination

Neural
Network



Spectral Embedding

Channel Combination: LD? peurs2s B

* Heterophily: 1-hop message passing fails

h(u) / x(v,)
600004— 1]-1]-1]-1

o 1 \ x(v)

Aggregated representation ‘ class A
loses class information S §

N Liao et al, " LD?: Scalable Heterophilous Graph Neural
Network with Decoupled Embedding", NeurlPS’23.



Spectral Embedding

Channel Combination: LD? NeurlPS'23] 35@

» Heterophily: specifically focus 2-hop connections

2-hop Adjacency: Py=¢ (A -N)
L
Constant Feature: Px 2= Z A% X
=1
L ~
Inverse Feature: Px g = Z L' X
=1

Same Label: 40% ©)

N Liao et al, " LD2: Scalable Heterophilous Graph Neural
Network with Decoupled Embedding", NeurlPS’23.



Channel Combination: LD~ NeurlPS'23]

2-hop Adjacency:

Constant Feature:

Inverse Feature:

N Liao et al, " LD2: Scalable Heterophilous Graph Neural
Network with Decoupled Embedding", NeurlPS’23.

Py=¢ (A% N)

L
Px 12 = Z A% . X
=1

L
Pxy=) L' X
=1

& Spatial

Low-rank approximation
Long-range similarity
TN

Fine-grained details

Spectral Embedding

oS

il Spectral

Structure smoothing

Feature smoothing

- _htd -
a0l 04

Structure difference



Spectral Embedding

Channel Combination: LD? NeurlPS'23] e S

* Decoupled spectral embedding

[——Precomputation——»|« Training/Inference >

MLP

7(1) _,@l_, HL

Long-Distance
Feature Embedding

@ Linear to m and n

Low-Dimensional
Adj Embedding

@ Decoupled simple
minibatching

Approximate Propagation » Feature Embedding » Feature Transformation

N Liao et al, " LD2: Scalable Heterophilous Graph Neural
Network with Decoupled Embedding", NeurlPS’23.



Channel Combination: S3GCL jovag OF 3

« Contrastive learning: difference between low and high frequency signals

Low-Pass Cosine Parameterization Structur al Nelghbors
1 — E
Low-P
v A Full-Low
Fllter
Contrastive
Part

Full-Pass -
.::"(Z;&O %’U J

Full- ngh L Fh

A
Hi h p Contrastive
N P \/ =>n e

i
Semantical Neighbors

High-Pass Cosine Parameterization ﬂ




Channel Combination; T

* Representation based on edge-wise proximity:

IH =

min ||TT-ZZ"||%.

ZERmxk

* Eigen-decomposition:

L4

Ly 4

\ Representation

—R IKDD'23]

1 =2, w(t)- P

\ Proximity

Z = U552, w(t)Af

P=UAUT
M=U- (X2, w(t)A")-UT

B

\Edge Transition




Adaptive Selection

7
N\

Graph Data
&
@ Spectral }\
Analysis

I

Low Freq.'

Pa

High Freq.:

Channels

Selective
@ Filtering

E—

W
8

-

m

Spectral

Embeddings
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Network



Adaptive Selection

How to filter based on
learning feedback?

[\

Low Freq.:

Mid Freq.

>

High Freq.

Channels

Selective
@ Filtering

=

Spectral
Embeddings

Spectral Embedding

Feedback

.

Neural
/ Network
@ Channel
Combination



Spectral Embedding

Adaptive Selection: Unikilter jomea SO

« Spatial computation

y
Graph |
Heterophily Bias Heterophily
[ / Unigue for each hop / q
(1—h)m p .
P: M(AIX‘l‘ul) ;- u,; = COS( 2 ) lf’&;’éj,
’ 1 ifi = j.
[=0
Learnable
Weight

Spatial Domain
(Embedding Space)

K Huang et al, " How Universal Polynomial Bases Enhance Spectral Graph
Neural Networks: Heterophily, Over-smoothing, and Over-squashing", ICML’24.



Spectral Embedding
Adaptive Selection: Unikilter jomeza <SP
» Spectral explanation

y -
y Spectral Bases 1 Heterophily Bias
/ Unique frequency Unique for each hop

Monotonic relationship
of spectral bases

s —)

Spectral Domain Spatial Domain
(Frequency Space) (Embedding Space)

K Huang et al, " How Universal Polynomial Bases Enhance Spectral Graph
Neural Networks: Heterophily, Over-smoothing, and Over-squashing", ICML’24.



Adaptive Selection: AdaptKry pwwza 1S

* Understanding graph propagation as heat diffusion:

Laplacian\ H s = lin(’)l H; — 7LH;
T—0*
A=1-1L dH =0 = lim H;(I-
— =-LH g e =0
H;y1 = (I - L)H; = lim H;((1 —T)I+TD_%AD_%)

7—0t

* Krylov Subspace: fixed propagation

K (A, v)={v, Av, A?v, ..., A1V},



Spectral Embedding
Adaptive Selection: AdaptKry wwza <SP
* Renormalize propagation:

P=(1—-0l+1tD"Y24D1/2
P.=@D+(1- T)I)_l/Z(TA + (1 —7)DED + (1 — T)I)_l/z
P, = DT_%ATD;%
 Adaptive Krylov Subspace: control graph message

Kyp,x = X PXPX, ..., P 'x)

K Huang et al, " Optimizing Polynomial Graph Filters: A
Novel Adaptive Krylov Subspace Approach", WWW’24.



Spectral Embedding: Takeaways

Channel Combination Adaptive Selection
LD? [NeurlPS’23] UniFilter [ICML’24]
o 2-hop MP for global information o Link spatial & spectral computation
o Link spatial & spectral computation o Additional bias for hop-wise heterophily
TER [KDD’23]
S3GCL [ICML24] AdaptKry [WWW’24]
o Extending spectral embedding to edge-level - MP as heat diffusion

task and contrastive learning - Adjust graph normalization



Spectral Embedding: Applications

Image Filtering

* Image as graph: better depict unstructured relationships, e.g. contextual
connection of segmentations

Ll o |

(a) Original (b) Low-pass (c) High-pass  (d) Band-pass (e) Band-rejection  (f) Comb

M He et al, " BernNet: Learning Arbitrary Graph Spectral
Filters via Bernstein Approximation", NeurlPS’21.



Spectral Embedding:

Graph Propagation as Spectral Filter

—valuation

» Global view is important

for large-scale prediction 0

« Simple, invariable filters
can also capture global
view

Rel. Acc (%)

N Liao et al, "A Comprehensive Benchmark
- on Spectral GNNs: The Impact on Efficiency,

Memory, and Effectiveness"”, SIGMOD’26.

—10+1

— 151

Monomial Gaussian I\
Var-Monomial == Chebyshev | /
~#- GNN-LF/HF FiGURe

0t
Graph Scale n



Spectral Embedding: Evaluation

Graph Propagation as Spectral Filter

« Comprehensive evaluation on: efficiency, memory footprint, propagation
hops of graph filters, ...

* Insights on finding fast and effective graph filters

IQ(I)B Time (s) b(I)B Memory (GB) ROMAN
’ Fixed Varighle Bank . Fixed Variable Bank _ 0
N Liao et al, "A -
. 60
Comprehensive z HFHH H o ey
& —— A==
Benchmark on Spectral o DBDDDDQEHEQL ﬂug HF'% 2 0 \ TS,
GNNSs: The Impact on - H 9“ H9 a S ae_
. 750 3 coA
Efficiency, Memory, and TN
Eﬁectiveness" [T FB Train "1 MB Pre. MB Train 1 FB RAM [ FB GPU Z2 MB RAMMB GPU 30 "- '\_b‘
o e 32ECErhiibEiiirras ThEREECERELiiiEiiiiEEl 7
SIGMOD’26. SEEnE E8E L8 T 0 RE0E, SRR R s ko) el el 2 4 6 8 10 12 14 16 18 20
R=! Q..ODA w.gooawém%c@m(jc“om g Q_.OQA m.EoogwEmgﬁmiU%m Hop K
HEZ  FHEZFEZEo-axYNRR HEZ  EHEEFEZE - axORY
S UES E20EsS OF oHE =2 Ji= ECERa OF ZR
= >§ Sl Z >% Ohie Lz
= © = ©




Spectral Embedding: Evaluation

Weight Transformation as Spectral Filter
* Weight transformation also affects spectral filtering

—&— SAGE @ Cheb > GAT o FA < GPS

0 GCNII O GATV2 #  SGC o APPNP ©  GatedGraph
A 1-GNN e GCN - GIN ¥ Transformer
A y
12.5 12.5 Eﬁ 12.5 C
v
Y Dong et al, "Graph o o ” ” o <
Neural Networks Are More  -§ 10.0 -5 10.0% @ D E 10.0 ;
Than Filters", ICLR’25. 5 O 5 R / |5 /V\
“ 75 = 750 % 5K
< /‘\ J = W < \ <

ii

5.0{/0
B0 0
2.5 é/ - 2.5 2.5
Low Mid High Low Mid High Low Mid High
Frequency Component Ranges Frequency Component Ranges Frequency Component Ranges

Simple Variable Recurrent

o




Advances in Designing Scalable GNNs

Graph Simplification



Outline

Node-wise Similarity
Spectral Embedding

20 min | Graph Simplification
11:45 - 12:06 Ningyi Liao
Layer-wise NIGCN [KHuang et al | WWW'23]
Pair-wise ATP [XLietal | WWW'24]
Entry-wise Unifiews [N Liao et al | ICML25]

Future Direction



Graph Simplification: Strategies
R
Raw Graph —)

Sparsification

l o Static graphs structure
during learming

Sampling » Dedicated algorithms

@ : o Different graphs through
training iterations

M ﬁ) (A) > Repetitive sampling

overhead




Graph Simplification

ayer-wise Sparsification: NIGON wwves o3

af

(tNP - C

\ .......................... General Heat Diffusion U(w, p,t) =

« Coverage: smooth (GCN), PPR (GBP), HKPR (AGP)

» Applicable to decoupled architecture

w=1.1, p=0.05 w=05 p=0 w=5.0 p=1.0

0.1 — 11 7 9OorrTTT T T 02771 1
0.4 .
01| .
I N o LLL] |11 A |
0 5 10 15 20 012345678910 0 3 6 9 12 15
4 4 4
(a) Smooth (b) PPR (c) HKPR

K Huang et al, "Node-Wise Diffusion for Scalable Graph Learning", WWW’23.



K Huang et al, "Node-Wise Diffusion for Scalable Graph Learning", WWW’23.

Graph Simplification

ayer-wise Sparsification: NIGON wwves o3

* Bounds computation complexity &
approximation precision

* Nested in graph propagation



Conventional Graph Propagation

 Unified normalization for all nodes

» High-degree nodes produce
biased accuracy

X Li et al, "Rethinking Node-wise Propagation for Large-scale Graph Learning", WWW’24.

N N 00

Test Accuracy (%)

Pair-wise Sparsification: ATP wwves

~®  Low-Deg D"Y2AD~12

- High-Deg D-12AD-1?

A Low-DegAkﬁ_1
~4#- High-Deg AD-1

Graph Simplification
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Node-wise Propagation

» Specific normalization for each node

 Criteria based on degree,
eigenvector, and connectivity

X Li et al, "Rethinking Node-wise Propagation for Large-scale Graph Learning", WWW’24.

Pair-wise Sparsification: ATP wwves

Graph Simplification

&2

Propagation

Normalized
by degree

Smaller bias
& Improved acc




Pair-wise Propagation Distance
< 1|2k,
N g,

* Precompute the converged value

'(Pkei) =TT
J

* Threshold propagations closed to
converged values

X Li et al, "Rethinking Node-wise Propagation for Large-scale Graph Learning", WWW’24.

Pair-wise Sparsification: ATP wwves

Graph Simplification

"
Yay
LN
......
LN
"
L
.

&2

Propagation

Converged



Sparsification: Unifews cwzs

Entry-wise Sparsification

f
punlul = ) Toluol- palo] Hy [ 1] = ZW(I) Lj»il - Pay [

veN(u) j=1
Embedding/ \Propagation \ Weight
X Subject to prune X Subject to prune
Attribute Graph Diffusion Embedding Model Weight Representation
T g Propagate ||| | Transform | |
f ® . — | ® — |
l G . Sparsity: 25% : Sparsity: 32% :
AEFG G G
Graph Sparsification [/ Pruned Entry = Weight Sparsification [<]Pruned Entry
fe<—— Graph Propagation >|< Feature Transformation ———>

N Liao et al, " Unifews: You Need Fewer Operations
for Efficient Graph Neural Networks", ICML’25.

Graph Simplification

&2

Neighborhood

< Unimportant
Message

Center

Node \

~ Important

Message
ABCDEF[G|H I
'y A Unimportant
B
C
1 B
z E = Important
=N F
M
G Self-loop
H
0 I Diffusion T




Graph Simplification

Sparsification: Unifews cwzs o3

Sparsification <& Approximate Graph Smoothing

GNN Graph Smoothing: Spectral Approximation:
p'=argminL, L=|p-x|®+c p'Lp, 1p* = p*|l < cellp*ll.
p
\ Embedding \ Attribute \ Graph Approx Bound /

Error Guarantee:

(general) (scale-free graph)

= dada < €l pl = e =0 (1a(1 - na) 75
Sparsity/ \ Prune Threshold \ Graph Distribution

N Liao et al, " Unifews: You Need Fewer Operations
for Efficient Graph Neural Networks", ICML’25.



Graph Simplification

Sparsification: Unifews cwzs o3

Layer-progressive Sparsification

Graph Sparsification: Graph Sparsification ——

lpa+1) — Pa+yll < OCe) - llpw |l % l ﬁ%) l (%@Qé)
Embedding / +bce(1+0()llpyll é“’)’j ‘ )

\ Approx Bound

w/ Weight Sparsification:
Attribute
|H(1+1) — His)llF < €obeel|[H ||FIIW |7

Representation / + L5410y ‘Weight SpflrsiﬁcaﬁonJ } | W | W)

\ Network Distribution

N Liao et al, " Unifews: You Need Fewer Operations
for Efficient Graph Neural Networks", ICML’25.



Graph Simplification: Takeaways

Layer-wise Pair-wise Entry-wise
NIGCN [Www’23] ATP [WWW’24] Unifews [ICML25]
o MP as heat diffusion o Generalized MP norm - MP as spectral smoothing
o Personalized MP hop for o Personalized MP hop and o Personalized MM for graph

each node norm for each node pair and weight entries



Advances in Designing Scalable GNNs

Conclusion & Future Directions



Outline

Node-wise Similarity
Spectral Embedding
Graph Simplification

25 min | Future Directions
12:056 -12:30 | Reynold Cheng

Summary
Large Model RAG | Graph Transformer
Data Variant Data Deficiency | Dynamic Data

System Co-design Device-specific | Distributed Training



Conclusion

Summary: Challenges & Solutions

a% Neighbor Explosion

Node-wise Similarity

OF Limited Memory @ Multi-scale

o PPR: faster message passing
o SImRank: global similarity
o Hub Labeling: core hub nodes

Subgraph Extraction Spectral Embedding
o Partition: reduce transmission - Combination: local & global
o Generation: tailored message channels

passing

o Selection: adaptive filtering
o Slicing: disk lookup



Graph +

Future Directions

arge Models

Message-passing Transformer-based
o Mature & diverse options o Powerful & attentive
o lallored for graph data o Stackable to deep layers

o Scalable solutions

&

£ il Yo

- Protein &
Molecules

o Integrate with existing LMs

-iq-b/ Knowledge Graph scalable Rz Analysis
. i;’

divh:d
Graph Data —iEe
Management OR Retrieval ..

»

¢ Recommendation




Future Directions

M: Graph for Retrieval-Augmented Generation

Standard RAG

\. How did the collaboration Grossmann introduced Einstein to Riemannian
between Albert Einstein and Marcel l ) | geometry and used his expertise in tensor calculus to
User 6rossmann lead to the development of help his physical ideas, providing the mathematical
Query the general theory of relativity? Output foundation for the general theory of relativity.
Response
@ Albert Einstein
& Marcel 6 Prompti
arcel Grossmann rompTting <Albert Einstein>,
: apply, LLM
Database Retrieval (—] E <[> <Riemannian geometry>,
-Q — [= ) infroduced by, —>
- == Marcel Grossmann>
- <5 = ‘
—

Z Zhu et al, "Graph-based Approaches and Functionalities in Retrieval-
Augmented Generation: A Comprehensive Survey", arXiv: 2504.10499.



Future Directions

M: Graph for Retrieval-Augmented Generation

Opportunities for Graph + RAG

\. How did the collaboration Grossmann introduced Einstein to Riemannian
between Albert Einstein and Marcel l ) | geometry and used his expertise in tensor calculus to
User 6rossmann lead to the development of help his physical ideas, providing the mathematical
Query the general theory of relativity? Output foundation for the general theory of relativity.
Response
@ Albert Einstein
& Marcel 6 P ti
arcel Grossmann rompTting “Albert Einstein>,
Database Retrieval (—] E </> ap:plyy an geometry>
On » = > — [= introduced by
g ;j =\ (_] E = = <Marcel 6rossmann>
Graph Indexing  Graph Graph
& Storage Retrieval Analysis

Z Zhu et al, "Graph-based Approaches and Functionalities in Retrieval-
Augmented Generation: A Comprehensive Survey", arXiv: 2504.10499.



Example: PageRank in RAG

Standard RAG  Standard RAG

Direct Concepts \

PPR

Local Relation

PR

Global Relation

N Alonso et al, "The Mixture-of-PageRanks Retriever for Long-
Context Pre-Processing", 2024. https://www.zyphra.com/post/

w/ Chronological
Retrieval

Personalized
PageRank

w/ Chronological =

Retrieval

PageRank
w/ Chronological
Retrieval

Long Input

Chunk Input

Embed

M: Graph for Retrieval-Augmented Generation

Retrieve while Maintaining Chunk Order




M: Scalable Graph Transformer

Raw

Graph

o | |5

386 | | 88

OO0

388

Graph Tokens

— R
az
Scale -
! Pointwise Pointwise
Pointwise | | | |  Feedforward Feedforwar
Feedforward . .\
1 Y2 ’Bz rrrrrrrrr Layer Norm
Scale, Shift —<———
! —>
Layer Norm >
Multi-Head
—b Cross-Attenti
. Multi-Head
Scale 2 1 |||  LayerNom Self-Aftentl
! Layer Norm
Multi-Head —
Self-Attention
1 Multi-Hea
Scale, Shift M Self-Attention Concate
1 . | ||  onSequence
Layer Norm mP | || tayerNom | | |  Dimension
— I — I
K Input Tok Conditioning j \ nnnnnnnnnnn Conditioning ) \ Input Tokens onditioning

@ Efficient sequential
graph representation?

Sequential Input

Transformer Model

Future Directions

Output Task

/@‘5 Analyze

@ Efficient graph Transformer
architecture?



Future Directions

Graph Variants: Data Deficiency

Pretrain Contrastive

6 Transform Negatlve
% GNN

Pretrain

Graph DB
P l %ﬂ Impl|c|t = @
9 Relation Prediction

& ,.* | % Raw
o =) = @ Graph ‘
Infer Posmve

Prediction
Unseen Graph




Future Directions

Graph Variants: Data Deficiency

Example: Knowledge Sharing in Recommendation

« Challenge: Data Deficiency

o Overlap Sparsity: few overlap data
between domains

o Data Sparsity: limited data available in
some domains

 Solution: Cross-domain learning by
knowledge alignment

J Liu et al. “Cross-domain knowledge graph chiasmal embedding for multi-domain item-item recommendation”. TKDE’22
W Ning et al. “Multi-domain Recommendation with Embedding Disentangling and Domain Alignment”. CIKM’23.



Graph Variants: Data Deficiency

Example: Knowledge Sharing in Recommendation

* Challenge: Model Scalability

- Inter-domain: effectively learn domain-
specific knowledge

> Intra-domain: efficiently share knowledge
without learning from scratch
« Solution: Model disentangling

- Domain Model
- Shared Model

W Ning et al. “Multi-domain Recommendation with Embedding Disentangling and Domain Alignment”. CIKM’23.

Domain A Output

Domain B Output ~ Domain C Output

L]
A

L B[]
A I A

1

Domain B Model|; |Domain C Model
: S
]

A
________

Shared Model

!
Y ::
CTTTTTIv
Input Embedding




Graph Variants: Dynamic Data

Future Directions

M,

GNN

(3) Graph changes

Requirements:
(1) Precise

(2) Timely
(3) Scalable

Time




Future Directions

Systems Co-design: Device-Specific

Graph Storage Graph Computation
On-disk GPU-oriented
o D | O | O s |
o Large storage —{ I+ | o Limited memory
o Transmission overhead — I | . Batch processing
o Update overhead — | o Predefined operators

In-memory CPU-oriented
o Random access ' o Sequential/parallel
o Device loading . O o Dedicated algorithms

o Cache & buffer o Sparse data structures




Future Directions

Systems Co-design: Distributed Training

Host 2 Host 2

aé Neighbor Explosion

o Neighbors affected by partitioning o Local subgraph structure
- More communication for affected by partitioning
accessing neighbors o Communication for global info
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