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Research Projects

1. Graph Learning Against Homophilous Assumptions

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review) 2025.
Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI 2024.

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW 20283.

Jingwei Guo, et.al. Learning Disentangled Graph Convolutional Networks Locally and Globally. TNNLS 2022.

2. Transfer Learning Under Distribution Shifts

Zixian Su*, Jingwei Guo*, et.al. Un-mixing Test-time Adaptation under Heterogeneous Data Streams. TKDE (Under Review) 2025.
Zixian Su*, Jingwei Guo*, et.al. Navigating Distribution Shifts in Medical Image Analysis. ACM Comput. Surv (Under Review) 2025.

Zixian Su, Jingwei Guo, et.al. Unraveling Batch Normalization for Realistic Test-Time Adaptation. AAAl 2024.
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Research Project #1

Graph Learning Against
Homophilous Assumptions
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Research Background — Graphs

Spock Science Fiction Obi-Wan Kenobi

N

played characterln genre  genrc characterIn played

67 starredln% ystarredln 46

Leonard Nimoy Star Trek  Star Wars Alec Guinness

Graphs are a general language describing and analyzing
entities with relations or interactions.
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Research Background — Tasks on Graphs

4‘. ® Node-level

e.d., Node Classification

Graph-level «— Sbaranhlovel
: " _
e.d., Graph Classification 0:: ubgrapn-ieve
/Generation : 0 . e.g., Community Detection

..-" E
A —-—> Edge-level

O .
- e.g., Recommendation

http://cs224w.stanford.edu/
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Research Background — Graph Neural Networks (GNNSs)

Core Insights

B |ntegrate both node features and graph topology via either a
message passing framework or a graph filtering operation.

» Spatial-based Methods » Spectral-based Methods
Z; = upd(Xi9fagg({Xj ‘ ij S Nl})) 1 = Ugy/(A)UTX
8y(A)
;. ........ > " Message Graph
Bl Passing Filtering
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Research Background — Unified Framework

Optimization Objective

B Can be interpreted as different solutions to the same graph
denoising problem:

arg min a|| X — leg + (1 — atr(ZTLZ)

Z 1 1
I I 2 Hdegl._7zi—degj_7sz%
(v,v))EE
keep close to the smooth node features
original features across the graph

Ma, Y., et.al. A unified view on graph neural networks as graph signal denoising. CIKM, 2021.  Zhu, M., et.al. Interpreting and unifying graph neural networks with an optimization framework. WWW, 2021.
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Research Motivation & Challenges

|dealized Scenarios

h = # intra-class edges / # total edges

B Homogenous Node Relationships B Homophilic Linking Patterns

Friend local smoothing = class-1 local smoothing

mm class-2 ‘ ~~ l

‘ ‘ Friend wciass3s @ /‘

Friend T ®

® o ;

® & ®
h=0.86

® @

Friend ‘

© et O
@
Conventional GNNs assume homogenous node interactions
and employ neighborhood smoothing.
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Research Motivation & Challenges

Real-world Scenarios

h = # intra-class edges / # total edges

B Entangled Node Relationships B Heterophilic Linking Patterns
Family & ==z, _ local smoothing = class-1 ‘Iocal smoothing
Friend l: .:‘ ] ol O B class-2 ~~ Il
Bl class-3 ‘
- . A T\
® ® ¢
®
e ® h =0.29

Tt ®
@
Conventional GNNs assume homogenous node interactions
and employ neighborhood smoothing.
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Solution #1: Local-Global Graph
Disentanglement

Self Introduction
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Proposed Solution #1: Local-Global Graph Disentanglement

Our Findings (on existing graph disentanglement):

<

<
(=}

\H
l'_"'--"""fi

Layer Input

R
X

- N
‘ . . :
- - LN
= N . -“ o '.“ :
-," h . 8 F P 8
! . Y » s Vee :
Py | .'.:‘ « -.‘\ ne -
-f conc%ate “0 “‘ - i .. , 'E . ‘o 3 ' .
) \4 ' e i - "
channel 3 ”’ 0..:-“¢ " o e
T Layer ‘e, m e .
- - . - v .-
Extract features specific to each factor.  Qutput = R
: ...'. *
m ammnn
|
] L] .
v » Synthesized 4 Factors
|

DisenGCN relies on a routing mechanism  “disentangled locally yet
for local neighborhood partition. entangled globally”

Jianxin Ma, et.al., Disentangled Graph Convolutional Networks. ICML, 2021.
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Proposed Solution #1: Local-Global Graph Disentanglement

Our Modifications:

Local Disentanglement OCZI
x. Space

I Vol ]
| Z, 1" Z, ol
Z Z . 7. A
vhl v‘)’l I = I l_ GCN Aggregation YT PrrIIL I zvl,l ngsl
— d —
= = | Tm =" = |
7 z | ® Z, " Z
VI,Z auw VQ,2 * i . = = —_ . v1,3 V9’3 * . maw .
I vy,2 Z 9,2 z“’lg " zv9e3 ’ GCN Aggregation |
Z,3  Zy3 | e e ) I | |
I Ll‘-'l,]‘ -_\ ,\ - - Lb'z?l— _~ ' \ - ng,l ; \/._’- : B I
AL~ < <
. a3 T vo, 3"
1) V] 2
(L |
Neighborhood Routing Mechanism | Enhance Inter-Factor Diversity and Intra-Factor Consistency |

» Gaussian Mixture-based Latent Space Regularization
> Global Message Passing along Latent Node Relations

Jingwei Guo, et.al. Learning Disentangled Graph Convolutional Networks Locally and Globally. TNNLS, 2022.
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Proposed Solution #1: Local-Global Graph Disentanglement

Empirical Results

DisenGCN

Accuracy
+7.4% on
Social Nets

1.0

0.4

Notable

- Block-wise

’ Pattern

LGD-GCN (Ours)

Methods Blogcatalog Flickr
MoNet [69] 74.7+0.4 74.6+0.5 61.7+0.7 61.6x+1.0
GCN [6] 73.8+0.3 72.9+0.4 56.6+0.4 57.6+0.3
GraphSAGE [10] | 73.7+0.3 | 73.0+0.4 | 56.3+0.4 | 57.0+0.4
GAT [11] 56.7+5.0 57.5+3.2 45.1+1.0 45.1+1.4
SGC [12] 745+03 | 73.7+04 | 61.4+02 | 60.6+0.3
JK-Net [13] 76.5+0.3 | 75.840.5 | 64.6+0.4 | 64.1+0.4
DisenGCN [17] 86.5+1.3 86.4+1.2 75.84+0.6 76.7+0.6
IPGDN [18] 86.9+0.9 | 86.1x1.1 | 75.9+0.5 | 76.8+0.6
FactorGCN [47] 78.4+1.3 77.6x£2.1 47.0x1.7 45.4+2.0
LGD-GCN (ours) 93.7+0.4 93.9+0.4 85.5+0.6 84.0+0.8

Jingwei Guo, et.al. Learning Disentangled Graph Convolutional Networks Locally and Globally. TNNLS, 2022.
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Synthesized 4 Factors

“disentangled both
locally and globally”

Jianxin Ma, et.al.Disentangled Graph Convolutional Networks. ICML, 2021.
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Solution #2: Edge-Splitting Graph
Neural Networks




Proposed Solution #2: Edge Splitting Graph Neural Networks

Conventional Smoothness Assumption

Two connected nodes mostly share task-beneficial similarity. |
Disentangled Smoothness Assumption (Ours)

Next Layer 7 7. T 7 Two connected nodes share similarity in some features, which could
SR U . o Ly (R S be either relevant or irrelevant (even harmful) to learning tasks.

| Task-Relevant Topology |

' A GNN( Z; A;) '
{ A ,fx,zm} —’Zf Our ES-GNN addresses
- -

A X > % .\Task-lrrelevant Topology Clor:‘eslg\t/::;y Y hetero P hilic grap ns by

" A partitioning network
. GNN(Z; , AR) . .
A,R(. &’ — 7 topology, and disentangling
node features.

«—— Edge Splitting Layer — | «— Aggregation Layer —» |

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, 2024.
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Proposed Solution #2: Edge Splitting Graph Neural Networks

Key Components
® Residual Scoring Mechanism

NextLayer Zp—Zg , Zg<Zp AR j) = AR(ij) = % j
| | Ar(ij) T Areg) = 1
| Task-Relevant Topolo |
{ A > This gives us Ag(; ) = ﬂi and A ;) = ﬂﬁ- with
R GNN( Z, AR) -1 < o;; < 1. To effectlvely quantify the 1nteract10n (or
{ A Zg 7} Zy ) -
. ® . v ai; = tanh(g [Zgpi,) ® Zrji,) D Zrjj) D L) )
D Irrelevant
A X >@ Task Irrelevant Topology Consistency
O m '
GNN(Z, Ax) t Irrelevant Consistency Reg.
IR ZIR
// Prediction.

y: = softmax(W}Zy.), +br),Vo; € V.
/ / Optimization with Irrelevant Consistency Regularization.
Licr = Z(‘L LJ)ee(l 5(5’2?5'3))”Z1R[i,:] — ZlR[i#]”é'

cpred - IVt Ven| ZZEVm Yi log(yz)
Minimize Epred + AIcRLICR-

«—— Edge Splitting Layer — | «— Aggregation Layer — |

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, 2024.

Jingwei Guo Self Introduction
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Proposed Solution #2: Edge Splitting Graph Neural Networks

Theoretical Justification

m Conventional GNNs
Graph Denoising Problem

argmin ||Z — X||5 + ¢ - tr(Z'LZ)
Z

Our Analysis l L=1Ls+ Ly

argmm |Z — XHz—l—§ tr(Z' LgZ)

Possible classification-
harmful information could be

preserved in Z

Self Introduction

B QOur ES-GNN

Disentangled Graph Denoising Problem

: a,rgmln |Zgr — Xir|5 + || Zir — Xig||5

. IZR ZiRh

+ f tr(Zl LRZR) —+ f tT(Z[RLlRZIR) :
" where Ly =Dg— Ar,Lig =D — AR I
S.t. AR  m AIR = A

Possible classification-harmful
iInformation can be excluded from

/., & disentangled in Z
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Proposed Solution #2: Edge Splitting Graph Neural Networks

Empirical Results

Node classification accuracies (%) over 100 runs. Error Reduction gives the average improvement of ES-GNN upon baselines w/o Basic GNNs.

Datasots Heterophilic Graphs Homophilic Graphs

Squirrel Chameleon Wisconsin Cornell Texas  Twitch-DE  Actor Cora  Citeseer Iubmed Polblogs
GCN [30] 55.2=15 67.6x2.0 59.5=3.6 52.8+6.0 61.7+3.7 74.0+1.2 312413 |79.7=12 &95+17 787+1.6 89.4+09
SGC [6] 50.7=13 61.9+£26 53.7x39 512409 514422 73.9+13 309+0.6 | 79.1=1.0 €699+20 76.6+1.3 89.0%+1.5
GAT [26] 54.8=22  673%212 57945 50.4+59 554459 73.7x13 30.5+1.2 | 82.0=1.1 6&99£17 78.6+2.0 87.4+1.1
NeuralSparse [48] 40.0=1.6  60.5£2.0 70.8=34 64.1+£5.5 66.4+57 713x+13 355+1.1 |785=14 69718 79.1+12 89.3+0.9
GCN-LPA [49] 542=11 63.4%1.9 63.3=3.7 65673 61.2+76 74.0x+1.2 378+0.9 |80.4=15 69717 797+13 89.7+0.8
DisenCGCN [66] 424-16 584+23 781+4.0 774+44 713+57 735+1.7 36.7+12 | 81.5+-13 69.2+1.7 B00+1.6 89.5+0.9
FactorGCN [33] 56.6—24  69.8+2.0 64.2+48 50.6+1.8 69.5+65 73.1+1.4 290414 | 75.2—-1.6 6Al.6+20 729423 879+1.7
VEPM [71] 50.3=1.7 67.3%21 55.6=49 512+7.0 b55.8+43 733+12 293+1.1 |822=12 69.1+19 788+16 89.5+0.9
DisCNN [72] 55.1=4.8 68.2+1.9 54.6=54 52.0+5.7 60.6+3.9 69.2+08 302+13 |782=14 66.2+22 77.6+1.7 89.64+0.9
GEN [13] 36.0-40 576431 833136 810439 783480 741414 37311479813 697116 789117 B89.61L14
WRGAT [14] 39614 577116 8294145 792435 805461 700413 3B64t11 | 717215 641419 733121 8821412
H2GCN [10] 45119 6294119 82.6140 796449 798173 7314115 384110 |814-14 687120 78.0L20 89.0L1.0
FAGCN [18] 504—-26 68.9+1.8 823+44 794455 803+55 741+14 379+1.0| 82613 703+1.6 80.0+1.7 89.3+1.1
GPR-GNN [11] 541216 696117 827141 799453 817449 740416 380111 | 815215 6964117 798113 895108
GloGNN=+ [23]  63.3=12 714420 849142 B20435 814456 728411 382112 |809=14 705119 768121 B89.6108
ACM-GCN [46] 67.0-1.3 75.3122 843145 821449 822459 742409 366110 | 81310 694117 795114 89.6109
GOAL [47] 579-09  71.3+2.0 70.5+5.1 549+6.6 72.04+74 685+15 363+1.0 | 80.6—1.4 A9.7+20 787+1.3 88.7+1.6
ES-GNN (ours) 624=14 72.3%21 85.3-4.6 82.2+4.0 82.3%5.7 74.7+11 38.9+0.8 £83.0=1.1 70.7t17 80.7+1.4 89.71+0.9
Error Reduction ¥ 11.5% 6.4% 11.0% 11.7% 9.4% 2.2% 3.2% 3.3% 2.3% 2.6% 0.5%

Heterophilic vs.

(a) Chameleon

Block

Homophilic

TR S -

~
-

1: Task-Relevant

Block

2: Task-Irrelevant

ES-GNN disentangle task-relevant and irrelevant features, showcasing

Self Introduction

universal adaptivity on different network types.

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, 2024.

19



Solution #3: Diverse Spectral Filtering
Framework

Self Introduction

20



Proposed Solution #3: Diverse Spectral Filtering

New Graph Heterophily Insights From a Broader Context

® Edge-level

B Subgraph-level

mu class-1
B class-2
mm class-3
mm class-4
Bl class-5

label similarity / dissimilarity structure similarity / dissimilarity

Pairwise Distinction

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.

Regional Disparity
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Proposed Solution #3: Diverse Spectral Filtering

Most spectral GNNs

K
L = gw(_L)X = Z WiPL)A assumes homogenous

k=0 7

v - Polynomial Approx. with — distriputions between
Filter Function -+ Shared Parameters for each _ _
K-hop Neighborhood ~ different graph regions.
. bo O 0 We augment the original
7 — 0 b 0|, i)x Parameters into node-specific
sl IS S S ' filter weights to model diverse
0 0 - By regional patterns. @

Self Introduction
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Proposed Solution #3: Diverse Spectral Filtering

Label Homophily

h \{(Ul’vj)IY!z‘Yéll\(Uij)eg}l

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.

v

Definition 1 (Local Label Homophily). We define the Local Label ,
Homophily as a measure of the local homophily level surrounding
each node v;:

{(vp,09)|yp = yq A (vp,0g) € &}
i k|

Here, h; directly computes the edge homophily ratio [50] on the sub-
graph made up of the k-hop neighbors, and &; ;. = {(vp, vg)|vp, v4 €
ik A (vp,vg) € &} denotes its edge set.

hi =

Definition 2 (Local Graph Frequency). The Local Graph Frequency ,

is defined by measuring the local smoothness level of the decom-
posed Laplacian eigenbases, and'forreachhnodew; we have:

A —

1
ni =
(vp, vqb€8,k ,/degp ‘/deg

where A, ; denotes the frequency or smoothness level of each Lapla-
cian eigenbasis u;, upon the subgraph induced by the k-hop neigh-
bors. Since all summed elements in Eq. 1 are positive and &; ;. C &,
we can always have a &; € (0, 1) such that A, ; = €A,

un,q)2

Self Introduction
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Proposed Solution #3: Diverse Spectral Filtering

. Chameleon -  oquirrel . GChameleon w  Squirrel
a6 22 32 1.00
§4 |5 S 4 0.75
3. 10 gy zz
L 0.5 1 .
0 0.0 N 0 Ill-_Il. Iu_u_llllnlll 0.00 |I.__ .|||...|||||I||I_|I.
0 2 4 6 19-81 0 1 2 3 4 S ‘2’1 0 2 4 € - 0 2 4 B o
_w  Cornell e Texas = Cornell v Texas Fvident region =1
4 4 disparit b
5. 3 :’ isparity can be
O o
Q 2 2 @ 5 2 |
x ; o | N . observed on Real-
00 02 04 06 08 1.0 0 1 2 3 4 9] 0 2 4 6 8 0 2 4 6 8

le=1 le-1

- Wisconsin o Photo . Wisconsin . Photo WO F|d G raphS ;
>\1.0 2.0 20
% gi ' : l 1.5
@

0

1.0
| 05 |
Il_ O Be_ 0.0 IIII---I---Illlllll-_
0 1

2 3 4
1e-1 1e-1

(a) Local Label Homophily (b) Local Graph Frequency

>N
8
§ 6
1.0
O
0.4 o4
Y o
L

0.0 0.0
D 2 4 6 04 05 06 07 08 09 10

1e-1

o N

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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Proposed Solution #3: Diverse Spectral Filtering

Reshaping Homogenous Spectral Filtering

Scalar coefficient Graph frequency
N l K '
_ S S _ T
Z=)S-U, S,= ) aP(A)UIX
n=1 k=0
Hadamard product The i-th element of vector coefficients
N l 1 K
_ Q Q () — I
z=)S,0U, S,() = ) aP(4, )UIX
n=1 1 k=0 !
Vector Local graph frequency

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.

Self Introduction

X is taken as on

e-dimension as an exa e
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Proposed Solution #3: Diverse Spectral Filtering

Approximation Irick

Proposition 1. Suppose a K-order polynomial function f : |0, 2| —
R with polynomial basis P, (-) and coeflicients {ay }I’:':O in real num-
ber. For any pair of variables x, x € |0, 2] satisfying x = X where &
is a constant real number, we always have a functiong : [0,2] - R
with the same polynomial basis but a different set of coefficients

{ﬁk}fzo such that f(x) = g(x).

K
Z =) diag(B,. b, - B PrA)X
k=0

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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Proposed Solution #3: Diverse Spectral Filtering

Key Designs

m | ocal and Global Weight Decomposition

Pri < Vit O,

Y,
beemmmm--- » |ocal diverse node contexts

B Position-aware Filter Weights

arg min ||PY — PH% + Kltr(PTﬁP) + 16 || PP — IH%
P

P denotes node positional embeddings

o = o,(WOPY + b®) k=12.-.K

Self Introduction
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Proposed Solution #3: Diverse Spectral Filtering

Empirical Results — Classification Accuracy

Table 2: Node classification accuracies (%) + 95% confidence interval over 100 runs.

Datasets Heterophilic Graphs Homophilic Graphs

Chameleon Squirrel Wisconsin Cornell Texas Twitch-DE| Cora  Citeseer Pubmed Computers Photo
GPR-GNN [9]  69.01+0.50 55.39+0.33 82.72+0.85 80.81+0.78 81.66+1.02 74.07+0.18 | 89.03+0.20 77.63+0.28 90.10+0.44 92.34+0.13  95.34+0.09
DSF-GPR-I 71.18+0.52 57.08+0.29 87.64+0.79 84.76+0.90 85.44+1.05 74.58+0.16 |89.64+0.20 78.03+0.26 90.26+0.08 92.49+0.12  95.64+0.07
DSF-GPR-R 71.64+055 58.44+030 87.43+074 84.93+090 85.56+093 74.81+0.14 | 89.63+0.17 78.22+029 90.51+0.07 92.80+0.12 95.73+0.08
Our Improv. 2.63% 3.05% = 4.92% - 4.12% 3.9% 0.74% 0.61% 0.59% 0.41% 0.46% 0.39%
BernNet [20] 70.59+0.42  56.63+0.32 85.00+0.94 82.10+0.95 82.20+0.98 74.45+0.15 | 88.72+0.23 77.52+0.29 90.21+0.46 92.57+0.10 95.42+0.08
DSF-Bern-I 72.95+0.53  59.45+032 88.23+0.81 85.07+0.93 84.59+1.07 74.96+0.15 | 89.05+0.22 78.32+0.27 90.40+0.10 92.76+0.10  95.73+0.07
DSF-Bern-R 73.60+053  59.99+030 88.02+0.91 84.29+0.93 84.42+1.00 75.00+0.15 |89.10+022 78.27+026 90.52+0.10 92.84+0.10 95.79+0.06
Our Improv. 3.01% : 3.36% - 3.23% 2.97% 2.39% 0.55% 0.38% 0.80% 0.31% 0.27% 0.37%
JacobiConv [42] 73.71+0.42 57.22+0.24 83.21+0.68 82.34+0.88 82.42+090 74.34+0.12 | 89.24+0.19 77.81+0.29 89.50+0.47 92.26+0.10 95.62+0.06
DSF-Jacobi-I 74.88+039  58.26+0.26 85.34+0.74 84.54+0.81 83.68+1.12 74.65+0.13 | 89.54+0.19 78.18+0.26 89.78+0.09 92.38+0.11 95.76+0.07
DSF-Jacobi-R  75.00+038 59.23+027 86.13+070 84.39:088 84.46+081 74.75+0.15 |89.66+0.19 78.23x025 90.07+010 92.44+0.11  95.75+0.08
Our Improv. 1.29% 2.01% 2 2.92% 2.20% 2.04% 0.41% 0.42% 0.42% 0.41% 0.18% 0.14%

DSF can be readily plug-and-play in multiple spectral GNNs and
consistently improve their performance.

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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Proposed Solution #3: Diverse Spectral Filtering

Empirical Results — Interpretable Analysis #1
® Traditional Spectral Filter (BernNet as an Example):

1.4
1.8 /\ 1.2 \ 2.5
N 1.0 ' /
—1.4 - —_1 \ _2.0
< =< = / <
T~ £ 0.6 < \/ < 1.5
i N 1.0 Lo
0.2 .
0.6 0.9 | | | 0.5 \\_,__/\
00 05 10 15 2.0 00 05 10 15 2.0 200 05 1.0 15 2.0 00 05 10 15 20
A A A A
(f) Chameleon (h) Squirrel (3) Comell (b) CiteSeer
| |
B Qur Spectral Filter (DSF-Bern):
P :
2.0 / 1.6 | 30
3.0 AN\ 7\ -
~< 7\ — < 2.5{ — N/ S A 4 t
S0 X N 7 AR \\ /// v ® N o
Centroid-1 \\ // ol (ﬁn:m‘d :\ / 1.2 Controid 1 2.01 T r~ry‘r:r:1
os|l— entroid-2 \w// 2.0 1 ::':23‘: N\ /;/ —— :::.::; ‘.. — O -....:l ?.:;.‘\
o Centroid-4 T Eer-tmwji \\\/ 1.0/ 1.54 ::rvu:: k /ﬂ\:
00 05 10 15 2.0 0.0 05 10 15 2.0 00 05 1.0 1.5 2.0 0.0 0.5 1.0 15 2.0
A A A A
(a) Chameleon (b) Squirrel (c) Cornell (d) Citeseer

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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Proposed Solution #3: Diverse Spectral Filtering

Empirical Results — Interpretable Analysis #2

o~

—~

e e
- - L N |
o w_»” \ —— .....
= -
\\

1

-— ~ r g - 3 _~- . 7 =
TN [y _oll ’ ) . A
poe- - ’ ‘
: b AT v
- 2 4 S
5 rd w ~ —
p A TS A
L *
\ - 'I ~

'-‘n
b

Chameleon Squirrel

DSF captures regional disparity with node-specific filter weights.

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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Solution #4: Spatially Adaptive Filtering
Framework




Proposed Solution #4:. Spatially Adaptive Filtering

Deep Delve into Spectral GNNs

/= UgW(A)UTX Fo-nn-- » theoretical spectral filtering

K K
=g,(L)X = ) yP X = ) 0 AX
k=0 k=0 3
practical spatial aggregation

® What information is essentially encoded by spectral GNNs In
the spatial domain?
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Proposed Solution #4:. Spatially Adaptive Filtering

Cross-Domain Interplay via Generalized Graph Optimization

Z

m /, refer to node representations . D
2 P Arbitrary Linking Patterns

B (X IS a trade-off coefficient

= yH(I:) = Uy,(A)U’ determines propagation rate where 75(4) = 0O
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Proposed Solution #4:. Spatially Adaptive Filtering

0L
» Closed-form Solution a_z = ()

2 =1+ : ; am(ﬁ))‘lX = gy,(ﬁ)X = Ug, (A)U'X
Spectral Filter as a function of yg( - )::8,(4) = (1 + 1 ;a}’e(ﬂ))_l
> |terative Solution Z®) = Z*=1 — %% PR
70 = oX + (1 — a)A”ewZ(k_l)
New Graph Struoture: A" =1 - (L) = 1- ——(g,(0)"' =)’
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Proposed Solution #4:. Spatially Adaptive Filtering

Desirable Properties on the Newfound Graph A"

B Non-locality
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Figure 1: Distributions of connected nodes in the new graph based on their geodesic/shortest-path distance (as A; ;) in the
original graph. Nodes, distant in the original graph (A; ; > 1 in x-axis), can be linked in the new graph (Number > 0 in y-axis).

B Signed Edge Weights — Global Node Label Relationships

B Qriginal Graph Positive Edges of New Graph I Negative Edges of New Graph
88% 91%

71% 72% 255 )
25 .fb Yo ,
= 65% f’g’
g =
= 0.41 0.42 Q
o 0.30 0.30 =
T | 023 0.22 a

I | —
Chameleon Squirrel Texas Cornell Roman-empire

Figure 2: Left y-axis: Homophily comparison between original and new graphs, considering only positive edges (blue and
yellow bars). Right y-axis: Percentage of edges connecting nodes from different classes, identified by negative edges (green bar).

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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Proposed Solution #4:. Spatially Adaptive Filtering

Overall Framework

(Spectral Domain )

g(:l)

SAF leverages the

O o  Poyroma , Y adapted new graph by
/S Filterin - . .
« I spectral filtering for non-
. = > Structure;«daptation é - Y IOcaI ag g reg at I On Wlt h
aplacian | ¢ * sighed edge weights.
Matrix ) : — New Edge
[ Spatial Domain ) Positive Weight Ka
szggjere X —_— | 1:[:_:::::_ Ya
Aggregation Add ressS.
® L ong-range Dependency
Figure 3: [llustration of the proposed SAF framework, where - :
varying node colors represent different node labels. - H eterOph | I IC G Faph L| N kS
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Proposed Solution #4:. Spatially Adaptive Filtering

Empirical Results

Table 1: Semi-supervised node classification accuracy (%) -

- 95% confidence interval.

Method Cham. Squi. Texas Corn. Actor Cora Cite. Pubm.
BernNet 27.324+4.04 22.37+0.98 43.01+7.45 39.42+49.59 29.87+0.78 82.17+0.86 69.44+0.97 79.48+1.47
SAF 41.82+1.74 31.774£0.69 58.04+3.76  52.494+8.56 33.50+0.55 83.57+0.66 71.07£1.08 79.51+£1.12
SAF-¢ 41.88+2.04 32.054+0.40 58.38+3.47 53.41+5.55 33.84+0.58 83.79+0.71 71.30+0.93 80.16+1.25
Improv. 14.56% 9.68% 15.37% 13.99% 3.97% 1.62% 1.86% 0.68%
Table 2: Full-supervised node classification accuracy (%) + 95% confidence interval.
Method Cham. Squi. Texas Corn. Actor Cora Cite. Pubm.
BernNet 68.53+1.68 51.39+£0.92 92.62+1.37 92.13+1.64 41.71+1.12 88.51+0.92 80.084+0.75 88.5140.39
SAF 75.30+0.96 63.63+£0.81 94.10+£1.48 9295+1.97 4293+0.79 89.80+0.69 80.61+0.81 91.494+0.29
SAF-¢ 74.84+0.99 64.00+£0.83 94.75+1.64 93.28+1.80 42.98+0.61 89.87+0.51 81.451+0.59 91.521+0.30
Improv. 6.77% 12.61% 2.13% 1.15% 1.27% 1.36% 1.37% 3.01%

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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Research Project #2

Transfer Learning Under
Distribution Shift

Self Introduction




Research Background — Distribution / Covariate Shift

—Corruptions

Noise

95%

Learned |: 3% ] Truck X

Features eoe oo
1%

Source Bicycle X
- Image styles cary
Photo Art-painting Cartoon
Bicycle X
Target

Distribution shift may cause model
performance degradation.

Lei Zhang et al. Transfer Adaptation Learning: A Decade Survey, 2022. Fuzhen Zhuang et al. A Comprehensive Survey on Transfer Learning, 2020.
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Research Background — Test-time Adaptation (TTA)

TABLE I: Comparison of different transfer learning settings.

Topic No Source Data®  No Target Labels™ Online Adaptation = Model Agnostic

Supervised Domain Adaptation
Unsupervised Domain Adaptation
Source-free Domain Adaptation
Test-time Training

Test-time Adaptation

NN N X X
NN NN X
NN X X X
N X

Note: * denotes particular constraints during the adaptation process.

pre-trained . _
s anan omne - % Given any pre-trained

Hsblmengg - model, TTA aims to adapt
mini-batch #1 —b | (e it at test-time towards the
o oo - unseen and unlabeled
it o . data streams.

"distribution shifts"

Target Domain Online
Data Streams

Jian Liang, et. al. A Comprehensive Survey on Test-Time Adaptation under Distribution Shifts, 2024.
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Solution #1: Unraveling BN in TTA
under Small-batch Data Streams




Proposed Solution #1:Test-time Exponential Moving Average

Batch Normalization in Domain Adaptation

Parameters How are they learned during training? Testing

exponential moving average with momentum m :

p—mp+ (1 —m)p,

o’ — mo’+(1—-—m)o;
n, o Fixed
1 N 1 N
_ , 2 _ & o 2
Hy = 3 DX 04 = 3 (% — )
1=1 1=1
v, B updated by gradients Fixed

Normalization statistics are associated with domain characteristics.

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAl 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Mini-batch Model Degradation

15 batch
TENT / Ours (TEMA) / BS=2 wm/mm BS=16 mm/mm BS=200
(a) 0.30: (c) 1 00
§ 0.25- L 0.80
= . o
8)0.20 Q: 0.60
R = O
g 0.151 I.It.l 0.40
Y
0.10 0.20
0.05 0.00
Steps - TENT 15! batch 214 hatch 34 batch
() 0.30 @ .50 i »
c 0.25 2 g0- 352200
o v
= . v
= 0.20 > 6.0 t
= O BS =64
£ 0.15| TCumiodempiindgiml | o,
= o
x O
0.10- 2.0- -&- TENT
A -~ 0urs
B5=2
005 DU TENA) 0.0 T ENT VS Ours (FEMA) Online Test Batches (Class =10)

>

Traditional TTA methods tend to degrade on small-batch data streams.

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAl 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Mini-batch Model Degradation

Proposition 1. Given an infinite sample space where each

sample is independently and identically distributed (i.i.d)
with an equal probability of selection for each category. Let
M denote the number of distinct categories contained within
a given batch, and K be the category number in total. For
a batch of size N, the expected number of unique categories
(also referred to as category diversity) is given by:

K T k—1 ~k
CN—1CK

E(M|N) = Z e - k- ’ (2) 15! batch 214 batch 3™ batch
k=1 N+K-1

where C denotes the combination symbol in Combinatorics.

Take CIFAR-10 dataset as an example:

th — 2, E(Mt‘]\rt) — ].82 < E(lWS\NS)

N, = 200, E(M,|N;) = 9.57 ~ E(M,|N,) Online Test Batches (Class =10) .

15t batch

Class diversity discrepancy obscures true distribution shifts.

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAl 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Mini-batch Model Degradation

15t batch
TENT / Ours (TEMA) / BS=2 wm/mm BS=16 mm/mm BS=200

(a) 0.30: (c) Lo
= 0.25 B
go.zo- _

0.10 0.20- -
0.05 at 0.00 st rd
eps - TENT TENT Ours(TEMA) 15" batch 20d hatch 3 batch
_ = >
A

e
=
0
O

Error Rate
(an ]
()]
(-

Running
C

(b) 0.30- (d)
c 0.25 Z
:
= (.20 Q
2 A
S o.15| [ mhndepdaiainly | o
= 0
* 0.10- o ~&- TENT
n.r‘=? -~ QOurs
295 Steps - Ours(TEMA) TENT v.s. Ours (TEMA) Online Test Batches (Class =10)

>

TTA methods degrade on small batches due to reduced class diversity.

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAl 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Exponential Moving Average at Test-time

ema ~ batch B ~ema Proposition 2. Given the iterative rules of TEMA defined in
He o = T [y ™ (1 m) Hi—1 Eq. 3 and 4, it yeilds the i-th term as a cumulative sum of the
ema? batoh2 ema 2 past batch statistics weighted by wg = (1 — m)* for initial
Oy — M- 0y + (1 —m) - ;" batch and wy = (1 — m)*Ym fort = 1,2,...,4. Let ¢
be a threshold defining the effective sample batch, such that

B |Larger m emphasizes local batches only batches with a relative weight wy /w; > € are included.
Then, the expanded sample scope for statistical estimation in

B Smaller m prioritize global statistics TEMA can be formally expressed as Ny = |log,_,, €| - Ny.

We apply grid search to . E(M,|N,) . N,

m 1

objective that balance local A S .

Y } '
and global statistics. Aligning Class Diversity & Sample Scope

tune m, guide by a tailored 215 min;| E(M,|N;) L+ M- ﬁs
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Proposed Solution #1:Test-time Exponential Moving Average

Empirical Results — Error Reduction

Continual CIFAR-10-C CIFAR-100-C
200 64 16 4 2 1 Avg. | 200 64 16 4 2 | Avg.
Source | 43.50 4350 43.50 43.50 43.50 43.50 4350 | 46.45 46.45 4645 46.45 46.45 4645 | 46.45
TENT 19.55 26.32 74.07 85.07 88.69 90.00 | 6395 | 61.12 86.49 96.07 98.40 98.79 99.00 | 89.98
CoTTA | 16.24 17.65 3436 78.88 &7.79 90.00 | 54.15 | 32.68 34.30 47.52 92.62 97.84 9896 | 67.32
E SAR 20.40 20.74 22.89 31.35 40.32 89.83 [ 3759|3190 35.89 5484 66.08 73.24 9891 | 60.14
AdaCont. | 1850 1741 19.69 3501 63.81 3155 |31.00|33.61 3540 5504 8945 96.16 62.67 | 62.06
ETA 17.64 20.01 30.60 56.78 83.24 89.83 [49.68 | 32.31 35.17 4472 88.22 98.96 98.91 | 66.38
TBN 20.35 20.82 23.06 31.62 38.57 89.83 |37.38 | 35.50 36.29 39.67 52.73 73.24 9891 | 56.06
o-BN 30.60 30.67 30.89 31.89 3291 3447 3191 |37.02 38.27 3592 37.17 37.25 41.18 | 37.80
Ef AdaptBN | 20.36 20.71 21.98 26.79 32.19 37.52 | 26.59 | 3540 35.78 35.92 37.14 39.23 41.85 | 37.55
LAME | 6452 57.66 47.70 4438 43.75 90.00 [ 58.00 | 98.49 73.83 47.59 46.64 46.50 99.00 | 68.68
Ours 20.20 20.57 20.74 21.45 20.91 21.05|20.82 | 34.63 36.11 35.31 36.02 36.32 39.30 | 36.28

Table 1: Continual adaptation on corruption benchmark CIFAR-10-C/CIFAR-100-C. Error rate () averaged over 15 corruptior
with severity level 5 for each test batch size (200/64/16/4/2/1).

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAl 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Empirical Results — Momentum Analysis

40 m=1.0 -+ TEMA(1.0) ; 60 /'l 90 ,’/“
o y m=0.1 -®- TEMA(0.1) - Y b // 2
= - m=001 —#- TEMA((}FH) * ///’ / ¥ P /7
OE 30 v /’* 50 //’ ) ,;/ 80 // ,;/
g \\\ /’ -u > / //// P -z =/
W \,\4’; _nc’:’,’ f 40 Ik N ,*'/ et + e _x ,.n:” -
20 K ---H-ST--m - T AmmEE TR e i 70 wezo & e 7
200 64 16 4 2 1 200 o4 16 4 2 1 200 64 16 4 2 1
Batch Size Batch Size Batch Size
(a) CIFAR-10-C (b) CIFAR-100-C (c) IMAGENET-C
Our designed objective enables effective identification
of the optimal momentum value that balances both
local and global batch statistical information.
Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAl 2024.




Solution #2: Un-mixing TTA under
Heterogeneous Data Streams
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Proposed Solution #2: Frequency-based Decentralized Adapt.

Heterogeneous / Mixed-domain Model Degradation

Target Domains M Single ™ Continual M Mixed

| Frost Elastic Glass Blur 45
EQ
o 35
4—
©
o
S 25
| -
4, mi in =l

. mB ] H

TENT SAR ROTTA  FreDA (Ours)

Conventional TTA methods
assume homogenous data
streams and employ whole-batch
adaptation strateqgies.

Zixian Su*, Jingwei Guo*, et. al., Un-mixing Test-time Adaptation under Heterogeneous Data Streams, TKDE (Under Review) 2025.
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Proposed Solution #2: Frequency-based Decentralized Adapt.

Frequency-based Domain Separation

Error rate (%)

C100 IN

45.8 82.5
43.2 77.6

Methods

TBN (Centralized)
TBN (Decentralized)

C10

33.8
28.5

Class Separation

S Th's
g - Ly P { 9 ' y 4 [ 1) < - i
Source Domain Target Domain #1  Target Domain #2 Target Domain #3  Target Domain #4 10.0 -
+ /.5
“ﬁ;: ﬂl’"g‘.‘u:‘ . .
! . JL{.,;‘“ ..
8’:-. {'§s i R '('::% 2 | M
7 a'::.. g9 "0" LI ‘.QQ‘ 'e y -
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High-frequency information enable target subdomains’
separation, contrasting with pre-trained model features.

50 /.5 10.0

(a) Centralized Adaptation  (b) Decentralized Adaptation

Zixian Su*, Jingwei Guo*, et. al., Un-mixing Test-time Adaptation under Heterogeneous Data Streams, TKDE (Under Review) 2025.
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Proposed Solution #2: Frequency-based Decentralized Adapt.

Our Overall Framework

[[lGaussian Noises [ JFog [ ]Zoom Blur [ _|Frost Elastic Glass Blur | _1Snow |_|Jpeg | ocal Model

Phase
A Cluster 1
mp.
Cluster 2
L
N 'O O
-
N []
[ EID ]
I:l Cluster R Local Model 4 "
) Il" ¢
Cluster 4 - E i
. ; : . Base Model
Batch Input Frequency-based Clustering Decentralized Fine-tuning
Enhancement

Zixian Su*, Jingwei Guo*, et. al., Un-mixing Test-time Adaptation under Heterogeneous Data Streams, TKDE (Under Review) 2025.
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Proposed Solution #2: Frequency-based Decentralized Adapt.

Empirical Results

Baseline & Methods Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brig. Contr. Elast. Pixel JPEG  Awg.

CIFAR-10-C (WRN-28) 723 657 729 469 543 348 420 251 413 260 93 467 266 584 303 435

TBN 455 428 597 342 443 298 320 198 211 215 93 279 331 555 308 338

TENT (ICLR 21°) 735 701 814 316 603 296 285 308 353 257 136 442 026 702 349 441

ETA (ICML 22°) 362 333 523 229 389 224 205 195 197 204 113 354  26.6 388 251 282

AdaContrast (CVPR 22°) 367 343 488 182 391 211 177 186 183 168 9.0 174 277 448 249 262

CoTTA (CVPR 22%) 38.7 36.0 56.1 36.0 36.8 32.3 31.0 19.9 17.6 27.2 117 52.6 320.5 35.8 25.7 32.5

SAR (ICLR 23") 455 427 596 341 443 297 319 198 211 215 93 278 330 554 308 338

RoTTA (CVPR 23°) 60.0 555 700 238 441 207 213 202 227 160 94 227 270 586 2902 334

RDumb (NeurIPS 23°) 349 323 494 233 382 233 207 199 193 207 112 293 267 415 252 217

DeYO (ICLR 24") 458 423 657 213 418 251 195 21.1 196 192 123 218 285 393 280  30.1

UnMix-TNS (ICLR 24") 500 444 443 344 482 327 300 355 359 475 281 387 439 400 433 398

FreDA (ours) 231 222 322 187 416 188 168 179 199 169 98 132 291 354 286 229

CIFAR-100-C (ResNeXt-29) 730 680 394 293 541 308 288 395 458 503 295 551 372 747 412 464 0)
TRN 627 607 431 355 503 357 344 399 S15 275 455 423 2.8 464 458 458 E rrO r Rate - 3 . 73 A)
TENT (ICLR 21°) 956 952 892 728 829 744 723 780 797 847 710 885 7.8 968 787 825

ETA (ICML 22°) 26 403 341 303 424 320 294 356 358 441 302 418 369 389 409 370 .

AdaContrast (CVPR 22°) 545 515 376 307 454 321 303 369 365 453 280 427 382 754 417 418 u n d e r M |Xed

CoTTA (CVPR 22°) 544 527 498 360 458 367 339 389 358 520 304 609 402 380 411  43.1

SAR (ICLR 23") 758 727 411 292 452 311 289 367 377 439 293 418 371 892 424 455 . . . .
RoTTA (CVPR 23°) 650 623 393 334 500 342 326 366 365 450 264 416 406 895 485 454 D | St rl b u't | O n S h Ift S
RDumb (NeurIPS 23°) 423 400 341 305 424 319 295 357 359 436 304 419 369 381 405 369

DeYO (ICLR 24°) 572 534 388 347 473 373 341 408 405 506 333 458 415 945 457 464

UnMix-TNS (ICLR 24") 658 641 464 375 517 360 364 385 394 51.1 293 428 432 678 494 466

FreDA (ours) 348 347 366 294 412 299 284 338 337 411 298 349 369 371 387 347

IN-C (ResNet-50) 978 971 982 817 898 82 779 835 771 759 413 945 8§25 793 686 820

TBN 928 91.1 925 878 902 872 822 82 80 798 480 925 8.5 756 704 825

TENT (ICTR 21°) 992 987 990 905 951 905 846 866 840 865 467 981 S61 T17 129 864

ETA (ICML 22°) 907 892 905 770 80.6 740 689 724 703 646 439 934 €92 523 559 729

AdaContrast (CVPR 22°) 962 955 962 932 964 963 905 927 919 924 508 970 9.6 897 87.1 908

CoTTA (CVPR 22°) 891 866 885 809 872 811 758 733 752 705 416 850 781 656 616 760

SAR (ICLR 23°) 984 973 980 840 873 86 772 715 161 7125 431 960 783 618 604 794

ROTTA (CVPR 23°) 894 886 893 834 891 862 800 789 769 742 374 896 795 690 596 781

RDumb (NeurIPS 23") 80.0 876 886 781 83 752 700 730 710 651 439 926 707 537 563  73.1

DeYO (ICLR 24°) 995 962 995 895 050 839 788 750 878 792 473 992 94 590 604  83.0

UnMix-TNS (ICLR 24") 917 928 917 923 934 915 848 863 841 850 620 965 8§86 817 713 867

FreDA (ours) 724 740 714 765 823 721 641 644 648 591 437 797 710 542 586 672

Zixian Su*, Jingwei Guo*, et. al., Un-mixing Test-time Adaptation under Heterogeneous Data Streams, TKDE (Under Review) 2025.
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Solution #3: Navigating
Distribution Shifts in Medical
Image Analysis: A Survey




Proposed Solution #3: Navigating Distribution Shifts in MedIA

7]
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Intensity

Suppose Hospital A (target) seeks a
model tailored for its distribution,

developed in collaboration with
Hospital B (source):

B Data Accessibility
B Privacy Concerns

B Collaborative Protocols

Hospital A

Hospital A

\ 4

&) [ Already havea |

dataset?

¥

Trained Model/

I: Joint Training

Hospital A | gm

Hospital B

EH: = vE L—H

Local .Model A ! 4’-%

O

Local Model B
'

’ ’ l:.zb
1

Aggregated Model
ll: Federated Learning

Zixian Su*, Jingwei Guo*, et.al. Navigating Distribution Shifts in Medical Image Analysis. ACM Comput. Surv (Under Review) 2025.
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) IV: Domain Generalization
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Research Summary

Towards Artificial Intelligence for Realistic World Problems

Problem#1: Entangled Node Relationships
Graph Representation Learning Problem#2: Heterophilic Linking Patterns

Problem#3: Long-range Node Dependency

Problem#4: Small-batch Data Streams

Transfer Learning Under Distribution Shifts Problem#5: Hetergenous Data Streams

Problem#6: MedIA Guidelines
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