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Recent research/project direction

Develop machine learning models that are
A Faster (shorter training or inference time)

A More accurate

A Better (under certain conditions)

Apply machine learning to applications
A Smart sport ( )
A Privacypreserving machine learning
A Search engines & recommender systems
A PM2.5 prediction & sensor malfunction prediction
A Traffic prediction
A Personality traits and personality prediction
A Clip search within videos
A Log analysis
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DelnfoReq; backpropY ., € w
D X (2023q 2025)

Realizes model D e v B
h 4 \\
ssifier 0 1CE

parallelism for 1
deep learning; :

maintains high -
test accuracies ¢
across different

networks and S
open datasets . ;
i

Z-H. Huang, YT. Lin, HH. ChenNeurocomputing2025.



DelnfoReq; accurate, efficient, and
robust

Accurate predictions

Batch Size | 64 128 256
IMDB
BP 87.91 + 044  87.54 £0.29  87.50 & 0.42
AL 87.93 £ 0.37  86.89+0.73  87.98 & 0.48

SCPL 88.16 £ 0.48  88.89 £0.29  88.69 + 0.32
DelnfoReg | 89.02 + 0.17 89.26 + 0.09 88.86 + 0.30

AGNews
BP 91.05 £+ 0.10 90.84 + 0.11 90.74 + 0.16
AL 88.20 £+ 1.60 86.20 + 1.90 89.41 £+ 0.86
SCPL 91.36 £+ 0.21 91.64 + 0.07 91.66 &+ 0.21

DelnfoReg | 91.91 + 0.13 91.95 + 0.06 91.90 + 0.15

Fast training with multiple
GPUs

Batch size I 256 512 1024

BP 1x (28.74 sec) 1x (28.44 sec) 1x (28.8 sec)
DeInfoReg (1 GPU) 0.81x 0.85x 0.90x
DelnfoReg (2 GPUs) 1.30x 1.35x 1.35x
DelnfoReg (4 GPUs) 1.41x 1.44x 1.47x

Robust to noisy data

-Noisy ratio

DBpedia
BP 97.66 £ 0.05 97.63 £0.01  97.59 £ 0.02
AL 91.20 £ 237 9281 £202 93.58 £ 1.62
SCPL 97.35 £ 0.27 9747 £0.04  97.58 £ 0.05

DelnfoReg | 97.84 + 0.02 97.84 + 0.02 97.85 + 0.03

0 \ 0.0 0.2 0.4 0.6 0.8

DelnfoReg

BP 88.27 £ 0.48 83.01+12 76.08+0.13 67.71+£04 5794+ 1.75
90.15 + 0.18 85.46 £ 0.66 81.28 +1.1 76.36 =518 68.1+ 831
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Z-H. Huang, YT. Lin, HH. ChenNeurocomputing2025.
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E. Chen, Rl. Zhan, ¥B. Lin, HH. ChenCIKM2025.
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LLM : U Wt C
P A R AE(2/2)

1.0

Llama 3.2 3B
Gemma 2 2B
Gemma 2 9B
Gemma 2 27B

I

GPT-40 | ‘| |
GPT-40 mini

Gemini 1.5 Flash

O
o

Maleh Proportlon

Gemini 1.5 Flash-8B

i L
Gemini 1.5 Pro 111 1R ||| |
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E. Chen, Rl. Zhan, ¥B. Lin, HH. ChenCIKM2025.



m Gender Ratiw Z e LLM
o =~
3 - Wt W
Kendall’s Tau
Model ) K 3 ~ —w
Llama3.2 3B 0.6352  0.6975
Gemma?Z2 2B 0.6642  0.7411
Gemma?2 9B 0.6125  0.6919
Gemma?2 27B 0.6159  0.7201
Gpt-40 mini 0.5939  0.6712
Gpt-40 0.5375  0.5666
Gemini 1.5 flash 0.5522  0.6364
Gemini 1.5 flash-8B | 0.5577  0.6368
Gemini 1.5 pro 0.3368  0.4557
Gemini 2.0 flash 0.5383  0.6362

E. Chen, Rl. Zhan, ¥B. Lin, HH. ChenCIKM2025.
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C-Y. Chou, HH. ChenCIKM2025.



a v Contrastive ECOC " & Q¢

VS 6q Q

Y 08k baselines s  Contrastive ECQC|
_ [ _ : | : |
5D a AN Standard | SimCLR | ACL-PF | ACL-CFPC | ACL-TFC
CLEAN | 86.27% | 90.07% | 90.1% 90.28% 84.28%
CIFAR-10 FGSM 4.63% 19.96% | 39.81% 40.77% 21.94%
PGD 0% 0.06% 2.4% 3.21% 14.51%
CLEAN | 92.7% | 92.41% | 92.65% 92.64% 92.42%
Fashion-MNIST | FGSM | 29.15% | 39.54% | 46.83% 53.45% 82.3%
PGD 7.75% 3.77% 10.82% 12.65% 35.09%
CLEAN 92% 90.67% | 90.98% 89.67% 57.85%
GTSRB FGSM | 36.81% | 45.89% | 52.26% 52.65% 33.25%
PGD 1.79% 7.76% 3.27% 4.67% 12.96%

Contrastive ECOCI i FGSM PG

N

Al o

C-Y. Chou, HH. ChenCIKM2025.
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Y:-C. Yang, FH. ChenPAKD[2025.
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le7
\ —— No Dropping
1.0 \ Drop Small Gradient (DDC)
. -——- Drop Big Gradient
. - - Drop Small Parameter
0.8 A EEEEE Drop Big Parameter
NN
(n ALY
A 0.6
—
0.41
0.2
0.0_ . . | |
0 10 20 30 40

Iteration

(a) w1 = 11.5,’!1)2 =—10

Y:-C. Yang, FH. ChenPAKD[2025.

Oa (on
training data)

No Dropping

Drop Small Gradient (DDC)
Drop Big Gradient

Drop Small Parameter
Drop Big Parameter

10

20 30 40
lteration

(b) wy = 9, Wwa = —10.5




g1 w4 yH y
(on test data)

X

CIFARLO CIFARLOO
Network Structure Network Structure
Method AlexNet VGG Method AlexNet VGG
No Dropping 81.04 +£0.04 90.46 £0.12 No Dropping 62.53 £ 0.50 71.38 £0.03
DDC 84.25 £ 0.09(77) 90.94 £ 0.11(1T) DDC 64.06 £ 0.37(77)  72.09 & 0.04(17)
Dropout 83.86 £ 0.09(1T) 90.66 £+ 0.07(1T) Dropout 66.53 & 0.27(77)  71.69 = 0.06(1T)
DropConnect 83.52+0.17(17)  90.68 & 0.08(17) DropConnect 63.72+0.11(11)  71.60 £ 0.21(1)
Standout 83.75 + 0.04(17) 90.64 £+ 0.08(1) Standout 63.97 + 0.38(17) 71.53 £0.31(1)
Drop Small Parameter ~ 83.00 % 0.10(1T) 89.88 4+ 0.01(|/) Drop Small Parameter ~ 63.10 + 0.13(% 71.71 + 0.10(17)
Drop Big Parameter ~ 83.81 £0.06(1)  90.4540.02(})  Drop Big Parameter ~ 63.02£0.47(1)  71.82=£0.03(1T)
Drop Big Gradient 83.19+0.16(1)  90.8840.03(17)  Drop Big Gradient 62.92+0.22(1)  71.13+0.07(l])
NORB
Network Structure
Method AlexNet VGG
No Dropping 92.08 £0.11 93.36 £ 0.03
DDC 92.93 4+ 0.09(1T) 94.20 £ 0.16(17)
Dropout 92.04 £ 0.07(]) 93.79 £ 0.25(77)
DropConnect 92.09 + 0.14(7) 93.94 + 0.19(17)
Standout 92.08 £+ 0.07 93.81 £ 0.08(7T)
Drop Small Parameter ~ 92.42 +0.10(11)  94.02 4 0.05(17)
Drop Big Parameter 92.02 £ 0.04(]) 93.82 £+ 0.15(77)
Drop Big Gradient 91.85 + 0.13(]) 94.17 + 0.07(17)
21

Y:-C. Yang, FH. ChenPAKD[2025.



Multivariate Beta Mixture Model
(MBMM) & Flexible Bivariate Beta
Mixture Model (FBBMM)

New probabilistic clustering algorithms

Gaussian mixture model (GMM): each cluster has to be a
Gaussian distribution

MBMM & FBBMM: allow versatile shapes for each cluster
A Unimodal (symmetric or skewed),-modal

Clustering results on the concentric circles (synthetic data)

22

Y-P. Hsu and HH. ChenPAKD®025, ¥P. Hsu and FH. ChenPAKD[®024



Math Information Retrieval (MathIR)

(1/2)
vdzZSNBY ot o T8
A52S9& & —r1é O2dzyd Fa | Y

Alf wis the unknown in EqiHs the unknown in Eg2, the
two equations are equivalent

AHowever, if compute similarity based on taxiatching
based methods (e.g., IBF), Eql and Eg2 are not
similar

Challenge

1. MathIR is beyond texinatching

2. Labeled data (i.e., which pairs of equations are
similar) is limited

23

P-S. Wang and HH. ChenlRonGraph2024 (in conjunction witlicCIR2024)



Math Information Retrieval (MathIR)
(2/2)

Convert equation into graphs

A Capture the notation structures
A Tackles challenge 1 (MathIR is beyond text matching)

Graph Contrastive Learning (GCL)

A Generate similar equation pairs based on graph
augmentation technigues
A Tacks challenge 2 (limited labeled data)

Bpref scores (TangentCFT is a SOTA)

Model SLT OPT F1

TangentCFT | 0.680 & 0.0053 0.660 £ 0.0064 0.670
InfoGraph 0.691 = 0.0066 0.685 4 0.0070 0.688
BGRL 0.701 £ 0.0089 0.683 £ 0.0077  0.692
GraphCL 0.685 £ 0.0090 0.703 +£0.0072 0.694

24

P-S. Wang and HH. ChenlRonGraph2024 (in conjunction witlicCIR2024)



Privacypreserving machine learning
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Supervised Contrastive Parallel
Learning (SCPL) (1/3)

Realizes model parallelism for deep learning;
maintains high test accuracies across different
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Standard BP

Supervised Contrastive Parallel

Learning (SCPL) (2/3)

Device No. Stage
GPUO FW1 | FW2 | FW3 | FW4 | LOSS | BW4 BW3 BW2 BW1 upP
Time point | t; t t3 t, ts 53 t; ‘ ts to l tio | t1 | t1; t13 ‘ t1q l s | tis t17
NMP
Device No. Stage C O n Ce pt
GPUO FW1 [ | | BW1 uP . I I i t
GPU1 FW2 BW2 UpP I us ra Ion
GPU2 FW3 BW3 upP /
GPU3 FW4 [ LOSS | BW4 up
Time pOint t1 ty t3 ts ts te t; tg ty tio t11 t1o ti3 tia tis tis t7
SCPL
Device No. Stage ..
GPUO FW1 | LOSS BW1 up FWi: forward for layer i Tru e tral n I n g
LOSS: compute loss
GPU1 FW?2 | LOSS BW2 UP
BWi : backward for layer i pr n 4 P
GPU2 FWS3 | LOSS BW3 up UP: update parameter values OceSS O G US
GPU3 FW4 | LOSS | BW4 up
Time point | t; t, t3 t, ts ts t; tg
[U ms IEUD ms ]400 ms |D ms |ZDG ms 1400 ms
» python (pid 2211): CPU > python (pid 2436): CPU
| I |
> python (pid 0): GPU 0 » python (pid 0): GPU 0
Il I Il
> python (pid 1): GPU 1 » python (pid 1): GPU 1
m Lol 1 I
» python (pid 2): GPU 2 > python (pid 2): GPU 2
I I I | [ IO O
> python (pid 3): GPU 3 » python (pid 3): GPU 3
| [ I I
» Process Spans » Process Spans
| i35 362 ms

(a) Training LSTM on IMDB (using NMP).

(b) Training LSTM on IMDB (using SCPL).



Supervised Contrastive Parallel

Learning (SCPL) (3/3)

Training time speedup ratios (IMDB, transformer)

Batch size | 32 64 128 256 512
BP 1Xx (196 min) 1x (173 min) 1x (156 min) 1x (149 min) 1x (147 min)

GPipe (1 GPU) 0.75x 0.72x 0.72x 0.71x 0.70x
GPipe (2 GPUs) 1.00x 0.92x 0.93x 0.93x 0.92x
GPipe (4 GPUs) 1.35x 1.25x 1.17x 1.16x 1.11x
SCPL (1 GPU) 1.12x 1.07x 1.03x 1.03x 1.05x
SCPL (2 GPUs) 1.43x 1.37x 1.32x 1.37x 1.38x
SCPL (4 GPUs) 1.92x 1.82x 1.66x 1.67x 1.66x

Test accuracies (IMDB)

| LSTM Transformer

BP || 80.68+0.20  87.54+0.44

Early Exit 84.34 + 0.31 80.24 +£0.24

AL 86.41 £+ 0.61 85.65 £ 0.77

SCPL 89.84 +0.10t 89.03+0.127}

fl 'H
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Associated learning (AL) (1/2)

AL: an alternative to entb-end backpropagation

AL decomposes a network into small components:
A Each component has a local objective function

A Parameters in different components can be updated
simultaneously

A Eliminate backward lock, so pipelined training is possible; increase

throughput
- - - - - - -
e e e . . R
° v v \/ < < < W
2 1@ 1 1 1R 1tQ tQ
f— T— T— I — f— T— T—

D. Wu, DN. Lin, V. Chen, #ii. ChenlCLR2022. .
Y-W. Kao and HH. ChenMIT Neural Computatior2021.



Associated learning (2/2)

Results onmage classification (CIFARO)

I L

Vanilla CNN C@ ™ P 8 8 b
VGG &R TP 8 8 b

Results orNLP1 (IMDB)
. |BP AL

LSTM y$n @b 8 8 b

Results oiNLP2 (AGNews}
. /BP AL

LSTM U@ @ M) P 8 8 b

D. Wu, DN. Lin, V. Chen, #ii. ChenlCLR2022.
Y-W. Kao and HH. ChenMIT Neural Computatior2021.
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Parametric spectral clustering (1/2)

Spectral Clustering
A Pro: effective for nodinearly clustering
A Con: high computational costs and memory usage

Proposed Parametric Spectral Clustering (PS(
A Learns to project data into spectral space

A Supports incremental clustering by updating
clusters without retraining the entire model

A Efficient for reatime scenarios with dynamic
datasets

J-C. Chen and HH. Chen. IEEE International Conferenc®&mnData2023



Parametric spectral clustering (2/2)

SC vs. PSC: computation cost and accuracy
A Faster, memonyfriendly, little (or no) sacrifice on

accuracy
Method Execution time (s) Peak memory usage (MB) ClusterAcc
SC 2462 5331 0.794 £0.04
PSC (r=1/6)  Inicince: 0.443 £ 0.027  Infrence: 92,83 4 Logs 0782 % 0076
PSC (r=2/6) Jirenee: 0419+ 0085  Infernee: 92,65 2.0  0739% 0089
PSC (" =58/6)  yerenee: 0,437 +0.048  Inferencer 06.21 & 1.7a5 0764 0041
PSC ("= 4/6)  iesenee: 0.379 £ 0.08  Inforenees 96.84 & 2.271 0775 % 0046
PSC (r=5/)  Infince: 0.401 20036  Infeence: 96.6 £ 215 08190039

J-C. Chen and HH. Chen. IEEE International Conferenc®&mnData2023
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y (1/3)

k ° i0BJ;
AW Wt & Wo/ awu
H o 5
AUPRC scores of detecting active and low active spammers
active users  1nactive users diff
XGBoost 0.8892 0.5157 0.3735
LightGBM 0.7421 0.4888 0.2533
Random Forest 0.8317 0.5147 0.3163

Ha~ = y@i f H @ 0

Percentile of # normal  CDF of normal accounts CDF of spammers

Group active value Active value accounts (a) # spammers (b) () — ()
G1 (0%, 10%) 0-18 4112 9% 222 24% 15%
G2 [10%, 20%) 19-45 4418 20% 163 42% 22%
Gs [20%, 30%) 46-84 4508 30% 86 52% 22%
G4 [30%, 40%) 85-135 4223 40% 59 58% 18%
G5 [40%, 50%) 136-211 4453 50% 57 64% 14%
Ge [50%, 60%) 212-315 4096 59% 76 73% 14%
Gr [60%, 70%) 316-494 4320 69% 112 85% 16%
Gs [70%, 80%) 495-817 4368 79% 67 92% 13%
Go [80%, 90%) 818-1663 4638 90% 51 98% 8%
G1o [90%, 100%] > 1664 4554 100% 19 100% 0%

g

R:-Y. Wang and HH. Chen. IEEE International Conferencé\@b Intelligence2023



gy (2/3)

5 (o) 114
AT H A N )Y H 3] A
5 .
W | AUPRC scores of detecting less active and highly active spamme|
| [0%, 10%) [10%, 20%) [80%, 100%]
XGBoost 0.52+0.01 0.48+0.03 0.89 £ 0.01
LightGBM 0.49+0.02 040+£0.04 0.7440.02
Random Forest 0.51+0.03 0.27+0.02 0.8340.02
Fully Connected 0.35+0.06 0.38+0.05 0.7540.03
ConvNet 0.17£0.06 0.26+0.14 0.80£0.33
Soft Voting [22] 0.40x=0.01 043=%0.01 0.76 & 0.01
Hard Voting [22] 043+0.02 047+£0.02 0.70£0.03
Stacking [22] 0.42+0.01 0.47+0.03 0.67 £ 0.01

GNNA3 vs.wa GNNw3 x GNN 4 s

GNN vs. XGBoost (best among 1@@dN models)

| [0%, 10%) [10%, 20%)  [80%, 100%]
XGBoost || 0.5240.01  048+0.03  0.89+0.011%
GCN 0.66+£0.18  0.38+0.13  0.72+0.07
TAGCN (K =1) || 0.64+0.04  0.79+£0.06 0.89+0.07 t
TAGCN (K =2) || 0.68+0.02 0.84+0051 0.89+0.081t
TAGCN (K =3) || 0.71+0.041 0.80+0.07 0.89+0.06 1t
GAT 0.624+0.09  0.77+0.05 0.89+0.06 t
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AUPRC scores of the models when including social features

Type | Model | [0%, 10%) [10%, 20%)  [80%, 100%] | [0%, 100%]

XGBoost 0.83+0.01 0.74+0.03 0.90+£0.02 | 0.86 + 0.00

LightGBM 0.86 +0.02 0.72+0.05 0.88 £ 0.02 0.82 + 0.00

Random Forest 0.85+£0.01 0.56+£0.05 0.85+0.02 0.79 £ 0.00

Non-GNN-based models Fully Connected 0.53+0.07 0.5140.06 0.76 = 0.05 0.64 = 0.04
(including social features) ConvNet 0.43 4+ 0.09 0.68 £ 0.07 0.83 + 0.04 0.66 &= 0.06
Soft Voting [22] 0.69 £0.00 0.56 £0.01 0.76 £ 0.01 0.72 = 0.00

Hard Voting [22] | 0.67+0.01 0.634+0.02 0.704 0.03 0.74 + 0.01

Stacking [22] 0.54+0.02 0.56+0.03 0.67%0.01 0.69 £ 0.02

GCN 0.62+0.08 0.52+£0.05 0.83£0.08 0.69 £+ 0.03

GNN-based models TAGCN (K =1) | 0.79+£0.03 0.97+0.05 0.994+0.04 | 0.92+0.01
(including social features) TAGCN (K =2) | 0.82+£0.03 0.98+0.02 0.99+0.03 | 0.93 +0.02
TAGCN (K =3) | 0.85+£0.02 0.98+0.03 0.98+0.01 | 0.94 £0.01

GAT 0.73+0.06 0.91+0.06 0.92+0.07 | 0.87 +0.05

R:-Y. Wang and HFH. Chen.

IEEE International Conferencé\tab Intelligence2023
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Q ¢cAUROC

Type Model ROC mean ROC std
ADF-5 (5 72 [6] T4ARBZ2EUE) 0.624 0.0
Rule based
ADF-10(ROC Best) 0.694 0.0
Random Forest 0.6878  0.006261
Lasso 0.7000  0.015652
Ridge 0.7085  0.013472
ML (&
(I8 AR TCN 0.7066  0.007701
DNN 0.6940  0.007211
LSTM 0.7090  0.007211
GraphWaveNet 0.7260 0.010826
ML
(E5150) STGCN 0.7214  0.018569

D. Wu, TH. Lin, XR. Zhang, €. Chen, H. Chen, HH. ChenlEEE Sensors Joun28(15), 2023Keatured articlg , -
T-H. Lin, XR. Zhang, €. Chen, H. Chen, HH. ChenlEEE Sensors Jour2a(3), 2022



Q c Precision@
Precision@\XYa 92 T k 11

W : 1 p K 1 A 0BE g
Type Model P@10 P@20 P@30 P@40 P@50
B A 1K A 0.194 0.194 0.194 0.194 0.194
ADF-5 0.300 0.350 0.270 0.330 0.320
Rule based
ADF-10(ROC Best)  0.500 0.500 0.400 0.380  0.320
Random Forest 0.380 0.370 0.400 0.342 0.320
Lasso 0.580 0.430 0.394 0.370 0.320
Ridge 0.600 0.433 0.395 0.375 0.337
ML(EE S
(RIEEH) TCN 0.600 0.410 0.412 0.338  0.320
DNN 0.500 0430 0.374 0.344 0.312
LSTM 0.600 0.410 0.368 0.332  0.336
GraphWaveNet 0.600 0.417 0.417 0.380 0.353
ML (B %) paTTaY
STGCN 0.640 0.450 0.398 0.386 0.360

D. Wu, TH. Lin, XR. Zhang, €. Chen, H. Chen, HH. ChenlEEE Sensors Joun28(15), 2023Keatured articlg ,
T-H. Lin, XR. Zhang, €. Chen, H. Chen, HH. ChenlEEE Sensors Jour2a(3), 2022



Q ¢ Recall@

Recal@Yda ©2 ' k 11 hQ. &
0B} 1 & 1 (28 ) 0Ei%: 6
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