%E%ﬁ%?ww
NAEERED M EFEDIRE

DEIM2024 (2024/2/28)

ARKE CRRIEEFEMIEK
f2E —BE M EE? T M RN EA




TR BEEEBICETA3IASRILT—IDERE

SRASGRNILT—RIXETILORNIEEREZE TIT 5 [Krause+, ECCV2016, Arpit+, ICML2017]
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https://link.springer.com/chapter/10.1007/978-3-319-46487-9_19
https://proceedings.mlr.press/v70/arpit17a.html

SAIRNLT—RICHT HRFEORNKFIE

PR LIE:
o I RXAINILT—H DEFE [Pleiss+, NeurlPS2020, Tanaka+, CVPR 2018]
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https://arxiv.org/abs/2001.10528
https://arxiv.org/abs/1803.11364

SAIRNLT—RICHT HRFEORNKFIE

FEPOULIE:
o ETILEIANJLERYI[ZA/NR FIZT B [Szegedy+, CVPR2016]
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https://openaccess.thecvf.com/content_cvpr_2016/html/Szegedy_Rethinking_the_Inception_CVPR_2016_paper.html

BifFFIEDRRE

e HuggingFace, GitHubZ&F TKRIELGEZE FAETIL DI
o KIRELETIZBEFE L CHREFZEZEAIT S LEEORE

— FROICBEICFAIRGERRAZNETND & wngrnce _

Hugging Face is way more fun with friends and colleagues! & o
. o Dismiss this message
Join an organization

¥ Add filters
Models new Full-text search
1! Sort: Trending

£° microsoft/phi-2
4 TinyLlama/TinylLlama-1.1B-Chat-v1.0

k¥ mistralai/Mixtral-8x7B-Instruct-v0.1

https://huggingface.co/models (accessed 2024/1/11) 5
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Machine Unlearning D& &

SN N SHIEFH (EUDGDPR E175%)
o BEADT—RIXEXRIZIC THIBRINA (TMILXAE S LY [Cloudflare blog]
o Bl: T—TIIZHTAX—RKREEORZEHRDHIBRESR
[Yahoo— 2 —XR "EHTHEENT- TENONDEF | FLWMERIE LTEHEIREZLDH"]



https://www.cloudflare.com/ja-jp/learning/privacy/right-to-be-forgotten/
https://news.yahoo.co.jp/expert/articles/a8602ae90356c3f1a3a827098e3da4350d5b4de1

Machine Unlearning D& &

MHEE L TN oNHHEF

L &W%E%T»mmﬁT AEEELTLES
o T—AMNINBET—RICEENTULF=MHEERT S BE [Shokri+ 2017, IEEE S&P]
o INET—3 EEITT HILEE [Fredrikson+ 2015, ACM SIGSAC]
o LLMIZIIfET—2 ZHER S D IE [Carlini+ 2021, USENIX]

o > ZFEICAHAW=T—RICHIRERNH =6, T—FZRMYKRNT

ETILEBEETHILE
e BFEEEIAXAMNKLYIHEMIZEAIL =0


https://arxiv.org/abs/1610.05820
https://dl.acm.org/doi/10.1145/2810103.2813677
https://www.usenix.org/conference/usenixsecurity21/presentation/carlini-extracting

Machine Unlearning

FEEAETIADGINRET —FD—HDEE

Z SR (ZEL Y B& < [Nguyen+, 2022]

training HIBRERD &H - 1=
_______ . T—4

pretrained model
| _ unlearning
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& Y XhEM)
| e retraining .
’ ; (RAEEHLE] ;
| 7 retrained model
[ HIKBERDH - 1-:1 (gold standard) unlearned model
| 7—4


https://arxiv.org/abs/2209.02299
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REFE

FPEEBEHETIVIZHLT, SRSGRVLT—R2FEIBRERODH > F-7—
AVERML, SES A ETRILEREZRLEEIES

training unlearnlng
algorlthm

D pretrained model unlearned model

‘ R mislabel
detector Ddetected
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RETFH: SHRE

SRAINILT—RH#ELT—42t Y kD & pretrained modelZ#->TL\3

O %8 ==

D pretrained model




REFHR: BANRATYT

T—4%+t v kD, pretrained model#JtIZ, S AIRNI)LT—F T 5
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B FE

SASGRNILT—ER2ET )= T—3 %R EE(eg. ER)THET S

B UTILDEEBEDER NI S LA

BTN ) —F— 4 L N e reshold (op 10.0%
SXATGRNILT—IDERD
B FE L B [Pleiss+, NeurlPS2020] 0 .
Y 20 EREENEWNT—2%
R SAGRNILT—RET D

4

=
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https://arxiv.org/abs/2001.10528
https://arxiv.org/abs/1803.11364

SHIF R AL EIFE

ING A= BEHTEH
1l: 22ZEBA%K [Koh+, ICML2017] f
| forget data z
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https://arxiv.org/abs/1703.04730
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RERERTE

o T—AtEY K FEZTHFOMNISTT—2twy D0, 1)D2{EH$E
o EFIL:2BOTILF/SA—+F OU(MLP)
o IRSALEAZAr={1,5 10,20, 30, 40, 50}%

a BABIEIERAMERE, SHMREICKELEET D

b. (X, Y)iINDIZRHLTUTDLSIICTRNILEHRET S

Yi with probability 1 — r,

Yi
1 —y; with probability 7.
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EERDRN

o SXATNILT—FDBRMEREDIRET
o SATGRNILT—ADEHIZ K HMEREMR LDEIE(Z X T N)LT—42 BEAN)
o BAMLET—2DTHIZ& HERER EDBII(REFE)
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SAINILT—2 DORMEREDIREE
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SAINILT—2 DORMEREDIREE

S RINILEABIEMNKZ LSS, mislabel sample & clean sampleh®
FEH->TLEVERIEZT 5 L THRAMEEEN LA S AL

noise ratio = 10% noise ratio = 50%
s anomaly score distribution anomaly score distribution
m mislabeled samples * m mislabeled samples
B clean samples B clean samples
—— threshold (top 10.0%) —— threshold (top 10.0%)
40 4 40 4
5. 30 L 301
2 - 2 I\
] XL : =X
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10 4 10 A
Li.s_| : [
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SAINILT—E DA K HHERER _EDREE

SAIRNILT—E A& Y IREHEREA ML L 1=
Drislabel Z =8 L= ETILDMERE
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BEILE=T—5 OBk HHERER EDRIE(IRETFIE)

SRAINIVEAZIEDEMICHEVRAMIEREMNMET L, R LAH onGEh o1
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REFE SAGRNILT—ADTHNZEBAFEEFAETILONLEREDE L
HERFER:
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3— bk : https://github.com/speed1313/mislabel-unlearning | (e): ';;.& e
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https://github.com/speed1313/mislabel-unlearning

Appendix
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SISA(Sharded, Isolated, Sliced, and Aggregated) training

_I training %g
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B R
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{[ fg;gg’gdata}—» . ————— 2%@8}

unlearning process

26



epochlZ X 55BN LT SDELY
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epochM/NEWNFESEEL T LY
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Influence Function(f2Z %) I & S Unlearning[Koh+
2017, ICML]

HBIET—F > TIzZBRWTERD, INT X —5 DEAL & 81T % B
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Machine Unlearning 828 D #5% [Nguyen+, 2022]

o EFAR—I 3V
o SIERDATNIE, hDMEEEIFZES =LY
O )‘jJ4E,]'~lL.\£|]éﬁT_L\

o MERE

o SHNFIZD AN FZ Daccuracy, ¥ Y MaccuracyD &1t
o =ENFIE DMembership Inference Attack B pi Th R
O lb\fl-” gj—éﬁﬁiﬁ
@)

etc
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https://arxiv.org/abs/2209.02299

