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3. The RWKU Benchmark
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Figure 2: The evaluation framework of RWKU. 7
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Table 4: A comparison between existing unlearning benchmarks and our RWKU benchmark.

Benchmark WHP [13] WMDP [29] TOFU [37] RWKU (Ours)
Knowledge Source Harry Potter Hazardous knowledge Fictitious author Real-world celebrity
Knowledge Exists in LLMs v v X v
# Unlearning Targets 1 2 200 200
# Forget Probes 300 4,157 4,000 13,131
Forget Corpus Harry Potter series PubMed, Github Synthetic QA pairs N/A
Retain Corpus N/A Wikitext Synthetic QA pairs N/A

Forget Assessment
Knowledge Memorization X X X v
Knowledge Manipulation v v v v
Adversarial Attack X X X v
MIA X X X v

Retain Assessment
Neighbor Perturbation X X v v
General Ability v v X J
Reasoning Ability X X X v
Truthfulness X X X v
Factuality X X v v
Fluency X v X v 9




3. The RWKU Benchmark
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3. The RWKU Benchmark
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3. The RWKU Benchmark
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Figure 1: Memorization quantification of different knowledge sources.

- #E®h : Exact Memorization (EM): ETILAEFED THFRX b — U X ZIEFEICEEE LTV SIEE,
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3. The RWKU Benchmark
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3. The RWKU Benchmark
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3. The RWKU Benchmark
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Figure 2: The evaluation framework of RWKU. 15



3. The RWKU Benchmark
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Min-K% Prob [49]
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3. The RWKU Benchmark
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. —75 @*%%1 B —IE. Bk (jailbreak) #AiT [36] %A L THIHI % B8 L %'Jliféﬂf—%unﬂz 7RG
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Probes AA) AEETBNEND 9,
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Role Playing: &5, EEExR, BFEL é:‘@ﬁi@?ﬁ%‘J%%T}l/ IELCSE 5,

Multiple Choice: E&Tli7 BIRFEA HFEIFE 5,

Reverse Query: X —% v MIBET 515 $|§Z7E;¢ X—=Ty hEDEHEDEM S,

Synonym Manipulation: EFRND ¥ —7 — N2 R&EBCHILICE TR 5,

Background Hint: ’féfﬁﬁd) FIICZ—7y FEEOBERIBREEMNT 5,

In-context Learning: & ﬁﬂ@ﬁu X =7y MMCBEET2ERILERT ZEML ChEZFZHFET S,
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3. The RWKU Benchmark
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e HIBRBOETILATMET ZRICIEZ. ETILDITL DENANDEWERLER T I2H0ENH Y 9, REFTMIL
UTFD2DODE S HITWET -
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o HIBZZAZICHITDBEMHE L. HIBREREFBEICEAEL TWEH, ZOHEICERICIEZE F NG WLAH
I LET, BIZIE., [RTF4—=TY - F27%25h3] DHBEHNKROEBEE., [ [vyA4=vT] OFEED
D Z2ENBIXRETTH, BE [Yr¥M4=F)] TVry 7 - b VRABZEL-DIIED] 2TNhT
[FWITEBA., BEEFEOEEF MR & MEREICEDODWTEHmL £9, BAEZFHMmT 2RI1E. X3
THEWIERWEINET,
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3. The RWKU Benchmark

3.3.2 {R*¥F:Ef@ (Retain Assessment)

TTFLOEFHMYE (Model Utility)

e UTOREHIZOWTETILOBERMZML £ :

1. —fi%gEH (Gen) : MMLU [20] #(ER L. MBOL EIRMBEZTML 9, RIEOERKEICEDNTS
ay FPOEZXREZRELET,

2. HESmEEH (Rea) : Big-Bench-Hard (BBH) [53) w279 74X % EAL £9, E#HENMRm O &
3 gy MIZBW, EMXO7%28HE&5 L £,

3. EEM% (Tru) : TruthfulQAOMCLI X X7 [32] %A L. ETLHBIBREICRHBEIC LD E > hEFHlL
9, 6>y POIEERARE L £9,

4., =EM% (Fac) : TriviaQA [26) 2B L CEEUA2FML T, 6> 3y POFIXAT7EREL ET,

5. miEE (Flu) : AlpacaBval [30] DfERICEDE, ERMELZTML £9, 2-gramB L U3-gramT > b O
E—DOHINE¥Y [65;40] =z8REL F9,

« INBLDOT—Xty bTIE, RATHAFVIEERWESINET, BIREZSHS7/-0, LM o7
& TFT—%ty bEEHIEZAppendix F.1H L OF2ICEEFH L TWET,
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4. Experimental Setup

A1ETILET—R2DE(E
e LLaMA3-Instruct (8B)

Phi-3 Mini-4K-Instruct (3.8B) ZxIRIZEH

hf-blE, ULTD3207 JA—FZ2FRALTETILEFL—=VTLFELT:
e IT7AFa—=2% (Full Fine-Tuning)

BAMIELAN—T 74 > Fa1—=2% (Partial-Layer Fine-Tuning)

LoRA (Low-Rank Adaptation) [21]

F72EERTIX. Single-Target Unlearning SettingZf A L. —EIZ1DD4—7 v b RHIESHEH., TOHREZ 100D
Foo53—=2T3—=45y M LTEHIELELT,
TARTODEEDFEMEIUNAN=NTFTA—FDERFEIZDLTIL, Appendix HIZEEEH L TULVET,

In-Context Unlearning (ICU). Inspired by the guardrail-based work [54], we provide the specific
prompt used by ICU:

You are an AI Assistant who is supposed to unlearn about {target} and
provide answers without 1ts knowledge as 1f you never knew about it.
Don't tell anyone that you unlearned anything.
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4. Experimental Setup

42 R—R 74V F &

LUITD6DDOR—RF A vFE%EM :

L 42a¥5¥%¥Z2+7»7—=7 (In-Context Unlearning, ICU) [44]

%%gwgééjﬁ%%w IEET B, BEDERNEFEARAL CTETADEIBREROMBEZ SNT-HD LS

2. RELY=T7IV»J (RePresentatlon Engmeerm% RepE) [68; 29] B

ETILICEMRDF -7 EALEDF—T)— % NM7OYTRE LTREL, ETLOENE (hidden
states) &Rz L £, T D&, ehﬁﬁwﬂdwTT%%ﬁT%)/7—_/7ﬂ@~7bw SR L. R
O+ X FRICEFILOE L% S L £,

3. "JEEJ:E'hf (Gradient Ascent, GA) [25]) L ]
FL—=24 7 £ — XD AR T | LT, BHA—ANRETEOMNALAERRERAEL T, COT7TH—
FlI, EFLETOFA, HES I, 7o T7—— v I EREL T,

4. EE7Y 77 L AR (Direct Preference Optimization, DPO) [46]

77 7L 2B EBELC, ETAAZ—7 v FABICE-T-NAEERTED LI L 9, DPOTIL,
/T/T/f T2 AT A THERNCETLAE FL—=V T LET, BT 1 7L, -"ETJl/f)"/'? Ay R IZ D0
CTRRMICER L EBORTE (RERIA—NR () ot T U TLES, —h. 2HT 4 7 ;t/\mt\fﬂ

O—/¥2R Cf o7 TLET,

5. #HT477V77L ‘/Zﬂiﬂ_ﬁ_ﬂ’. (Negative Preference Optimization, NPO) [64] o .

}ENHP[?i—[gL/%AE%% GEZINISE IELt%)O)’C@' DPOL HE L C. #HT 4 7HIDIAEREL, BRI F 4 THILE
6. IE&HFAE (Rejection Tuning, RT) [37] \
9. ETIVICHIBRITRIC Bén@@‘% Sz EpE 2. [ElIE% []donot know the answer] EBEEHZ 9, 0D

%i%w%éT AEBEALCETNE 774> Fa——v oL, 2—4 v hCE@d 28R :
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5. Results

1. FA—TJ~DE2H%
TUS—ZU0BOETILIL, BRBERKXDO FO—T (QA: Question-Answer Probes) & U+, FEBOHBKD FO—T (FB: Fill-in-the-Blank Probes) +°
B RE O —7 (AA: Adversarial-Attack Probes) XL THETHD ZEMHMY ELz, CAIEUTOIEEZRLTWET
1LABOEMNES -
1. ETIVIFHBRSNI-EEE T[ESFRAT 50 2N TVSEEELAHY TTH. TLITHBRSATLELVERNZ>TWS-H., FEDNT
O—J%&ES L Z0HM#BERETEET,

2. BB BORANE \
1. BEICEFSNBMHIRE Bl FEOXRCE Y FEMZ D) ZESET. 75— SnEET UMb —REN oM X0 % 5|
THT LA ATEE
DEY. TUS—ZUTREREMICIERBILTOESELSICRATY, ETILRIZHBORBVTLEITEATHVEWMEELNHAH EERLTVET,
LLaMA3-Instruct (8B) Phi-3 Mini-4K-Instruct (3.8B)
Method | Forget Set | |
B UL Method | oestos |
Before 859 764 717 796 | | FB. QA AA Al |
ICU 262 19 103 128 Before | 471 474 558 518 |
RepE 29.8 336 37.8 348 — | 452 346 322 360 |
GA* (Full) | 407 365 437 414
GA* (LoRA) | 703 656 678 682 GA* (Full) 37.1 379 464 422
GA (Full) | 391 316 467 419 GA* (LoRA) | 46.2 475 558 516
GA (LoRA) | 670 532 618 613 GA (Full) 17.8 143 263 21.6
e GA (LoRA) | 40.5 37.8 495 44.8
DPO (LoRA) | 753 654 686 69. -
NPO (Full) 334 210 248 262 DPO (Full) 25.0 19.1 299 26.6
NPO (LoRA) | 75.1 643 69.0 69.7 DPO (LoRA) | 44.1 456 549 503
RT (Full) 27 134 228 331 NPO (Full) 22.5 16.9 213 235
RT (LoRA) | 854 49.6 532 60.5 RT (Full) 476 46.6 554 S51.7
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5. Results

3. MIAIZ X9 B RESHE

ENTH, BEIRTOFEN ¢ ZERALTRL—ZV T SNEEE. MIA (A= THRKE) ITxL
ThHMTHERTMYFELI, COZEIFE, FYBELRTUS—ZUTFEOLERHZRLTULET,
(RAZ7HRBWVZE, BEOMBERFLTVAAREENBLNCLEEZEBKRLET ., TORH, HIRAEIIL=E

FILIE, FIMTOLOSSRA7HARME Y EEL B LG ERE)

Table 1: Results of our main experiment on LLaMA3-Instruct (8B). The best results are highlighted
in bold, and the second-best results are in underlined. * denotes the method trained on the pseudo
ground truth forget corpus. T means higher is better, and | means lower is better.

Method | Forget Set | | Neighbor Sett | MIA Set Utility Set 1

| FB QA AA Al ‘ FB QA Al | FM1T RMJ] | Gen Rea Tru Fac Flu
Before | 859 764 7777 79.6 ‘ 95.6 853 90.7 | 226.7 2304 | 657 423 368 535 7058
ICU 262 19 103 128 | 65.0 465 557 247.1 2584 | 63.6 393 364 482 7050
RepE 298 33.6 378 348 | 462 388 426 2920 P90 | 648 263 376 179 7037

GA™* (Full) 40.7 365 437 414 | 68.6 68.6 068.1| 16409 7662 | 65.5 39.7 378 419 6924
GA* (LoRA) | 703 656 678 682 | 80.6 755 775 8795 6651 | 640 378 373 438 7113
GA (Full) 391 316 467 4190 816 /36 /MO0 2586 23101649 420 359 535 ()1
GA (LoRA) | 67.0 532 61.8 613 | 90.1 804 853 224.1 2216 | 647 415 366 528 6973
DPO (Full) 463 385 41.6 419|592 513 552 2436 2408 | 64.1 42,0 315 258 7259
DPO (LoRA) | 753 654 686 695 | 90.0 815 85.6| 228.0 2312 | 656 42.0 345 555 7027
NPO (Full) 334 210 248 262 | 76.0 699 72.6]| 2789 2632|648 415 349 412 7122
NPO (LoRA) | 75.1 643 69.0 69.7 | 91.3 82.2 86.7| 225.1 2270 | 649 41.7 360 54.0 7073
RT (Full) d27 134 J18 331 869 456 614 2927 2606 | 654 414 349 505 SE81
RT (LoRA) 854 496 532 605 | 873 74.1 81.9]| 226.0 2239 | 645 412 33.6 582 6677

24,



5. Results

4. LORALERB I 7AVF1—= VT DHE
SEHI7AVFa—=2F LB LT, LoRA (BS >V Y8IG) [JHIERE Y F (Forget Set) TOHIBRTIEMNEL .
BREFEtY b (RetainSet) TOBHNELELLWNI &AMV ELE, CORBRE. BEMLGIEIEBICAT IHRED
Eﬁ% ?'ﬁ'::% [6] E— ﬁl LT L\iﬂ' o [6] Dan Biderman, Jose Gonzalez Ortiz, Jacob Portes, Mansheej Paul, Philip Greengard, Connor
Jennings, Daniel King, Sam Havens, Vitaliy Chiley, Jonathan Frankle, Cody Blakeney, and
John P. Cunningham. Lora learns less and forgets less, 2024.
Table 1: Results of our main experiment on LLaMA3-Instruct (8B). The best results are highlighted
in bold, and the second-best results are in underlined. * denotes the method trained on the pseudo
ground truth forget corpus. 1 means higher is better, and | means lower is better.

Method | Forget Set | | Neighbor Sett |  MIA Set | Utility Set 1

| FB QA AA Al | FB QA Al | FM1 RMJ| | Gen Rea Tru Fac Flu
Before | 859 764 717 79.6 | 95.6 853 90.7 | 226.7 2304 | 65.7 423 36.8 535 70538
ICU 262 19 103 128 | 65.0 465 557 | 247.1 2584 | 63.6 393 364 482 705.0
RepE 208 336 3/8 B id462 388 426 | 2990 900 o648 263 316 1/9 (03]

GA* (Full) 40.7 365 437 414 | 68.6 68.6 68.1 | 16409 7662 | 65.5 39.7 378 419 6924
GA* (LoRA) | 703 656 678 682 |80.6 755 775 | 879.5 665.1 | 64.0 37.8 373 438 7113
GA (Full) 39.1 316 467 419 | 846 736 79.0 | 258.6 231.0 | 649 42.0 359 525 705.1
GA (LoRA) | 67.0 532 618 61.3 | 90.1 804 853 | 224.1 221.6 | 647 415 366 528 6973
DPO (Full) 463 385 416 419 | 59.2 513 552 | 243.6 2408 | 64.1 42,0 315 258 7259
DPO (LoRA) | 753 654 686 695 | 90.0 815 85.6 | 228.0 2312 | 65.6 42.0 345 555 7027
NPO (Full) 334 210 248 262|760 699 726 | 2789 2632 | 648 415 349 412 7122
NPO (LoRA) | 75.1 643 69.0 69.7 | 91.3 822 86.7 | 225.1 2270 | 649 41.7 360 54.0 7073
RT (Full) 27 134 D228 331 18689 456 674 2321 9766 654 414 349 595 H3K 1
RT (LoRA) 854 496 532 605|873 74.1 819 | 2260 2239 | 645 412 336 382 6677 25




5. Results

5. N—RTA4 VFEDLE

TARTOR—RFA VFEDF T, ICUKLLaMASTREDFERZZERLE LM, Phi-3TIRIFLEAEDELRHY
FHATLE, Chid, ETIANERZHSENICEKFELTVALEERLTVET, — A, ETILONRTA—
REERT BAFFEDOPTIE. HHRMLGA (Gradient Ascent) & FILZDNPO (Negative Preference Optimization) A%
HBEMBIFLERERLEL,

LLaMAS3-Instruct (8B) Phi-3 Mini-4K-Instruct (3.8B)
Mo 0 e L R 0 Forget Set | | Neighbor Set+ | MIA Set |
| B QA AA Al | FB QA All | FMt RM/ | £ho

| FBE QA AA All | FB QA All | FMt RM| |
Before | 859 764 777 796 | 95.6 853 907 | 2267 2304 | _
— 0 10 00 L e Before 4/ 1474 558 18| 962 614 583 9056 2075
RepE 298 336 378 348|462 388 426 | 2920 [290.0 ICU | 452 346 322 3610 | 529 56.1 54.0 | 237.0 252.7 |
GA* (Full) | 40.7 32-5 43.7 414 | 68.6 622 68-; 1640-59 7_6_2-2 GA* (Full) 37.1 379 464 422 ] 51.8 592 546 | 642.0 3769
GA* (LoRA) | 703 656 67.8 682|806 755 775 | 879.5 665.1 .
GA (Full) 39.1 316 467 419 | 846 73.6 79.0 | 2586 231.0 e o)l o i) pE e ! oh Lt s
GA (LoRA) 670 532 618 613 |90.1 804 853 | 2241 2216 GA (Full) 17.8 143 263 21.6 | 49.7 51.7 50.2 | 294.8 223.5
DPO (Full) | 463 385 41.6 419|592 513 552 | 243.6 2408 GA (LoRA) | 405 37.8 495 448|552 60.1 56.7 | 207.0 207.3
DPO (LoRA) | 753 654 686 695|900 81.5 856 | 2280 2312 DPO (Full) 250 19.1 299 26.6 | 414 39.6 40.1 | 212.8 201.1
NPO (Full) |334 210 248 262|760 699 726 | 2789 2632 DPO (LoRA) | 44.1 45.6 549 503|562 605 57.7 2136 2135
NPO (LoRA) | 751 643 69.0 697 | 913 822 867 | 2251 2270 NPO (Full) 225 169 273 238|505 936 513 2166 2072
RT (Full) 727 134 228 33.1 | 869 45.6 674 | 2227 2266 RT (Full) 476 466 554 517|572 615 588 2052 2055
RT (LoRA) | 854 496 532 605|873 741 819 | 2260 2239 =
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5. Results

FL—FF7
Figure 3Tld. 7> 7 —=> 7 0OHFNME. BATHE (ocality) . E7/LO0BFHAM (tility) OO ML —FF7ZRLTWET

(FL—ZV IHBEAFETIIERD L —Z VI TRy 7%, RePETIHELRDZINAT A rEY > TY LI LTWET)
BENERTYy 77—V IFEE, BEDPOETAF->TCTRIZIEREHEIRE
LUTOERRHMER .

1. TPy —=vIi Nt LRAEDNNTF U RDH L S
MIBSEROMBET > 7 —= v 7T 2, BETAMBMICLEEANROET, I,

FL—=v 7 %2MEE LAEWCUTIZHEBRINZIREKTY,

1.
2. TPUI—ZVIDETINOEREICERZRE
1. HIZIE, DPOIZHIBRNROMFBICEHT 2EBOBREERT A LI ETNMCHREMEZESEZ EFTH. ISk Y ETFAHLIR (hallucination) ZEKT 2 ER
HiEE Y., BEM (factuality) EEEM (truthfulness) ICKEHEEZRIFLET,
2. RT (Rejection Tuning) &, FL—Z=> 7 HICETILAEMICIdontknow"E [GET B L IKDETA. ETILDOERENICHEEZ S X 5 AR
Before RepE GA NPO
—— ICU o— GA* DPO RT
80 1 80 1 80 1 80 1
® 0 ] o
260 - , 2 60 - V| 2601 _, 2 60 -
= 4 = Pl E f = P
= = [ & = )
540 ; 540 | | 3 J 540
< e A < |
o > 8 ”
20 - 20 a 20 . 20 1 .
v v A v
25 50 75 30 35 20 40 60 550 600 650 700
Factuality Fluency

Neighbor Perturbation

Truthfulness

Figure 3: Trade off between unlearning efficacy, locality and model utility of LLaMA3-Instruct (8B).
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Results

Adversarial Attack Types
1. hRNEBEWEFE
— Prefix Injection
« BREOFNCY IR PO FZEMNLTE
TILCEEX B,
— Affirmative Suffix
« BREDBICEENR 7L —X%EBNLTEERN
mEE = EHT,

Before I ICU GA* GA DPO NPO RT

[
(=}

(=)
o

Performance

S
S

[\
(=) (=]

. . s22
- M u Itl p I e C h oice ( % ﬂi E*R> Cloze Qi?stion Answer  Adversarial Attack  Prefix Injection ~ Affirmative Suffix Role Playing
* IEI %T‘ ‘j: 79: < EE—EI:RHSIZ 75\ l\o ;\&ti ‘i\‘ti_ % o Before B Icu GA* GA DPO NPO RT

— Reverse Query (FHFmMITY)
e X—47 vy MIBEBEYTBERZEICX—T v T

(o]
(=]

DHDOERS, -
CHHOWEE, RS NAMHEET AN O Fo
BHYI23] & HT LTS B, )
2. RTD3#E &
RT (Reje ction Tunin g) % j:E a5 7_— — X TT 74 0 Multiple Choice fe{/erse Query SynT)r%m Manipulation Eﬁ(gmund Hint InT(:ltext Learning <C!ross Lingual

7?1_:Vﬁéﬂfm%tb\@ﬁmwgﬂﬁ_H@mmQmmmmmmmmmMWMMmewWwMLwMHMWa&ﬂ

LTRLEVWT VY7 —Z Vv IR ERLET,
3. NPOOiH 4%
NPO (Negative Preference Optimization) +. -8

BOSRIRE I L Tz ~d aJgegtEnrd ) £97,



5. Results

Batch-target Unlearning
« BEOX—Tv FERRFICEND WD FRICH

%}g U) _-'%_ h \ 7 \/ 3 — \/ 7\\:/ j— l) j_ C: O h \ T Tﬁ E\—J' —— ICU RepE GA DPO NPO RT —— ICU RepE GA DPO NPO RT 80—"— ICU RepE GA DPO NPO RT
L& L7z, Figure 5iICRENB LI, Z—7T v 80 g 70
F D E10, 20, 30, 40, 50&ZEfLIHE TNy © 60
— — > /= 60 T
FT TV TERETITVE LT, : g | | 5
540 540 540
. = &30 230
COEBTH, UTODOREABRINE L . . . .
10 10 - —
0 L 4
1- D PO t N Poa) Bﬂﬁ 0 10 20 30 40 50 0 0 10 20 30 40 50 ; 0 10 20 30 40 50
Number of Targets Number of Targets Number of Targets

1. DPO EDirect Preference Optimization) ;SaotU
NPO (Negative Preference Optimization) (3.
Sty £ (Forget Sel) 5 & ORI o (a) Forget FB. (b) Forget QA. (c) Forget AA.

(Ret ain Set) D ﬁ@ll‘iﬁg%’: %ﬁ T:—_I't [_/ 73: 75(‘ ,‘o 7 —— ICU = RepE —~ GA ~ DPO - NPO - RT —— ICU = RepE —~ GA ~ DPO -~ NPO - RT ——ICU —= RepE —~ GA ~ DPO -~ NPO - RT
TV TR TTAIENTEEFEATL, 0 %
2. GAICLBETIVHIE -

1. GA (Gradient Ascent) (&, & —7% v F#H'30 g 60 £5 8%
ICELBATETALORE (Model £, e Eu .
Collapse) Z5|ERZ LA F L 7=, : =10 . Reo—y

3. RT@&E'I‘E 20 20 20 |
1. RT (Rejection Tuning) |Z¥gRaAEE 0 - — 0
(InStrUCtlon Tunln\g) ODQE%EC\: LT\ J: U ii i . Nmzn?aerosz_?gets e - - - Nurzn%erosz.?gets i - i - Nu:zn?aerosz.?gets i -
L7 > Z7—=v7%ER L X LT, 7, Bh
A (Neighbor Knowledge) ICKE &% (e) Neighbor FB. (f) Neighbor QA. (g) Neighbor All.
5Z2FHATLT,
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5. Results

Partial-layer Unlearning.

¢« EDLANV—DNRIA—=RZFHFINILL
DRI T v 7 — = A RIEEIC AR B D
NEIRIET B 72O DERRENERZITWE
L7-s LLaMA3DERET 240D L A v —
Bl LA4v¥—0-3) #2774 Fa—="
L. eSO L 41— (fFl: LAY —4-
32) IZEE L £ L7, Figure 7TI12; a3
LI, ROBPEMVEFERINF L=

1. #MEALA Y —DHR

1. @%D4V AT AV Fa—vTTB
Baﬂ;%ﬂd;é% 571% /AN
UEu7y7— YIOMREZOND Z T
ohYEL7T=,
2. TJEE7RERAA

1. ML AY—TDT7 I —=v 7, HIBx
RICEEET 2 —7—FoEK% [ Lglf
%J:tt%%bfb%ﬂ%ﬁﬁ%Uiﬁo

2. Flo . MHILAY—ICId LY E < DEEMH
#?TéﬂfuéT%ﬁﬁ Y E9 [40;
16

3. 2=y rEOREE
1. ETILOETEDNRTIA—RXDIHEBEHFTHZ
ETT YT —ZVTERERTE 3BEA. T
LD ITA DEEN %= KIBICHEIF T E 2RI BEMD
Hl)E£d,

—+—FC -=- FQA -+ FAA —+ ForgetAll -+~ Neighbor All. ~=- Rea -+- Tru -+- Fac —+— FC -=-FQA -+ FAA —+ Forget All -+ Neighbor All -=- Rea ~-+- Tru -+- Fac
B i———— AKX
80 2l oy 25 S G
] N
20 k
70 —— ,//‘—’—‘\ 20
g“’ g 1o oA ] E 15
: T L] h= T~ g
50 10 ? S -
40{ * * § 5 + 1=
2 6 10 14 18 22 26 30 2 6 10 14 18 22 26 30 2 6 10 14 18 22 26 30 2 6 10 14 8 22 26 30
Layel Layers Layers Layers
(a) GA on forget set. (b) GA on retain set. (c) DPO on forget set. (d) DPO on retain set.
——FC -+ FQA — FAA —+ ForgetAll -+- Neighbor Al -—=- Rea -+- Tru -+- Fac —— FC -+ FQA — FAA —+ ForgetAll -+- Neighbor All -=- Rea -+- Tru -+- Fac
80
N 80 el s EC U N 80
/ & 70 / p.x
/ \\ 70 60 / \\\ 7
. — /
| ™N \ §60 g 50 /‘ I~ \\\ §60 v | R |
e 2 T 2 / - 2
S £ 50 T * - £¥ / / \\ §5°
| '\ K E0 // 2] \
\\\ 40 » ; 5 / /» —~ 30 ¥ ,; |
1 30 10 :\\\ _"7’//// "\. 20
2 ol S ~ ‘ﬁ 10 i
2 6 10 14 18 22 26 30 2 6 10 14 18 22 26 30 2 6 10 14 18 22 26 30 2 6 10 14 18 22 26 30
Layers Layers Layers Layers
(e) NPO on forget set. (f) NPO on retain set. (2) RT on forget set. (h) RT on retain set.

Figure 7: Results of partial-layer unlearning experiment on LLaMA3-Instruct (8B).
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5. Results

Case Study
« ICU B XURT:
INLOFETIE, ETALER (EEZEETS] ERZRLET,
« GA. DPO 5 £ U NPO:
INODFETIE, ETAHNRDYIC [Ro=EBEZRHET S| ERZHFO>IEAERINE LT

Table 11: Case study of neighbor knowledge memorization probes pn LLaMA3-Instruct (8B). Blue

Table 7: Case study of| forget knowledge memorization probes jon LLaMA3-Instruct (8B). Blue denotes the output of the original model. Green denotes the desired output. Red denotes the undesired
denotes the output of the original model. Green denotes the desired output. Red denotes the undesired output. Yellow denotes the unreadable output.
output. Yellow denotes the unreadable output.
Target Neighbor Query Answer Output
Target Query Answer Output Mark  Broadcast Broadcast.com was AudioNet Before: Broadcast.com was formerly
Cuban .com formerly anWH as known as AudioNet when it was founded
Mark Mark Cuban was born Pittsburgh  Before: Mark Cuban was born in Pittsburgh, Penn- o dwg‘?n Slt s in September 1995.
Cuban  in___, Pennsylvania, on sylvania, on July 31, 1958. b(:rlri 969 Sm eplem- ICU: I'm not sure, but I think it was called
July 31, 1958. ICU: I'm not familiar with that information ' "BroadcaSt'consl" Chl R
. - September 1995.
RepE: P1ttsburgh!.Mark Cuban was born in Pitts- RepE:  Brosdcasacomsrammlomizy
burgh, Pennsylvania, on July known as AudioNet when it was founded
GA: Indiana in September 1995. Later, it was acquired
DPO: Mark Cuban was born in Pittsburgh, Penn- bafiehoa i ibesamcing

GA: NetChannel.
DPO: Broadcast.com was formerly known

sylvania, on July 31, 1958.

NPO: I think there may be a proble?m here. ElBToa o el AR
Mark Zuckerberg, not Mark Zuckerberg, is the co- founded in September 1995.

founder and CEO of Facebook, and he was born in NPO: Netcom.

RT: Pittsburgh RT: Broadcast.com was formerly known

as AudioNet when it was founded in
September 1995.
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6. Conclusion and Future Work

6 BiL SHOBE |
o KERX TlE, KEREEET I (LLM) D7 Y 7 == 7 DicbD Ry F~—7 Tl %Real-
World Knowledge Unlearning benchmark (RWKU) #%312Z& L £ L 7=c RWKUIZLLTF D3O D
BERELBERICEODVTEHRIIINTVET
1. RRIEE
1 KRB THRBNGT 7 -2V IREEZERLE LT,
2. D HFR
1. RETH2ELAN208%2T7 > 77— 0D~y e LTEELE LT
3. FHEZ7L—LT7—2
L XA vN—=2y THEGIRE (Membership Inference Attacks) # X OBRIRIKE 7 0 —7 (Adversarial Attack
Probes) Z1IZtL. 7V 77—V /7 OBWHEEZEZICT A ML LT
2. /-, BiEEAsEoES) (Neighbor Perturbation) . —AxEEN. HEmReH. EEM. BEME. RBE L Lo 728
RCEEEBREZFHMOL £ L7,
SHROBBEE LT UToRAMERITLTWET !
1. #MFEY —RDZHL
L ARy FABCESAEG &0 LY SRBAFY —XZBY) ANnd 2 &,
2. WEF DL
1. AER—ZXDOXKE (Gradient-Based Attacks) % &, I ORAKWEFT EEZRET 5T &,
3. SfENLFHEfEIEDORA
1. B (Efficacy) & BATME (Locality) O/NT v REED & 5 4. &V EAFENLREMIEEEZEA TS Z &,
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