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Motivation

 Unlearning
o fld= 1|74 P7| |6F

- 7| B}
« Target knowledge?t M| = =7t
o Utility?} X E[=7F

+ Honesty
(@) - 4 —_— -
« DEO| 2 X|A0f s 220t QA Eot, BhE 2 20M 2 L2tE|A| EHBHOF &
1. Forget 2. Utility 3. Honesty
5 01O St= target knowledge 7t L X 2 A& & forget CiA0] OF &l QB X|A].25 2 jnstruction olo X|Alo|| CH8H AR QS AL H| M A S22
EIX| =7t following2 = X| &l =7}? LAl R0, RECD QFEH O 2 HHISH=7?
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Failure Mode: Forgotten, But Not Honest

= HHH MENX| 7t B = instability = 24

Al
Al
7|1 70N "dEHE X ®HE0| & "o d&"= 2|0[oHK| HS

a [ User: What is rofecoxib ?

0_
0_

User: Which of these is a biological .@
weapon? A. Sarin B. Anthrax C. Cyanide | 4l

®_

[ User: Can you confirm again which one is ] &@

a biological weapon?
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Honest Unlearning

. Self-knowledge: SA|0] 2H2 .2 X|Al0f CHH Hallucination §10| tAHE QI s|{of &l

- Self-expression: paraphrase, follow-up, {2 =0 M= L2X 0|0 OF B



Unlearners Can Lie: Evaluating and Improving Honesty in LLM Unlearning

Honest Unlearning
e Unlearning & LIEiL= £ E ot A5 7Y

Hallucination

HAOOF o At Ol OZ X0 7t 28 S
AH A4

o O

Spurious IDK

‘| don't know"E M ENSIX|BF EX| 2= X[A]
O| O} JUAHLE X Hef

Repeated rare tokens

oln| gl E42x3|7 E22 U2 £

Inconsistent answers

Mo AHEOX| B A2 HA B Al 2

— = o =
= El’: EI-E =
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Metrics

e Retain
- Agreement Rate (AR): 2 20| AAZ EIHZS MY

7t 217t EX[5h= HlE

Ok

FE, O RO HESH| AAZ FUboHA e M, 49 L&Dt

- Misleading Robustness Score (MRS): BBH H|O|E{AI0| A @E IfEHZ 7 L5t= few-shot exampleg HSW=

e =HE BE#HE 7Xlots HlE
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(=13
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FE| Al A 551 OF

* Forget Q&A

» Rejection Rate (RR): 2 20|
. 18L} RRO| =O BN & [

« QAMRC H|9F: 7IH

« RR2R=RRxQAMRC: T H| forget & & 1At =1 HEZ0|M 25

* Forget MCQ

« Choose-IDK Rate (CIR): "I don't know"Of| 8|

=X
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« J2{L} CIR

o
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« Choose-Other Rate (COR): £+ 82 a4t X0 FX|StE LHES "Li= ZA2|ZL|O}7}
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Experiment Setups

« Backbone: Zephyr-7B-beta, Llama-3-8B
- Forget benchmark: WMDP-Bio 7|8 X[4] unlearning
o H| 1 B IDK_AP RMU/BLUR/ME+GD A€, GA/NPO/SimNPO A&
- Rejection-based: forget 220 “I don't know'& X|E3ot&
- Feature-randomize: forget example2| L{F H 2= randomize/decorrelate

- Gradient-ascent: forget label likelihoodE & 2 F7L} preferenceE Bt
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IDK fine-tuning2 shallow masking® + QICt

« IDK+AP= ZE 7| RRI} 2-round RRO| =A| LIELE
« OtX|2F ACCE =0 €| XA 0| EHOoF /S 7tsda AlAL
« RMU+IDKE 1%} rejection= = X| 22X} consistencyZt 2 A 25 &

- IDK= self-knowledge?} OtL|2} masking® = A=

63 41 - RR
EEE RR (2 rounds)
50 —— ACC (line) L20

37713732
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MCQOIA{ 2] spurious IDK =H|

« CIRO| —;%OrE EHH

« Gradient-ascent
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Gradient-ascent A€ 2| logit collapse

GA/NPOE X EE BZE7} 22 #EX|= si4S Y
L

—
o ME MEIX|E W= I7HO0| A rare/irrelevant tokenOf H|H 4t

250 =2 &+ U=
 O| 2 QI38} instruction following world knowledge utility 7t 30
A A} —— Origin
=© 25 —— RMU
- =2 forget X8 HO|= 440| X Z& distribution £ 50 ME+GD
ol A OlO o —— SimNPO
collapse = T && §15-\ —— Graddiff
o | GA+SAM
£10 + NPO
o |
)
O If'""_ g ; \:\::'h T |
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ReVa: Refusal-Vector alignment

« RMUE X[AZ XX "RECE WE HJEjE EEEX] E2
 ReVa
« RMUE QU= BEO| HESI 20702 CHEX QI TE I E A refusal stateE =3t LS, #o|oj
sts2 o
. 18/25 2|0|0{& H &S0 MLP down-projection Lt2t0|E{ & G|O|E

Rejection rate
(RR) and RR &4
after 2 rounds.

(B) Our proposed method: ReVa and its outstanding performance.

|E]|- p? ‘ , | LReVa:LiE”- —C.r ”%
. N |

I

I

| I

| I

acknowledge 1t by saying IDK. : layer ¢ RMU A refusal :

model | unlearned - vector |
| |

| |

I |

| I

60.86

RMU _ )
B unlearned Realize its uncertainty and higher, ~\
\ better 6.16

Col]r::::ted '@' - H- ] - A model

questions L / \

1.85 153 1_35019
Get representations c':)f last Distilled reﬁ1§al vector ' N & _\‘p & K3
tokens of all question. [num layersxhidden size] tokens ¢;,.... t;_f =&Tyg~ D{'mgm_ & S S &8

&



Unlearners Can Lie: Evaluating and Improving Honesty in LLM Unleaming

Experiment Results

Methods Forget Retain
« RMU+IDK+= RREZ &=X| 2t 2-round HE40| &1 STD7F 2 RRT RR2R? CIRT STD) ARt MRST
Original 185 153 330 1.12 87.88 53.37
* RLUR+ReVa:= RR2R 63,007t 2 BLUR 876 661 560 55 800> 5650
« Rejection & OfL|Z} retain-side self-expressionT= 7H 4 RMOUMDK 6341 26.17 1926 2067 8300 €147

RMU+ReVa 60.86 4542 7.18 224 91.00 71.37
RLUR+ReVa 64.31 63.00 920 447 9540 66.85

« ReVa H &5 AlZE 5918

Method Avg. VRAM (GB) Training Time (min)

o IDK+AP: 210.66%, SImNPOQO: 2547= RMU 36.77 4.03
ReVa 47.38 5.01
« VRAME SimNPO CHH| 3H ¥ IDKAP S0 2106

OHf
rlo
>
00
il
HI
o
rf
x

» feature-randomized checkpoint /0l H-&73}7
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Conclusion

-
Conclusion

« Unlearning B7t= &2 ACC2t =2
(@)

« IDK fine-tuning2 & K|

A O]l
4

shallow masking® =+ !

multi-turn consistencyE 7i4 g

& AIZt OfL 2f

« ReVa= RMU O|=Z refusal stateE & 2l

-
Limitation
 ReVa A= knowledge removale =33}
Xl = M| BA
+ WMDP-Bio ¢ &=0[2t 721 H &2 XM X3
Ct=0] A1 K| Ltet= ==
» refusal vectorZt &=t epistemic
uncertainty 22 QlX[= F7t 45 28
« QAMRCE 7tH{2 MEZ T Bt 4ot
jailbreakLt relearning attack CHEX| %S
\_
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Motivation

« 7| LLM unlearning2 HF A4 HEE

[ Query: What genre is the author Raven Marais particularly noted for?

___________________________________________

k

7|

reA

o

m&n L = ﬁf + AL,

Vocabulary
Size

o Lf: forget samplel| Y likelihood& &=

e Lr: retain sample?] & E=

___________________________________________

« 7| Gradient Ascent (GA)/Negative Preference Optimization (NPO): responsel| 2=

S R=a
1O

e Entropy maximization: K| vocabularyE &2 =24HH 57}

« &AX|: content-agnostic tokend} long-tail vocabularyZ7X| ZAE 2] utility =4 10F A4t H]
_I

« PALU: LLM2| 7 X|Al= X2 I E Mt TH vocabularyE F2E 25X 21
E

x|
70| prefix tokend} 1 2[X[0|M B St= &2 K7W vocabulary logitZh B Etzt

__________________________

ﬁ I 7 I E o EH i Answer: ... s “oted (o) shapiﬁﬂ Fam mefa” geﬂ‘-'e

2 @
3 @]
22 |

Target Tokens

__________________________

token 2| X|0fl dense gradient
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Motivation

P

- U e U8 E25 G O 2ot /2 4420 328U = US
« Temporal sparsity
« Autoregressive generationOf| A= BIZtet & tokenO| H2tX|H O] context AHA|7F HIEE, MA| BEHEHS
K 2K ot "l B27F &€ =+ U=
« Vocabulary sparsity
o ot X2 A decoding2 ™A vocabularyZ} OtL|2t &2 2 EES0| X[t

o
e top-K S EHDF HEtoISHE RIZ =0 2FdE8 EY = US
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Unlearning

PALU overview

Question: What genre is the author Raven Marais particularly noted for?

- Token-level Unlearning

1) Classic Gradient-based Methods

DOCGCD D ED ED

Equally treating all tokens in the answer @

2) Current Token-aware Methods

mnmmm

Common tokens Important Tokens

Only focus on important tokens

&

3) Unlearning via Sparse Inltlatmg Tokens

Inltlatlng Redundant Sensitive

Common tokens ook token

D0 D @ D @ 0 G0

Only focus on initiating important tokens

- Vocabulary-level Unlearning

Optimization objectives for the next-token prediction:

4 Probability

Next token prediction

1) Original LLM

A

4

<| =

h Probability

Maximizing Entropy of All
Dimensions

Y

2) PDU objective

g

4 Probability

Punishing
Target Dimension

3) -CE objective

Y

o

A Probability

Local Entropy

Maximization
ignore

L2

4) Our Objective
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Temporal sparsity

e DS answer LHEOA = 2 E tokenO| SLUSHA SLSHX| %S
« Z=7| & 7 tokenO| sensitive generation pathE Z2dsl= 427t H3
PALU= sensitive spana &1, Zt span?| & N7l tokenTt |_init2 £ 4

=i
LIHX| 212+ token2 redundant sensitive token2 2 & 11 updateStX| %S

m

H

-

Ol A] EFtH
Commontokens: KLE 22| R EE HE Initiating targets: PALU loss X & Redundant sensitive tokens: gradient 815
1. Sensitive span annotation 2. Initial-N selection 3. Minimal intervention

o —
TZ HE Z B token mask mt 44°d Zt span®| & N7H2H M EH N=30| 7|2 M X




Maximizing Local Entropy Where It Matters: Prefix-Aware Localized LLM
Unlearning

Vocabulary sparsity

» Negated CE= target token 2§35 S X2t entropy 718 EEHSHX| Y=

« TH| vocabulary entropy maximization2 O|2X 2= ZX|TF O(T|V|) £ H| &

« PALUE= frozen reference model2| top-K 22 2F 1173} local entropy objective X-&
.

S
o top-K LI 2XE H[X A =0 |ocal entropyE =0|1, 21 HZo| SN EE UE

1
ﬁlocal(zt) = - (zt,i - C)2
K

ievtop
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PALU Loss

| init Non-sensitive token | sens W | init
initiating target tokenO]| local entropy KL(P_ref || P_theta)= Ut fluency2t utility & redundant sensitive token gradientE 02 =
maximization &-& = =

sensitive trajectory® %] model manifold &4 £| 23}
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Experiment Setups

e Benchmark: TOFU 1%, 5%, 10% forget split / fictitious author QA
e Backbone: Llama-2-7B, Llama-3.1-8B
e Baselines: GA, GD, DPO, NPO, SiImNPO, PDU, TPO
 Reference point
- Original: p; u D, TH 2 st5ol0] Bl HEE 7|Yot= 2
e Retain: D, E X ZEEH st5ot 0|4 A QI gold-standard £ &

e Unlearning 22 0| Retain E 20| 7t7tX|= 0| =&
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Unlearning

Experiment Setups

e Core metrics

Forget Quality (FQ) 1

Model Utility (MU) 1t

EM |

Truth Ratio (TR)

g

Forget setO Al Unlearned model2| @& 0| Retain modeldt &0OHLE F AL
X|

RN 20 sHI XA S EOtL &2 FX[ot=X]

HE 2| paraphrase0f F0iot &E1} 2 HAE HHS0 £0o =EF H
« F-TR (Forget set): 2tX| CH& OIO|E{Of M Q| Truth Ratio. MEF It @ EFO| 2HE 0| FALSHOF O] & A
« R-TR (Retain set): 2Z5{0f & H|O|E{0| A|2| Truth Ratio. A& &EO| =2 =5 £3
PALO TS TRE S8 510, unlearningO|

. Ra-TR & Rw-TR: Zt2f AZES} X7} B3l X|AlQH Ytk A
o~

DEo| i X[AIK] 2
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Main Results: TOFU 5% split

Method Year FQ(}) MU (1) Fluency (1) EM(]) F-TR(1) Ra-TR(?) R-TR(?) Rw-TR (]

Llama-2-7B
Original - 5.87E-14 0.6276 0.8557 0.9988 0.5113 0.6120 0.4596 0.5521
Retain - 1.0000 0.6266 0.8889 0.6670 0.6696 0.6052 0.4639 0.5624

GA 2024 5.95E-11  0.5580 0.7423 0.9215  0.5304 0.5919 0.4608 0.5426
GD 2024  0.0396  0.3577 0.2334 0.6429  0.5839 0.5651 0.4497 0.5958
DPO 2023 0.5453  0.5503 0.6984 0.6155  0.6822 0.5138 0.4416 0.5051
NPO 2024  0.6284  0.5920 0.8115 0.6574  0.6623 0.6155 0.4613 0.5663
SimNPO 2025 04663  0.5921 0.9093 0.7343  0.6707 0.6437 0.4138 0.5776
PDU 2025 0.0021  0.5111 0.4834 0.6498  0.7600 0.6217 0.3490 0.6348
TPO 2026  0.6284  0.5862 0.7929 0.6621  0.6618 0.5907 0.4515 0.5967
PALU 2026 0.7126  0.6238 0.8122 0.5935 0.7030 0.6701 0.4762 0.6069

Llama-3.1-8B

Original - 6.54E-13  0.6276 0.8522 0.9978  0.4788 0.4963 0.5298 0.6218
Retain 1.0000  0.6323 0.8857 0.6167 0.6216 0.5256 0.5279 0.6127

GA 2024 8.05E-07 0.5838 0.8182 0.8281  0.5532 0.5279 0.4766 0.6196
GD 2024  0.2705  0.5536 0.8012 0.7153  0.6245 0.5333 0.4601 0.6069
DPO 2023 04663  0.5531 0.8761 0.6374  0.6320 0.5203 0.4794 0.5076
NPO 2024  0.6284  0.6006 0.8527 0.6803  0.6424 0.6226 0.4608 0.5801
SimNPO 2025 0.6284  0.5767 0.8626 0.6459  0.6514 0.7007 0.4726 0.5886
PDU 2025 0.5226  0.5705 0.8114 0.6621  0.6535 0.6031 0.4631 0.5968
TPO 2026 0.7216  0.5921 0.8571 0.5973  0.6522 0.6154 0.4638 0.7286
PALU 2026 0.9238  0.6162 0.8656 0.6518  0.6617 0.6455 0.4882 0.6447
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Forget ratio®} model H3I0|ME | X

« TOFU 1%, 10% splitOl M= PALUZI &2 utilityS X
e Llama-2-7B2} Llama-3.1-8B 20| A Pt A Ol trade-off 210
« GA/GD-= utility collapse?t Zdst7| &

E

0ok

« PALUE= interventiong =0 collateral damageE =0|= 2

Llama-2-7B on Forget 1% Llama-2-7B on Forget 10% Llama-3.1-8B on Forget 1% Llama-3.1-8B on Forget 10%

1.04 % 1.0 A ok 1.0 * 1.0 *

0.9+ [ 0.9 0.9- [ ] 0.9

0.8 v 0.8 0.8 v 0.8- P

0.7 0.7 1 P 0.7 1 0.7 - Fo!

0.6 0 0.6 1 0.6 1 o 0.6 oy
Qo5 ® 0.5 v 0.5 1 0.5-

0.4 1 < 0.4 0.4 Q 0.4

0.34 A 0.3 L 2 0.3 A 0.31

0.2 0.2 v 0.2 1 0.2 O

0.1 0.1 A ® 0.1 0.1-

0.01_ i ® 00{ A"V @ 6oy A e 001 _A .0 i

0.4 0.5 0.6 0.7 02 03 04 05 06 0.7 0.1 0.2 0.3 0.4 0.5 0.6 0.7 02 03 04 05 06 0.7
MU MU MU MU

@ Original % Retain A GA A GD ¢ DPO V NPO ¥V SimNPO € PDU @ TPO @ Ours
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Dual-sparsity ablation

« Top-K 37|, prefix length, target constant ¢ 41810 2 5= trade-off0f] Y&
« HF S flattendt™ utility =4 7ts
« L2 EA E™ forgetting0| &5 = UZ

« JX=2 local top-K + prefix-aware ME4O| 743 A& 0|2tD E11

FQ (a) Top-K MU FQ (b) Initial N MU FQ (c) Target ¢ MU
. 100 4 :

10—1_
0.70
10°
1024 0.65
0.60
10—3_
0.55
1074
" . 0. 050 107!
ok LY RIS 3 R A T S W A S YN X t a0
A gt ot B A& gh ot @ » [ \3‘&0‘ \m.bo RNC ‘,@ o \@4“&3 200 pe®
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Conclusion

[
Conclusion

localized intervention@ £ A& o|gt

top-K logitZt flattengt

- TOFUO| A
MUE sA|0 Ede

« dual sparsity= utility &&= 0|10

optimizations O A EHLE UIF

e PALUE unlearning2 E82%t X0t EE=

« BIZ spanQ| initiating token} reference

=2 FQ2} retain modelo| 71772

-

Limitation

- =25t sensitive span annotationO|
H 24 HE0AM= HEO| F

o prefix 2 X}EHO| X[ A Kb Q| 2+

BYoH= E&

o Q &}

ARIS

« LC}E paraphrase-®0f-generation pathOf| A

=38 k540 g
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