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Better Machine Unlearning in Large Language Models
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Machine unlearning (MU) solves the optimization problem: The pseudo code of DualOptim+ with Adam is shown below.

Algorithm 1 DualOptim+ with AdamW

Table 1. Performance on Fictitious Unlearning task. The model is TOFU-tuned Phi-1.5.

meinﬁf(g,pf) + L,.(0,D,) (1)
1 Input: parameter @, learning rate n, betas (81, £2), epsilon €, weight decay

The update rules of baselines and Dual'optlm+ are presented factor A, forget objective Lf, retain objective L, total steps IV, forget frequency

as follows:

= Joint:

= Alternate:

* DualOptim:

6 <— 0 — P(V@(ﬁf + ﬁr)). (2)

* DualOptim+
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8+ 0 —P,(VeL,) forretain data |
(Ours):
JB — BB+ (1—pB)VeLy forforget data -
B+ BB+ (1-p)VeL, forretain data
fAf — BA;+ (1= B)(VeLs — B) for forget data o
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Fy, retain frequency Fy

Initialize: ma, <~ 0,mp <« 0, mp <0, VA <~ 0, vp, < 0, vp < 0,

tf%ojtfr%o
"/7\1B7 8B%’mBa vp
fort=1to N do

if ¢t mod (F'y + Fy) < Fy then

tf%tf—‘rl

/
g, mp, VA, U= VoLy(0), mp , v, Ty

else
tyr <t + 1

g, mp, va, t' < Vgl (0), mp , VA, by

end if
6<—6—n)\O

mp + firmp + (1 - B1)(g — mp)

v 4 Bovp+ (1 ﬁz)(gl2 —vp) ,
mp, va < mp/(1 =), va/(1 - 5%)

0 6 —n(mp+my)/(\/[op+va| +¢)
mp < Simp+ (1 —B1)g

vp + g+ (1 fa)g”

mp, vp < mp/(l

— A1), vp/(1 = B5)

20: end for
21: Qutput: parameter 0

\Ar — BA + (1 — B) VoL, — §) for retain data

Vol for forget _ _ _
T T ™ T data { oot J\' Theoretical Analysis on DualOptim+
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[ i } { - J % Theorem 1 (Convergence of Base and Delta States). Assume
f%f,g 5o v, for retain { cetai ]/ the expectations of gradients g;, and g,; over time E; |g;:| =
5° 5° 97T data mG, E;[g-¢] = nG exist, where m,n € [—1,1], and G is a non-
Vo (L + L;) VoLls VoL, negative constant. We have:
(a) Joint (b) Alternate (c) DualOptim 6FT(1 o BFf)m T (1 o BFT)n

G,

lim Bp gy =

T—0o0 1—6Ff+F7"

Fept=1(1—-p) (1 — ")
(1— pEr) (1= gt
F.p5 1= p) (1 - p")
(1—pF) (1= phret)

1. Positive correlation: When m = n, B converges to mG, and
Arand A, converge to 0. DualOptim+ acts like Alternate.

2. Negative correlation: When m = BFS(fZFUn’ B converges
to 0. DualOptim+ acts like DualOptim.

for forget data

lim Af,(Ff—I-FT)T = (m — TL)G, (7)

T—00

(n —m)G.

lim A Fer FNT —
T— 00 Siands

for retain data

(d) DualOptim+
Figure 1. Comparison of baselines and DualOptim?+.

Phi 1.5
Loss | Method forget 1% data forget 5% data forget 10% data
UFet+ TFEt+ MU OVR1T | UFE1Y TFEtT MU1T OVR1T | UFEtT TFEtT MU1T OVR?Y
Joint 78.11 4545 1861 4019 | 72565 5832 36206 5085 | 71.65 06439 33902 50.97
a Alternate | 73.35 6249 4814 58.03 6773 6430 4781 5691 | 6582 6446 4954 5734
N DO 7475 6351 4646 5780 | 6849 06434 4950 5796 | ©6587 66.84 5025 5330
é DO 8bit | 7558 6123 4673 5757 | 6834 6433 4841 5737 | 6581 6560 5038 58.05
- DO+ 7551 6785 4769 59.69 6763 6760 5152 59.57 06542 6650 51.32 58.64
DO+8bit | 7369 6836 4753 5928 6756 6594 5036 K855 | 6526 6559 5130 5836
Table 2. Performance on Real-world Unlearning task. The model is Llama-3-8B-Instruct.
Llama 3
Loss | Method Unlearning Task Downstream Tasks
UFEfT TFE1T MU1T OVR1T | ARC-ct MMLU1T TruthfulQA1 TriviaQA1+ GSM8K?T AVG+1
Initial 30.55 - 6145 46.00 55.38 64.59 37.33 50.93 76.12 56.87
Joint 8554 72,96 2738 5332 | 4679 62.85 33.41 758 74.32  44.99
n | Alternate | 8549 6995 2919 5345 | 4977 63.31 35.62 12.71 74.15 4711
¢ DO 8525 6960 2806 5273 | 4847 63.20 35.29 10.33 7235 4593
g DO 8bit | 8528 6960 2768 5256 48.75 63.08 35.05 11.56 72.35 40.10
B DO+ 8572 060094 2796 5290 50.85 64.43 36.35 11.17 76.02 47.77
DO+ 8bit | 8547 6959 33.36 5545 52.56 64.51 36.80 17.86 75.21 49.39
Table 3. Performance on Safety Alignment task. The model is Alpaca-tuned Llama 3-8B-Instruct.
Alpaca-Llama 3
Method Safety Utility
I-Malit [-CoNat I[-Cont1T Q-Harm?t AVG1T | ARC-ct MMLU1T  TruthfulQA1 TriviaQA1+ GSM8K1T AVG 1T OVRT | XSTest |
Initial 28.00 38.76 55.00 64.00 40.44 45.56 52.53 29.74 12.11 13.12 30.61 | 33560 0.40
Joint 94.67 96.63 97.50 97.00 9645 | 47.04 51.63 33.74 12.18 14.10 3174 5484 | 28.00
Alternate | 97.00 97.38 97.50 99.67 97.89 46.81 50.83 34.60 13.83 12.94 31.80 | 55.67 20.20
DO 05.67 97.94 97.50 99.30 9761 | 4736 50.13 33.58 14.02 1299 3162 5576 @ 3027
DO 8bit 96.00 98.31 95.50 99.00 97.20 4710 50.78 33.58 13.82 12.96 3165 | 54.66 28.27
DO+ 096.00 9756 97.50 08.67 9743 = 4727 51.89 32.25 15.39 1423 3281 5645 2813
DO+ 8bit | 96.00  98.31 97.50 9933 9779 = 46.93 51.66 34.47 1371 1473 3230 5561 | 2827
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We propose DualOptim+, which introduces a shared base state to

capture common representations and decoupled delta states to
preserve task-specific residuals.

DualOptim+ is a plug-and-play framework applicable to any

multi-objective optimization and optimizers with stored states.

Experiments confirm that DualOptim+ achieves a superior trade-off

between forgetting efficacy and model utility in MU. Our method can
also be extended to more general alignment tasks.
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