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Abstract

Large language models (LLMs) require effective unlearning
to address privacy regulations and safety concerns. However,
achieving precise forgetting without compromising general
utility remains challenging. Existing sequence- and token-
level methods penalize target outputs without modeling their
context-dependent retrieval paths, which can disrupt linguis-
tic structure or suppress benign knowledge. We present ADU,
a fine-grained, training-based framework that shifts unlearn-
ing from token erasure to contextual attention-pathway de-
coupling. Exploiting the functional distinction between local
and global attention heads, ADU identifies preplan positions
that retrieve persistent sensitive anchors and fixes their candi-
date paths under the original model. It then trains attention-
projection adapters to suppress attention mass along these
paths while preserving local-attention structure and retain-
set language modeling. Post-training activation exchange tests
whether the modified attention-output module transmits the
learned forgetting effect. ADU achieves the strongest aggre-
gate performance among evaluated baselines on the TOFU
and WMDP benchmarks, including a Forget Quality of 0.93
on TOFU. It preserves 87-98% of model utility (92.9% on av-
erage versus 81.9% for baselines) while reducing side effects
in benign contexts.

Introduction

Large language models (LLMs) have achieved advances in
language understanding and generation (Lee et al. 2020; Ran-
jan et al. 2026) through model scaling (Hu et al. 2025) and
diverse pretraining data (Zhao et al. 2025a). However, models
can reproduce sensitive content (Gong et al. 2026), private
information (Maini et al. 2024), or unsafe material (Shi et al.
2024a, 2025). As the General Data Protection Regulation
(GDPR) and the “right to be forgotten” receive attention
(Grynbaum et al. 2023), machine unlearning has emerged as
a privacy mechanism (Zhao et al. 2025b). It aims to reduce
the accessibility of requested knowledge while preserving
unrelated model capabilities (Yu et al. 2025).

Balancing unlearning efficacy and model utility remains
fundamentally challenging (Pu et al. 2026; Cha et al. 2024).
Prompt-based (Bhaila, Van, and Wu 2025; Wang et al. 2026)
and auxiliary-model approaches (Geng et al. 2025; Sun et al.
2025) can change outputs without updating the target model,
yet knowledge may remain recoverable through extraction at-
tacks (Shah et al. 2025). Parameter-level unlearning remains
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Figure 1: Sequence methods minimize the joint probability
of the entire QA pair. Token methods blindly suppress the
probabilities of individual tokens. We sever attention path-
ways that point to the anchor tokens.

necessary when the objective is to modify the deployed model
itself, particularly for private or copyrighted content.

Existing parameter-level methods are categorized by their
optimization target (Zhuang et al. 2025; Kim et al. 2026).
Sequence-level unlearning treats an entire question—answer
sequence as the forget target (Liu et al. 2025). Because its loss
spans syntactic and content tokens, it can damage linguistic
structure and generation fluency (Nguyen et al. 2025). Token-
level unlearning instead penalizes selected sensitive tokens
(Jiang et al. 2025) and limits damage by avoiding noncritical
positions (Yu et al. 2025; Lee, Liu, and Xiong 2026). Never-
theless, both approaches define forgetting over visible output
targets rather than the internal, context-dependent computa-
tion through which sensitive knowledge is retrieved.

This distinction matters because the same entity can be
sensitive in one context and benign in another. Static se-
quence or token penalties may therefore suppress legitimate
occurrences, causing excessive forgetting and degraded fac-
tual behavior in non-sensitive contexts (Tan et al. 2025). As
illustrated in Fig. 1, the desired intervention should target
the corresponding retrieval computation rather than erase
the entity itself. This raises a natural question: Can an LLM
forget a context-specific retrieval route without destabilizing
ordinary generation?

Motivated by evidence that attention heads contribute un-
evenly to model behavior (Lin et al. 2025), we call their asym-
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Figure 2: Generation inequality and temporal retrieval rhythm. (a) Local heads preserve near-diagonal dependencies, global
heads form long-range patterns. (b) RAS peaks indicate preplan transitions, APS peaks identify persistent anchors, shaded bands
mark selected regions. Post-training edge-contribution replacement tests path-specific causal mediation after unlearning.

metric temporal roles generation inequality. Local heads
maintain short-range dependencies, whereas global heads
route information from distant, persistently attended tokens.
Around semantic transitions, local attention shifts retrospec-
tively at preplan positions, after which global heads retrieve
earlier anchors that shape subsequent generation. Average
Backward Distance separates the two head groups, while
Retrospective Attention Shift and Anchor Persistence Score
locate candidate preplans and anchors (Fig. 2).

Based on this rhythm, we propose Attention Decoupling
Unlearning (ADU), a training-based method for context-
specific pathway suppression. ADU computes the head parti-
tion and preplan—anchor paths once under the original model
and keeps them fixed during training. Attention-projection
adapters reduce path mass, while retained language modeling
and local-attention preservation constrain collateral changes.
The learned decoupling operates in every forward pass; bidi-
rectional edge-contribution replacement runs only after train-
ing to test whether the selected preplan—anchor paths causally
mediate the resulting forgetting effect.

Unlike representation-level methods such as RMU, token-
editing methods such as MET, and broad attention suppres-
sion such as ASU, ADU optimizes a context-indexed retrieval
pathway rather than a hidden representation or token iden-
tity. Attention weights locate candidate routes but are not
treated as explanations by themselves: the pathway objec-
tive controls transported contributions under bounded values,
while bidirectional edge-contribution replacement provides
post-training tests of path-specific causal mediation. Across
TOFU, WMDP, and MUSE-Harry Potter, ADU achieves the
strongest aggregate forgetting—retention trade-off among the
evaluated baselines. It obtains 93% Forget Quality on TOFU
and preserves 87-98% of model utility, averaging 92.9%
compared with 81.9% for baselines. These results support
contextual pathway suppression as a more targeted alterna-
tive to sequence or token erasure. In summary, our contribu-
tions are:

1. We formulate LLM unlearning as contextual pathway

decoupling and characterize a preplan—anchor temporal pat-
tern arising from the functional specialization of local and
global attention heads.

2. We propose ADU, which trains attention-projection
adapters to suppress fixed preplan-to-anchor pathways while
retaining language modeling and local-attention preservation
constrain collateral behavior.

3. We provide conditional theoretical guarantees and ex-
tensive evaluations on WMDP, TOFU, and MUSE-Books,
demonstrating state-of-the-art forgetting retention trade-offs
and validating the causal role of the targeted pathways.

Related Work

Sequence-level Unlearning Many parameter-level meth-
ods optimize a coarse sequence-level objective. Gradient
Ascent (GA) (Thudi et al. 2022) directly maximizes the
forget-set loss and can produce unstable parameter updates.
Negative Preference Optimization (NPO) (Zhang et al. 2024)
regularizes this process with a preference objective, but still
treats the complete QA pair as one optimization target. To-
gether with their variants (Wang, Wei et al. 2025; Zhao et al.
2024; Wang et al. 2025; Yang et al. 2025), such objectives dis-
tribute forgetting pressure across many sequence positions,
including syntactic function words, without explicitly sepa-
rating knowledge-bearing content from linguistic structure.
Consequently, stronger forgetting can coincide with degraded
generation fluency and reduced general capabilities.

Token-level Unlearning Token-level methods narrow the
target by suppressing specific token logits or redirecting them
toward alternatives (Yu et al. 2025; Li et al. 2025a). Although
this avoids some sequence-wide penalties, residual latent se-
mantics may remain, while redirected generation can intro-
duce factual hallucinations. Recently, Tan et al. (2025) iden-
tifies important tokens and suppresses attention toward them
across the sequence. However, this strategy remains cen-
tered on static token salience rather than a context-specific
query-to-key retrieval route, limiting contextual discrimina-
tion (Tran, Liu, and Xiong 2025; Jin et al. 2025). The same
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Figure 3: Illustration of the workflow. Before predicting the next important token, the preplan token “in”” queries earlier sensitive
anchors through long-range backward attention. After training, ADU suppresses this sensitive dependency path while preserving
local anchor structure and maintaining the continuity of local semantic segments.

entity may therefore be weakened in both sensitive and be-
nign contexts, causing excessive forgetting and disrupting
normal knowledge retrieval (Yuan et al. 2025).

These families differ in granularity but define forgetting
mainly over the sequence or token being generated, rather
than the contextual computation that retrieves it. ADU in-
stead identifies a recurring preplan—anchor rhythm under the
original model and fixes the resulting candidate paths before
training. Attention-projection adapters then suppress mass
along these paths, while retain language modeling and local-
attention preservation constrain collateral changes. Thus,
ADU targets context-specific retrieval without directly eras-
ing the sensitive token itself.

Method

ADU is a training-based unlearning method (see Figure 3).
Given an original model 6y, a forget set Dy, and a retain
set Dy, itlearns 6; = Uapu(o; Dy, D,) through attention-
projection adapters. The learned pathway decoupling acts
in every standard forward pass of #;, while counterfactual
activation exchange is used only after training to identify the
internal computation mediating forgetting.

Generation Inequality and Temporal Rhythm

During autoregressive generation, we formalize generation
inequality as unequal temporal roles: local heads maintain
short-range dependencies, whereas global heads retrieve dis-
tant, persistently attended tokens. Around semantic tran-
sitions, retrospective local shifts mark preplan positions,
and persistent global attention identifies earlier anchors that
shape generation. This pattern yields the preplan—anchor re-
trieval hypothesis operationalized below (Figure 2).

Let x = (u,0) be a context continuation sequence and

R, the continuation positions. Let Aél ths( ) be the causal
attention weight from query position ¢ to key position s < ¢
in layer [, head h. On a held-out calibration split D, the
head’s average backward distance under the model:

dth =B, p,, ‘R | Z ZAWS —s)|. (1)

teR, s<t

The bottom and top p fractions form Hj,. and Hyop,
respectively. We use p = 0.3, compute the partition once
from the original model, and keep it fixed during training.

Let Ap¢(z) and AglOb( ) denote original-model attention
averaged over the fixed local and global head sets. Given a
retrospective distance cap W and a fixed future continuation
window F,(s), we define

Z Al@%Ct s mln(t -5, W))

s<t

1 glob
At = |rt - rt—1|7 as = |Fw(8)| Z Agmu,s(x)'
uEF,(s)
(2)

Here, A, is evaluated at continuation positions with a pre-
ceding continuation position, and positions without a valid
future window are excluded from APS selection. Large A,
identifies a candidate transition, whereas large a, indicates
persistent influence on subsequent queries. For selection ratio
¢, let Q1_4(A;z) and Q1_,4(a; x) denote the corresponding
within-sequence quantiles. We define

Tpre(x) = {t S R’I‘ | At > Ql—q(A;I)a ry 2> Tras}a
Sanc(z) = {s € Ry | as > Q1_q(a;z)} N Cy(z).

3)



Here, C't (x) contains candidate sensitive positions derived
from the forget continuation. Exact window construction and
sensitive-position filtering are detailed in Appendix B. These
signals locate candidate retrieval sites; ADU turns the iden-
tified rhythm into a trainable mechanism by suppressing the
corresponding attention pathway.

Pathway Contributions and Causal Mediation

For each forget sample, P(z) contains tuples e = (I, h, ¢, s)
such that (I,h) € Hgiop, t € Tpre(), S € Sanc(x), and
s < t, where the last condition enforces causal attention
order. We distinguish the contribution before and after the
effective output projection:

Ce(0,2) = AY) () V3 (x),

(1,h) “)

Ce.(0,2) = Wo,’e C’e(é,x).

Here, C. is the head-space contribution manipulated by the

intervention, while C. is its residual-stream image controlled

by the pathway objective. For a € {0,1}, define the path-
specific causal mediator as

M,(@) = (Celba2) . ®)

e€P(x)

Replacing M, (z) by Mj(z) subtracts the running
model’s selected contributions and adds the source model’s
corresponding contributions at each affected pre-output-
projection head output. The recipient model retains its own
Wo and every unpatched computation, and all downstream
activations are recomputed. Here, a = 0 denotes the original
model and a = 1 the trained ADU model.

For theoretical and causal analysis, let I s («) denote the po-
sitions of a sensitive continuation span. For each i € I;(x),
let y; be the target token and C;(x) a prespecified set of
non-target contrasts. Under teacher forcing, the sensitive ac-
cessibility score is

1
- 7 Z S@(yia$<i)a (6)

i€ly (z)

where

so(Uiw<i) = 20(yi | w<i) —log Y expzglc| zei).
ceCi(x)

This dataset-agnostic score is used only to formalize sensitive
accessibility and counterfactual effects; it is not part of the
ADU training objective.

A =Eqsnp, [Yo, () = Yo, ()] > € >0,

7
Ar = Evep, [Dret (10, (- | @) 700 (- | )] S 6rs O

where D, measures retain-behavior discrepancy.

Let Y (a, m; z) denote the counterfactual score from 6,
when its selected head-space contributions are replaced by m
before Wo ¢, . All unpatched computations and parameters
stay as 6,, and downstream activations are recomputed. De-
fine Y, (z) = Y (a, My(x); z), where the first index marks

the running model and the second the mediator source. Writ-
ing [E; for expectation over Dy, we obtain

TE = Ef[Yoo — Y11,

8
IE.u, = Ef[Yoo — Yo, ®

IEres = IEf[YvIO - Y11]~
Under consistency, Y (a, My (z);z) = Yy, (x), s0 Yaq =
Yy, and TE = A;. The suppression effect replaces Base con-
tributions with their ADU counterparts, whereas the restora-
tion effect replaces ADU contributions with their Base coun-
terparts. These bidirectional interventions test whether the
selected preplan—anchor contributions causally mediate the
learned forgetting effect. Direct remainders representing ad-
ditional unpatched routes are defined in Appendix A.

Training Objective and Theoretical Guarantees

Let N, = max(1,|P(z)]) and Ag.(z) = Aélthz( ) for
e=(l,h,t s). The pathway mass and forget loss are

PMy (z Z Ag e

* eeP(x)

L= EzNDf [PMp()].

©))

The pathway indices are computed once under 6, and kept

fixed during training; gradients flow through the selected at-

tention values but not through the discrete mask. We combine

L ¢ with language modeling on D, and a row-wise loss that
preserves original-model local attention on Dy U D,

Lapu =aLly+ (1 —a)(Lim + Lioc) - (10

Here, o € [0,1] controls the forget-retain balance. The
backbone remains frozen, while LoRA adapters update
Wa, Wk, Wy, and W in layers containing selected global
heads. Samples with P(x) = & contribute zero to L. The
complete retain objective, trainable scope, and empty-path
handling are detailed in Appendix B.

From pathway training to knowledge suppression. If
HW(()l ’(;L )Ve(.l;h) ()2 < B for all selected edges, then

1
s > ICe(0,2)[l2 < BPMy(x). (11)

® e€P(x)

Thus, minimizing pathway mass controls the average trans-
ported magnitude of selected edge contributions rather than
treating attention weights as explanations. These contribu-
tions form the path-specific component of the attention-
output computation examined by activation exchange.

For an affected query—head row j, let p; and p;- be its
selected-anchor mass before and after pathway decoupling,
with §; = p; — p; > 0. Write

0;(pj) = pjpsj+ (1 —pjlps Ly =ps;— ks

where g ; and pg ; are the normalized selected-anchor
and complementary value-output mixtures. A mass-transfer
intervention holds these mixtures fixed while reducing p;,
yielding 0, (p;) — 0,(p;) = —0;';.

Let g(p) = Y(o1(p1),. OJ(pJ)) be the sensitive score
induced by the affected attention outputs. Assume that g is



Method \ Forget tasks(%) Retain tasks(%)

Llama3.1-8B-Instruct \ Bio.] Cyber| MMLUt GSMS8K?T Flu.t
Base 71.86 4537 68.16 67.83 3.74
NPO_KL? (Zhang et al. 2024) 56.38  34.32 52.37 53.55 2.79
RMU? (Li et al. 2025b) 39.55  31.75 53.43 52.64 2.90
ICUL® (Pawelczyk, Neel, and Lakkaraju 2024) | 41.31 30.46 60.69 58.40 3.58
ALU? (Sanyal and Mandal 2025) 31.87 29.94 63.78 58.65 3.26
METT (Yu et al. 2025) 34.63 3147 52.19 54.19 3.18
ASUT (Tan et al. 2025) 3449  33.17 58.58 57.24 3.31
ALTERT (Chen et al. 2026) 29.69  30.77 60.10 57.60 3.20
ADU' (Ours) 2732 2797 62.84 58.82 3.34
Qwen3-14B \ Bio.] Cyber| MMLUt GSMS8K?T Flu.t
Base 76.07  50.98 75.18 79.25 3.80
NPO_KL? (Zhang et al. 2024) 60.59  39.85 64.88 63.50 2.88
RMU? (Li et al. 2025b) 4385 36.24 66.51 64.86 3.08
ICUL® (Pawelczyk, Neel, and Lakkaraju 2024) | 46.82  31.50 65.22 68.37 3.69
ALU? (Sanyal and Mandal 2025) 31.71 30.38 67.67 68.81 3.58
METT (Yu et al. 2025) 38.28  34.53 65.49 66.29 3.27
ASUT (Tan et al. 2025) 32.09  33.89 69.88 71.54 347
ALTERT (Chen et al. 2026) 3424  36.58 71.55 70.83 3.35
ADU' (Ours) 2940  29.12 70.91 73.28 3.57

Table 1: Multiple-choice accuracy on the forgetting/retention benchmark after unlearning. f, ¢, and ¥ denote token-level training,

prompt-based methods, and sequence-level training, respectively.

differentiable and, at every point along the intervention path,
(Vo,9,Tj) > r; > 0. For the retain-discrepancy functional
gr, assume L-Lipschitz continuity and ||T';||2 < B;. Then

9() —g() < = > K;d;,
’ (12)
l9-(P)) — gr(P)| < L B;d;.
J

The first inequality gives a sufficient condition for reduc-
ing sensitive log-odds, while the second bounds the retain-
discrepancy change attributable to the same intervention.
Complete proofs are provided in Appendix A.

Together, the pathway loss controls attention contribu-
tions, directional alignment translates their reduction into
lower sensitive log-odds, and the retain objective constrains
changes outside the pathway. Bidirectional activation ex-
change then tests whether the modified attention-output com-
putation mediates the forgetting effect.

Experiment
Experiment Settings

Datasets We evaluate our method on three benchmarks.
WMDP (Li et al. 2025b) verifies forgetting and retention ef-
fectiveness by assessing model knowledge in sensitive do-
mains such as biosafety and cybersecurity. MUSE-Harry
Potter (Shi et al. 2024b) assesses copyright unlearning: mod-
els are first fine-tuned on the Harry Potter book content to
memorize it, then unlearned to forget that content. TOFU

(Maini et al. 2024) examines boundary preservation between
the forget set and its neighboring retain set, simulating syn-
thetic and real-world unlearning scenarios. We note that all
three benchmarks involve extended, context-rich responses
where the model must retrieve factual knowledge through
multi-token generation—precisely the regime where preplan-
to-anchor attention patterns emerge and ADU’s pathway de-
coupling is most effective. To test general ability, we ap-
ply MMLU (Hendrycks et al. 2021) for fact answering and
GSMS8K (Cobbe et al. 2021) for math reasoning. Datasets
details and configurations are provided in Appendix C.1.

Metrics For WMDP, we report multiple choice accuracy
on Bio and Cyber as forgetting metrics, where lower values
indicate stronger forgetting. MMLU and GSM8K are used as
retention metrics, where higher values indicate stronger util-
ity preservation. For MUSE Harry Potter, we report BLEU
and ROUGE-L to measure textual overlap with copyrighted
content, together with MMLU and fluency for utility. For
TOFU, we report ROUGE-L on the target unlearned data,
Top 5 exclusion rate, Forget Quality, ROUGE-L on neigh-
boring knowledge, neighboring accuracy, and general knowl-
edge accuracy. Fluency is evaluated by GPT-4oona 1 to 5
scale. We also report Forgetting Performance (FP) and Re-
taining Performance (RP) in analysis, where FP is the average
of WMDP Bio and Cyber, and RP is the average of MMLU
and GSMS8K. Details are provided in Appendix C.2.

Baselines We compare with sequence-level training,
prompt-based methods, and token-level training meth-
ods. Sequence-level training includes NPO_KL (Zhang



Method \ TUD \ NEK | GEK
Llama3.1-8B | R-LL TRt FQT | R-LT Acct | Acet
NPO_KL' (Zhang et al. 2024) 031 078 0.72 | 0.58 622 | 642
RMU? (Li et al. 2025b) 0.19 091 0.88 | 0.62 651 | 68.3
ICUL® (Pawelczyk, Neel, and Lakkaraju 2024) | 0.17 094 0.54 | 0.61 63.8 | 69.0
ALU® (Sanyal and Mandal 2025) 0.13 095 067 | 0.64 66.7 | 70.6
METT (Yu et al. 2025) 0.18 0.88 092 | 064 633 | 702
ASUT (Tan et al. 2025) 0.16 093 087 | 066 69.6 | 71.0
ALTER' (Chen et al. 2026) 0.14 091 081 | 060 672 | 71.3
ADUT (Ours) 011 096 093 | 0.69 70.8 | 72.3

Table 2: Performance comparison on TOFU (10%) with Llama3.1-8B-Instruct.

Method BLEU| R-L| MMLU? Flu.t
Original ~ 74.80 85.14  46.33 3.63
NPO? 1.55 14.08  42.70 2.96
WHP? 23.68 17.93 43.49 2.52
ALU® 7.21 14.85 4434 3.27
ICUL® 2750 2589  44.02 3.34
ALTER? 696 1040  43.84 2.32
Ours' 478 9.49 45.64 3.29

Table 3: Results on MUSE-Harry Potter with Llama2-7B.

et al. 2024), and Representation Misdirection for Unlearn-
ing (RMU) (Li et al. 2025b). Prompt-based methods in-
clude ICUL (Pawelczyk, Neel, and Lakkaraju 2024) and
ALU (Sanyal and Mandal 2025). Token-level training in-
cludes Model Edit Token (MET) (Yu et al. 2025), Attention
Shift Unlearning (ASU) (Tan et al. 2025), and Hydra Sup-
press Unlearning (ALTER) (Chen et al. 2026).

Main Result

Forgetting-Retention Effectiveness We report WMDP
forgetting and general retention results (Table 1). On
Llama3.1-8B-Instruct, ADU reduces Bio accuracy from
71.86 to 27.32 and Cyber accuracy from 45.37 to 27.97, re-
taining MMLU and GSMB8K at 62.84 and 58.82. On Qwen3-
14B, ADU achieves the lowest Bio and Cyber accuracy
and the best GSMS8K retention among unlearning methods;
prompt-based ALU ranks second on Cyber forgetting with-
out modifying model parameters. These results show that
ADU improves trainable forgetting and retention trade off
instead of optimizing one forgetting metric at the cost of util-
ity. Table 3 evaluates copyright unlearning on MUSE Harry
Potter. ADU achieves the lowest ROUGE-L among unlearn-
ing methods and strongest MMLU retention. Although NPO
gives lower BLEU, its MMLU drops to 42.70, while ADU
keeps MMLU at 45.64 and fluency at 3.29. This pattern
supports the pathway view. ADU weakens the route to mem-
orized content while avoiding broad degradation of general
next token behavior. Settings and costs are in Appendix C.4.

Setting Avgl MMLUT GSMSKT
ADU 27.65 62.84 58.82
w/o pathway loss 47.79 63.22 58.44
w/o retain objective  25.68 56.32 52.10
random heads 34.79 59.26 55.28
w/o anchor filter 26.19 58.40 54.32
w/o RAS preplan 32.38 60.05 55.99

Table 4: Component ablation on Llama3.1-8B-Instruct. Avg
denotes the average of WMDP Bio and Cyber.

Boundary Preservation To further verify the impact of
unlearning methods on neighboring and retained knowledge,
we conducted experiments on TOFU (10%), as shown in Ta-
ble 2. Sequence-level training methods struggle to balance
the trade-off between forgetting and model utility. Prompt-
based methods provide stronger retention, but their forget-
ting and neighboring preservation remain unstable. Although
token-level training methods improve this balance, existing
variants may still disrupt semantic dependencies shared with
neighboring facts. For example, ASU obtains 69.6% NEK
accuracy, but its TUD R-L remains 0.16. By severing haz-
ardous retrieval pathways while preserving adjacent seman-
tic pathways, ADU achieves the best TUD R-L of 0.11, TR
of 0.96, and the best NEK and GEK of 70.8% and 72.3%,
showing stronger boundary preservation and general utility.

Discussions

Component ablation Table 4 isolates each ADU compo-
nent on Llama3.1-8B-Instruct. Removing the pathway loss
raises forgetting metrics sharply, indicating that suppressing
sensitive pathway mass drives forgetting. Removing the re-
tain loss keeps forgetting but reduces MMLU and GSMS8K by
6.52 and 6.72 points, showing that retain language modeling
is essential for utility. Random heads weaken both forget-
ting and retention, suggesting that the local-global partition
is non-interchangeable. Removing the sensitive anchor filter
harms MMLU and GSMB8K by penalizing benign high-APS
anchors. Removing the RAS based preplan selection weak-
ens forgetting and retention, confirming that ADU benefits
from intervening at the transition point before sensitive an-



Condition WMDP Avg., MMLU?T
Base _ 58.62 68.16
Base — Selected C, N 36.37 67.58
Base — Matched random C, 57.09 67.52
ADU 27.65 62.84
ADU <« Base selected 47.23 63.37
ADU < Base matched random 28.82 61.64

Table 5: Path-specific contribution interventions on
Llama3.1-8B-Instruct. “+—” replaces selected contributions
in the running model with their source-model counterparts.
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Figure 4: Parameter sensitivity analysis on WMDP and re-
tention tasks with Llama3.1-8B-Instruct.

chors guide later generation. Full results including TOFU
metrics are provided in Appendix D.2.

Path-specific causal validation. Figure 2(b) visualizes
how RAS peaks mark preplan transitions and APS peaks
identify persistently attended anchors, localizing candidate
pathways without proving they control sensitive retrieval. We
therefore intervene directly on the pre-output-projection con-
tributions of the identified preplan—anchor edges. Removing
them from Base lowers WMDP Avg. from 58.62 to 36.37,
whereas removing a cardinality-matched random edge set
yields 57.09, showing retrieval depends specifically on the
selected pathway rather than an arbitrary same-sized per-
turbation. Conversely, replacing ADU’s selected contribu-
tions with their Base counterparts restores WMDP Avg. from
27.65 to 47.23, while matched-random replacement reaches
only 28.82. The selected interventions change MMLU by
only -0.58 and +0.53 points, respectively. These comple-
mentary results link ADU’s training target to its behavioral
effect: the selected contributions support a substantial portion
of Base retrieval, and restoring their original computation re-
covers much of the access suppressed by ADU. Appendix E
provides complete bidirectional replacement analysis.

Hyperparameter Sensitivity Analysis We analyze the se-
lection ratio ¢, and the loss balance o on Llama3.1-8B-
Instruct. Figure 4 reports the forgetting-retention trade-off
when varying one hyperparameter while fixing the others
to their default values. Small ¢ misses sensitive pathways
and leaves higher WMDP accuracy, whereas large g includes
benign anchors and harms retention. The default ¢ = 0.4
achieves FP 27.65 and RP 60.83, which forms a stable trade-
off knee while avoiding the retention degradation observed
at larger g values. A small o underweights the pathway ob-
jective and generally weakens forgetting, whereas large o
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Figure 5: Groupwise worst-case WMDP accuracy under dif-
ferent attacks on Llama3.1-8B-Instruct.

provides limited forgetting gains and lowers retention perfor-
mance. The default « = 0.3 gives the best tested balance.
Full numerical results and seed stability are reported in Ap-
pendix D.3 and Appendix D.4.

Robustness Analysis. We group six attacks into prompt
scaffolding (few-shot, masking, and role-play CoT) and adap-
tive recovery (anchor shift, multi-turn probing, and repeated
sampling). They test whether altered reasoning contexts or
retrieval strategies re-elicit forgotten knowledge. As shown
in Fig. 5, although ASU has a smaller increase under prompt
scaffolding, ADU still achieves the lowest attacked accu-
racy. Under adaptive recovery, ADU has both the smallest
increase and lowest final accuracy, remaining below ALU
and ASU. Thus, pathway decoupling limits knowledge re-
covery beyond the original prompt. More results and details
are in Appendix F.1.

Conclusion

Our work formulates LLM unlearning as contextual pathway
decoupling: sensitive knowledge is retrieved through context-
dependent internal routes and should not be reduced to an en-
tire sequence, a static token, or a prompt-level refusal. Based
on this view, we introduce ADU, which identifies a preplan—
anchor rhythm from the temporal specialization of local and
global attention heads, fixes candidate retrieval paths under
the original model, and trains attention-projection adapters
to suppress them while preserving retain-set language mod-
eling and local-attention structure. The resulting framework
provides a persistent parameter-level mechanism that targets
sensitive retrieval in context, while limiting excessive forget-
ting, utility degradation, and recovery under altered prompts.
Experiments on WMDP, TOFU, and MUSE-Books demon-
strate strong forgetting—retention trade-offs, and bidirectional
edge-contribution interventions establish that the selected
paths causally mediate a substantial portion of sensitive re-
trieval and the learned forgetting effect. Future work will
extend pathway identification beyond attention, improve au-
tomatic anchor construction, and develop stronger guarantees
against residual knowledge recovery.
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