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ABSTRACT

Machine unlearning aims to remove targeted information from large language
models (LLMs) without full retraining, but existing methods often degrade util-
ity and become unstable in continual settings when deletion requests arrive se-
quentially. We study continual LLM unlearning through the lens of gradient
interference: successive forgetting updates can conflict with earlier unlearning
steps, leading to cascading utility loss or regression on previously forgotten be-
havior. We propose Orthogonal Negative Preference Optimization (ONPO), a
lightweight plug-in for preference-based unlearning that projects each step’s up-
date onto the orthogonal complement of a low-dimensional subspace spanned
by cached gradients from previous unlearning requests. This orthogonalization
conservatively limits first-order changes to prior unlearning objectives, mitigating
over-unlearning drift. On the TOFU continual unlearning setting, ONPO improves
the trade-off between Forget Quality and Model Utility over gradient ascent and
NPO baselines.

1 INTRODUCTION

Large language model (LLM) unlearning aims to remove targeted information from trained mod-
els without full retraining, motivated by regulatory and safety requirements and by memorization
of private, copyrighted, or harmful content. This need is increasingly operational in long-lived de-
ployments, including assistant and agentic systems, where new deletion requests and policy updates
arrive over time and must be handled repeatedly without destabilizing the model.

Most LLM unlearning methods rely on gradient-based updates and preference-based objectives
(Zhang et al., 2024), often paired with retain constraints, but are primarily designed for a single
request. In the continual unlearning regime, sequentially applying such procedures can cause cas-
cading degradation: utility erosion on non-target data (and sometimes re-emergence of deleted be-
havior) driven by interference across successive unlearning steps (Wuerkaixi et al., 2025; Gao et al.,
2025). We study this regime through the lens of gradient interference and derive a simple first-
order principle: updates for the current request should avoid directions that substantially change
previously satisfied unlearning objectives.

We propose Orthogonal Negative Preference Optimization (ONPO), a lightweight plug-in for
preference-based unlearning that projects each step’s update onto the orthogonal complement of
a low-rank subspace spanned by cached gradients from prior unlearning requests. This conservative
orthogonalization limits first-order drift on earlier unlearning objectives, mitigating over-unlearning
and cascading degradation with minimal overhead.

Contributions. (i) We formalize continual LLM unlearning as a sequential stability problem
relevant to long-lived deployments. (ii) We introduce ONPO, an orthogonalized update rule for
preference-based unlearning that reduces step-to-step interference via cached-gradient projections.
(iii) On TOFU continual unlearning, ONPO improves the retain-forget trade-off and average quality
across tasks over baselines.
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2 PRELIMINARIES

Let πθ be an autoregressive language model with parameters θ ∈ Rp. A deletion request at step
k ∈ {1, . . . ,K} is a forget dataset Fk = {(pj , cj)}nk

j=1 of prompt–completion pairs, and we write
the conditional probability of the completion given the prompt as πθ(c | p) =

∏Tc

t=1 πθ(ct | p, c<t).
Requests arrive sequentially, and at step k only Fk is accessible, while previous forget sets {Fi}i<k

are not. Optionally, a retain dataset Rk = {xj}mk
j=1 is available to stabilize utility. We define the

step-k unlearning objective Jk : Rp → R and its gradient gk(θ) = ∇θJk(θ).

3 ONPO: ORTHOGONAL NEGATIVE PREFERENCE OPTIMIZATION

We derive ONPO from a sequential empirical risk minimization perspective for continual unlearn-
ing. We seek parameters θk that (i) achieve forgetting on Fk, (ii) preserve utility on retain data,
and, crucially, (iii) maintain persistence of previously satisfied unlearning requests without access
to {Fi}i<k.

3.1 CONTINUAL UNLEARNING AS A CONSTRAINED ERM PROBLEM

Step-k unlearning objective. Let (p, c) ∈ Fk be a prompt–completion pair from the forget set. We
consider a preference-based unlearning loss LNPO(θ; p, c) whose gradient takes the form

∇θLNPO(θ; p, c) = W (θ; p, c)∇θ log πθ(c | p), (1)

where W (θ; p, c) is a scalar weight. We assume W (θ; p, c) ≥ 0 so that descending the resulting
objective decreases log πθ(c | p) on Fk.

We define the empirical forget objective

J F
k (θ) =

1

|Fk|
∑

(p,c)∈Fk

LNPO(θ; p, c). (2)

When retain data are available, we include a utility regularizer

J R
k (θ) =

1

|Rk|
∑
x∈Rk

LNLL(θ;x), (3)

and define the step-k objective Jk(θ) = J F
k (θ) + λJ R

k (θ) with λ ≥ 0.

A central challenge in continual unlearning is persistence: after completing step i < k, subsequent
updates should not undo the unlearning achieved for Fi. A natural constrained ERM view is

min
θ
Jk(θ) s.t. J F

i (θ) ≤ J F
i (θ+i ) ∀i < k, (4)

where θ+i denotes the parameters immediately after completing step i. While equation 4 is not
directly solvable because F<k is unavailable, it motivates the update rule we use.

First-order approximation and a feasible update direction. Let θ = θk−1 + ∆θ denote a local
update from the current parameters θk−1. For each prior step i < k, a first-order expansion yields
J F
i (θk−1 +∆θ) ≈ J F

i (θk−1) +
〈
∇θJ F

i (θk−1), ∆θ
〉
. Thus, a sufficient first-order condition to

avoid increasing prior forget objectives is

⟨gi, ∆θ⟩ ≤ 0 ∀i < k, where gi := ∇θJ F
i (θk−1). (5)

Although gi = ∇θJ F
i (θk−1) is not directly available because Fi is inaccessible, ONPO approxi-

mates these constraint normals using cached gradients computed at θ+i .

A standard minimal-change step that improves the current objective while respecting these linearized
constraints is the quadratic program

min
∆θ
⟨gk, ∆θ⟩+ 1

2η
∥∆θ∥2 s.t. ⟨gi, ∆θ⟩ ≤ 0 ∀i < k, (6)

where gk := ∇θJk(θk−1) and η > 0 is a step size.
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3.2 ONPO AS A SCALABLE RELAXATION VIA A CACHED GRADIENT SUBSPACE

Solving equation 6 with all constraints is impractical in continual unlearning because (i) we assume
F<k is unavailable and (ii) the number of constraints grows with k. We therefore approximate the
set of past constraint normals {gi}i<k by a low-dimensional protected subspace constructed from
cached gradients.

Cached gradients. After completing step i, we store mi gradient vectors estimated on Fi at the
post-update parameters θ+i :

u(i,ℓ) = ∇θLNLL(θ
+
i ; B

(i,ℓ)) ∈ Rp, ℓ = 1, . . . ,mi, (7)

where B(i,ℓ) ⊆ Fi denotes the minibatch used to form the empirical gradient. Let Uk−1 = {u(i,ℓ) :
i < k} and define the protected subspace Sk−1 = span(Uk−1).

Projected update. Let Vk−1 ∈ Rp×r have orthonormal columns spanning the maintained sub-
space, and let Pk−1 = Vk−1V

⊤
k−1 be the orthogonal projector onto Sk−1. ONPO uses the projected

direction
g̃k = (I − Pk−1) gk = gk − Vk−1(V

⊤
k−1gk), (8)

and updates parameters as θk ← θk−1 − η g̃k. Orthogonality is a conservative relaxation of equa-
tion 5: while equation 5 only requires ⟨gi,∆θ⟩ ≤ 0, enforcing ∆θ ∈ S⊥k−1 avoids adding any
component in the cached span and is stable under noisy minibatch gradients without introducing
per-constraint multipliers.

Maintaining V under a memory budget. When a new cached vector u arrives, we orthogonalize
it against the current basis (e.g., Gram–Schmidt) and append it if it has nontrivial residual. If the
basis exceeds a capacity rmax, we apply a compression policy (e.g., keep the most recent vectors,
reservoir sampling, or rank-rmax SVD on a small buffer) to maintain a compact orthonormal basis.
ONPO requires only that Vk−1 remains an approximate basis of a subspace that captures past forget
gradients.

3.3 ORTHOGONAL GRADIENT ASCENT

ONPO can be viewed as a direct extension of orthogonal gradient methods to preference-based for-
getting losses. In particular, if we take LNPO such that its gradient reduces to a plain log-likelihood
ascent term (i.e., W (θ; p, c) ≡ 1), then gk(θ) = ∇θJk(θ) corresponds to the standard gradient-
ascent direction for forgetting. Applying the same projection in equation 8 yields an orthogonal
gradient ascent update, which we refer to as OGA. Thus, OGA is the special case of ONPO where
the adaptive weighting is removed, and the only mechanism for mitigating interference across steps
is the orthogonalization against the cached subspace.

4 EXPERIMENTS

We evaluate our method on the TOFU benchmark (Maini et al., 2024).

Dataset. We use TOFU forget10 as the forget stream and split it into five sequential tasks of
80 examples each. At each step, the model is unlearned on the current forget partition while being
paired with samples from retain90.

Metrics. Following prior work, we report three metrics: Forget Quality (FQ), F-Rouge (FR), and
Model Utility (MU). Forget Quality measures the extent to which the model no longer produces
the target information on the forget set. F-Rouge measures the overlap between the model’s out-
puts and the reference forget answers using ROUGE-L recall. Model Utility measures the model’s
performance on non-forget (retain) data. We additionally report an aggregate metric, the Continual
Retain–Forget Score (CRFS), defined as the harmonic mean between MU and the average forget
quality across tasks, both measured after the final unlearning step. This metric summarizes the
model quality after completing all continual unlearning steps.

Model. We use Llama-3.2-1B as the target model and initialize from the TOFU-specific, fine-tuned
checkpoints released by OpenUnlearning (Dorna et al., 2025). Specifically, we consider the standard
TOFU fine-tuned checkpoint and the corresponding variant fine-tuned with a 90% retain split.
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Table 1: Unlearning performance and model utility on the TOFU dataset for Llama-3.2-1B. Best
result per method family is in bold. The table shows how ONPO outperforms NPO in model utility,
while performing effective forgetting.

Task 1 Task 2 Task 3 Task 4 Task 5
Methods FR↓ FQ↑ MU↑ FR↓ FQ↑ MU↑ FR↓ FQ↑ MU↑ FR↓ FQ↑ MU↑ FR↓ FQ↑ MU↑ CRFS↑
Original 9.1e-1 4.18e-6 0.6373 8.7e-1 4.57e-5 0.6373 9.7e-1 1.14e-7 0.6373 8.6e-1 2.93e-7 0.6373 9.5e-1 2.12e-5 0.6373
ALKN 2.5e-1 3.31e-1 0.4360 2.8e-2 8.14e-2 0.0497 1.5e-2 6.95e-1 0.0062 1.2e-2 9.59e-5 0.0000 1.2e-2 3.45e-2 0.0000 1.80e-11
GA 8.4e-1 1.78e-6 0.6367 6.8e-1 9.55e-6 0.6202 6.0e-1 9.55e-6 0.6001 3.9e-1 4.18e-6 0.5471 2.5e-1 3.87e-4 0.5043 2.07e-3
OGA 8.4e-1 1.78e-6 0.6367 6.9e-1 9.55e-6 0.6187 6.1e-1 1.78e-6 0.6017 4.2e-1 9.55e-6 0.5521 3.0e-1 3.87e-4 0.5100 2.38e-3
NPO 1.2e-1 4.38e-1 0.5553 3.5e-1 2.42e-1 0.5530 3.3e-1 8.14e-2 0.5550 2.4e-1 1.73e-1 0.5524 3.3e-1 1.20e-1 0.5548 4.28e-1
ONPO 1.2e-1 4.38e-1 0.5553 3.6e-1 1.20e-1 0.5713 2.5e-1 3.31e-1 0.5763 2.1e-1 1.73e-1 0.5773 3.3e-1 3.31e-1 0.5800 4.93e-1

Baselines. Because relatively few works study continual LLM unlearning, we focus our comparison
on widely used baselines. We compare ONPO against gradient ascent and representative NPO-
style methods, including NPO and SimNPO Fan et al. (2025), reporting the results for the retain-
augmented loss variant of each method.

Implementation details. We used a learning rate of 10−5 and 25 epochs for OGA and GA, and
10−3 and 50 epochs for NPO and ONPO. For ALKN, we used the same hyperparameters reported
in Wuerkaixi et al. (2025). We trained with LoRA (r = 16, α = 16) on all linear layers using a
cosine learning-rate scheduler. Experiments were run on NVIDIA H200 GPUs.

4.1 RESULTS
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Figure 1: Mean Forget Quality vs. Model
Utility measured after the final unlearning
step.

Table 1 reports per-task metrics after each sequential
unlearning step and the aggregate CRFS after the fi-
nal step. We highlight four findings.

ONPO yields the strongest retain-forget trade-
off. By constraining updates to be orthogonal to the
previously forgotten data subspace, ONPO attains
the superior CRFS while preserving higher model
utility throughout unlearning and comparable or
superior FQ to baselines as unlearning steps unfold.

GA over-unlearns despite low FR. At first glance,
GA appears effective: F-Rouge decreases steadily
across tasks and model utility degrades only mod-
erately. However, Forget Quality remains near zero
throughout, indicating that GA collapses the output
distribution on forget-set prompts rather than pro-
ducing outputs statistically indistinguishable from a retrained model. The orthogonalized variant
OGA shows a marginal CRFS improvement, confirming that projection alone cannot compensate
for a base objective that drives the model toward degenerate outputs.

ALKN collapses under sequential unlearning. ALKN achieves reasonable forgetting on the first
task, but model utility drops precipitously across subsequent steps, reaching zero by task 4. Its
parameter-level localization strategy, which restricts updates to knowledge-specific weights identi-
fied via gradient attribution, does not prevent cascading interference when multiple forget sets are
processed in sequence. The near-zero CRFS confirms that sparsity-based localization alone is insuf-
ficient for continual unlearning, at least on this benchmark with Llama-3.1-1B.

Sensitivity to β. Figure 1 shows the mean Forget Quality vs. Model Utility trade-off across a range
of β values for both ONPO and NPO after the final unlearning step. Across all reported values,
ONPO matches or dominates NPO, indicating that the benefit of orthogonal projection is robust to
the choice of the preference-loss scaling parameter.

5 CONCLUSION

We studied continual LLM unlearning and identified gradient interference across sequential dele-
tion requests as a key driver of cascading degradation which is addressed by our propose method.
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On TOFU, our results show that orthogonalizing the forgetting update can improve the retention–
forgetting trade-off in continual settings, mitigating over-unlearning as requests accumulate.

Related Work. LLM unlearning methods broadly fall into gradient-based and preference-based
categories. Gradient ascent on the forget set is the simplest approach but is well known to cause
output-distribution collapse when applied aggressively (Maini et al., 2024). Negative Preference
Optimization (NPO) (Zhang et al., 2024) recasts forgetting as a preference objective, and SimNPO
(Fan et al., 2025) simplifies the formulation by removing the reference-model dependency; both
improve single-step forgetting quality but are not designed for sequential requests. In the continual
setting, Wuerkaixi et al. (2025) propose ALKN, which localizes unlearning to knowledge-specific
parameters identified via gradient-based attribution, aiming to limit interference across tasks. How-
ever, as our experiments show, this localization strategy does not prevent model utility from col-
lapsing over successive tasks on TOFU, suggesting that parameter-level sparsity alone is insufficient
when deletion requests accumulate. O3 (Gao et al., 2025) addresses continual unlearning through
a distinct optimization framework but imposes restrictive assumptions on data access. Orthogonal
gradient projection has been explored extensively in continual learning to prevent catastrophic for-
getting of previous tasks (Farajtabar et al., 2020), typically by projecting task gradients onto the null
space of representations associated with earlier tasks.

Future Work. Several directions could extend ONPO. First, we would like to study more princi-
pled and adaptive ways to maintain the protected subspace under a fixed memory budget. Second,
ONPO currently uses first-order information; incorporating curvature-aware projections may further
improve stability when unlearning steps are large. Third, continual unlearning benchmarks remain
limited: evaluating ONPO on longer forget streams and stronger base models would clarify when
orthogonalization helps most.

LLM Usage Disclosure. We disclose that LLMs were used during the preparation of this manuscript
to assist with editing prose, improving grammar and clarity, and drafting portions of text. All LLM-
generated content was reviewed, verified, and revised by the authors, who take full responsibility for
the correctness and originality of all claims, results, and writing in this submission. No LLMs were
used to generate experimental results, fabricate data, or produce reviews.
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