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ABSTRACT

Continual fine-tuning of large language models with LoRA suffers from catas-
trophic forgetting, where performance on earlier tasks degrades as the model
adapts to new ones. Existing mitigation strategies either modify training dynamics
or require replay buffers, adding complexity to the fine-tuning pipeline. We pro-
pose HeadRollback, a simple post-task intervention that identifies attention heads
that were unintentionally disrupted during training—heads that changed substan-
tially but are not critical for the new task—and rolls back their LoRA B-matrix
rows to the previous checkpoint. Our method combines three signals: disrup-
tion magnitude, historical importance, and new-task importance, to select heads
worth preserving. On a 5-task text classification benchmark with Qwen3-0.6B-
Base, HeadRollback improves Overall Performance by +1.98 percentage points
and Backward Transfer by +1.70pp over Vanilla LoRA, with consistent improve-
ments across task orders (7/9 win rate). HeadRollback is replay-free, requires
minimal state (one scalar per head plus a single checkpoint), and operates entirely
at task boundaries without modifying training.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Large language models (LLMs) are increasingly deployed in scenarios requiring continual adapta-
tion to new tasks and domains (Wu et al., 2024; Shi et al., 2024). Parameter-efficient fine-tuning
methods such as LoRA (Hu et al., 2021) enable efficient adaptation by training low-rank matrices
while keeping base model weights frozen. However, sequential fine-tuning on multiple tasks leads
to catastrophic forgetting, where performance on earlier tasks degrades as the model adapts to new
ones (Kirkpatrick et al., 2016).

Existing approaches to mitigate forgetting in continual learning fall into three paradigms, each with
limitations. Regularization methods (Kirkpatrick et al., 2016; Li & Hoiem, 2016) constrain param-
eter updates during training but add computational overhead. Replay-based methods (Lopez-Paz &
Ranzato, 2017; Buzzega et al., 2020) achieve strong performance by revisiting earlier examples but
require storing training data. Architecture-based methods (Razdaibiedina et al., 2023; Wang et al.,
2023) expand model capacity per task but increase model size. All these approaches modify the
training process itself, adding complexity to the fine-tuning pipeline.

We propose a different perspective: rather than modifying training, we intervene after each task to
correct unintended parameter changes. Our key insight is that not all parameter changes during fine-
tuning are equally harmful. Some attention heads undergo large changes that are not necessary for
the new task—they are unintentionally disrupted. These heads can be identified by three properties:
high disruption (large parameter change), high historical importance (critical for earlier tasks), and
low new-task importance (not needed for the current task). Rolling back these heads should recover
earlier-task performance without harming current-task accuracy.

1https://gitlab.com/fars-a/head-rollback-lora-cl
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We introduce HeadRollback, a simple post-task intervention that identifies unintentionally disrupted
attention heads and rolls back their LoRA B-matrix rows to the previous checkpoint. Our contribu-
tions are:

• We propose HeadRollback, a replay-free post-task intervention for continual LoRA fine-
tuning that operates at task boundaries without modifying training dynamics.

• We develop a three-signal scoring formula combining disruption magnitude, historical im-
portance, and new-task importance to identify heads worth preserving.

• We demonstrate that HeadRollback improves Overall Performance by +1.98pp and Back-
ward Transfer by +1.70pp over Vanilla LoRA on a 5-task benchmark, with consistent im-
provements across task orders (7/9 win rate).

• We provide analysis showing that HeadRollback selects heads with 3–7× higher historical
importance than disruption-only selection, and that middle layers are most susceptible to
unintentional disruption.

2 RELATED WORK

Continual Learning for LLMs. Continual learning enables models to acquire new capabilities
without retraining from scratch, but sequential fine-tuning causes catastrophic forgetting where per-
formance on earlier tasks degrades (Wu et al., 2024; Shi et al., 2024). Existing approaches fall into
three paradigms. Regularization methods such as EWC (Kirkpatrick et al., 2016) and LwF (Li &
Hoiem, 2016) constrain parameter updates to preserve important weights, but add training complex-
ity. Replay-based methods including GEM (Lopez-Paz & Ranzato, 2017), DER++ (Buzzega et al.,
2020), SSR (Huang et al., 2024), and FOREVER (Feng et al., 2026) revisit earlier examples during
training, achieving strong performance but requiring data storage. Architecture-based methods like
Progressive Prompts (Razdaibiedina et al., 2023) expand model capacity per task, avoiding interfer-
ence but increasing model size. HeadRollback differs fundamentally as a post-task intervention that
operates at task boundaries without modifying training dynamics or requiring replay data.

Parameter-Efficient Fine-Tuning. LoRA (Hu et al., 2021) enables efficient adaptation by train-
ing low-rank matrices while keeping base model weights frozen. Several methods extend LoRA for
continual learning: O-LoRA (Wang et al., 2023) enforces orthogonality between task-specific sub-
spaces, MIGU (Du et al., 2024) masks gradient updates using magnitude signals, MoFO (Chen et al.,
2024) filters optimizer momentum to reduce forgetting, and Merge-before-Forget (Qiao & Mahdavi,
2025) accumulates task updates through continual merging. These methods modify the training
process itself, whereas HeadRollback operates on trained LoRA modules as a post-hoc correction.

Attention Head Analysis. Recent work has examined attention heads as units of analysis for
continual learning. SEEKR (He et al., 2024) identifies important heads and distills their attention
patterns using replay data and teacher models. Mechanistic studies (Imanov, 2026; Yang et al., 2026)
suggest that forgetting concentrates in specific attention heads that undergo large disruptions during
sequential fine-tuning. HeadRollback builds on this insight by using gradient-based importance
signals to identify heads that were unintentionally disrupted, then selectively rolling back their LoRA
parameters without requiring replay or distillation.

3 METHOD

We present HeadRollback, a post-task intervention for continual LoRA fine-tuning that identifies
and rolls back attention heads that were unintentionally disrupted during training. Figure 1 provides
an overview of our approach.

3.1 PROBLEM FORMULATION

Consider a sequence of K tasks T1, . . . , TK , each with dataset Dk. We fine-tune a pre-trained
language model using LoRA (Hu et al., 2021), which augments linear layers with low-rank adapters.
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Figure 1: Overview of HeadRollback. After each task k, we compute three signals per attention
head: disruption score ∆(h), historical importance Iold(h), and new-task importance Inew(h). Heads
with high disruption, high historical importance, and low new-task importance are identified as
“unintentionally disrupted.” For selected heads, we roll back their LoRA B-matrix rows to the
previous checkpoint while keeping the A matrix unchanged.

For a linear layer with weight W ∈ Rdout×din , LoRA adds a low-rank update:

W ′ = W +∆W, ∆W =
α

r
BA (1)

where A ∈ Rr×din , B ∈ Rdout×r, r ≪ min(din, dout) is the rank, and α is a scaling factor. We apply
LoRA to the query and value projections in each attention layer.

We evaluate continual learning using two standard metrics. Overall Performance (OP) measures
the average accuracy across all tasks after training on the final task. Backward Transfer (BWT)
measures the average change in accuracy on earlier tasks after learning subsequent tasks; less nega-
tive BWT indicates less forgetting.

3.2 KEY INSIGHT: UNINTENTIONALLY DISRUPTED HEADS

Not all parameter changes during fine-tuning are equally harmful to earlier tasks. We hypothesize
that some attention heads are unintentionally disrupted: they undergo large parameter changes dur-
ing training on a new task, but these changes are not necessary for the new task’s performance. Such
heads can be characterized by three properties: (1) high disruption—the head’s LoRA parameters
changed substantially, (2) high historical importance—the head was important for earlier tasks, and
(3) low new-task importance—the head is not critical for the current task. Rolling back these heads
should recover earlier-task performance without harming current-task accuracy.

3.3 SIGNAL COMPUTATION

At each task boundary (after completing training on task k), we compute three signals for each
attention head h. Let B(k)

ℓ,m denote the LoRA B matrix for layer ℓ and projection type m ∈ {q, v}
after task k, and let rows(B, h) denote the rows of B corresponding to head h.
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Disruption Score. We measure how much each head’s LoRA parameters changed during training
on task k:

∆(h) =
∑
ℓ,m

∥rows(B(k)
ℓ,m, h)− rows(B(k−1)

ℓ,m , h)∥F
∥rows(B(k−1)

ℓ,m , h)∥F + ϵ
(2)

where ∥ · ∥F denotes the Frobenius norm and ϵ is a small constant for numerical stability.

Historical Importance. We maintain an accumulator Iold(h) that tracks each head’s importance
across all previous tasks. After each task i < k, we compute gradient-based importance gi(h) =∑

ℓ,m ∥∇rows(B(i)
ℓ,m,h)

Li∥F on a held-out batch from task i, normalize across heads, and accumulate:

g̃i = gi/∥gi∥2, Iold ← Iold + g̃i (3)

New-Task Importance. We compute the current task’s dependence on each head using gradient
magnitude on a held-out batch from task k:

Inew(h) =
∑
ℓ,m

∥∇rows(B(k)
ℓ,m,h)

Lk∥F (4)

3.4 HEAD SELECTION AND ROLLBACK

We combine the three signals into a selection score that identifies heads that were important histori-
cally, changed substantially, but are not critical for the new task:

s(h) = ∆(h) · Iold(h)

Inew(h) + ϵ
(5)

where ϵ = medianhInew(h) prevents instability when Inew(h) ≈ 0.

We select the top p% of heads ranked by s(h) (default p = 15) and roll back their B-matrix rows to
the previous checkpoint:

rows(B(k)
ℓ,m, h)← rows(B(k−1)

ℓ,m , h) for selected heads h (6)

The A matrix remains unchanged. This operation approximately restores the effective LoRA update
∆W for selected heads when A is relatively stable across tasks.

3.5 ALGORITHM SUMMARY

Algorithm 1 summarizes the HeadRollback procedure. The method operates entirely at task bound-
aries and requires no modification to the training process itself. Key properties include: (1) Replay-
free: no storage of training examples from earlier tasks; (2) Minimal state: only one scalar per head
(Iold) plus a single checkpoint of LoRA parameters; (3) Low overhead: signal computation requires
one forward-backward pass on a small held-out batch per task boundary.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate HeadRollback on a 5-task text classification benchmark following the Standard CL
protocol from FOREVER (Feng et al., 2026). The tasks are AGNews, Amazon Reviews, Yelp
Reviews, DBpedia, and Yahoo Answers, trained sequentially with 1,000 examples per task.

We use Qwen3-0.6B-Base (Yang et al., 2024) with LoRA adapters (rank r = 8, α = 32, dropout
0.05) applied to query and value projections. Training uses learning rate 3× 10−4, batch size 8, and
10 epochs per task. We evaluate across 3 task orders × 3 random seeds = 9 runs, reporting mean ±
standard deviation.

We compare HeadRollback against: (1) Vanilla LoRA: standard sequential fine-tuning without any
forgetting mitigation; (2) HighDisruptionOnly: an ablation that selects heads by disruption score
∆(h) alone, ignoring importance signals; (3) Zero-shot and Self-consistency prompting baselines
(inference-only, no fine-tuning).
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Algorithm 1 HeadRollback: Post-Task Attention Head Rollback
Require: Tasks T1, . . . , TK ; rollback fraction p; held-out batches Bk per task

1: Initialize LoRA parameters (A,B); Iold(h)← 0 for all heads h
2: for k = 1, . . . ,K do
3: Save checkpoint: B(k−1) ← B
4: Train on task Tk ▷ Standard LoRA fine-tuning
5: if k > 1 then
6: Compute ∆(h) for all heads ▷ Disruption score
7: Compute Inew(h) on Bk ▷ New-task importance
8: Compute s(h) = ∆(h) · Iold(h)/(Inew(h) + ϵ)
9: Select top p% heads by s(h)

10: Rollback: rows(B, h)← rows(B(k−1), h) for selected h
11: end if
12: Compute gk(h) on Bk; update Iold ← Iold + gk/∥gk∥2
13: end for

Table 1: Main results on 5-task text classification benchmark (Qwen3-0.6B-Base). HeadRollback
achieves the best OP and BWT among fine-tuning methods. Best results in bold, second-best
underlined.

Method OP (%) ↑ BWT (%) ↑ Win Rate
Zero-Shot Prompting 42.17 — —
Self-Consistency 39.85 — —

Vanilla LoRA 64.12 ± 3.09 −6.14 ± 2.59 —
HighDisruptionOnly 64.81 ± 2.21 −6.38 ± 1.85 3/9 / 3/9
HeadRollback (Ours) 66.10 ± 1.98 −4.44 ± 2.61 7/9 / 6/9

4.2 MAIN RESULTS

Table 1 presents the main results. HeadRollback achieves 66.10% OP and−4.44% BWT, improving
over Vanilla LoRA by +1.98 percentage points (pp) in OP and +1.70pp in BWT. HeadRollback wins
on 7 of 9 runs for OP and 6 of 9 runs for BWT against Vanilla LoRA, demonstrating consistent
improvements across different task orders and random seeds.

Fine-tuning substantially outperforms prompting baselines, with Vanilla LoRA achieving +21.95pp
OP over zero-shot prompting. HeadRollback further improves upon Vanilla LoRA while also reduc-
ing variance (standard deviation 1.98 vs 3.09 for OP). The effect sizes (Cohen’s d) are 0.40–0.67,
indicating small-to-medium practical significance. While improvements are not statistically signifi-
cant at p < 0.05 with N = 9 runs due to limited statistical power, the consistent win rates suggest a
reliable directional improvement.

4.3 ABLATION: IMPORTANCE-WEIGHTED VS DISRUPTION-ONLY SELECTION

To validate that the importance-weighted selection (Equation 5) adds value beyond simply rolling
back the most-changed heads, we compare HeadRollback against HighDisruptionOnly, which se-
lects heads by ∆(h) alone. As shown in Table 1, HeadRollback outperforms HighDisruptionOnly
by +1.29pp OP and +1.94pp BWT.

Figure 2 reveals why: the two methods select nearly disjoint head sets. The Jaccard similarity
between selected heads is consistently below 0.10 across all task boundaries, indicating that impor-
tance weighting fundamentally changes which heads are targeted. Critically, HeadRollback-selected
heads have 3–7× higher historical importance (Iold) than HighDisruptionOnly-selected heads, con-
firming that our scoring formula identifies heads that were genuinely important for earlier tasks
rather than simply those that changed the most.
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Figure 2: Comparison of HeadRollback (HR) and HighDisruptionOnly (HDO) head selection. (a)
Jaccard similarity between selected head sets is consistently below 0.10, indicating nearly disjoint
selections. (b) HR-selected heads have substantially higher historical importance (Iold) than HDO-
selected heads, validating that importance weighting identifies heads worth preserving.

Table 2: Per-boundary rollback impact. HeadRollback preserves current-task accuracy (mean
+0.12pp) while recovering earlier-task performance.

Boundary Current-Task Change (pp) Earlier-Task Recovery (pp)
Boundary 1 −0.19 ± 0.44 +4.85 ± 8.11
Boundary 2 +0.01 ± 0.50 +2.07 ± 2.60
Boundary 3 +0.57 ± 0.94 +1.85 ± 1.84
Boundary 4 +0.11 ± 0.87 +2.74 ± 1.61

Overall +0.12 ± 0.77 —

4.4 ANALYSIS

Rollback Impact. Table 2 shows the per-boundary impact of rollback. HeadRollback preserves
current-task accuracy with a mean change of only +0.12pp (well within our ≤1pp target), while
consistently recovering +1.9pp to +4.9pp on earlier tasks. This confirms that our selection criterion
successfully identifies “unintentionally disrupted” heads—those whose rollback helps earlier tasks
without harming the current task.

Layer Distribution. Figure 3 shows that HeadRollback predominantly selects heads from middle
layers (L9–18), which account for 50–75% of selected heads across task boundaries. This pattern
suggests that middle layers, which typically encode task-general features, are most susceptible to
unintentional disruption during task-specific fine-tuning.

Sensitivity Analysis. Figure 4 shows that performance is robust across rollback fractions p ∈
[0.10, 0.20], with optimal performance at p = 0.20 (OP = 66.87%, BWT = −4.33%). The gradient-
based importance signal is highly stable, with Spearman ρ = 0.93 between importance rankings
computed on different held-out batches.

5 CONCLUSION

We presented HeadRollback, a simple post-task intervention for continual LoRA fine-tuning that
identifies and rolls back attention heads that were unintentionally disrupted during training. By
combining disruption magnitude with historical and new-task importance signals, HeadRollback
selectively restores heads that matter for earlier tasks without harming current-task performance.
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Figure 3: Layer distribution of heads selected for rollback. Middle layers (L9–18) consistently
account for 50–75% of selected heads, suggesting these layers are most susceptible to unintentional
disruption.

Figure 4: Sensitivity of HeadRollback to rollback fraction p. Performance improves monotonically
for p ≥ 0.10, with optimal results at p = 0.20.

On a 5-task text classification benchmark, HeadRollback improves Overall Performance by +1.98pp
and Backward Transfer by +1.70pp over Vanilla LoRA, with consistent improvements across task
orders and seeds (7/9 win rate). The method is replay-free, requires minimal state (one scalar per
head), and operates entirely at task boundaries without modifying training.

Limitations. While improvements are directionally consistent, they are not statistically signifi-
cant at p < 0.05 with N = 9 runs. Additionally, LoRA A-matrix drift may limit the functional
effectiveness of B-row rollback in longer task sequences.
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Future Work. Promising directions include freezing the A matrix after the first task to ensure
functional rollback, and evaluating on longer task sequences and larger models.
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