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Abstract

Small Language Models (SLMs) have been
widely deployed in edge computing and mobile
devices. Generally, these models need to be
continuously updated to adapt to dynamic envi-
ronments and evolving user needs. Therefore,
the performance of SLMs in continual learning
has become a critical research focus. Compared
to LLMs with rich redundant representation
spaces, SLMs are more likely to overwrite pre-
vious representations during new task learning
due to their fewer attention heads and layers.
To address this issue, we propose LightLoRA, a
sparse fine-tuning method specifically designed
for SLMs. This method constructs a conflict-
aware importance mechanism by combining
raw importance from SVD decomposition with
task conflict degrees based on gradient direc-
tion consistency. By selecting and updating
heads that provide high contributions and low
conflicts, LightLoRA successfully maintains
sufficient space for knowledge preservation.
Experimental results show that the proposed
method reaches state-of-the-art performance
across multiple benchmarks without adding ex-
tra parameters. Code is released on https:
//github.com/season1blue/lightlora.

1 Introduction

The high computational cost of Large Language
Models (LLMs) (Brown et al., 2020; Touvron et al.,
2023; Achiam et al., 2023) has driven growing in-
terest in Small Language Models (SLMs) (Lu
et al., 2024; Belcak et al., 2025), typically defined
as models with fewer than 1B parameters that can
be deployed efficiently on personal devices (Dubiel
et al., 2024). In practical applications, SLMs still
need to be continually adapted to evolving tasks
and user needs through fine-tuning, naturally giv-
ing rise to a continual learning setting where new
knowledge must be acquired without losing previ-
ously learned capabilities.

*Corresponding authors.
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Figure 1: SLMs are more prone to catastrophic forget-
ting because they have fewer attention heads than LLMs,
limiting available representational space for new tasks.

A central challenge in this process is catas-
trophic forgetting. Based on our empirical study,
forgetting caused by fine-tuning is more pro-
nounced in SLMs than in larger models, which
significantly constrains their practical use in dy-
namic environments. One important reason is the
limited representational capacity of SLMs. As
shown in Figure 1, Qwen1.5-0.5B has only half
as many attention heads per layer as Qwen1.5-
7B, leaving less representational space to accom-
modate new knowledge without overwriting old
knowledge. Despite this challenge, existing studies
on SLMs have mainly focused on model compres-
sion, structural efficiency, and distillation training
(Zhai, 2024; Wang et al., 2025a), while fine-tuning-
induced catastrophic forgetting in SLMs remains
largely underexplored.

Existing methods for mitigating catastrophic for-
getting mainly include regularization-based (Kirk-
patrick et al., 2017; Wang et al., 2023, 2022;
He et al., 2023), replay-based (Rebuffi et al.,
2017; Wang et al., 2024a), parameter-expansion
approaches (Wu et al., 2024; Razdaibiedina et al.,
2023), and parameter-isolation methods that main-
tain separate adapters for different tasks (Wang
et al., 2024b; Huang et al., 2023). These methods,
however, are not ideal for SLMs. Replay-based
methods require storing historical data, increas-
ing memory usage. Parameter-expansion meth-
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Figure 2: Radar-chart comparison between our method
(denoted as Light) and baselines across task orders.

ods add new trainable components as tasks ac-
cumulate. Parameter-isolation methods maintain
separate adapters for different tasks, which in-
creases storage cost and requires selecting the cor-
rect adapter at inference time.

We observe that activating only a few key atten-
tion heads during single-task fine-tuning achieves
performance comparable to fine-tuning all heads.
Therefore, we can fine-tune only a subset of atten-
tion heads for each task during continual learning
to reserve capacity for subsequent tasks. There are
several challenges: (1) How to determine which
attention heads are important for the current task.
(2) How to select attention heads when conflicts
arise between historical and current tasks.

Therefore, we propose LightLoRA, a sparse
attention fine-tuning method for SLM continual
learning. Rather than updating all attention heads,
LightLoRA aims to identify heads that are most
beneficial for the current task while causing mini-
mal interference to previous tasks. We first define
raw importance from task-specific parameter vari-
ation: by applying SVD to the incremental LoRA
update of each head, we use its singular values
to capture how strongly that head participates in
learning the current task. Since a highly active head
may still conflict with historical knowledge, we fur-
ther measure inter-task conflict through the direc-
tional consistency between current and historical
gradients, where orthogonal directions imply low
interference. We then combine raw importance and
conflict into a conflict-aware importance score
for selective head activation. In this way, Light-
LoRA updates only a small subset of heads that
are both useful and low-conflict, enabling effective
new-task learning while mitigating catastrophic for-
getting. As shown in Figure 2, LightLoRA (marked
by the red curve) consistently outperforms previous
methods.

Our contributions are as follows:

• From the perspective of catastrophic forget-
ting, we provide the first systematic analy-
sis of the vulnerability of SLMs in contin-
ual learning caused by insufficient attention
heads.

• We propose a gradient conflict-aware sparse
attention fine-tuning mechanism to reduce the
forgetting of historical tasks while effectively
learning the current task.

• Experimental results show that our method
achieves state-of-the-art (SOTA) performance
on benchmarks consisting of two models and
eight datasets across multiple training orders.
It serves as a lightweight strategy since it re-
quires no extra parameter modules.

2 Motivation

2.1 SLM is Prone to Forgetting

Intuitively, models with fewer parameters are more
likely to suffer from catastrophic forgetting due
to their limited capacity. To verify this, we com-
pared two representative models: Qwen1.5-0.5B
and Qwen1.5-7B. We first fine-tuned each model
on 10 individual tasks separately (FT) to establish
a performance baseline. Then, we sequentially fine-
tuned both models on the same 10 tasks (Continual
FT). Based on LoRA (Hu et al., 2022) research,
which shows that tuning only the query (Wq) and
value (Wv) attention matrices can achieve perfor-
mance close to full fine-tuning, we update only
the attention weights in our experiments for both
simplicity and parameter efficiency. Details are
provided in Appendix A.3.
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Figure 3: Task accuracy of Qwen1.5-7B and Qwen1.5-
0.5B after fine-tuning on 10 tasks.

As shown in Figure 3, the 0.5B model shows
much more severe forgetting than the 7B model.
Compared to the 0.5B model, the 7B model has
more attention heads and a larger representational
space. When learning new tasks, larger models
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Figure 4: Layer-wise activation frequency of attention heads across four distinct tasks during fine-tuning. For
brevity, only the first 10 Transformer layers are displayed.

can use inactive or less important heads, reduc-
ing interference with old knowledge. In contrast,
SLMs have fewer heads and must often modify
those already storing information from previous
tasks. Prior work (Michel et al., 2019) suggests
that removing several attention heads from a trained
Transformer model does not significantly hurt per-
formance. We further explore whether this property
holds during the fine-tuning stage.

2.2 Only a Few Heads Matter
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Figure 5: Impact of the number of activated attention
heads on accuracy across four tasks.

Using the Qwen1.5-0.5B, we conducted fine-
tuning experiments on four datasets for one epoch
each. During fine-tuning, we defined a measure
of attention raw importance (see Section 3.1). We
only applied LoRA updates to the most important
heads for the current task. We varied the number
of active heads from 0 to 16 (where 16 represents
standard LoRA). The results in Figure 5 show that
fine-tuning only a few critical heads performs
almost as well as fine-tuning all heads. In some
cases, selective fine-tuning even works better. This
suggests that not all attention heads are equally
important during fine-tuning.

Additionally, we recorded the activation status
of attention heads in each Transformer layer across
various tasks during the fine-tuning process. Fig-
ure 4 shows that different tasks rely on different

attention heads. Consequently, we can update only
the attention heads that are important to the current
task during fine-tuning to reserve learning capacity
for subsequent tasks.

3 Methodology

We follow the standard continual learning set-
ting, where a model learns a sequence of tasks
T = {T1, T2, . . . , TN}. During the training of task
Tt, rather than utilizing all attention heads, we ac-
tivate only a subset for fine-tuning. This involves
three steps: (1) Raw importance calculation: as-
sessing the contribution of each head to the current
task Tt. (2) Inter-task gradient conflict assessment:
measuring the consistency between the gradient
direction of the current task and that of historical
tasks. (3) Conflict-aware head activation: combin-
ing raw importance and inter-task gradient conflict
to compute a conflict-aware importance for each
head and activating the k highest-scoring heads in
each Transformer layer. The overall framework is
shown in Figure 6.

3.1 Raw Importance Calculation

To quantify the contribution of each attention head
h to task Tt, we define the raw importance It(h).
This measures the change in LoRA parameters cor-
responding to the head h since the completion of
the previous task Tt−1.

Specifically, LoRA approximates weight updates
using low-rank matrices B ∈ Rd×r and A ∈ Rr×d,
where the update is represented as ∆W = BA.
During the training of task Tt, let Wt = BtAt

be the update matrix at the current time step, and
Wt−1 = Bt−1At−1 be the matrix at the end of
task Tt−1. The incremental update is defined as
∆Wt = Wt −Wt−1, which can be viewed as the
representation of new knowledge learned specifi-
cally for task Tt.

For the h-th head in the l-th layer, let ∆W
(l,h)
t be

its corresponding parameter update sub-matrix. Its
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Figure 6: Selective head activation and preservation in task-aware continual fine-tuning. During task Tt−1 fine-
tuning (left), only a subset of heads (green) is activated. As training continues on task Tt (right), a new set of heads
(red) becomes active, while previously used heads from task Tt−1 (gray) are preserved and inactivated.

importance is defined by squared Frobenius norm:

It(l, h) = ∥∆W
(l,h)
t ∥2F =

∑︂

i

σ2
i , (1)

where σi represents the singular values of ∆W
(l,h)
t .

This metric reflects the intensity of parameter
changes when the head adapts to the new task. Note
that for the first task T1, we use W1 as the impor-
tance as there is no prior task.

3.2 Inter-task Gradient Conflict Assessment
To mitigate catastrophic forgetting, it is essential
to ensure that parameter updates for the new task
do not conflict with the optimization directions
of previous tasks. We achieve this by comparing
gradient vectors across tasks.

First, for each head h, we define its gradient
vector ḡ(h) by flattening and concatenating the gra-
dients of its LoRA matrices, ∇A and ∇B. This
vector ḡ(h) therefore characterizes the gradient di-
rection in the LoRA parameter space associated
with head h, reflecting how the head’s low-rank
adaptation parameters are being updated.

During training for task Tt, we compute the aver-
age gradient vector ḡt(h) within a sliding window

of recent batches to represent the current task’s
direction. Meanwhile, after each historical task
Tj(j < t) is completed, we store its average gra-
dient vector ḡj(h). The overall historical gradient
direction is:

ḡhis(h) =
1

t− 1

t−1∑︂

j=1

ḡj(h). (2)

We measure the inter-task gradient conflict Ct(h)
between the current and historical directions:

Ct(h) =
ḡt(h) · ḡhis(h)

|ḡt(h)| · |ḡhis(h)|
. (3)

When Ct(h) approaches 0, it indicates that the cur-
rent task’s gradient direction is nearly orthogonal
to that of previous tasks in the LoRA parameter
space, implying that the corresponding head learns
task-specific features without disturbing previously
acquired knowledge.

3.3 Conflict-Aware Head Activation
We combine raw importance It(h) and inter-task
gradient conflict Ct(h) into a conflict-aware im-
portance St(h):

St(h) = It(h)× (1− |Ct(h)|)λ, (4)
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where λ > 1 controls the sensitivity to gradient
conflict. The raw importance It(h) quantifies the
contribution of each head to the current task, while
the conflict term (1−|Ct(h)|)λ (ranges from 0 to 1)
adjusts this score based on the relationship between
the current and historical gradient.

Following the principle of orthogonality in con-
tinual learning (Wang et al., 2023), we prioritize
heads where the current gradient is nearly orthog-
onal to the historical gradient (Ct(h) ≈ 0). This
allows the model to learn new knowledge in a pa-
rameter subspace that does not interfere with pre-
vious tasks. In each Transformer layer, we rank
heads by St(h) and select the top-k heads to form
a binary mask. During training, only the LoRA
parameters corresponding to the selected heads are
updated, while the others remain frozen.

4 Experiments and Analysis

4.1 Experiment Setup

4.1.1 Models and Datasets
We employ Qwen1.5-0.5B (Bai et al., 2023) and
LLaMA3.2-1B (Grattafiori et al., 2024) as repre-
sentative SLMs. Our experiments are conducted
on two benchmarks: Standard CL Benchmark and
Large Number of Tasks Benchmark. Our experi-
mental datasets cover a diverse range of tasks, in-
cluding text classification, medical QA, mathemati-
cal and logical reasoning, as well as commonsense
and scientific reasoning. Details on datasets and
task order can be found in Appendix A.4. All exper-
iments were conducted on NVIDIA A6000 GPUs.
Following Hu et al. (2022) and Wang et al. (2023),
LoRA is applied to the attention weights of queries
(Wq) and values (Wv). More implementation de-
tails can be found in the Appendix A.3.

4.1.2 Baselines and Metrics
The proposed method is compared with sev-
eral representative continual learning baselines,
whose detailed descriptions are provided in Ap-
pendix A.2. Results of multi-task learning (MTL)
are also included as an upper-bound reference. As
lightweight baselines, two or four attention heads
are randomly selected for updates during training,
denoted as Random(2) and Random(4). These set-
tings are chosen because LightLoRA updates only
a small subset of heads (e.g., k=4) while freezing
the rest. In addition, Light-I is a simplified variant
of our method that selects heads solely based on
raw importance scores.

We report the average accuracy (AA↑) and back-
ward transfer (BWT↑) (Lopez-Paz and Ranzato,
2017) after training on the last task. AA is the
mean test accuracy over all tasks evaluated after
finishing the final task, and BWT measures how
performance on previous tasks changes after learn-
ing new tasks (higher is better, indicating less for-
getting). Let ai,j denote the accuracy of the model
on the i-th task after completing training on the
j-th task. The equation are as follows:

AA =
1

T

T∑︂

i=1

ai,T (5)

BWT =
1

T − 1

T−1∑︂

i=1

(ai,T − ai,i) (6)

4.2 Main Results

We conduct experiments on the Qwen and LLaMA
models, and report the results in Tables 1 and 2.

Standard CL Benchmark The results show that
LightLoRA consistently outperforms all other con-
tinual learning baselines across both models and
all task orders. We attribute this success to our
strategy of only updating the most important at-
tention heads. This approach allows the model to
learn new knowledge effectively while reserving
sufficient parameter space for future tasks, thereby
preventing catastrophic forgetting.

Large Number of Tasks Benchmark The per-
formance gap between Light and other baseline
methods becomes even more obvious in this setting.
In Table 1, for example, traditional SeqLoRA only
achieves an average accuracy of 32.47%, while
Light reaches 42.79%. To further verify the effec-
tiveness of our selection mechanism, we compared
our method with Random(2) and Random(4). As
shown in Table 1 and Table 2, these random se-
lection baselines perform significantly worse than
LightLoRA. This confirms that simply updating a
small subset of attention heads is insufficient.

4.3 Effect of Conflict-Aware Head Activation

Figure 7 shows how LightLoRA selects attention
heads during a training batch. We can see that the
heads chosen based on the raw importance are dif-
ferent from those selected using the conflict-aware
strategy. This discrepancy is expected because
our conflict-aware importance explicitly incor-
porates information from previous tasks. Specif-
ically, the score St(h) = It(h)×(1−|Ct(h)|)λ not
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Qwen0.5B
Standard CL Benchmark Large Number of Tasks

Order 1 Order 2 Order 3 Average Order 4 Order 5 Order 6 Order 7 Order 8 Average

MTL 54.72 51.58

Random(2) 46.50 40.77 42.27 43.18 31.46 30.56 31.71 40.56 47.04 33.57
-7.51 -5.67 -14.88 -9.35 -10.68 -4.92 -8.71 -8.44 -5.08 -7.57

Random(4)
49.81 35.78 44.17 43.25 30.92 31.05 31.08 43.80 31.84 38.06
-5.60 -11.56 -12.85 -10.00 -20.79 -16.82 -5.72 -8.59 -5.55 -11.49

SeqLoRA
45.08 46.23 43.23 44.85 31.28 31.16 35.71 31.73 31.82 32.47
-12.53 -8.04 -15.20 -11.92 -17.31 -4.51 -15.88 -4.43 -6.76 -9.78

L2P 37.95 35.50 42.43 38.63 28.35 31.25 39.55 41.61 35.79 35.19
-3.03 -18.18 -10.18 -10.46 -17.34 -3.49 -5.75 -4.81 -5.17 -7.31

GEM 49.81 38.39 43.21 43.80 29.41 43.42 42.30 39.88 31.77 36.65
-4.46 -8.55 -10.15 -7.72 -19.02 -2.09 -14.57 -12.39 -6.48 -10.91

CLoRA 44.72 37.97 43.84 42.17 27.98 42.58 40.54 41.02 43.40 38.03
-8.07 -7.91 -7.85 -7.94 -22.76 -5.91 -10.92 -6.42 -4.65 -10.13

EWC 50.35 40.11 43.13 44.53 35.74 40.16 39.82 40.92 36.37 39.16
-1.45 -5.67 -10.04 -5.72 -14.29 -9.54 -8.29 -9.77 -17.21 -11.82

OLoRA
43.55 47.06 42.85 44.49 37.35 43.23 43.07 44.54 44.90 42.05
-1.40 -5.44 -2.23 -3.02 -8.87 -6.13 -4.49 -7.59 -2.45 -5.91

Light-I
47.99 39.83 43.95 43.92 31.52 31.60 42.44 47.31 46.73 38.22
-8.90 -6.32 -13.42 -9.55 -9.41 1.31 -10.36 -4.71 -2.23 -5.08

Light
51.82 50.73 44.34 48.96 40.17 47.88 43.40 47.61 47.79 42.79
-0.08 -3.74 -2.06 -1.96 -5.41 2.81 -0.22 -4.35 -1.52 -1.74

Table 1: Results on two CL benchmarks with Qwen1.5-0.5B. Averaged accuracy (AA↑) (in black font) after
training on the last task and backward transfer (BWT↑) (in blue italic) is reported.
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Figure 7: Raw importance, conflict-aware importance,
and conflict degree for attention heads selection.

only measures how much a head contributes to the
current task (It(h)), but also penalizes heads whose
current update direction is highly aligned with his-
torical optimization directions (large |Ct(h)|). As
a result, a head that seems important for the current
batch may be scored lower if its update is likely to
interfere with prior knowledge. Comparative exper-
iments on different designs of St(h) are presented
in Appendix A.6.

Figure 8 further visualizes the resulting head ac-
tivation patterns under raw importance and conflict-
aware importance when fine-tuning SST-2 in Order
5. Raw-importance selection produces highly con-
centrated activations, indicating that updates are
dominated by a small set of heads (and often a
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Figure 8: Head activation distribution across layers.

few layers). In contrast, the conflict-aware strategy
yields a more distributed activation map, suggest-
ing more balanced use of update capacity across
heads, which is generally associated with improved
robustness and generalization.

4.4 Overhead Analysis

Figure 9 compares the training time of LightLoRA
and standard LoRA. LightLoRA adds only a small
overhead across both Qwen and LLaMA models
due to the calculation of head importance and con-
flicts. In most cases, the time difference is minimal.
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LLaMA1B
Standard CL Benchmark Large Number of Tasks

Order 1 Order 2 Order 3 Average Order 4 Order 5 Order 6 Order 7 Order 8 Average

MTL 52.88 54.91

Random(2) 37.25 35.70 45.39 40.28 31.83 41.71 31.03 31.45 31.71 33.54
-8.52 -16.66 -5.60 -10.26 -16.03 -3.98 -10.63 -5.41 -15.44 -10.30

Random(4)
52.00 40.93 47.46 46.80 29.83 30.87 46.65 28.81 30.37 33.31
-8.29 -14.17 -3.32 -8.59 -26.15 -5.58 -6.36 -13.80 -9.38 -12.25

SeqLoRA
47.66 37.28 45.73 43.56 36.30 45.81 43.98 30.07 39.98 39.23
-12.16 -14.35 -12.88 -13.13 -11.52 -6.86 -6.23 -6.06 -7.08 -7.55

L2P 36.46 38.78 35.39 36.87 32.12 31.47 31.54 30.53 31.37 31.41
-9.10 -13.17 -3.40 -8.56 -17.04 -13.36 -6.38 -6.17 -6.47 -9.88

GEM 52.82 37.87 45.34 45.34 42.17 43.33 44.63 30.67 45.11 41.18
-8.63 -15.25 -10.37 -11.42 -11.53 -12.23 -10.68 -7.65 -2.78 -8.97

CLoRA 52.26 37.30 47.12 45.56 31.21 30.42 45.55 30.21 31.95 33.87
-8.54 -17.25 -4.39 -10.06 -17.98 -6.16 -2.48 -7.12 -9.06 -8.56

EWC 48.32 38.82 45.86 44.33 32.26 42.16 46.47 30.23 47.55 39.74
-11.10 -14.65 -4.78 -10.18 -20.22 -6.08 -7.92 -18.44 -7.43 -12.02

OLoRA
49.50 38.27 47.39 45.05 46.05 46.39 48.16 41.91 46.37 45.78
-9.34 -14.00 -6.73 -10.02 -4.16 -5.34 1.13 -1.06 -8.95 -3.68

Light-I
51.07 40.90 46.51 46.16 49.33 50.68 47.71 31.28 47.39 45.28
-8.29 -12.17 -3.58 -8.01 -3.22 -3.65 2.50 -1.10 -1.34 -1.36

Light
54.97 41.74 47.85 48.19 47.26 49.56 46.56 44.49 48.97 47.39
-6.85 -11.40 -2.62 -6.96 -4.04 -4.67 2.09 -0.32 -4.81 -2.35

Table 2: Results on two CL benchmarks with LLaMA3.2-1B. Averaged accuracy (AA↑) (in black font) after
training on the last task and backward transfer (BWT↑) (in blue italic) is reported.
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Figure 9: Time overhead.

For example, in LLaMA under order 4, the over-
head is only about 1%. These results show that
LightLoRA is efficient and adds minimal compu-
tational cost, making it ideal for SLMs.

4.5 Parameter Sensitivity Analysis

We investigate the sensitivity of LightLoRA to key
hyperparameters (LoRA rank r, the conflict penalty
λ, and the number of activated heads k).

Effect of LoRA Rank. Figure 10 shows how
the LoRA rank affects our method’s performance
across three different task orders. Overall, the av-
erage accuracy does not simply go up as the rank
increases. Instead, it usually follows a parabolic
trend, peaking at r = 8 or r = 12 depending on
the task order. Specifically, a rank of 8 consistently
gives good results across all sequences; therefore,
we set r = 8 in experiments. When the rank is too
low (e.g., r = 4), the model struggles to learn new
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Figure 10: Effect of LoRA rank on accuracy across
continual learning orders.

tasks effectively, resulting in poor performance. In
contrast, when the rank is too high (e.g., r = 16),
performance drops significantly, particularly in Or-
der 2. This is because a larger rank increases the
risk of overfitting.

Effect of λ. Figure 11 shows the impact of the
hyperparameter λ on performance across different
task orders. We observe that the effect of λ varies
significantly between tasks. For tasks like MathQA
and MedMCQA, the accuracy remains relatively
stable as λ changes. And the tasks like CareQA
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Figure 11: Sensitivity analysis of the hyperparameter λ
across different task orders.

and SST-2 are sensitive to λ. Additionally, in Order
5 and 7, we see a clear downward trend for SciQ
and SST-2 when λ increases from 4 to 5. This sug-
gests that while penalizing gradient conflict helps
keep old knowledge, a λ that is too large may be
too restrictive. It might prevent the model from
activating enough "important" heads for the current
task, even if those heads have only minor conflicts
with the past.

Effect of the number of activated heads. Fig-
ure 12 shows how the number of activated heads,
k, affects performance. We observe that accuracy
does not simply increase as k gets larger. For in-
stance, in Order 6 and Order 7, the performance
of tasks like SST-2 and SciQ drops significantly
when k reaches 12. This is because updating too
many heads makes the training process similar to
standard full fine-tuning, which causes interference
with past knowledge and leads to forgetting. Ac-
cordingly, we set k = 4 in all experiments, which
keeps the number of updated heads minimal while
incurring only a marginal performance drop.

5 Related Work

Continual Learning Research in continual learn-
ing can be categorized into: (1) Regularization-
based methods (Kirkpatrick et al., 2017; Zenke
et al., 2017; Li and Hoiem, 2017; Aljundi et al.,
2018; Song et al., 2025) mitigate catastrophic for-
getting by penalizing changes to model parameters
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Figure 12: Effect of the number of activated heads (k)
on performance.

to balance plasticity and stability. (2) Replay-based
methods (Lopez-Paz and Ranzato, 2017; Chaudhry
et al., 2018; Ramakrishnan et al., 2020; Huang
et al., 2024) retain memory of old tasks by reload-
ing or generating historical samples while learning
new tasks. (3) Architecture-based methods (Wu
et al., 2024; Jin and Kim, 2022; Aljundi et al., 2017;
Ren et al., 2024) avoid forgetting by expanding the
model structure and assigning dedicated parameter
spaces to different tasks.

Small Language Models Research about SLMs
have concentrated on the following areas. (1)
Quantization and efficient inference. (Wang et al.,
2025b) proposed the first systematic benchmarking
framework, which revealed that conventional LLM
quantization methods are ineffective for smaller
models. (Zhou et al., 2025) systematically evalu-
ated the effectiveness of pruning methods such as
SparseGPT and Wanda, as well as quantization
methods like GPTQ and AWQ, on SLMs. (2)
Safety. (Zhang et al., 2025) performed the first
systematic evaluation of jailbreak attack vulner-
abilities in SLMs to uncover underlying security
risks. (3) Collaboration between SLMs and LLMs.
(Tan et al., 2024) proposed that an SLM can act
as a guide to determine when and what to retrieve,
thereby enhancing question-answering efficiency.
(Vernikos et al., 2024) proposed that SLMs can re-
fine multiple candidate outputs generated by LLMs.
This approach significantly improves the overall
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performance of natural language generation tasks.

6 Conclusion

In this paper, we address the challenge of catas-
trophic forgetting of Small Language Model (SLM)
under continual learning. We found that SLMs
are more susceptible to catastrophic forgetting be-
cause of their limited number of attention heads.
To mitigate this issue, we propose LightLoRA, a
framework that selectively updates task-important
and low-conflict attention heads in the fine-tuning
process while keeping the others frozen. Experi-
mental results on Qwen1.5-0.5B and LLaMA3.2-
1B demonstrate that LightLoRA significantly out-
performs existing methods across multiple bench-
marks.

7 Limitations

While LightLoRA demonstrates clear benefits, it
has certain constraints. Currently, the method
focuses exclusively on attention head selection.
Given that Feed-Forward Networks (FFNs) also
account for a substantial parameter count and con-
tribute to knowledge loss, extending our framework
to FFN adaptation remains a key priority for future
exploration.
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A Appendix

A.1 Theoretical Study on How Attention
Heads Affect Continual Learning

The empirical results in Section 2.1 show that
SLMs suffer from more severe forgetting. We now
explain why from a geometric perspective.

A.1.1 Heads as Independent Learning Slots
In multi-head attention, each head h projects the
input into its own dh-dimensional subspace via
W h

Q,W
h
K ∈ Rdmodel×dh , where dh = dmodel/H .

Under LoRA fine-tuning, the adaptation ∆W h =
BhAh is applied independently per head. This
means each head acts as an independent “learning
slot” that can be tuned for a specific task without
directly affecting other heads.

Prior work has shown that different heads nat-
urally specialize in different linguistic functions
(Voita et al., 2019; Michel et al., 2019). In contin-
ual learning, this specialization becomes critical:
ideally, different tasks can occupy different heads,
avoiding mutual interference.

A.1.2 The Head Sharing Problem
Suppose each task requires modifying at least κ
heads to achieve acceptable performance. With H
heads in total, the maximum number of tasks that
can be learned without any head overlap is simply:

Tmax =

⌊︃
H

κ

⌋︃
(7)

For example, with κ = 4: Qwen1.5-0.5B (H =
16) gives Tmax = 4, while Qwen1.5-7B (H =
32) gives Tmax = 8. Once the number of tasks
exceeds Tmax, some heads must be shared across
tasks, and modifying a shared head for a new task
risks overwriting what it learned for previous tasks.

The reason is straightforward: when there are
fewer available heads, different tasks are forced to
share the same heads earlier, and forgetting begins
sooner.

A.1.3 Why Sharing Causes Interference
When two tasks share a head, their respective LoRA
updates ∆W h

i and ∆W h
j coexist in the same dh-

dimensional subspace. The question becomes: how
many task-specific representations can a single dh-
dimensional space accommodate before they start
interfering with each other.

The Johnson-Lindenstrauss (JL) lemma (John-
son et al., 1984) provides a well-known answer

to this type of question. It states that preserving
pairwise distances among n points with distortion
at most ε requires a space of dimension at least
d = Ω(ε−2 log n). Applying this to our setting,
where each task’s adaptation defines a character-
istic direction in the head’s subspace, the number
of task representations that can coexist in a dh-
dimensional head without significant distortion is
bounded by:

Tper-head ≤ exp
(︁
c · dh · ε2

)︁
(8)

where c is a constant and ε controls the tolerable
distortion.

Since dh = dmodel/H , increasing the number
of heads H (as in LLMs) reduces dh and thus re-
duces per-head capacity. However, the total num-
ber of tasks the model can handle is approximately
H×Tper-head. More heads means more independent
slots, even though each slot is smaller. The net ef-
fect favors more heads: the linear gain from having
more independent slots outweighs the logarithmic
loss in per-slot capacity.

For SLMs with small H , both factors work
against them: fewer independent slots and each
slot must accommodate more tasks, leading to a
compounding disadvantage in continual learning.

A.1.4 Implication for LightLoRA
The above analysis establishes a structural connec-
tion between attention head count and continual
learning capacity. Specifically, the limited num-
ber of heads in SLMs constrains the availability of
independent representational subspaces, which in
turn forces premature sharing of heads across tasks
and amplifies inter-task interference. This theoreti-
cal understanding directly motivates the two core
design principles of LightLoRA:

• Sparse activation. By updating only k out
of H heads per task, we effectively increase
Tmax in Eq. (7). The remaining H − k heads
are preserved as protected slots for previously
learned knowledge.

• Conflict-aware selection. Among candidate
heads, we prefer those whose gradient direc-
tions are orthogonal to historical gradients.
Orthogonal updates utilize unused directions
in the subspace, minimizing distortion to exist-
ing task representations. This is precisely the
condition under which the JL bound is most
favorable.

25216



A.2 Baselines

We compare our proposed method against various
representative continual learning baselines.

• SeqLoRA (Hu et al., 2022): Performs LoRA
fine-tuning sequentially according to the task
order, which is the most basic continual learn-
ing setting.

• L2P (Wang et al., 2022): A continual learning
method based on prompt learning that miti-
gates forgetting of old knowledge by learning
a set of adjustable prompts for each task.

• GEM (Lopez-Paz and Ranzato, 2017): En-
sures that current task updates do not in-
crease the loss of old tasks by storing old task
samples and computing gradient constraints,
thereby preserving old knowledge.

• CLoRA (Lu et al., 2025): Introduces sub-
space regularization on top of LoRA to bal-
ance new and old knowledge by constraining
the direction of parameter updates.

• EWC (Kirkpatrick et al., 2017): Adds an elas-
tic regularization term to important parame-
ters to keep them close to their optimal values
for old tasks during new task training, thereby
mitigating forgetting.

• OLoRA (Wang et al., 2023): Restricts learn-
ing updates for new tasks to a subspace that is
orthogonal to the representation space of pre-
vious tasks, which effectively eliminates inter-
task interference and mitigates catastrophic
forgetting.

Hyperparameter

LoRA α 32
Dropout 0.1

Weight decay rate 0
Optimizer AdamW

Learning Rate 8e-4
LR Scheduler Linear

Batch Size 20
Warmup Steps 0

Epochs 1
LoRA target modules query, value

Table 3: Hyperparameters for experiment settings

A.3 Implementation Details

Table 3 shows our detailed experiment hyperpa-
rameters. We used the Huggingface peft library
and Accelerate library for training. For the Qwen
model, we set the λ values to 4, 4, 4, 3, 3, 3, 3, and
3 for the sequences from order1 to order8. For the
LLaMA model, we set the values of λ to 4, 4, 4,
1, 2, 1, 2, and 2 for order1 through order8. In our
experiments, we set the number of selected atten-
tion heads to four and used a selection interval of
50 batches.

A.4 Datesets and Task Sequence Orders

Table 4 shows detailed information about the eight
datasets used in our experiments, as well as the
evaluation metrics. We report orders used for our
Continual Learning experiments in Table 5.

Standard CL Benchmark. In standard Contin-
ual Learning evaluations, we selected four repre-
sentative tasks: MathQA (mathematical reasoning),
SST-2 (sentiment classification), PIQA (physical
commonsense reasoning), and MedMCQA (medi-
cal question answering).

Large Number of Tasks. We introduced eight
datasets covering various types. These include clas-
sification (SST-2), medical QA (CareQA, MedM-
CQA), math and logic (MathQA, LogiQA), and
commonsense reasoning (SocialIQA, PIQA, SciQ).

We conduct tests on these tasks based on the
lm-eval (Gao et al., 2024) framework. Accordingly,
we report task accuracy as the primary metric.

A.5 Comparison with Parameter-Isolated
Approaches

To validate the advantage of our unified adapter
approach over parameter-isolated LoRA routing,
we conduct comparisons under three realistic de-
ployment scenarios on LLaMA-3.2-1B.

Scenario 1: Known Task Identity. Even when
task identity is perfectly known, LoRA routing
incurs significant overhead. As shown in Ta-
ble 6, the mean per-sample inference time increases
from 1.81s to 2.23s (a 23.2% increase) due to
adapter switching. Additionally, maintaining 8
task-specific adapters requires 352MB of storage,
which is 14.6% of the 2.4GB base model.

Scenario 2: Inferred Task Identity. We eval-
uate a classify-then-answer pipeline where a do-
main classifier (85.27% accuracy) routes queries
to task-specific adapters. Misclassification directly
degrades downstream performance, as shown in
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Dataset Name # Train # Test Domain Metric

MathQA (Amini et al., 2019) 29,837 2,985 mathematical reasoning accuracy
SST-2 (Socher et al., 2013) 67,349 1,821 sentiment analysis accuracy
PIQA (Bisk et al., 2020) 16,113 3,003 physical commonsense accuracy
MedMCQA (Pal et al., 2022) 182,822 6,150 medical QA accuracy
LogiQA (Liu et al., 2020) 7,376 651 logical reasoning accuracy
SocialIQA (Sap et al., 2019) 33,410 1,954 social commonsense accuracy
CareQA (Arias-Duart et al., 2025) 5,621 1,000 healthcare accuracy
SciQ (Welbl et al., 2017) 11,679 1,000 science accuracy

Table 4: The details of 8 datasets used in our CL experiments. First four tasks correspond to the standard CL
benchmark, all other tasks are used in long-sequence experiments.

Order Task Sequence

1 mathqa → sst2 → piqa → medmcqa
2 piqa → mathqa → medmcqa → sst2
3 sst2 → medmcqa → piqa → mathqa

4 socialiqa → piqa → logiqa → medmcqa → careqa → mathqa → sciq → sst2
5 socialiqa → careqa → mathqa → logiqa → sst2 → piqa → sciq → medmcqa
6 careqa → mathqa → socialiqa → sst2 → medmcqa → sciq → piqa → logiqa
7 logiqa → careqa → socialiqa → medmcqa → sst2 → sciq → piqa → mathqa
8 mathqa → socialiqa → careqa → logiqa → piqa → sst2 → medmcqa → sciq

Table 5: Eight different orders of task sequences used for continual learning experiments. Orders 1-3 correspond to
the standard CL benchmark. Orders 4-8 are large number of tasks benchmark.

Table 6: Inference cost comparison on LLaMA-3.2-1B
(SciQ task).

Time (s) Ours (CL) LoRA Routing

Mean 1.81 2.23
P50 1.79 2.31
P95 1.83 2.32
Max 1.84 2.54

Table 7.

Table 7: Task accuracy (%) under inferred task identity
via domain classifier routing on LLaMA-3.2-1B.

Method MathQA PiQA MedMCQA SciQ

LoRA Routing 27.04 63.88 40.21 81.29
Ours (CL) 32.92 75.21 46.44 95.00

Scenario 3: Cross-Domain Generalization.
We evaluate generalization to SciQ (unseen task) by
comparing individual task-specific adapters against
our continual learning adapter trained sequentially
on MathQA, PiQA, and MedMCQA. As shown
in Table 8, sequential learning enables beneficial
knowledge accumulation that isolated adapters can-
not achieve.

Table 8: Cross-domain transfer to unseen task SciQ on
LLaMA-3.2-1B.

Method SciQ Acc (%)

MathQA Adapter 79.3
PiQA Adapter 81.8
MedMCQA Adapter 83.1
Ours (CL) 92.8

A.6 Analysis on Conflict Score Design
A key design choice in our conflict-aware im-
portance mechanism (eq. (4)) is the use of abso-
lute value |Ct(h)|, which treats all non-orthogonal
gradient directions equally without distinguishing
positive from negative transfer. An alternative
sign-aware formulation that explicitly models the
transfer-interference tradeoff is:

St(h)sign = It(h)×max(0, 1 + λ · Ct(h)) (9)

This variant encourages updating heads with posi-
tive transfer (Ct(h) > 0) while suppressing those
with negative transfer (Ct(h) < 0).

We compare both formulations on Qwen1.5-
0.5B across three task orders. As shown in Ta-
ble 9, our absolute-value formulation consistently
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outperforms the sign-aware variant, with a sub-
stantial average improvement of 3.98 points (48.96
vs. 44.98). The advantage is most pronounced on
Order 2 (+12.12), where the sign-aware variant suf-
fers from aggressive head reuse driven by perceived
positive transfer.

Table 9: Study on conflict score design on Qwen. “Sign-
Aware” preserves gradient sign; “Ours” uses absolute
value |Ct(h)|.

Qwen Order1 Order2 Order3 Average

Sign-Aware 51.65 38.61 43.69 44.98
Ours 51.82 50.73 44.34 48.96

This result validates our design rationale: in
SLMs with severely limited attention heads, ca-
pacity preservation through orthogonality is more
effective than attempting to exploit positive trans-
fer. Even beneficial gradient alignment consumes
scarce representational capacity, and continually
modifying a head, even in a positive direction, leads
to parameter drift that gradually erodes previously
learned knowledge. By treating all non-orthogonal
directions equally, our formulation maximally pre-
serves unused parameter space for future tasks.

A.7 Visualization
To illustrate our attention head selection process in
more detail, Figure 13 shows the specific selection
patterns for each task within the Order 5 sequence
using our method. We can observe that the acti-
vation patterns change significantly from task to
task. Instead of repeatedly using the same set of
heads, the model dynamically selects different sub-
sets of heads in each layer for different tasks. This
behavior suggests that LightLoRA can effectively
identify and utilize available parameter subspaces
for new tasks, which helps minimize interference
with previously learned knowledge and reduces the
risk of catastrophic forgetting.
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(a) Task1_SocialIQA
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(b) Task2_CareQA
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(c) Task3_MathQA
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(d) Task4_LogiQA
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(e) Task5_SST-2
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(f) Task6_PIQA
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(g) Task7_SciQ
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(h) Task8_MedMCQA

Figure 13: When using the LightLoRA method to learn the order5 sequence, the activation frequency of attention
heads in each Transformer layer is recorded after completing each task. In Task 1, attention heads are selected solely
based on the raw importance.
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Qwen-1.5-0.5B MedMCQA SiQA CareQA MathQA LogiQA SST2 PiQA SciQ Average

Random2

Order 1 34.28 - - 25.63 - 58.14 67.95 - 46.50
Order 2 32.23 - - 20.80 - 54.70 55.33 - 40.77
Order 3 27.42 - - 25.26 - 49.20 67.19 - 42.27
Order 4 27.80 33.11 25.53 21.51 20.12 51.49 52.18 19.90 31.45
Order 5 21.73 32.80 26.29 20.60 20.43 52.18 51.47 19.00 30.56
Order 6 31.87 34.39 24.89 21.68 20.58 49.77 52.18 18.30 31.71
Order 7 30.29 35.77 27.02 23.25 24.88 49.20 65.13 68.90 40.56
Order 8 26.85 41.40 26.31 26.13 26.42 70.18 68.01 91.00 47.04

Random4

Order 1 34.19 - - 24.82 - 71.90 68.34 - 49.81
Order 2 19.72 - - 19.83 - 50.69 52.88 - 35.78
Order 3 32.92 - - 25.19 - 50.92 67.63 - 44.17
Order 4 27.97 32.70 25.23 19.50 18.74 50.92 52.39 19.90 30.92
Order 5 25.94 33.93 26.19 20.47 20.43 49.20 51.90 20.30 31.05
Order 6 25.60 33.83 26.29 20.64 20.74 49.89 51.47 20.20 31.08
Order 7 28.50 41.15 28.77 25.53 25.96 51.61 67.08 81.80 43.80
Order 8 32.23 34.29 24.71 19.33 20.89 51.72 52.12 19.40 31.84

LORA

Order 1 35.14 - - 25.33 - 53.10 66.76 - 45.08
Order 2 20.44 - - 22.85 - 80.62 60.99 - 46.23
Order 3 25.72 - - 26.33 - 53.78 67.08 - 43.23
Order 4 30.36 33.37 25.60 19.43 20.28 49.43 51.90 19.90 31.28
Order 5 27.95 33.52 25.28 19.80 19.51 50.92 51.69 20.60 31.16
Order 6 31.41 34.54 24.82 21.14 22.89 51.15 56.80 42.90 35.71
Order 7 32.13 33.62 24.66 21.78 20.74 48.51 52.29 20.10 31.73
Order 8 32.23 32.86 24.71 20.17 19.97 50.46 52.39 21.80 31.82

CLoRA

Order 1 34.86 - - 25.39 - 61.31 57.30 - 44.72
Order 2 32.23 - - 19.13 - 48.51 52.01 - 37.97
Order 3 29.98 - - 26.00 - 67.19 52.18 - 43.84
Order 4 30.62 34.19 25.42 17.69 21.51 40.92 32.88 20.60 27.98
Order 5 34.07 39.87 27.59 24.49 26.88 54.24 56.27 77.20 42.58
Order 6 30.55 30.28 30.07 25.23 27.04 54.66 68.99 57.50 40.54
Order 7 29.88 30.84 29.99 26.70 25.96 55.28 66.70 62.80 41.02
Order 8 31.15 41.91 25.05 26.06 25.19 54.13 65.23 78.50 43.40

GEM

Order 1 36.12 - - 24.96 - 70.62 67.52 - 49.81
Order 2 31.99 - - 18.63 - 50.92 52.01 - 38.39
Order 3 26.70 - - 25.23 - 54.24 66.65 - 43.21
Order 4 20.08 33.47 23.48 20.80 19.97 41.24 43.70 32.50 29.41
Order 5 34.71 40.63 27.74 24.42 24.73 49.66 67.46 78.00 43.42
Order 6 29.55 40.02 28.27 24.99 27.19 53.33 67.08 68.00 33.89
Order 7 32.85 41.86 26.81 25.09 22.73 59.27 46.65 63.80 39.88
Order 8 32.23 34.08 24.71 19.63 20.89 48.97 51.47 22.20 31.77

L2P

Order 1 32.23 - - 18.73 - 49.08 51.74 - 37.95
Order 2 19.72 - - 20.64 - 49.08 52.56 - 35.50
Order 3 24.46 - - 27.04 - 69.95 48.28 - 42.43
Order 4 26.92 33.27 25.53 18.32 21.20 39.08 43.26 19.20 28.35
Order 5 32.23 33.57 24.71 19.13 20.74 47.25 52.77 19.60 31.25
Order 6 32.35 37.77 24.62 23.25 25.19 50.92 63.71 58.60 39.55
Order 7 29.57 41.56 25.74 26.93 26.11 59.29 67.68 56.00 41.61
Order 8 32.11 34.54 24.80 19.56 21.35 49.31 55.55 49.10 35.79

EWC

Order 1 33.28 - - 24.59 - 75.57 67.95 - 50.35
Order 2 32.23 - - 22.58 - 51.15 54.46 - 40.11
Order 3 26.78 - - 25.13 - 62.25 58.34 - 43.13
Order 4 32.23 37.72 24.71 23.65 24.73 49.93 61.21 31.70 35.74
Order 5 34.35 41.97 29.07 25.56 25.35 60.89 56.92 47.20 40.16
Order 6 32.58 41.97 29.57 23.62 26.11 50.23 57.30 57.20 39.82
Order 7 31.34 39.66 26.70 24.62 23.20 48.97 67.36 65.50 40.92
Order 8 33.25 34.21 25.08 21.94 18.75 36.22 54.83 66.69 36.37

OLoRA

Order 1 30.72 - - 25.36 - 51.26 66.87 - 43.55
Order 2 26.18 - - 23.89 - 70.99 67.19 - 47.06
Order 3 26.68 - - 26.33 - 51.72 66.65 - 42.85
Order 4 26.85 42.37 28.30 24.82 23.04 44.36 64.25 44.80 37.35
Order 5 29.88 42.78 28.95 26.16 24.27 52.06 67.36 74.40 43.23
Order 6 30.48 42.58 27.61 24.42 23.81 52.87 66.81 76.00 43.07
Order 7 30.74 42.07 28.96 26.60 24.12 52.41 67.52 83.90 44.54
Order 8 31.94 43.14 26.90 24.32 25.35 52.98 67.08 87.50 44.90

Light (Ours)

Order 1 34.14 - - 24.69 - 81.42 67.03 - 51.82
Order 2 32.23 - - 21.98 - 88.42 60.28 - 50.73
Order 3 30.03 - - 25.33 - 55.39 66.59 - 44.34
Order 4 26.15 39.97 25.51 23.12 25.81 52.18 62.46 66.20 40.18
Order 5 34.09 40.79 25.94 25.70 25.65 79.59 66.21 85.10 47.88
Order 6 23.12 39.56 25.64 23.52 27.04 66.74 66.81 74.80 43.40
Order 7 29.84 40.84 27.65 25.19 23.66 81.19 67.41 85.10 47.61
Order 8 32.61 42.73 27.82 25.70 26.11 67.89 68.28 91.20 47.79

Table 10: Qwen Detailed performance.
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LLaMA-3.2-1B MedMCQA SiQA CareQA MathQA LogiQA SST2 PiQA SciQ Average

Random2

Order 1 26.13 - - 19.66 - 50.92 52.29 - 37.25
Order 2 26.15 - - 19.83 - 45.41 51.41 - 35.70
Order 3 34.69 - - 30.42 - 44.11 72.36 - 45.39
Order 4 30.79 33.67 24.71 19.70 20.28 49.31 52.77 23.40 31.83
Order 5 27.28 39.87 25.81 23.79 22.89 54.13 69.42 70.50 41.71
Order 6 23.57 32.96 25.89 19.26 21.35 52.98 52.83 19.40 31.03
Order 7 32.18 32.96 24.71 20.27 21.35 49.08 52.01 19.00 31.45
Order 8 32.23 33.47 24.71 18.66 21.51 49.08 52.61 21.40 31.71

Random4

Order 1 42.12 - - 29.95 - 72.82 63.12 - 52.00
Order 2 32.23 - - 20.37 - 57.45 53.65 - 40.93
Order 3 36.46 - - 30.45 - 61.12 61.82 - 47.46
Order 4 19.94 34.14 22.84 19.16 20.12 50.92 52.61 18.90 29.83
Order 5 23.26 33.88 25.87 20.30 22.27 50.46 52.83 18.10 30.87
Order 6 32.20 40.89 30.14 27.04 25.50 56.54 71.71 89.20 46.65
Order 7 22.19 32.65 23.13 20.40 21.97 49.08 41.96 19.10 28.81
Order 8 20.68 33.11 24.02 17.69 20.28 54.01 52.29 20.90 30.37

LORA

Order 1 44.35 - - 30.75 - 52.64 62.91 - 47.66
Order 2 29.93 - - 18.53 - 48.74 51.90 - 37.28
Order 3 36.74 - - 29.38 - 55.16 61.65 - 45.73
Order 4 22.54 41.30 34.78 19.61 23.35 49.08 51.76 48.00 36.30
Order 5 42.55 42.68 33.96 31.62 25.50 44.45 73.29 72.40 45.81
Order 6 29.88 42.78 30.26 28.71 21.51 49.08 70.02 79.60 43.98
Order 7 28.16 33.42 25.33 19.97 19.51 40.69 52.50 21.00 30.07
Order 8 37.87 42.94 32.63 32.09 26.57 39.86 53.56 54.30 39.98

CLoRA

Order 1 43.87 - - 31.62 - 59.98 73.56 - 52.26
Order 2 25.94 - - 19.10 - 51.26 52.88 - 37.30
Order 3 36.03 - - 31.56 - 59.29 61.60 - 47.12
Order 4 28.85 33.93 24.69 18.56 20.43 50.69 51.41 21.10 31.21
Order 5 22.38 34.34 26.19 20.27 20.28 47.82 51.90 20.20 30.42
Order 6 32.54 41.04 31.35 29.75 21.97 50.69 71.33 85.70 45.55
Order 7 31.89 26.57 24.82 19.36 19.51 45.92 52.72 20.90 30.21
Order 8 32.23 34.85 24.71 18.49 19.97 51.03 52.23 22.10 31.95

GEM

Order 1 44.23 - - 30.75 - 62.96 73.34 - 52.82
Order 2 32.20 - - 18.36 - 49.08 51.85 - 37.87
Order 3 37.34 - - 29.38 - 52.64 61.98 - 45.34
Order 4 32.27 42.78 30.14 30.99 25.19 40.34 62.74 72.90 42.17
Order 5 32.82 32.63 34.01 31.73 25.65 43.85 73.56 72.40 43.33
Order 6 32.97 40.84 32.18 29.72 23.81 55.60 72.14 69.80 44.63
Order 7 25.23 32.55 24.66 19.73 21.20 48.74 52.45 20.80 30.67
Order 8 35.48 41.76 32.95 32.23 22.43 50.21 73.78 72.00 45.11

L2P

Order 1 24.41 - - 19.60 - 49.31 52.50 - 36.46
Order 2 32.23 - - 20.87 - 48.85 53.16 - 38.78
Order 3 22.35 - - 17.65 - 48.39 53.16 - 35.39
Order 4 32.23 32.19 24.71 19.66 21.66 51.83 53.05 21.60 32.12
Order 5 25.05 32.60 25.85 20.23 24.88 49.89 53.86 19.40 31.47
Order 6 32.15 34.24 24.50 18.59 21.81 49.08 51.85 20.10 31.54
Order 7 32.20 33.52 24.62 19.20 23.20 43.21 48.32 20.00 30.53
Order 8 29.40 34.14 24.78 18.86 22.58 49.08 52.50 19.60 31.37

EWC

Order 1 40.14 - - 30.92 - 49.08 73.12 - 48.32
Order 2 32.30 - - 18.79 - 52.06 52.12 - 38.82
Order 3 33.66 - - 29.75 - 49.08 70.95 - 45.86
Order 4 28.55 31.56 27.57 21.59 24.12 29.08 52.91 42.70 32.26
Order 5 37.15 41.97 36.61 30.49 25.50 30.23 62.03 73.30 42.16
Order 6 34.59 41.81 30.55 28.38 24.58 51.72 70.35 89.80 46.47
Order 7 31.34 32.70 24.80 21.94 21.20 31.77 46.91 31.20 30.23
Order 8 36.77 42.37 37.40 30.59 25.04 51.95 72.80 83.50 47.55

OLoRA

Order 1 39.35 - - 32.43 - 54.01 72.20 - 49.50
Order 2 30.15 - - 19.43 - 49.43 54.08 - 38.27
Order 3 32.85 - - 30.12 - 54.24 72.36 - 47.39
Order 4 41.00 41.35 42.55 33.27 26.73 55.85 53.88 73.80 46.05
Order 5 41.05 41.50 41.56 33.30 27.19 59.40 53.50 73.60 46.39
Order 6 40.78 41.76 41.56 33.13 24.88 65.48 54.16 83.50 48.16
Order 7 38.01 41.61 38.62 33.50 25.96 51.26 52.31 54.00 41.91
Order 8 40.78 41.50 42.16 33.30 27.96 57.11 53.72 74.40 46.37

Light (Ours)

Order 1 43.58 - - 30.85 - 71.67 73.78 - 54.97
Order 2 29.60 - - 18.46 - 63.19 55.71 - 41.74
Order 3 35.74 - - 30.65 - 52.64 72.36 - 47.85
Order 4 33.16 42.17 31.58 30.32 24.58 49.20 73.56 93.50 47.26
Order 5 42.72 41.81 40.47 29.51 27.34 50.11 72.31 92.20 49.56
Order 6 32.11 42.99 32.41 28.84 23.66 49.54 72.74 90.20 46.56
Order 7 31.46 40.43 27.75 29.31 22.89 49.77 70.89 83.40 44.49
Order 8 35.41 42.12 34.89 30.79 22.73 59.40 71.82 94.60 48.97

Table 11: LLaMA Detailed performance.
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