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Abstract

Continual Visual Instruction Tuning (CVIT) enables Multi-
modal Large Language Models (MLLMs) to incrementally
learn new tasks over time. However, this process is chal-
lenged by catastrophic forgetting, where performance on pre-
viously learned tasks deteriorates as the model adapts to new
ones. A common approach to mitigate forgetting is archi-
tecture expansion, which introduces task-specific modules
to prevent interference. Yet, existing methods often expand
entire layers for each task, leading to significant parameter
overhead and poor scalability. To overcome these issues, we
introduce LoRA in LoRA (LiLoRA), a highly efficient ar-
chitecture expansion method tailored for CVIT in MLLMs.
LiLoRA shares the LoRA matrix A across tasks to reduce re-
dundancy, applies an additional low-rank decomposition to
matrix B to minimize task-specific parameters, and incor-
porates a cosine-regularized stability loss to preserve con-
sistency in shared representations over time. Extensive ex-
periments on a diverse CVIT benchmark show that LiLoRA
consistently achieves superior performance in sequential task
learning while significantly improving parameter efficiency
compared to existing approaches.

Introduction

Multimodal Large Language Models (MLLMs) (Bai et al.
2025; Liu et al. 2024a; Zhu et al. 2023) represent a signif-
icant advancement over traditional Large Language Mod-
els (LLMs) (Team et al. 2024; Touvron et al. 2023; Kad-
dour et al. 2023), enabling the handling of complex vision-
language tasks such as visual question answering (VQA)
(Chen et al. 2024b; Lee et al. 2024), image captioning
(Awadalla et al. 2023; Liu et al. 2023a), and visual reason-
ing (Huang et al. 2023; Wang et al. 2024b). These models
are typically trained using a multi-stage pipeline (Zhu et al.
2023; Liu et al. 2023a; Wang et al. 2024a), where pretraining
on large-scale image-text pairs is followed by visual instruc-
tion tuning, aligning model outputs with human intent and
improving performance on downstream multimodal tasks.
Visual instruction tuning is commonly performed in a
static multi-task setting (Dai et al. 2023; Liu et al. 2023a),
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where all tasks are learned simultaneously using a unified
instruction-based format. However, real-world applications
increasingly demand that MLLMs continually acquire new
capabilities without retraining from scratch. This has led
to growing interest in Continual Visual Instruction Tun-
ing (CVIT) (Wang et al. 2024c; Chen et al. 2024a; He
et al. 2023), where models incrementally learn new vision-
language tasks over time. A major obstacle in this setting is
catastrophic forgetting (Zhai et al. 2023; He et al. 2023), in
which newly acquired knowledge disrupts or erases infor-
mation learned from previous tasks.

Most existing CVIT methods adopt static architectures
(Chen et al. 2024a; Wang et al. 2024c; Zhao et al. 2025),
where the model’s structure remains fixed and task-specific
routing is used to control parameter sharing. These ap-
proaches often incorporate Mixture-of-Experts (MoE) (Lep-
ikhin et al. 2020; Fedus, Zoph, and Shazeer 2022) modules
to reduce interference, but struggle to scale as the number of
diverse or unrelated tasks grows. Fixed capacity leads to in-
creased competition among tasks, reducing performance and
limiting long-term learning. To address these limitations, we
explore dynamic architecture expansion, a strategy widely
used in general continual learning (CL) that introduces task-
specific modules as new tasks arrive. While this method of-
fers isolation between tasks, existing CVIT approaches that
adopt it (He et al. 2023) often do so by expanding entire
layers of the backbone per task, an approach that quickly
becomes inefficient due to significant parameter redundancy
and poor scalability in large-scale scenarios.

In this paper, we propose LoRA in LoRA (LiLoRA), a
lightweight and scalable architecture expansion method tai-
lored for CVIT in MLLMs. Instead of expanding full lay-
ers, LiLoRA builds on Low-Rank Adaptation (LoRA) (Hu
et al. 2021), which expresses fine-tuned updates as a prod-
uct of two low-rank matrices A and B. Through empiri-
cal analysis, we observe that the matrix A often converges
to similar structures across different tasks. Based on this
insight, LiLoRA shares matrix A across all tasks and re-
stricts task-specific adaptation solely to matrix B, signifi-
cantly reducing redundancy. To further improve parameter
efficiency, LiLoRA applies an additional low-rank decom-
position to the task-specific matrix B, factorizing it into a
set of shared basis matrices and task-specific low-rank ma-



trices. This design allows each task to retain flexibility while
keeping the overall parameter growth minimal. However, as
learning progresses, the shared basis may drift, causing mis-
alignment with previously learned task-specific representa-
tions. To counter this, we introduce a cosine-regularized ba-
sis stability loss, which penalizes updates to the shared basis
based on cosine similarity with prior states, encouraging sta-
bility and knowledge retention.
Our contributions are summarized as follows:

* We propose LiLoRA, a parameter-efficient architecture
expansion method for CVIT that shares LoORA compo-
nents across tasks while preserving adaptability through
task-specific low-rank decomposition.

We introduce a cosine-regularized basis stability loss,
which constrains changes to the shared basis and helps
retain knowledge over time.

We perform extensive experiments on the CVIT Bench-
mark, showing that LiLoRA achieves state-of-the-art
performance while maintaining superior parameter effi-
ciency compared to existing methods.

Related Work
CVIT for MLLMs

A wide range of approaches have been proposed to mit-
igate catastrophic forgetting in CVIT. CoIN (Chen et al.
2024a) applied the token-wise MoE (Liu et al. 2023b; Dou
et al. 2023) to selectively activate expert weights for differ-
ent tokens. Continual LLaVA (Cao et al. 2024) proposed a
novel dual-embedding mechanism combined with selective
LoRA modules to mitigate forgetting. LLaCA (Qiao et al.
2024) designed a gradient-guided exponential moving aver-
age strategy to adapt model weights. Fwd-Prompt (Zheng
et al. 2024) leveraged prompt tuning with residual projec-
tion to mitigate gradient interference. MR-LoRA (Zhao et al.
2025) proposed a simple method with domain-specific low-
rank tuning and pretrained model-based parameter selec-
tion. SMoLoRA (Wang et al. 2024c) introduced a separa-
ble mixture of low-rank adaptations to address dual forget-
ting. Although these approaches have demonstrated effec-
tiveness, their static architectures face difficulties in coping
with large-scale scenarios. In this paper, we focus on archi-
tecture expansion that dynamically adds new parameters to
accommodate new tasks.

Architecture Expansion for CL

Architecture expansion is an effective strategy to mitigate
catastrophic forgetting during CL. Existing methods (Yan,
Xie, and He 2021; Kim, Ke, and Liu 2022; Douillard et al.
2022; Xie et al. 2024) typically extend the model with ad-
ditional modules for each task and apply these task-specific
weights to learn new tasks. DER (Yan, Xie, and He 2021)
added task-specific tokens to achieve task-specialized em-
beddings through a new task-attention layer. DyTox (Douil-
lard et al. 2022) introduced new learnable feature extrac-
tors with the arrival of new classes to incorporate addi-
tional feature dimensions. MORE (Kim, Ke, and Liu 2022)
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Figure 1: Heatmaps of CKA similarity for LoORA matrices in
the linear layers learned by DirLoRA across different tasks.
The matrices A exhibit high similarity across tasks, while
matrices B show low similarity.

and BNCIL (Xie et al. 2024) adopted multi-head classifica-
tion strategies specialized for different classification tasks.
Although these methods can preserve previous knowledge
when learning new tasks during CL, when new tasks dif-
fer in type from previously seen ones, which is often the
case in CVIT, these class-incremental strategies fail to adapt
effectively. In this paper, we focus on efficient architecture
expansion tailored for CVIT.

Methodology

In the CVIT setting, the model is presented with a stream
of tasks 7 = {71, 72, ..., Tn}, where each task 7; is associ-
ated with a dataset D; = {(X™™, X"Pus Xe)1  consisting
of textual instructions, visual and textual inputs, and ground-
truth response. A fundamental challenge in CVIT is catas-
trophic forgetting: performance on previously learned tasks
degrades as the model updates its parameters to learn new
ones. This occurs because shared parameters are overwrit-
ten, optimizing them for new tasks at the expense of older
ones. To mitigate this, we explore the idea of LoRA-based
parameter expansion for CVIT. LoRA has been widely
adopted to enable parameter-efficient fine-tuning by intro-
ducing a pair of trainable low-rank matrices B € R4*"
and A € R™k, with r < min(d, k), into linear layers
of the model. This method preserves the pretrained weight
Wy € R4*k which remains frozen, while BA serves as the
residual weights for adaptation:

W =Wy + AW = W, + BA, (1

where matrix B is initialized to zeros, while A is drawn from
a standard Gaussian distribution.

A straightforward way to apply the idea of LoRA-based
parameter expansion in the CVIT context is Direct LoRA
Expansion (DirLoRA), which assigns an independent LoRA
module to each task. For a task 7;, the weight update can be
expressed as:

AW; = B; A;, ?)

where B; € R¥", A; € R™** denote task-specific matri-
ces. While DirLoRA effectively prevents task interference
and mitigates forgetting, it introduces substantial parameter
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Figure 2: LiLoRA Framework. (a) LiLoRA is an efficient architecture expansion method tailored for CVIT, which freezes the
pretrained model weights and injects lightweight trainable parameters into existing MLLMs. Specifically, LiLoRA is initialized
with a pair of shared basis matrices and dynamically inserts task-specific low-rank matrices during CVIT. (b) Example of
regularization constraining shared basis updates. The gray region represents the shared basis parameter space. The arrows
indicate the task-specific residual weight shifts in LiLoRA. When task2 arrives, if the direction of its residual shift exhibits
a large angular deviation (i.e., low cosine similarity) from taskl, £,., penalizes large updates to the shared basis, thereby

preserving the parameter representations learned from task1

overhead, scaling linearly with the number of tasks, which
results in inefficient use of model capacity.

To overcome these limitations, we propose LiLoRA, a
more efficient LoORA-based architecture expansion strategy.
LiLoRA introduces several key innovations: a shared ma-
trix A across all tasks, a low-rank decomposition of matrix
B to further reduce task-specific parameters, and a cosine-
regularized stability loss to maintain alignment of the shared
components over time. Together, these components enable
LiLoRA to preserve performance across tasks while signifi-
cantly improving parameter efficiency.

LiLoRA

Task-Invariant Matrix A Sharing. To balance parame-
ter efficiency with knowledge retention across sequential
tasks, we explore a more effective expansion strategy by in-
vestigating the feature representations captured by low-rank
matrices. Specifically, we conduct a centered kernel align-
ment (CKA) (Kornblith et al. 2019) similarity analysis on
the LoRA matrices learned by DirLoRA. As shown in Fig. 1,
the matrices A learned across tasks exhibit high similarity,
suggesting redundant learning. Motivated by this observa-
tion, we propose a shared module design in LiLoRA by
reusing the matrix A and limiting task-specific adaptation to
matrix B. Specifically, we adopt a shared matrix A € R"**
across tasks, while each task 7; retains its own task-specific
matrices B; € R?*". The weight update for task 7; is then
expressed as:

AW; = B;A. 3

This design substantially reduces parameter growth while
retaining task-level adaptation capacity.
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Task-Specific Matrix B Decomposition. Although the
matrix B exhibits lower cross-task similarity, it can be fur-
ther decomposed into a shared basis and task-specific resid-
uals to improve parameter efficiency. Instead of updating the
entire matrix B for each task, we apply task-specific expan-
sion only to its residual component. For each task 7;, we in-
troduce a pair of low-rank task-specific matrices B; € R4*7
and A; € R™", with # < r. Compared to the original
matrix B; € R4*", the product matrix B; A; contains sig-
nificantly fewer parameters, achieving substantial parame-
ter savings while maintaining expressiveness. Each task’s
weight is represented as a combination of the shared basis
and task-specific matrices:

AW; = (Bo + BiAi)A, “)
where the shared matrices By and A provide a shared ba-
sis across tasks, while the task-specific matrices Bi and /L;
specialize the knowledge for the particular task 7;. Since the
importance of shared versus task-specific knowledge may
vary across tasks, we introduce a learnable fusion coefficient
a € (0,1) to balance their contributions. The coefficient is
initialized as:

a ~ Sigmoid(N (0, 1)), 5)
where N'(0,1) denotes the standard Gaussian distribution,
and Sigmoid(-) ensures o € (0,1). During training, « is
learned via backpropagation, allowing the model to dynam-

ically balance shared and task-specific knowledge. The up-
dated task-specific weight becomes:

A higher o encourages reliance on shared knowledge,
while a lower value promotes task-specific adaptation. This



adaptive fusion mechanism allows LiLoRA to flexibly tailor
its representation to the specific characteristics of each task.

Decomposition Basis Regularization. The decomposi-
tion of the task-specific matrix B introduces an issue dur-
ing the training of task 7;: updating the shared basis matrix
By may interfere with the representations learned for pre-
vious tasks 7q,...,7—1. Although each task retains fixed
task-specific matrices (B;, A;), modifications to By may af-
fect the composite weights AW for earlier tasks, potentially
causing forgetting of past knowledge.

To mitigate this issue, we introduce a cosine-regularized
basis stability loss, which constrains the magnitude of up-
dates to By based on the similarity between task-specific
representations. When the new task-specific matrices exhibit
low similarity to the previous tasks, the update to By should
be restricted to preserve the representations of prior tasks.

Specifically, upon the arrival of a new task 7, we compute
the cosine similarity between its task-specific matrix product
Bt Ay and that of the immediately preceding task Bt_lflt_l:

sim; = cos <BtAta Bt71At71) ; @)
where the value sim; then serves as an importance score,
scaling the permissible extent of the B, update. The cosine-
regularized basis stability loss is defined as:
Lyeg = (1= simy) - ||BS = B2, 8)
where Béfl is the value from the previous task, and Bé is
the current value during task 7;. As shown in Fig. 2 (b),
this loss penalizes large deviations in By when the new
task’s representation (B;A;) is dissimilar to the previous
one, thereby enhancing the stability of the shared basis By
within the CVIT framework. The overall training procedure
for LiLoRA under CVIT is summarized in Algorithm 1.

Experiments
Datasets and Evaluation Metrics

Datasets. The datasets used in our experiments are from
the CVIT Benchmark (Wang et al. 2024c), which includes
six instruction datasets covering visual question answering
(VQA) (Chen et al. 2024b; Lee et al. 2024), image classi-
fication (Huang et al. 2023; Wang et al. 2024b), and image
captioning (Awadalla et al. 2023; Liu et al. 2023a) tasks.
Specifically, the benchmark consists of ScienceQA (Lu et al.
2022), TextVQA (Singh et al. 2019), Flickr30k (Plummer
et al. 2015), ImageNet (Deng et al. 2009), GQA (Hudson
and Manning 2019), and VQAv2 (Goyal et al. 2017).

AP and MAP. To evaluate overall performance at each
learning stage, we compute Average Performance (AP) and
Mean Average Performance (MAP). Specifically, let ay, ; de-
note the accuracy on the j-th task after training on the k-th
task. These metrics are defined as:

k k
1
APk = j:E . ag. 5, MAPk = E i:E - APl (9)

| =
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Algorithm 1: Training of LiLoRA

Input: Dataset D = {D,Da,...,D;}, Pretrained model
M, fusion coefficient «, regularization weight A
Output: Shared basis matrices By and A, Task-specific ma-
trices { By, A;}E,

1: Freeze pretrained model M

2: for each Dataset D, do

3: ift =1 then

4: Initialize By, A

5. endif

6: Initialize By, A;

7:  for each batch in D; do

8: Compute weight AW, using Eq. 6

9: Compute autoregressive loss L, on the batch
10: if ¢ > 1 then
11: Compute regularization loss Ly, using Eq. 8
12: else
13: Lreg <0
14: end if
15: Minimize Ly + ALreg
16: Update By, A, By, Ay, «
17:  end for

18: end for

19: return By, A, {B;, A},

BWT. To quantify the degree of forgetting, we employ
Backward Transfer (BWT) (Lin et al. 2022). It is defined as:

S

1

1
J

(a;w — aj,j). (10)

1

MIF. We adopt the evaluation metric Mean Instruction
Following (MIF) (Wang et al. 2024c) to evaluate the model’s
instruction-following consistency. MIF is defined as:

1 k
MIFka< >
j=1

where B() is a binary function that returns 1 if the model

output og satisfies the instruction format of the j-th task, and
0 otherwise. n denotes the number of evaluation samples.

n

%ZBj(Of)

i=1

Y

Baseline Methods

We compare our method with a comprehensive set of base-
lines to highlight its superior performance. SeqLoRA se-
quentially fine-tunes the model using a single shared LoRA
module across tasks. DoRA (Liu et al. 2024b) and C-
LoRA(Smith et al. 2023) serve as enhanced variants of
LoRA designed for fine-tuning. We also include classical
CL approaches such as EWC which constrains updates
on the importance of parameters to previous tasks (Kirk-
patrick et al. 2017), and Replay (Chaudhry et al. 2019),
which stores or generates past samples to replay during new
task training. In addition, we evaluate several methods tai-
lored for CVIT, including MoeLLoRA (Liu et al. 2024b),
EWC+TIR, and Eproj (He et al. 2023). Notably, Eproj



Method Accuracy on Each Task Overall Results
ScienceQA TextVQA Flickr30k ImageNet GQA VQAv2 | AP{1+ MAP {1 BWT 1+ MIF t
Zero-shot 52.72 2.95 52.64 22.10 273  0.65 [22.30 - - 17.84
DirLoRA* 83.75 60.66 164.20 96.71 58.55 64.93 |88.13 90.18 0.00 98.41
SeqLoRA 55.31 50.22 33.89 22.73 50.52 64.61 [46.21 57.41 -48.10 78.35
DoRA 51.26 46.36 36.41 28.24 4529 56.87 |44.07 65.03 -31.12 78.59
MoeLoRA 55.01 48.87 32.04 22.00 50.03 63.64 |4527 56.16 -48.05 79.97
Single-type C-LoRA 57.25 38.70 56.50 2527 42.89 54.06 [45.78 57.04 -19.58 65.84
Replay 75.61 47.58 31.97 35.84 48.51 58.67 [49.70 69.78 -22.71 82.06
EWC 57.04 50.02 32.96 22.85 50.16 64.54 |46.26 56.19 -49.71 78.90
EWC+TIR 72.22 44.78 34.54 2598 46.86 58.73 |47.19 6721 -25.64 81.62
Eproj 65.29 52.87 148.19 3945 28.06 57.86 [6529 73.53 -14.02 89.81
SMoLoRA 77.36 58.29 151.99 9535 51.96 65.71 |83.44 84.85 -3.23 97.79
LiLoRA 77.88 58.83 152.93 96.02 58.28 065.33 |84.88 87.70 -3.13 98.24
Zero-shot 51.85 5.11 44.05 20.34 237 1.16 |20.81 - - 19.45
DirLoRA* 83.85 60.51 164.66 96.71 5793 6490 |88.09 9149 0.00 98.31
SeqLoRA 59.21 50.80 20.99 20.30 49.98 64.41 |44.28 5375 -48.73 79.47
DoRA 52.03 47.37 27.97 26.18 46.05 57.33 |42.82 56.24 -34.11 78.30
MoeLoRA 58.09 53.30 22.82 22.61 51.80 65.15 |45.63 54.88 -49.94 78.19
Five-type C-LoRA 55.58 38.64 59.05 22.81 40.93 51.65 |44.78 5237 -18.83 70.01
Replay 66.06 47.78 24.21 25.66 46.53 58.59 [44.81 66.68 -26.88 80.38
EWC 53.60 49.07 20.38 20.48 50.11 64.63 |43.10 5394 -52.47 78.18
EWC+TIR 66.94 45.76 29.49 21.68 46.90 58.80 |44.93 64.51 -26.38 80.56
Eproj 63.45 53.18 151.41 20.63 4530 57.32 |6522 72.10 -14.43 89.93
SMoLoRA 80.50 58.30 146.63 9428 5242 65.96 |83.02 8505 -6.50 98.12
LiLoRA 78.38 59.14 155.26 95.82 56.27 6474 (8494 8743 -1.94 98.16

Table 1: The evaluation results (%) for continual visual instruction tuning on the CVIT Benchmark (Wang et al. 2024c) after
training on the final task. *: The performance of DirLoRA serve as an upper-bound for CVIT. LiLoRA consistently maintains

high performance across both Single-type and Five-type settings.

is an architecture expansion method that extends projec-
tion layers based on task similarity. Furthermore, we com-
pare with SMoLoRA (Wang et al. 2024c), a recent state-of-
the-art method tailored for CVIT that introduces a separa-
ble mixture of low-rank adaptations to address dual forget-
ting. To provide performance bounds, we include DirLoRA,
which assigns an independent LoORA module for each task as
an upper-bound reference, and Zero-shot, which evaluates
the pre-trained model without any fine-tuning as a lower-
bound reference.

Implementation Details

We adopt the pre-trained first-stage LLaVA-v1.5-7B (Liu
et al. 2023a) as the base model, without any instruction tun-
ing. The LiLoRA adapters are inserted into the FeedForward
Network (FFN) layers of the LLM, as well as into the pro-
jection layer between the LLM and the vision encoder. The
rank of the shared matrices r in LiLoRA is initialized to 128,
while task-specific 7 is set to half of . We employ the Adam
optimizer with a learning rate of 2 x 10~ and a batch size
of 64. All tasks are trained for only one epoch.

Main Results

We evaluate LiLoRA on the CVIT Benchmark under two
settings, Single-type instruction and Five-type instruction.
After training on the last task, VQAv2, as shown in Table 1,

LiLoRA consistently outperforms all baseline methods.
Compared to the recent state-of-the-art method SMoLoRA
under the Single-type instruction setting, our approach
achieves improvements of +1.44% in AP, +2.85% in MAP,
and +0.10% in BWT, respectively. In terms of instruction-
following ability, our approach also brings a +0.45% im-
provement. In comparison to traditional CL approaches such
as EWC and Replay, LiLoRA achieves significantly supe-
rior performance. Notably, when compared with the upper-
bound DirLoRA, LiL.oRA shows a competitive performance
across all results. Consistently, under the Five-type instruc-
tion setting, LiLoRA achieves improvements of +1.92% in
AP, +2.38% in MAP, +4.56% in BWT and +0.04% in MIF,
respectively. These results show that LiLoRA maintains su-
perior performance compared to other baselines, highlight-
ing its robustness in handling more complex instruction data.

Ablation Study

In this section, we perform a series of ablation studies to
examine the importance of each component in LiLoRA.
Specifically, we evaluate the impact of: sharing the LoRA
matrix A, decomposing the matrix B, and incorporating
the regularization loss L,.4 to stabilize the learned basis.
To provide a comprehensive baseline, we also include a
DirLoRA setting, where none of these components are ap-
plied. As shown in Table 2, solely sharing matrix A achieves
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Component

Overall Performance

Efficiency

Share A DecomposeB L., | APT MAP{ BWT] MIF{ | TP | EP]
- - — 8813 90.18 000 9841 | 21439 3573
Ve 8538 8840 287 9839 | 1,250.6 1787
v v 73.99 83.19  -16.14 93.60 | 985.1 104.6
v v v | 8488 8770  -3.13 9824 | 985.1 104.6

Table 2: Ablation study on components of LiLoRA and efficiency analysis under the Single-type setting. The TP and EP
represent the number of total and each task-specific expansion parameters, respectively, with values given in MB.

T 7 APT MAPT BWT] MIF
64 (r/2) | 8488 87.70  -3.13  98.24

128 | 32(r/4) | 83.87 8670  -2.15  97.82
16(r/8) | 83.83 8642  -1.55  97.94
32(r/2) | 8431 8747 228 9793

64 | 16(r/4) | 83.67 8676  -251  97.63
8(r/8) | 83.63 86.17  -1.67  97.97

Table 3: Further analysis on the rank of shared basis (r) and
task-specific matrices (7).

AP1T MAP?T BWT 1 MIF ©

a=1 46.21 5741 -48.10 78.35
a=0 47.01 66.73 -13.45 75.53
a=0.5 81.84 87.17 -6.42 97.22
Learnable « (ours) | 84.88 87.70 -3.13 98.24

Table 4: Further analysis on the hyperparameter o.

competitive performance, with 85.38% AP, 88.40% MAP, -
2.87% BWT, and 98.39% MIF. However, when the matrix B
is decomposed without applying L,..4, the performance de-
grades significantly. This degradation can be attributed to the
shared basis becoming less aligned with previously learned
task-specific matrices over time. With the incorporation of
Lyeq, LILORA substantially recovers performance, achiev-
ing 84.88% AP, 87.70% MAP, -3.13% BWT, and 98.24%
MIF, close to the results of solely sharing matrix A. These
results demonstrate the effectiveness of L., in preserving
the stability of the shared basis.

For efficiency analysis, we focus on the number of ex-
pansion parameters, both in total and task-specific terms.
Although DirLoRA achieves strong performance, it suf-
fers from the highest parameter cost, with a total parameter
count of 2,143.9MB and 357.3MB for each task. In contrast,
LiLoRA with all components enabled (shared A, decom-
posed B, and L), reduces the number of total parameters
to 985.1MB and the number of parameters for each task to
104.6MB, achieving a substantial reduction of 54% in total
parameters and greater savings of 70% in each task over-
head compared to DirLoRA. Furthermore, during inference,
LiLoRA can be fully merged into the pretrained weights,
introducing no extra computational overhead. These results
demonstrate that our approach maintains competitive perfor-
mance while significantly reducing the cost of architecture
expansion in CVIT.
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Figure 3: The value of fusion coefficients before and after
training on the ScienceQA dataset. (a) shows the initial dis-
tribution of fusion values at each layer, while (b) presents
the updated values after training.

Further Analysis

Effect of the Rank in LiLoRA. To further investigate the
impact of hyperparameters in LiLoRA, we explore how the
rank of the shared basis () and the task-specific matrices ()
influence the overall performance. As shown in Table 3, we
conduct experiments under the Single-type instruction set-
ting with two values of r (64 and 128), and for each, we eval-
uate 7 across {r/2,r/4,r/8}. The results show that LILoORA
maintains consistently strong performance across a broad
range of configurations, even when 7 is reduced to as low
as r/8. Although a higher value of r leads to modest gains
in certain settings, the performance gap across different 7
values remains minor, which highlights the robustness of
LiLoRA to variations in rank design. These results demon-
strate the flexibility of LiLoRA in selecting rank configura-
tions without significant performance degradation, making
it well-suited for real-world scenarios with computational or
memory constraints.

Effect of the Hyperparameter . To examine the impact
of the hyperparameter o in LiLoRA, we conduct ablation
experiments under four settings. First, we fix « to 1, acti-
vating only the shared component. Secondly, we set « to 0,
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Figure 4: Accuracy (%) curves of ScienceQA and TextVQA during CVIT across sequential tasks. Our method consistently

outperforms other methods.

enabling only the task-specific component. The third setting
assigns a fixed value of 0.5 to «, balancing the contribu-
tions of both components equally. Lastly, in our proposed
approach, « is a learnable parameter and dynamically opti-
mized during training to adapt to task-specific requirements.
The results in Table 4 show that both the o« = 0 and o = 1
settings lead to significantly worse performance, indicating
that relying solely on either shared or task-specific compo-
nents is insufficient. The equal weighting (o = 0.5) shows
better results, demonstrating the benefit of combining shared
and task-specific weights. Notably, the learnable « achieves
the best performance across all metrics, validating the effec-
tiveness of learnable fusion in LiLoRA.

Furthermore, Fig. 3 illustrates the distributions of fu-
sion coefficients across different layers for the ScienceQA
dataset, both before and after training. The dashed lines in-
dicate the mean of «, which decreases after training, sug-
gesting an increasing reliance on the task-specific compo-
nents. Notably, the a values vary significantly across layers,
indicating that the contributions of shared and task-specific
components are not uniform throughout the model. These
findings further highlight that LiLoRA can dynamically ad-
just its dependence on shared versus task-specific compo-
nents when handling diverse tasks.

Stability Across Tasks. To comprehensively evaluate
LiLoRA’s performance during CVIT, we analyze the task ac-
curacy trends by plotting the representative accuracy curves
for two datasets: ScienceQA and TextVQA. These curves il-
lustrate the model’s performance after training on each se-
quential task, offering a clear depiction of each method’s
ability to retain previously learned knowledge while learn-
ing a new task. As shown in Fig. 4, the accuracy curve of
LiLoRA consistently remains at the top across the entire
training sequence for both datasets. In contrast, other meth-
ods exhibit a clear downward trend, indicating performance
degradation caused by catastrophic forgetting. These find-
ings further highlight the strong stability of our approach
compared to competing methods.

Methods | APT MAPT BWT | MIF T
DirfLoRA | 67.55 74.14 000 _ 93.81
SeqLoRA | 4541 5339 642 7091
Eproj | 58.87 6121  -247  90.12
LiLoRA | 64.63 6830  -0.94  92.94

Table 5: The evaluation results (%) on Qwen2-VL-2B.

Cross-Model Generalizability. To validate the general-
ization ability of our approach across various MLLMs, we
further evaluate the performance of LiLoRA on Qwen2-VL-
2B (Wang et al. 2024a) under the Single-type instruction
setting, comparing it with DirLoRA, SeqLoRA, and Eproj.
As shown in Table 5, although Qwen2-VL exhibits a lower
degree of forgetting compared to LLaVA, our method still
achieves overall performance improvements over SeqLoRA
and Eproj, approaching the performance of DirLoRA. These
results highlight the robustness of LiLoRA in enhancing per-
formance across diverse models.

Conclusion

In this paper, we present LiLoRA, a novel and efficient ar-
chitecture expansion method for CVIT in MLLMs. Moti-
vated by our observation that LoORA matrices A tend to con-
verge to similar representations across tasks, we propose
to share matrix A globally and restrict task-specific adap-
tation solely to matrix B, significantly reducing redundancy.
To further minimize the parameter footprint, we decompose
matrix B into a shared basis and smaller task-specific low-
rank matrices. To stabilize the shared basis during CVIT,
we introduce a cosine-regularized basis stability loss, which
helps maintain alignment with previously learned compo-
nents and mitigates representational drift. Extensive exper-
iments on the CVIT benchmark demonstrate that LiLoRA
not only achieves strong performance across sequential tasks
but also offers substantial improvements in parameter effi-
ciency over existing approaches.
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