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Abstract
Multimodal Continual Instruction Tuning (MCIT) en-

ables Multimodal Large Language Models (MLLMs) to
evolve tasks without costly retraining, but it remains chal-
lenged by catastrophic forgetting (CF) and negative knowl-
edge transfer (NKT). Existing methods adopted Mixture-
of-Experts (MoE), yet sharing a fixed set of LoRA blocks
across tasks often causes knowledge interference. To ad-
dress this, we propose Progressive LoRA (ProgLoRA),
which maintains a progressive LoRA pool and allocates a
new LoRA block for each incremental task. Experiments
on recent MCIT benchmarks show that ProgLoRA con-
sistently outperforms existing methods, while employing
lightweight optimization.

1 Introduction
Multimodal Large Language Models (MLLMs) [1] have

shown strong performance across diverse vision–language
tasks [2], typically supported by instruction tuning [3] for
multi-task learning. However, real-world applications re-
quire MLLMs to continuously adapt to new instructions
as knowledge evolves. Most existing MLLMs [4] remain
static, and retraining from scratch for each new instruc-
tion is computationally impractical. To address this limita-
tion, recent work [5] formulates the problem as Multimodal
Continual Instruction Tuning (MCIT) [6], which incremen-
tally updates MLLMs while preserving performance on
previously learned tasks.

MCIT faces two key challenges: catastrophic forget-
ting (CF), which represents that performance on the old
tasks is dropped after training on new tasks, and negative
knowledge transfer (NKT), which represents that perfor-
mance on the new task is limited by the old tasks in dif-
ferent domains. Mixture-of-Experts LoRA (MoELoRA)
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Figure 1 A comparison between MoELoRA and ProgLoRA.

[7] addresses these issues by using multiple LoRA blocks
to capture task-specific knowledge across sequential tasks.
However, it shares a fixed set of LoRA blocks across tasks
(Fig. 1(a)), causing previously learned knowledge to be
overwritten by subsequent tasks, which limits its effective-
ness in handling CF and NKT.

To mitigate CF and NKT, we propose Progressive LoRA
(ProgLoRA). ProgLoRA maintains a progressive LoRA
pool, where a new LoRA block is trained for each in-
cremental task while previously learned blocks are frozen
(Fig. 1(b)). This design isolates task-specific knowledge in
independent LoRA blocks, preventing overwriting and thus
alleviating CF. Although only LoRA block of the current
task is updated, frozen blocks remain active during train-
ing, enabling prior knowledge to support new tasks and im-
proving KT. ProgLoRA further introduces two key compo-
nents: task-aware allocation, which selects and fuses rele-
vant LoRA blocks to leverage acquired knowledge, and task
recall, which realigns the model with previously learned
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Figure 2 The overall structure of ProgLoRA.

tasks to further reduce forgetting.
Meanwhile, since progressively introducing task-

specific LoRA blocks may lead to excessive parameter
growth under a large number of incremental tasks, we fur-
ther explore ProgLoRA (light) for lightweight optimiza-
tion. Prior works show that lower layers in LLM tend to
encode general knowledge while higher layers are more
task-specific. Thus, ProgLoRA (light) is applied only to
some upper layers in the LLM, while the remaining layers
share a single LoRA block during training. This design
significantly reduces the overall parameter overhead while
preserving the benefits of progressive adaptation.

Our contributions can be summarized as follows:

1. We propose ProgLoRA, where different knowledge is
stored in separate LoRA blocks, thereby minimizing
task interference.

2. We design the task-aware allocation to select and fuse
LoRA blocks, and task recall to constrain the model
updates. We design ProgLoRA (light) for lightweight
optimization.

3. Experiments on LLaVA-1.5 using the latest MCIT
benchmark demonstrate that ProgLoRA outperforms.

2 Related Works

2.1 MLLMs

MLLMs extend LLMs [8] to jointly process visual and
textual inputs by combining strong language reasoning
with visual representations. Representative models such as
LLaVA [1] and MiniGPT-v2 [3] employ projection layers
to align frozen LLMs with visual encoders, while Instruct-
BLIP [4] and BLIP-2 adopt Q-Former–based [9] designs
to bridge modality gaps. Together with instruction tuning,
these approaches have significantly advanced multimodal
reasoning and understanding across diverse tasks.

2.2 MCIT

To keep pace with continuously evolving knowledge,
MLLMs must be incrementally updated rather than re-
trained from scratch [10]. MCIT addresses this need by
enabling efficient incremental adaptation across tasks. Re-
cent benchmarks and methods [6] focus on mitigating CF
and NKT, for example, by aggregating LoRA experts as
in MoELoRA [5]. However, sharing experts across tasks
often leads to knowledge interference, limiting long-term
performance.

3 Problem Definition
Continual learning [11] addresses sequentially evolv-

ing tasks while avoiding costly full retraining. MCIT ex-
tends this paradigm to MLLMs by incrementally adapting
a model M to a sequence of tasks T1, . . . ,T𝑁 via instruc-
tion tuning, while maintaining performance on previously
learned tasks. Each task T𝑖 is associated with a dataset
D𝑖 = (𝑋𝑣𝑖, 𝑗 , 𝑋

𝑞
𝑖, 𝑗 , 𝑋

𝑎
𝑖, 𝑗 )

𝑀𝑖

𝑗=1
, where 𝑋𝑣 , 𝑋𝑞 , and 𝑋𝑎 denote

image, instruction, and answer tokens, respectively.

4 Approach
As illustrated in Fig. 2, ProgLoRA addresses CF

and NKT through a progressive and task-aware LoRA
framework, which maintains a progressive LoRA pool
{𝐵𝐿𝐾1, . . . , 𝐵𝐿𝐾𝑁 }, a task-aware allocation module,
and a task recall module.

4.1 Task-aware Allocation

At the training stage of T𝑖 , a key vector 𝒌𝒆𝒚𝑛 is assigned
to each 𝐵𝐿𝐾𝑛 (𝑛 ∈ [1, 𝑖]), and weights are computed. For
better alignment with the key vector spaces, we first fed
𝒙𝑞𝑖, 𝑗 , the embedding of input 𝑋𝑞𝑖, 𝑗 , into a projector 𝑃𝑟𝑜 𝑗𝑖
(we omit the 𝑞 and 𝑗 for simplicity):

𝒉𝑖 = LN(𝑾2𝜑(𝑾1𝒙𝑖 [𝑚𝑎𝑥 ] + 𝑏1) + 𝑏2), (1)
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Figure 3 The lightweight variant of ProgLoRA.

where 𝑾1 ∈ ℝ𝑑𝑝×𝑑𝑖𝑛 and 𝑾2 ∈ ℝ𝑑𝑖𝑛×𝑑𝑝 denote trainable
parameters, 𝑏1 and 𝑏2 denote bias, 𝜑(·) and LN(·) denote
SiLU function and Layer Norm. Note that max-pool op-
eration is applied to 𝒙𝑖 along the token length dimension
to align it with the dimension of the 𝒌𝒆𝒚𝑛 ∈ ℝ𝑑𝑖𝑛 . Then,
weights 𝑤𝑑𝑛,𝑖 is processed as:

𝑤𝑑𝑛,𝑖 = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥(𝒉𝑖𝒌𝒆𝒚𝑛/𝛼𝑡𝑒𝑚), (2)

where 𝛼𝑡𝑒𝑚 represents temperature factor to improve ro-
bustness. Finally, all the existing LoRA blocks are fused
to 𝐵𝐿𝐾𝑑𝑖 as follows:

𝜃𝐵𝐿𝐾𝑑
𝑖
=

𝑖∑
𝑛=1

𝑤𝑑𝑛,𝑖𝜃𝐵𝐿𝐾𝑛 (3)

4.2 Task Recall

As tasks are sequentially trained, the 𝑃𝑟𝑜 𝑗 is updated
continuously. To ensure that inputs from T𝑝 still accu-
rately perform the weights and identify the specific fu-
sion of LoRA blocks, we introduce the KL-divergence-
based task recall. This is achieved by using a small
amount of samples from T𝑝 , which are used to gener-
ate pseudo weights 𝑤̂𝑑 for the recall of 𝑃𝑟𝑜 𝑗𝑖 at the
training of T𝑖 . To help 𝑃𝑟𝑜 𝑗𝑖 accurately recall the cor-
rect 𝒘𝑑𝑝 = {𝑤𝑑1, 𝑝 , ..., 𝑤

𝑑
𝑝,𝑝} for samples T𝑝 , each previ-

ous sample is fed into layers in Eq. (1) and (2) to get
𝒘̂𝑑𝑖 = {𝑤̂𝑑1,𝑖 , ..., 𝑤̂

𝑑
𝑖,𝑖} at the training of T𝑖 and minimize the

corresponding KL-divergence loss.

4.3 Lightweight Optimization

Progressively introducing task-specific LoRA blocks
may result in excessive parameter growth when handling
a large number of incremental tasks. To address this is-
sue, we propose ProgLoRA (light) as shown in Fig. 3 that
improves scalability while preserving the core benefits of
progressive adaptation. Prior works show that different
layers of LLMs capture knowledge at different levels of
abstraction: lower layers tend to encode more general and

transferable knowledge, while higher layers are more task-
or instruction-specific. Based on this observation, we re-
duce the number of incremental LoRA blocks by applying a
task-shared LoRA module to the bottom 𝐿 layers, which is
trained jointly across all tasks. The remaining upper layers
follow the original ProgLoRA scheme, where task-specific
LoRA blocks are incrementally introduced.

5 Experimental Settings
Dataset We follow the CoIN benchmark [5], which

includes 8 multimodal datasets: [12], TextVQA [13], Im-
ageNet [14], GQA [15], VizWiz [16], Grounding [17, 18],
VQAv2 [19], and OCR-VQA [2].

Metrics We adopt four metrics: Mean Final Accu-
racy (MFN) to average the accuracies of all tasks after the
final training, Mean Average Accuracy (MAA) to report
the average accuracies on each task during the training pro-
cess, Backward Transfer (BWT) to measure the accuracy
difference between the final and immediate training of each
task, and Forward Transfer (FWT) to measure the MFN
difference between our method and non-seqential training.

Implementation We follow the CoIN [5] and utilize
LLaVA-1.5-7B [1] as the backbone. In ProgLoRA, rank
𝑟 is set to 16, 𝛼 is 32, with the replay amount set to 200
per previous task. In ProgLoRA (light), 𝐿 is set to 3. All
experiments are conducted on 4 NVIDIA A6000 GPUs.

Baselines Details are shown in Appendix A.

6 Results and Analysis

6.1 Main Results

Results are summarized in Table 1. Our method sig-
nificantly outperforms all baselines, which illustrates the
designed task-aware allocation and task recall can solve
problems of CF and NKT. ProgLoRA both outperforms tra-
ditional continual learning methods (i.e., LwF and EWC)
and the latest methods (e.g., MoCL and O-LoRA), demon-
strating the advantages of our approach in the MCIT task.
Specifically, O-LoRA imposes orthogonal regularization
to constrain the updates of the newly added LoRA block.
However, relying solely on the newly added LoRA block
is insufficient to effectively mitigate CF, highlighting the
advantage of our method. For ProgLoRA (light), despite
reducing parameterization, it still consistently outperforms
all baselines, demonstrating that the effectiveness of our ap-
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Method
Accuracy on Each Task Overall Results

ScienceQA TextVQA ImageNet GQA VizWiz Grounding VQAv2 OCR-VQA MFN⇑ MAA⇑ BWT⇑ FWT⇑
Zero-shot 49.91 2.88 0.33 2.08 0.90 0.00 0.68 0.17 – 7.12 – –
Multi-task 56.77 49.35 95.55 56.65 53.90 30.09 59.50 55.65 – 57.18 – –

LoRA
82.45 49.99 96.05 56.40 55.45 31.27 62.20 57.08
21.26 28.74 10.25 36.78 32.45 0.83 42.50 57.08

28.74 32.97 -32.62 -4.82

LwF∗ 81.36 50.59 96.84 51.98 48.19 25.13 41.30 64.12
26.78 37.52 12.64 35.18 25.24 2.87 38.92 64.12

30.41 34.95 -27.03 -8.75

EWC∗ 82.81 51.76 96.80 46.19 48.68 26.82 66.37 63.46
30.33 36.08 11.62 35.75 37.50 3.48 44.98 63.46

32.90 36.93 -27.46 -5.81

MoELoRA
75.78 51.73 96.70 59.42 58.88 37.50 64.22 60.08
63.09 38.63 10.50 37.38 43.62 0.59 43.15 60.08

37.13 42.76 -25.91 -4.01

O-LoRA∗ 76.27 54.23 96.10 53.66 53.22 30.72 52.69 55.47
62.92 38.31 56.11 30.57 43.87 14.79 44.23 55.47

43.28 50.28 -15.76 -4.26

SEMA∗ 76.27 58.14 96.56 59.14 59.13 35.60 55.49 52.12
68.63 43.27 58.45 38.38 50.19 23.73 48.34 52.12

47.88 54.78 -17.49 -2.75

MoCL∗ 76.25 53.41 97.29 61.03 58.56 38.58 64.32 56.32
65.25 45.65 59.25 39.87 48.89 24.37 52.98 56.32

49.07 55.21 -14.11 -1.09

ProgLoRA
76.27 60.78 97.32 61.27 60.16 39.35 65.83 64.44
74.84 51.83 83.90 49.93 53.87 31.19 62.71 64.44

59.09 62.38 -6.59 1.37

ProgLoRA (light)
74.32 57.54 97.01 60.98 58.90 35.43 64.98 62.46
71.98 45.37 79.73 48.94 50.89 29.82 61.99 62.46

56.39 61.00 -7.56 -0.36

Table 1 Main results on the LLaVA-1.5-7B model. For accuracy of each task of MCIT methods, the first row denotes the results for
each task evaluated after its tuning with the best performance highlighted in red, while the second row shows each task’s results after
tuning the final task with the best ones in blue. For overall results, the bold highlights the best performance. ∗ represents results from
our re-implementation, while others are cited from CoIN [5].

Variant MFN⇑ MAA⇑ BWT⇑ FWT⇑
ProgLoRA 59.09 62.38 -6.59 1.37

w/o task recall 57.52 62.12 -8.07 1.08
ProgLoRA (light) 56.39 61.00 -7.56 -0.36
𝐿 = 6 51.34 59.83 -10.16 -12.96

Table 2 The ablation study of ProgLoRA on the LLaVA-1.5-7B
backbone. Bold highlights the best performance.

proach does not depend on excessive model capacity. We
observe only an obvious degradation in FWT, mainly due
to the lightweight design’s limited representational capac-
ity, which restricts its ability to model fine-grained cross-
task dependencies. We also discuss the efficiency in the
Appendix B and show the detailed main results in the Ap-
pendix C.

6.2 Ablation Study

As shown in Table 2, we analyzed each component. For
ProgLoRA, removing task recall leads to a significantly
greater occurrence of CF, underscoring the critical role of
this component in enabling adaptive LoRA block alloca-
tion. For ProgLoRA (light), we observe that when the
number of blocks is set to 𝐿 = 6, the model achieves com-
petitive performance across almost all evaluation metrics
compared to stronger configurations and baselines. In par-

ticular, metrics related to overall accuracy and forgetting
are largely preserved, indicating that a moderate number
of blocks is sufficient to capture task-specific knowledge
and maintain stable performance. The only notable excep-
tion is FWT, which explicitly measures the effectiveness of
knowledge transfer across tasks. We attribute this degrada-
tion to the limited diversity and capacity of reusable repre-
sentations when 𝐿 is larger, which restricts the generalized
knowledge to future tasks. Nevertheless, these results sug-
gest that 𝐿 = 6 offers a strong balance between efficiency
and performance, where most benefits of ProgLoRA are
retained while incurring only a reduction in KT capability.

7 Conclusion
In this work, we propose a progressive framework to

address catastrophic forgetting and knowledge transfer in
continual learning, which consistently outperforms strong
baselines. Experiments show that our method effectively
mitigates forgetting while promoting knowledge reuse, and
its lightweight variant remains competitive with substan-
tially reduced parameters. Future work could explore ex-
tending the proposed framework to broader task sequences
and different backbone models, with the goal of improving
its generalization and adaptability across diverse scenarios.
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Task ScienceQA TextVQA ImageNet GQA VizWiz Grounding VQAv2 OCR-VQA

ScienceQA 76.27

TextVQA 59.06 60.78

ImageNet 70.92 52.57 97.32

GQA 51.56 50.33 79.68 61.27

VizWiz 65.62 50.79 81.17 48.99 60.16

Grounding 40.08 47.53 77.75 50.61 48.30 39.35

VQAv2 76.90 56.79 73.90 53.64 40.63 35.96 65.83

OCR-VQA 74.84 51.83 83.90 49.93 53.87 31.19 62.71 64.44
Table 3 Detailed results of ProgLoRA.

Task ScienceQA TextVQA ImageNet GQA VizWiz Grounding VQAv2 OCR-VQA

ScienceQA 74.32

TextVQA 58.48 57.34

ImageNet 69.13 53.09 97.01

GQA 50.11 50.02 80.37 60.98

VizWiz 67.63 50.11 80.09 47.96 58.90

Grounding 40.12 45.98 75.37 49.25 49.36 35.43

VQAv2 72.90 54.89 72.91 51.37 38.98 33.69 64.98

OCR-VQA 71.98 45.37 79.73 48.94 50.89 29.82 61.99 62.46
Table 4 Detailed results of ProgLoRA (light) with 𝐿 = 3.

A Compared Methods
We evaluate the ProgLoRA by comparing with these methods: (1) Zero-shot: Evaluating each task directly using pre-

trained MLLMs without any fine-tuning; (2) LoRA [20]: Sequentially updating knowledge through two low-rank matrices
while keeping the pre-trained MLLM parameters intact; (3) MoELoRA [5]: Leveraging multiple independent yet identical
LoRA blocks to capture task-specific knowledge across sequential tasks, achieving state-of-the-art performance on the
CoIN benchmark; (4) LwF [21]: Restricting the shared representation layer to remain close to its original state before
acquiring the new task; (5) EWC [22]: Finetuning the entire model with a regularization loss that restricts parameter
updates to avoid disrupting previously learned tasks; (6) O-LoRA [23]: Employing orthogonal subspace learning to
facilitate continual learning in language models; (7) SEMA [24]: Learning automatically to reuse and expand modules
without relying on memory replay; (8) MoCL [25]: A modular and compositional framework for continual learning.

B Efficiency Discussion
We compare the amount of trainable parameters of ProgLoRA with MoELoRA on LLaVA-1.5-7B. In ProgLoRA,

trainable parameters in LoRA pool amount to 42M (0.25% of total parameters), while MoELoRA has 320M trainable
parameters (2.06% of total parameters). For the lightweight variant with 𝐿 = 3, trainable parameters amount to 38M
(0.22% of total parameters). The light variant achieves a performance–efficiency trade-off, making it well-suited for
resource-constrained scenarios. Therefore, our method significantly reduces the number of trainable parameters, and with
the arrival of new tasks, the number of trainable parameters also doesn’t increase too much due to the LoRA architecture.

C Detailed Main Results
Detailed results of ProgLoRA and ProgLoRA (light) are shown in Tables 3 and 4.
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