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Introduction I

Large Multimodal Models (LMMs) rely on instruction
tuning to follow human intent, but evolving tasks
make repeated retraining costly. Continual Instruction
Tuning (CIT) is a promising solution, yet existing
methods either suffer from forgetting or require
continual parameter expansion, causing memory
growth. To address this, we propose PCLR, which
combines a Compression—Integration—Learning (CIL)
pipeline with LoRA Rank Pool (LRP) to compress
redundant knowledge and reuse capacity efficiently.
Experiments on COIN and Continual-NExT show
strong effectiveness and state-of-the-art performance.

Contributions I

“We propose a Compression—Integration—Learning (CIL) pipeline
for memory-efficient continual instruction tuning.

-We introduce LoRA Rank Pool (LRP), a fine-grained expert
structure for flexible knowledge reuse and compression.

-We achieve state-of-the-art performance on CoIN and Continual-
NExXT with significant improvements over strong baselines.
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https://github.com/SII-HITclearlove777/PCLR

Overview of Framework I
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Figure 3: The pipeline of LRP. First, extract the query from inputs. Next, compute similarity scores

with the key pools and gate the scores. Then, apply scores jointly with LRP weights in the forward
pass. LRP is semi-frozen during training: new parameters are trained while previous ones are frozen.
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Figure 4: Compression-Integration-Learning (CIL) pipeline. Compression is a training-free process
that streamlines the original LRP. Integration is a distillation process that aligns the compressed LRP
with the original LRP. Learning is a supervised fine-tuning process that initializes the LRP from the
integration-processed LRP and then adapts to the new task.

Experiments I

Table 1: Comparisons between ours and baselines on LLaVA-1.5-7B, CoIN benchmark.
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Table 9: Comparisons with baselinzs on Qwen-VL, CoIN benchmark.
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Table 2: Comparisons between ours and baselines on LLaVA-1.5-hf, Continual-NExT benchmark.

Mcthod R A T GenChal T iconGA 30k B DecVOA 9 TextVQA
Zero-sho - 1699 67.67 1877 5739
Multi-Task - 6408 96.40 050 654
ICLR' 22 5399 9223 4723 AT
TPAMI 16| 5104 §7.33 3097 5409
FNASIT 3516 91.73 4717 5173
NIPS'17 5530 o103 EURE] 5133
NIPS'19 5485 94.40 5173 5470
NIPS'24 S6.00 9136 ARTH 59.51
ICML25 5635 LERTY 4876 5132
- 59.00 7420 5130 410
6L16E 96.37 6240 6397
1 MaQA 1T-ChutQA 12 PathVIQA 13 Ground mg |-~ ScienceQA 15 F New AL
Zero-shot - .44 .60 3329 2828 6619 -
Multi-Task - 3601 20.76 5861 7203 8621 -
ICLR'22 EEFTT) 1504 098 69.51 B9A6 5581
TPAMILG | 3005 1261 5270 6111 8795 5570
PNAS'I7 3541 19.00 5092 69.92 §9.51 5601
NIPS'17 3528 17.68 5138 67.23 £0.86 1019 5574
NIFS'19 342 14.40 4054 5608 8562 1141 5603
NIPS'24 407 1852 4004 67.65 BE2E 506 54.51
ICML 25 3256 17.62 5047 69.86 8937 830 54.55
- 3642 2096 5548 6976 B9.65 7.7 5514
PCLR-LwF (PCLR variant) - 3722 19.54 s842 6253 8309 3349 458 5639

Table 10: Comparisons with baselines on Qwen2.5-VL-Instruct, Continual-NExT benchmark.
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