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Merging-based Generation-based

Model Merging: Integrates parameter-level knowledge from multiple independently trained networks
into a unified model, achieving enhanced capabilities.
Struggle to explore the diversity of LoORA parameters.

Neural Network Parameters Generation. Leverages generative models to directly synthesize new
LoRA parameters.
Primarily focus on LoRA enhancement for seen task and struggle to handle open-world tasks




Problem Definition
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* No raw data 1s available for the unseen task, highlighting the need for rapid adaptability to evolving user intents ;
* Open-world task coverage, defined by a broad and unconstrained task space in which the unseen tasks may not be
directly related to the seen tasks.
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Our Proposed SG-LoRA
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capturing the essential characteristics of
each knowledge domain. Parameter diversity Encourages the decoder to reconstruct

Opsn-ywarld gencrtion ||+ accurate LoRA parameters, while
regularizes the latent space to align the
task-specific prior.
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Experimental Results

e In-Dataset Evaluations

MS-COCO OxfordPets

Method 12T T2I 12T T2I
R@1 R@5 R@I10|R@l R@5 R@10|R@l R@5 R@10| R@1 R@5 R@10
Zero-Shot CLIP 66.43 8431 89.14 | 4166 64.63 73.01 | 4045 6627 7753 | 26.03 50.66 62.98
Oracle 7245 8891 93.41 |53.10 7647 83.97 | 55.84 81.84 89.13 | 40.99 70.41 80.39
Model Soups 69.37 8596 90.95 | 4738 69.54 77.97 | 52.54 77.80 85.59 | 33.51 61.77 72.93
AdapterSoup 7070 86.57 91.09 | 48.64 70.51 78.79 | 52.59 78.52 86.09 | 34.05 62.70 73.93
Top-K LoRA Weighted | 71.55 87.54 91.69 | 49.85 7179 79.66 | 53.96 79.41 86.53 | 3542 64.08 74.99
SG-LoRA 7431 8878 92.50 | 5442 7545 82.18 | 57.15 80.40 88.04 | 37.62 67.16 77.44

e (Cross-Dataset Evaluations

MS-COCO — OxfordPets OxfordPets — MS-COCO

Method 12T T2I 12T T2I
R@l R@5 R@10|R@! R@5 R@10|R@l R@5 R@10| R@1 R@5 R@10
Zero-Shot CLIP 4045 6627 7753 | 26.03 50.66 62.98 | 66.43 8431 89.14 | 41.66 64.63 73.01
Oracle 55.84 81.84 89.13 | 40.99 7041 8039 |72.45 88.91 9341 |53.10 76.47 83.97
Model Soups 44.67 7091 80.78 | 30.45 56.77 68.52 | 68.58 85.67 90.62 | 44.09 66.55 75.08
AdapterSoup 4596 71.83 81.42 | 30.88 57.32 69.08 | 68.74 85.83 90.63 | 44.19 66.58 75.31
Top-K LoRA Weighted | 48.13 73.43 8273 | 3334 59.53 70.89 | 68.75 85.77 90.67 | 44.60 66.76 75.25
SG-LORA 5541 8073 87.33 | 38.84 66.77 76.69 | 70.81 86.83 91.41 | 46.50 68.73 77.19
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Ablation Study

 Comparison on expert repository configuration * Modalities of Semantic Prior Condition
Image-to-Text Retrieval Text-to-Image Retrieval Metri
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source experts. ?sl?age—tlo-TeI\xt Retrieval on MS—CQCO SSExtI—to—!malge Betrlevgl on MS—CQCC
§ 1501 ;@ 55.0 g
Expert Egyptian Mau 12T Egyptian Mau T2I T.E}" 745 S | % a4 - %’
strategy | R@1 R@5 R@10 | R@1 R@5 R@10 A 7.0 5 54.0 %
©) © @
w/o Cat expert | 36.08 62.89 71.13 | 1521 31.70 44.07 it I N I e N I O B N
w/ Cat expert | 37.11 6392 72.16 | 15.21 35.05 46.91 B & 10 2% 3 1 ¢ & 1o
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Ablation on expert repository strategy for cross-dataset evaluation. We evaluate

how the MS-COCO Cat expert affects retrieval on unseen OxfordPets cat tasks. Ablaton study on the number of experts.



Visualization Analysis
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Semantically similar LoRA parameters
tend to cluster closely together.
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The distribution of LoRAs generated by SG-LoRA
(in green) exhibits diversity.
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