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Background Main Method: NSC Merging Experimental Results
* Model Merging combines independently fine-tuned * 20 Heterogeneous Vision Tasks. Evaluated on 20 tasks spanning

* Null Space Compression (NSC) during LoRA Fine-tuning. During LoRA fine-tuning, the down-
projection A in AW = BA progressively compresses its null space. The fraction of input activations
suppressed by A — the null-space ratio — strongly correlates with task performance, and we exploit 1t
as a label-free signal for merging.

NYUD-v2 (4), PASCAL-Context (5), and Taskonomy (11),
spanning dense predictions including semantic segmentation, depth,
and normals. We use a V1T-B backbone with task-specific decoders.

checkpoints into a single model without joint multi-task
training.

* In the foundation-model era, Low-Rank Adaptation (LoRA)
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fort =1to71T do .
@merge < {W[f + Zk; AiBﬁAg}le
for k =1to K do

* Caching Gram-inverse. The additional cost of layer-wise null-~.
space-ratio computation can be further reduced by caching the

LoRA adapters that strongly correlates with task performance.
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gradient-based method that uniformly handles classification, 12: end for l " The null-space ratio of LoRA adapters is a label-free, output-
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+  Achieves state-of-the-art results across 20 heterogeneous 2 16: return {1}, O merge model merging algorithm to exploit this phenomenon.

vision tasks, 6 NLI benchmarks, and 6 VLM tasks.
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