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Background

• Entropy-minimization-based merging has two key limitations:

1. Does not apply to regression tasks.

2. Scales poorly to text generation in modern LLMs and 

VLMs.

Experimental ResultsMain Method: NSC Merging

• Null Space Compression (NSC) during LoRA Fine-tuning. During LoRA fine-tuning, the down-

projection A in ΔW = 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 it 

as a label-free signal for merging.

• 20 Heterogeneous Vision Tasks. Evaluated on 20 tasks spanning 

NYUD-v2 (4), PASCAL-Context (5), and Taskonomy (11), 

spanning dense predictions including semantic segmentation, depth, 

and normals. We use a ViT-B backbone with task-specific decoders. 

• NSC Merging. We minimize the null-space ratio as a task-

agnostic surrogate loss to optimize merging coefficients.

Motivation

• Model Merging combines independently fine-tuned 

checkpoints into a single model without joint multi-task 

training.

• In the foundation-model era, Low-Rank Adaptation (LoRA) 

has become the prevalent fine-tuning paradigm, making LoRA 

merging an especially promising target.

• The idea of entropy minimization advanced weight-based 

merging via a surrogate loss that estimates merging coefficients 

without ground-truth labels.

• Building on AdaMerging, this idea has been widely adopted in 

subsequent merging methods, yielding consistent performance 

gains.

Contribution

• We identify null-space compression, a structural property of 

LoRA adapters that strongly correlates with task performance.

• We propose NSC Merging: a label-free, output-agnostic, 

gradient-based method that uniformly handles classification, 

regression, and sequence generation.

• Achieves state-of-the-art results across 20 heterogeneous 

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

• Caching Gram-inverse. The additional cost of layer-wise null-

space-ratio computation can be further reduced by caching the 

Gram-inverse of the LoRA down-projection factor.

• 6 VLM Tasks. Evaluated on 6 VQA and image-captioning tasks 

using LoRA fine-tuned LLaVA-1.5-7B. 

• 6 NLI Tasks. • Computational Cost

Summary

The null-space ratio of LoRA adapters is a label-free, output-

agnostic signal that generalizes across classification, regression, 

and sequence generation. We propose NSC Merging, the first 

model merging algorithm to exploit this phenomenon.
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