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How to select most salient parameters for fine-tuning? Proposed Method - Sparse Matrices System Efficiency - competitive cost and better performance
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We experimented with both Gradient-aware selection and activation-aware selection. phase, enabling targeted parameter updates >95% of full fine-tuning accuracy while
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SMT for Deepseek-Distill Model (Recent Results) Table 4. Accuracy comparison of DeepSeek-R1-Distill models
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Figure 6. The magnitude of the gradient for the Q, K, and V vectors at each layer in LLMs averaged over

Table 1. K SMT, Q SMT, and V SMT assign all trainable parameters to only K, or only Q, or only V vectors . .
1000 iterations.

respectively, and fine-tuned 0.86% of the parameters on LLaMA-7B.



