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Problems & Ideas

Problems of hyper-parameter sensitivity and training instability:

— LoRA module relies on a pre-defined intrinsic rank r and an scaling s,
selecting the best values is resource-intensive and experience-dependent.

— LoRA modules in different layers are usually initialized randomly for
better generalization, which will cause the gradient changes of different
layers to be overly dramatic.

Ideas: Inspired by spectral theorem, we can first use spectral
decomposition methods (e.g., SVD) to extract the pre-trained
knowledge as orthonormal bases and subsequently recombine
them for better fine-tuning and generallzatlon
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component of Pre-trained LLMs at different stage

Low-Rank Adapter (LoRA) framework and the visualization of LORA gradients from different
layers at different training stages (i.e., the 5,000th step and 9,000th step).



Main Contributions

e Contributions:

— a novel SpecAdapt that views the model fine-tuning process as a re-
combination of the spectral bases without requiring direct training of a
small number of parameters, allowing for effective prevention of
overfitting or underfitting ;

— A soft pruning technique: Singular-guided Weight Decay enabling the
sharing of a unified hyper-parameter setting across different tasks, and a
Gradient Normalization module to help to better propagate gradients
across different layers.

— Extensive experiments on multiple transformer-based large models over
three different benchmarks are conducted to prove the superiority and
efficiency of SpecAdapt in various aspects.
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