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Problem Statement

● Foundation Models [1] are trained on vast collections of data

○ Adaptation of large pre-trained models to downstream tasks is expensive!

[1] On the Opportunities and Risks of Foundation Models, Bommasani et al., 2021



Background - LoRA

● LoRA (Hu et al., 2022) drastically reduces cost of finetuning

○ Introduce low rank weight matrices: W’ = W + BA

○ Only fine-tunes newly introduced weights

● LoRA is usually initialized randomly with uniform ranks

○ How to best initialize LoRA?

○ How can we allocate ranks in task-driven manner?
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Explained Variance Adaptation (EVA)



LoRA Initialization Strategies
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Initialization stage - Incremental SVD

Initialization time for Llama-2-7b on Common Sense reasoning datasets on a single A100
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Experiments
1. Math and common-sense reasoning tasks

a. Llama 2 7B
b. Llama 3.1 8B
c. Gemma 2 9B
d. Gemma 2 27B *
e. Llama 3.1 70B *

2. Language Understanding tasks
a. DeBERTa v3 Base (184M)
b. RoBERTa Large (355M)

3. Image classification
a. DINOv2-g/14 (1.1B)

4. Decision making
a. Decision Transformers (12M)

* only common-sense reasoning
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Results
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Language Understanding
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Try out EVA
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Conclusion

● EVA leverages downstream data to initialize low rank weights and adaptively allocates 

ranks

● EVA reaches highest average score with less trainable parameters on

○ Language generation

○ Language understanding

○ Image classification

○ Decision making PEFT             Code            Paper
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