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Motivation
● Since pretrained opensource large language models (LLMs) are readily available (and training 

them from scratch is not possible and pointless when we think about the regular applications). 

Fine tuning them towards our task should suffice. BUT fine tuning them itself becomes 

impossible due to their large size. Lets see why?

○ During training or fine tuning the amount of VRAM (GPU RAM) taken by the model is 

considerably higher than the amount of memory it takes during inference.

● If we want fine tune for two different task, then we will get 2 different fine tuned models. In 

the case of LLMs, storing these models in the disk becomes very cumbersome.

● Once fine tuning happens, a phenomenon known as catastrophic forgetting occurs. This where 

the model forgets the what it learnt during pre-training and only remembers the task it learnt 

during fine tuning.
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Authors Claims why existing solutions do 
not scale to LLM paradigm
The authors take language modeling as an example scenario and identify two prominent 

strategies in efficient adaptation and discuss. The two strategies are,

● Adding adapter layers: Here we insert adapter layers at different positions of the model 

and train those adapter layers, the authors say by doing so we introduce inference 

latency.

● Directly Optimizing the Prompt: The authors observed that prefix tuning is difficult to 

optimize and that its performance changes non monotonically in trainable parameters.
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Advantage of LoRA
● A pre-trained model can be shared and used to build many small LoRA modules for 

different tasks. By doing this task switching overhead is reduced significantly. (we will see 

the reason later on)

● LoRA makes training more efficient and lowers the hardware barrier to entry by up to 3 

times when using adaptive optimizers since we do not need to calculate the gradients or 

maintain the optimizer states for most parameters. Instead, we only optimize the 

injected, much smaller low-rank matrices.

● Due to the simple linear design, the trainable matrices can be easily merged with frozen 

weights during deployment, thereby nullifying inference latency.

● LoRA is orthogonal to many prior methods and can be combined with many of them, 

such as prefix-tuning
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Core Hypothesis of this work
● Authors take inspiration from the work of [1] where the paper claims that pre-trained 

language models have a low intrinsic dimension when adapting to a specific task.

● Taking this as inspiration the authors of LoRA hypothesized that the updates to the 

weights are of low intrinsic ranks.
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Proposed Solution

h is the output vector of a layer.
W0 is pretrained weight of the layer (frozen, no learning allowed). Dimension d x k
delta_W is the change in weight during fine tuning. Dimension d x k
x is the input vector to that layer. Dimension d x 1
B, A will be our low rank matrices which approximate delta_W. Dim of B d x r and Dim of A r x k. Where r is rank.
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Applying LoRA to Transformers
Theoretically LoRA can can be applied to any weight matrix in  a model, but the authors study 

on applying on Transformers only to the self attention module.
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Results
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Crucial Results for us
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Results show that applying LoRA to the Query layer (Wq) and Value Layer (Wv) should be sufficient.
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Save B and A for a 
particular task
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During Inference
Take the stored A, B Multiply and create a delta matrix

Add the matrix with the frozen weight of the 
layer and create updated weights for the layer

Finally model is ready for inference
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