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Motivation

§ Multiple Large Language Models (LLMs), 
each tailored for specific tasks.

§ Goal: Reduce the model size for each 
LLM variation

§ Well-known solution: LoRA [1]

§ We introduce NOLA that is more compact 
than the best LoRA can do.

[1]: Hu, E., Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., Wang, L., & Chen, W. "LORA: Low-rank adaptation of large language models.” ICLR 2022



How many variations of LLaMA2-70B can we fit and run 
on a single 48GB GPU?



Background: Finetuning all parameters

×𝑾

Input
𝑥

Output
𝑥!𝑊

𝒎	×	𝒏

Number of Optimized Parameters: 
𝒎	𝒏

Fine-Tuning All 
Parameters

Overhead in Inference Time: 
𝟎



Fine-Tuning Low-Rank Adapter 
LoRA [1]

If 𝒓  is small, we are happy 

𝑩×𝑨

𝑾

Input
𝑥

Output
𝑥! 𝐴𝐵+𝑊

𝒎	×	𝒓

𝒎	×	𝒏

𝒓×	𝒏

[1]: Hu, E., Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., Wang, L., & Chen, W. "LORA: Low-rank adaptation of large language models.” ICLR 2022

Number of Optimized Parameters: 
𝒎𝒓+𝒓𝒏 = 𝒓(𝒎+𝒏)

Overhead in Inference Time: 
𝟎
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Background: LoRA



Limitations of LoRA
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Ø The model size depends on:
  the architecture 𝒎+𝒏  and the rank (𝒓)

Ø Number of parameters is lower bounded by rank one, which is: (𝒎+𝒏)
 



Decouple the model size from the architecture and rank

Our Key Idea 



§ Reparametrize 𝐴 and 𝐵. 

§ We construct 𝐴 and 𝐵	as linear combination of random matrices (basis).

§ Inspired by PRANC [1]

§ Optimize only the coefficients for the basis.

NOLA

[1] Nooralinejad, P., Abbasi, A., Abbasi Koohpayegani, S., Pourahmadi Meibodi, K., Khan, R. M. S., Kolouri, S., & Pirsiavash, H. 
“PRANC: Pseudo RAndom Networks for Compacting deep models.” ICCV 2023
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NOLA

Seed

Low rank decomposition matrices (LoRA)

𝐴 ∈ ℝ(×), 𝐵 ∈ ℝ)×.

Pre-trained weight (Frozen)

 𝑊 ∈ ℝ(×. 

Random Basis (Frozen)

{𝐴' ∈ ℝ(×)}'*+, , {𝐵- ∈ ℝ)×.}-*+/

Trainable parameters
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NOLA vs LoRA
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Results – LLaMA 2

Ø NOLA uses 95% fewer parameters compared to LoRA with rank one

Ø LLaMA-70B with 4-bit precision; 0.6 million parameters (FP16) per NOLA model: 

 Can fit and run more than 10,000 variations of LLaMA-70B (4-bit) on a 48GB GPU
               35GB (base model)  + 1.3GB (KV cache) + 5.7GB (NOLA parameters)



Results – GPT-2

Ø We can adjust the number of parameters while keeping the rank constant 

Ø NOLA can achieve on-par performance to other PEFT baselines with fewer 
number of parameters



Results – Vision Transformer

Ø NOLA is on-par with LoRA with fewer parameters in vision transformers (ViT-B)



How many variations of LLaMA2-70B (4 bits) 
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How many variations of LLaMA2-70B (4 bits) 
can fit and run on a single 48GB GPU?

10,000 😊
35GB (base model)  + 1.3GB (KV cache) + 5.7GB (NOLA 

parameters)

NOLA offers flexibility in adjusting the number 
of parameters during fine-tuning 

by decoupling the number of parameters 
from the choice of architecture and rank

Takeaway Message



Thank You!

Halle B 
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