
Efficient Fine Tuning of Transformers/LMs
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The Pre-training Fine-Tuning Paradigm
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Profiling Fine-tuning Procedure
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Total Memory
= Model Wts ( 𝜃 ) 
+Gradients 𝜃  

+activations 𝑓 𝐵, 𝐿, 𝑇, 𝑑

+𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 2 ∗ 𝜃
+ temporary

• Gradients, optimizer states, and activations can consume roughly 12–20× 

more memory than the model weights themselves.

• This limits the maximum model size we can train.

• We would still like more free memory for larger context and batch sizes.



How can we Improve Fine-tuning Efficiency?

• Model Wts and/or gradients

• Prefix Tuning, Adapters, LoRA

• Activations

• Gradient Checkpointing, Flash Attention, Gradient Accumulation

• Optimizer

• Muon Optimizer

Other techniques – Quantization, DeepSpeed Offloading, Fused Kernels, Tiling, ….
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Total Memory (bytes) = Model Wts ( 𝜃 )  + Gradients 𝜃  + 

activations 𝑓 𝐵, 𝐿, 𝑇, 𝑑 + 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 2 ∗ 𝜃 +  temporary

https://arxiv.org/abs/2101.00190
https://arxiv.org/abs/2101.00190
https://arxiv.org/abs/1902.00751
https://arxiv.org/abs/2106.09685
https://medium.com/tensorflow/fitting-larger-networks-into-memory-583e3c758ff9
https://medium.com/tensorflow/fitting-larger-networks-into-memory-583e3c758ff9
https://arxiv.org/abs/2205.14135
https://arxiv.org/abs/2502.16982
https://arxiv.org/abs/2502.16982
https://arxiv.org/abs/2208.07339
https://www.deepspeed.ai/tutorials/zero-offload/
https://github.com/linkedin/Liger-Kernel


Gradient Accumulation
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Gradient Checkpointing
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Gradient Checkpointing
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Prompt Tuning Results

Pros:

• Large memory savings in optimizer.

• Allows multi-task inferences.

• Low storage costs.

Cons:

• Performance is sub-optimal for 
smaller models.

• Additional inference cost.
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A Global Look at Model Fine-tuning
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Re-arranging Terms
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Can we enforce some structure on the update to reduce its size?



Structure Aware Low Rank Tuning

• Why would this 
reparameterization reduce 
memory usage?

• What should be the size d?
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Core Idea: Model Updates are Low-Rank
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where 𝛼 is a scaling factor, B and A are matrices of shape (D, r) 

and (r, D).



Low Rank Adaptations for Transformers

Reparameterise 𝑊𝑞/𝑊𝑘/𝑊𝑣/𝑊𝑜matrix, 

with trainable rank-r matrices A, B.

𝑊 =  𝑊base  +
𝛼

r
𝐵 𝐴

Update matrices A, B during fine 
tuning.

Freeze the base model.
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Efficiency Results

• Up to 2/3 reduction in memory usage with appropriate rank.

• 25% speedup in the training.
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LoRA Performance
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What about inference cost?



LoRA Merging

• Add the final LoRA weights into the frozen weights → No 
inference latencies.

• On-the-fly Task Swapping:
• Train LoRA adapters for multiple tasks. 

• Swap-in the required LoRA adapter at run-time → GPU efficiency
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Mixing LoRA Weights
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Credit: Feng, et.al, Mixture-of-LoRAs: An Efficient Multitask Tuning for Large Language Models



Hyperparameters

• Rank and 𝛼

• Learning Rate

• Layers Where LoRA is applied
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Setting LoRA Rank
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Credit: https://thinkingmachines.ai/blog/lora/



Layers Where LoRA is applied
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Credit: https://thinkingmachines.ai/blog/lora/



Further Variants

• QLoRA: Efficient Finetuning of Quantized LLMs [Dettmers, et.al, NeurIPS, 
2023]

• A Rank Stabilization Scaling Factor for Fine-Tuning with LoRA [Kalajdzievski, 
D. (2023)]

• LongLoRA: Efficient Fine-tuning of Long-Context Large Language Models 
[Chen, et.al, ICLR 2024]
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