Efficient Fine Tuning of Transformers/LMs
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Profiling Fine-tuning Procedure

For a weight @ at step ¢ with gradient g;: TOtal Memory
my = Bimy_1 + (1 — B1)g (1st Moment / Momentum) = MOdel WtS (l 0 |)
vy = Bavy1 + (1 — Ba)g? (2nd Moment / Variance) .
0, ==0 7 my nA\g (Decoupled Update) + Gradlents (l 8 |)
t = Ui-1— = - t—1 : ! € . .
o Yute —— +activations(f(B,L, T, d))
Adam Update B .
+optimizer(2 = |0|)
Key Takeaway: AdamW is "stateful.” For every single parameter #, you must store -|— temporary

and update two additional variables (m and v).

« Gradients, optimizer states, and activations can consume roughly 12-20 X
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?

Total Memory (bytes) = Model Wts (|6|) + Gradients (|0]) +
activations(f (B,L,T, d)) + optimizer(2 = |6]|) + temporary

 Model Wts and/or gradients
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 Optimizer

Other techniques —
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, Gradient Accumulation

, Tiling, ....


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

Batch (B,*)

Gradient Accumulation Algorithm
Setup:
o B Desired effective batch size.
s B, .i.ro: Physical batch size that fits in VRAM.

o 1 = Byiobai/ Bmiero: Number of accumulation steps.
The Loop:

1. Initialize: Clear gradients: V& = (0.
2. Fori = 1to n steps:
s Forward Pass: Compute loss; on B, Samples.
s Normalize: loss,,;.q = loss;/n.
« Backward Pass: V6 + V6 + backprop(lossscaied)-

s (Crucial: Gradients are summed in-place, activations are discarded after

each step).
3. Update: Apply AdamW step using the accumulated V.

4. Zero Grad: Reset V& = () and repeat.

ch Gradient =
J (Micro
ch Gradients)




Gradient Checkpointing
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Gradient Checkpointing
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Prompt tuning only matches fine-
tuning at the largest model size

Prompt Tuning Results
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—m— Prompt Design
@~ Model Tuning
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e Performance is sub-optimal for T,

smaller models.
Prompt tuning vs standard fine-tuning and prompt

 Additional inference cost. design across T5 models of different sizes [Lester et
al., 2021]



A Global Look at Model Fine-tuning

Fine-Tuned Pretrained Training
Model Model Update
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Re-arranging Terms

Fine-Tuned Pretrained Training
Model 6 Model 6, Update

Can we enforce some structure on the update to reduce its size?
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Structure Aware Low Rank Tuning

 Why would this

o Low-rank fine-tuning:
reparameterization reduce

D D d
memory usage? 6P) = 9((7139( )
 What should be the size d? Arandom D X d

projection matrix
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Intrinsic Dimensionality

% . Intrinsic Dimensionality Explains the Effectiveness

& & of Language Model Fine-Tuning
\ Armen Aghajanyan Sonal Gupta Luke Zettlemoyer
Facebook Al Facebook Facebook Al
armenag@fb.com sonalgupta@fb.com University of Washington
1sz@fb.com

S
Structure-Aware Low-Rank Adaptation for \&‘;&
Parameter-Efficient Fine-Tuning

Yahao Hu, Yifei Xie, Tianfeng Wang, Man Chen and Zhisong Pan’

10° 10*
Number of Parameters

Intrinsic dimension dgo on the MRPC dataset for models of different sizes [Aghajanvan et al..
20211
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Core Idea: Model Updates are Low-Rank

Fine-Tuned Pretrained Training
Model 6 Model 6, Update
_ T BA —

where «a is a scaling factor, B and A are matrices of shape (D, r)

and (r, D).
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Low Rank Adaptations for Transformers
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LORA: LOW-RANK ADAPTATION OF LARGE LAN- S
GUAGE MODELS

Edward Hu™ Yelong Shen® Phillip Wallis Zeyuan Allen-Zhu H

W Yuanzhi Li Shean Wang Lu Wang Weizhu Chen
Microsoft Corporation
{edwardhu, yeshe, phwallis, zeyuana,
yuanzhil, swang, luw, wzchen} Emicrosoft.com
yuanzhil@andrew.cmu.edu
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Image Credits: Hu et al., 2022
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Efficiency Results
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Up to 2/3 reduction in memory usage with appropriate rank.

2

Practical Benefits and Limitations. The most significant benefit comes from the reduction in
memory and storage usage. For a large Transformer trained with Adam, we reduce that VRAM
usage by up to 2/3 if r < d,;,,4. as we do not need to store the optimizer states for the frozen
parameters. On GPT-3 175B, we reduce the VRAM consumption during training from 1.2TB to
350GB. With r = 4 and only the query and value projection matrices being adapted, the checkpoint
size is reduced by roughly 10,000 (from 350GB to SSMB This allows us to train with signifi-
cantly fewer GPUs and avoid I/O bottlenecks. Another benefit is that we can switch between tasks
while deployed at a much lower cost by only swapping the LoRA weights as opposed to all the
parameters. This allows for the creation of many customized models that can be swapped in and out
on the fly on machines that store the pre-trained weights in VRAM. We also observe a 25% speedup
during training on GPT-3 175B compared to full ﬁne—tuningﬂ as we do not need to calculate the
gradient for the vast majority of the parameters.



LoRA Performance
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What about inference cost?

Model & Method # Trainable E2E NLG Challenge

Parameters | BLEU NIST MET ROUGE-L.  CIDEr
GPT-2 M (FT)* 354.92M 68.2 8.62 46.2 71.0 2.47
GPT-2 M (AdapterL)* 0.37TM 66.3 8.41 45.0 69.8 2.40
GPT-2 M (AdapterL)* 11.09M 68.9 8.71 46.1 71.3 2.47
GPT-2 M (Adapter"') 11.09M | 67.3.6 850, 46.04, 70742 244 o
GPT-2 M (FT™0P2)* 25.19M | 68.1 8.59 46.0 70.8 2.41
GPT-2 M (PreLayer)* 0.35M 69.7 8.81 46.1 71.4 2.49
GPT-2 M (LoRA) 0.35M | 70.4.; 885, 9 46.8.) 718 25312
GPT-2 L (FT)* 774.03M 68.5 8.78 46.0 69.9 2.45
GPT-2 L dapter"] 0.88M | 69.1.; 8.68.Lp3 463., 7144, 249,
GPT-2 L (Adapter‘"] 23.00M | 68935 B70L g4 46.1., 7134, 245 0
GPT-2 L (PreLayer)* 0.7TM 70.3 8.85 46.2 71.7 2.47
GPT-2 L (LoRA) 0.77TM | 70.4., 8.89. 4y 46.8., 72042 247 L




LoRA Merging

« Add the final LoORA weights into the frozen weights =2 No
inference latencies.

e On-the-fly Task Swapping:
* Train LoRA adapters for multiple tasks.
e Swap-in the required LoRA adapter at run-time = GPU efficiency
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Mixing LoORA Weights
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Figure 2: Overall architecture of our proposed MoA.

Credit: Feng, et.al, Mixture-of-LoRAs: An Efficient Multitask Tuning for Large Language Models



Hyperparameters

* Rankand a
 Learning Rate
e Layers Where LoRA is applied
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Setting LoRA Rank
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Test NLL

Test NLL

0.684
0.66 1
0.64
0.62
0.604
0.584
0.56
0.54+

o

Llama 3.1 8B, Tulu3 Dataset

Llama 3.1 8B, OpenThoughts Dataset

Rank

Llama 3.2 1B, Tulu3 Dataset

Llama 3.2 1B, OpenThoughts Dataset
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Credit: https://thinkingmachines.ai/blog/lora/



Layers Where LoRA is applied

Llama-3.1-8B, Tulu3 Dataset Qwen3-30B-A3B, Tulu3 Dataset

0.68 —— Dense full finetune 0.53 1

Dense mip, rank=128
—— Dense attn, rank=256
—— Dense mip, rank=256 0.521
—— Dense all, rank=256

0.64
0.511

-
= 0.62 1
g
= 0:601 0.501 N
0.58 - —— MoE full finetune e
’ MoE mlp, rank=128
0.56 1 0-497 Mok attn, rank=256 N
: —— MoE mip, rank=256 )
0.54 - 0.4g4 — MoE all, rank=256
10? 10° 10* 10? 10° 104
Step Step

22 Credit: https://thinkingmachines.ai/blog/lora/



Further Variants

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

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

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

23



	Slide 1: Efficient Fine Tuning of Transformers/LMs
	Slide 2: The Pre-training Fine-Tuning Paradigm
	Slide 3: Profiling Fine-tuning Procedure
	Slide 4: How can we Improve Fine-tuning Efficiency?
	Slide 5: Gradient Accumulation
	Slide 6: Gradient Checkpointing
	Slide 7: Gradient Checkpointing
	Slide 8
	Slide 9: Prompt Tuning Results
	Slide 10: A Global Look at Model Fine-tuning
	Slide 11: Re-arranging Terms
	Slide 12: Structure Aware Low Rank Tuning
	Slide 13
	Slide 14: Core Idea: Model Updates are Low-Rank
	Slide 15: Low Rank Adaptations for Transformers
	Slide 16: Efficiency Results
	Slide 17: LoRA Performance
	Slide 18: LoRA Merging
	Slide 19: Mixing LoRA Weights
	Slide 20: Hyperparameters
	Slide 21: Setting LoRA Rank
	Slide 22: Layers Where LoRA is applied
	Slide 23: Further Variants

