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* Residual connections, layer norms, and other details of the compute graph are not illustrated.



LLM Compute Graph | Weight Sparsity
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SLoPe | Double-Pruned Backward Pass
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SLoPe | Double-Pruned Backward Pass

Sparse Tensor Cores
Sparse Tensor Cores x| Sp

&orward Pass: Y = XWT\j EBackward Pass: V4L = V, LW /}




SLoPe | Double-Pruned Backward Pass

Sparse Tensor Cores

Sparse Tensor Cores

&orward Pass: Y = XWTv} GBackward Pass: VyL = Vy LW /)




SLoPe | SpMM Setup Overhead
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SLoPe | SpMM Setup Overhead
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[ SLoPe prunes and sets up the W in the backward pass every 100 iterations! ]
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SLoPe | Running Example
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SLoPe | Running Example
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SLoPe | Running Example | Weight Update
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SLoPe | Lazy Low-rank Adapters
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r: Adapter Rank

d: Hidden Dimension
b: Batch Size

SLoPe | Lazy Low-rank Adapters
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SLoPe | Lazy Low-rank Adapters [3133?5?555“ 3
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Sincer « d, the memory and compute overheadis negligible.
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SLoPe | Lazy Low-rank Adapters | Convergence Rate

» We test the convergence rate of different layers in BERT-Large-Uncased.
« Low-rank adapters converge after only 100 iterations.
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* Due to their fast convergence rate, SLoPe adds low-rank adapters in the last
1% of training.
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SLoPe | Combined SpMM and Low-rank Adapters

* Low arithmetic intensity in low-rank adapters
« Solution: Combines SpMM and Low-rank adapters
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SLoPe | Combined SpMM and Low-rank Adapters

* Low arithmetic intensity in low-rank adapters
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SLoPe | Results| Speedup and Memory Reduction

Speedup

-

SLoPe achieves up to

1.25 X speedup in training!

1.53 X speedup in inference!

Memory Reduction

-

&

SLoPe achieves up to

0.63 X memory reduction in training!

~

0.51 X memory reduction in inference!

J
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SLoPe | Results | GPT2 Zero-shot Accuracy

ADAPTER ARC OPEN- WINO- HELLA-

METHOD RANK MMLU 7T CHALLENGET BOOKQAT GRANDET SWAGT MATHQAT PIQAT RACE?
DENSE | N/A | 229 20.7 16.2 50.6 28.5 21.8 59.8 28.4
2.1% 23.0 19.3 16.4 50.8 27.5 20.8 57.6 27.2
SLOPE 0.05% 23.0 19.4 16.2 50.5 27.4 20.8 57.5 27.1
0 23.0 19.3 16.0 50.1 27.5 20.8 57.4 27.1
EXTENDED 2.1% 24.2 18.3 14.2 47.5 26.9 21.4 55.2 24.2
SR.STE 0.05% 24.1 18.4 14.2 47.5 26.8 21.2 54.5 24.2
] 0 24.1 18.3 12.6 47.5 26.9 21.2 54.8 24.0

SLoPe outperforms state-of-the-art in 6 out of 8 tasks!




SLoPe | Results | BERT-Large-Uncased Accuracy

BERT-Large-Uncased

DATASET DENSE r=0 r=039% r=156% r=6.25%

SQUAD 90.4 89.1 89.1 89.2 89.5
GLUE 80.2 77.4 77.7 77.8 78.2

[SLoPe achieves 0.9% and 2% accuracy gap on SQUAD v1.1 and GLUE dataset on BERT-Large-Uncased J

23



	Slide 1: SLoPe:  Double-Pruned Sparse Plus Lazy Low-Rank Adapter Pretraining of LLMs
	Slide 2: LLM Compute Graph
	Slide 3: LLM Compute Graph | Weight Sparsity
	Slide 4: SLoPe | Double-Pruned Backward Pass
	Slide 5: SLoPe | Double-Pruned Backward Pass
	Slide 6: SLoPe | Double-Pruned Backward Pass
	Slide 7: SLoPe | SpMM Setup Overhead
	Slide 8: SLoPe | SpMM Setup Overhead
	Slide 9: SLoPe | Running Example
	Slide 10: SLoPe | Running Example
	Slide 11: SLoPe | Running Example | Weight Update
	Slide 12: SLoPe | Lazy Low-rank Adapters
	Slide 13: SLoPe | Lazy Low-rank Adapters
	Slide 14: SLoPe | Lazy Low-rank Adapters
	Slide 15: SLoPe | Lazy Low-rank Adapters | Convergence Rate 
	Slide 16: SLoPe | Combined SpMM and Low-rank Adapters
	Slide 17
	Slide 18
	Slide 19: SLoPe | Results| Speedup and Memory Reduction
	Slide 22: SLoPe | Results | GPT2 Zero-shot Accuracy
	Slide 23: SLoPe | Results | BERT-Large-Uncased Accuracy

