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LLM Compute Graph | Weight Sparsity
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Post-training Compression Methods

Sparsity
Pruning
Set non-important weights to zero ——
(Sparsification)
Quantization

Reduce the precision of numbers

Round to the closest integer
Clip the data larger than 7

3-bit Quantization:



Sparsity Challenges

The perplexity of models become too
below 50% sparsity!
« Maximum 2 X reduction in model size
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Quantization Challenges

The perplexity of models become too big
below 4-bit quantization!
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Higher Compression Ratios

8 x Compression ratio case study:

Average Accuracy on 6 LM Harness Tasks

Method LLaMA-2-7B LLaMA-2-13B
Dense 56.6% 60.8%
87.5% Sparse™ 31.06% 31.59%
2-bit Quantization™ 31.81% 31.68%
4-bit Quantization + 50% Unstructured Sparsity 53.62% 57.00%
4-bit Quantization + 2:4 Sparsity 45.49% 51.05%

Combining sparsity and quantization gives better accuracy vs
guantization or sparsity alone!

"The tasks include MMLU, PIQA, ARC-Easy, ARC-Challenge, WINOGRANDE, and OpenBookQA
“Best method among \Wanda and SparseGPT
""Best method among AbsMax and OPTQ
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Higher Compression Ratios

8 x Compression ratio case study:

Average Accuracy on 6 LM Harness Tasks

Method LLaMA-2-7B LLaMA-2-13B
Dense 56.6% 60.8%
87.5% Sparse™ 31.06% 31.59%
2-bit Quantization™ 31.81% 31.68%
4-bit Quantization + 50% Unstructured Sparsity 53.62% 57.00%
4-bit Quantization + 2:4 Sparsity 45.49% 51.05%

However, the accuracy gap between compressed and dense models is large

"The tasks include MMLU, PIQA, ARC-Easy, ARC-Challenge, WINOGRANDE, and OpenBookQA
“Best method among \Wanda and SparseGPT
""Best method among AbsMax and OPTQ
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Accuracy Recovery with Low-rank Adapters

Low-rank adapters can help recover the accuracy of the models??
Challenge: They require millions of tokens to train
Solution: One-shot Low-rank Adapters compute L and R mathematically (no training needed)
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[1] Dettmers et al., QLoRA: Efficient Finetuning of Quantized LLMs (NeurlPS23)
[2] Nikdan et al., RoSA: Accurate Parameter-Efficient Fine-Tuning via Robust Adaptation (ICML24)
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Es: Sparsity Error
S L . M O - Eo: Quantization Error
I ‘ Ve rVI eW L, R: Low-rank Adapters
WS: Sparse Weight
w;: Sparse and Quantized Weight
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SLiM | One-shot Pruning Method

Wanda

Pruning

Es: Sparsity Error

Eo: Quantization Error

L, R: Low-rank Adapters

WS: Sparse Weight

w;: Sparse and Quantized Weight

—

SLiM uses an off-the-shelf method (Wanda') for one-shot pruning.

[1] Sun et al., A Simple and Effective Pruning Approach for Large Language Models
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Es: Sparsity Error
S L - M Q t' t' Eq: Quantization Error
I ‘ U a n |Za I O n L, R: Low-rank Adapters
WS: Sparse Weight
w;: Sparse and Quantized Weight
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Quantized Elements

SLiM finds a tractable solution for minimizing the quantization error using novel a

probabilistic approach.
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q: Quantization Bitwidth
Q: Quantization Function

Uniform Quantization | 7o welght PO

Uniform quantization uses a single parameter per tensor to quantize the weight.
* The values larger than a™ get clipped: Wy = clip(%, +1) x 2971

* Tuning Parameter a* — Minimize the MSE of the quantization.

* . _ 2
a —argm&n|W WQ|

|

Non-convex NP-Hard Problem!
Prior work! approximately solves it through exhaustive search.
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[11 Zhao et al., Atom: Low-bit Quantization for Efficient and Accurate LLM Serving
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Q: Quantization Function

q: Quantization Bitwidth
f(x): Weight PDF

Uniform Quantization | SLiM-Quant

SLiIM-Quant uses a probabilistic approach to formulate the objective function in uniform
guantization

a* = argmin|W — WQ|2 > o = argmin]
a

a M
W dx+ [ lx = alPf
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Es: Sparsity Error
L k Ad .t E,: Quantization Error
OW- ra n a p e rS L, R: Low-rank Adapters
WS: Sparse Weight
w;: Sparse and Quantized Weight

_ |

Goal: Reduce the error added due to pruning and quantization.

Quantized Elements

Low-rank

—

Compensation
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Es: Pruning Error
E,: Quantization Error
F: Saliency Function

Low-rank Adapters | Naive-LoRA

Error Norm Minimization

oooo (@800
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L*,R" = argm1n|W — (WQ + LR)| ..OO T Jele.

@800
L*,R* = arg min|ES + Eg — LR| —

S

W

\ L*,R* = SVD(Es + Ey)

/ ES Eq

Error norm does not take the importance (saliency) of the weights into account.
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R

Es: Pruning Error

Low-rank Adapters | SLiM-LoRA i b o

x: Average Calibration Input

Error Saliency Minimization

/ L*,R* = argmin |F (W — (Wg + LR))‘\ —

L*,R* = arg min|F(ES + Eq — LR)|

Minimizing the saliency of the reconstruction error!

\_ /
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Es: Pruning Error s

. Eqy: Quantization Error
Low-rank Adapters | SLIM-LoRA T

Error Saliency Minimization

Pruning 8:89 Quantization gggg
/L*’R* = argmin |F (W — (Wg + LR))‘\ =P |8e00[— > [eeco

L*,R* = argmin|F(Es + Eq — LR)| w ﬂ%—)

Minimizing the saliency of the reconstruction error!

Saliency Function : F(M) = diag(x)M

\L*, R* = diag (%) (svD(diag(®)(Es + EQw
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Low-rank Adapters | Adapter Quantization

A The low-rank adapters in SLiM are further quantized to 4-bits!
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SLiM | Zero-shot Accuracy Results

Average Accuracy over 6 Zero-shot tasks

2:4 Sparsity with 4- bit Weight Quantization

125M  350M 1.3B 2.7B 6.7B
SOTA 33.70  33.38 38.75 40.15 44 .32 45.64 45.49 51.05
Naive-LoRA 34.28  33.38 38.36 41.21 4491 45.25 48.45 51.94
SLiM-LoRA 34.62 34.36 40.61 42.73 45.99 46.24 51.15 54.94

Unstructured Sparsity with 4-bit Weight Quantization

5 7 (y 125M  350M 1.3B 2.7B 6.7B
(up to) J. 0 SOTA' 3511 3516 4102 4343 4697 4738 5362  57.00
over SOTA Naive-LoRA 3477 3423 4040 4337 4664 4730 5152 5533
SLiM-LoRA 3520 3532  41.85 4363 4716 47.96 5426  57.85

"SOTA refers to the best accuracy among SparseGPT and Wanda
for pruning and OPTQ, AWQ, AbsMax, OmniQuant, and AffineQuant
for quantization.
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SLiM | Optional LoRA Fine-tuning

Average Accuracy over 6 Zero-shot tasks

2:4 Sparsity with 4-bit Weight Quantization

125M  350M 1.3B
SLiM-LoRA X 34.62 34.36 40.61 42.73 4599 46.24 5115 54.94

SLiM-LoRA V| 35.03 34.58 41.11 43.35 46.71 47.25 5212  56.60

2:4 Sparsity with 4-bit Weight Quantization

ine-Tune _
(upto)1 7% “ Fine-T LLaMA 2

125M 350M  1.3B
Additional Improvement SLiM-LoRA ) 4 3520 3532 41.85 4363 47.16 47.96 54.26 57.85
SLiM-LoRA | 3559 3571 4237  44.58 47.69 4826 54.69 57.96

Only 300,000 tokens are used for finetuning!
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SLIM | Speedup and Memory Reduction

SLiM Speedup on RTX 3060

LoRA Type: FP16 LoRA
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SLiM | Larger Compressed vs. Smaller Dense |

For a given parameter size budget, SLiM
outperforms other methods! Even dense
model!

4751

45.0

N
N
()]

I

o

o
T

Accuracy
w
\‘

o
T

Q: Quantized LoRA
FT: Fine-tuning

|

Accuracy vs. Model Parameter Size (2:4 Sparsity)
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Dense Model
SLiM-LoRA® + SLiM-Quant
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WANDA + Best Quantization
—e - SparseGPT + OPTQ
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The accuracy results are from OPT family of models.
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