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Background and motivation
Existing LLM compression works are still far away from practical usage due to two main challenges:

¢ Challenge 1: Performance evaluation scope is limited.

> Current LLM compression researches often use different types of LLMs for evaluation, which cannot form a fair
comparison between different methods.

> The base model performance is different in current works. (e.g., LLaMA-7B--PPL: 12.62 in LLM-Pruner, 5.68 in
OmniQuant)

¢ Challenge-2: Efficiency evaluation metric remains theoretical.

> Current methods lack a comprehensive evaluation of broader efficiency metrics in actual deployment scenarios. (e.g.,
practical acceleration, GPU memory reduction)



Overview of our LLMCBench
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LLMCBench: Tracks and Metrics

Track 1: Compression Performance

> Knowledge ability: whether the LLM knows the world

> Inference ability: whether the LLM can reason based on its knowledge
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Track 2: Generalization Ability

An effective LLM compression algorithm should be effective for various model types and sizes.
> Model type: LLaMAZ2, LLaMAS3, OPT, ChatGLM2, ChatGLM3, Vicuna
> Model size: 7B, 13B, 30B, 70B, etc.




LLMCBench: Tracks and Metrics

Track 3: Training Consumption

An effective LLM compression algorithm should require small resources to finish the compression process.
> Training time

> GPU memory
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Track 4: Inference Consumption

> MACs
» GPU memory

> Model size
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LLMCBench: Tracks and Metrics

Track 5: Hardware Acceleration

Existing LLM compression approaches seldom extensively compare this important aspect, making the acceleration
performance remain theoretical.

> TensorRT-LLM
> VLLM
> MLC-LLM
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Track 6: Trustworthiness

Since the compressed LLMs need to be deployed in real-world scenarios, their trustworthiness is also a key aspect
to avoid negative social impacts.

> Robustness

> Truthfulness
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Evaluation and analysis

Track 1: Compression Performance

& Quantization offers better overall performance.
& Sparsity is better for inference ability, while

quantization is better for knowledge ability.

Track 2: Generalization Ability

& \Weight-only quantization methods have good

generalization ability under lower bit.
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HiBits | MMLU ARC-c HS. PIQA Wino QNLI MNLI Wikil
Sparsity
De LMA2 4] 40.52 46.33 T74.58 7598 7911 6906 5053 44.31 5.12 100 100
nse LMA3 0 61.38 5350 7774 | 7902 8069 7324 5086 6348 554
IMAZ  50% | 2415 2747 4652 | 4776 6844 5414 4945 3433 2066
LLM-Pruser ‘ IMA3  50% | 2090 3217 5500 | 5593 6970 6251 5060 4071 142 | 60.51 7585 6861
IMAZ  50% | 29.67 4275 69.07 | 7078 7666 06890 5067 3528 646 .
Wanda LMA3  50% | 4050 4497  68.18 | 6823 7601 70.7 5060 5457 861 | 85 9019 3679
IMA2 24 | 2363 3225 5846 | 5511 7171 6243 5064 3512 65l
Wanda LMA3 24 | 2757 2884 5004 | 4786 6610 5983 5060 3244  19.98 RIS TLIZ
- LMA2  50% | 3462 4224 6189 | 7104 7644 G9.69 5062 3516 65l
SparseGPT | ['\a3 509 ‘ 4833 4215 6570 | 7166 7671 7032 5060 5496 755 | t-10 9129 8825
IMA2 24 | 2576 3362 6023 | 5868 7236 6614 5061 3605 1028
SparseGPT LMA3 2:4 | 28.27 3387 5715 56.02 6828 6369 5060 4250 10.96 | 67.53 8129 ™
Quantization
. IMA2 TFPI6 | 4052 4633 7458 | 7598 79.11 6906 5053 4431 512
FullPrec. | {MA3  FPI6 | 6138 5350 7774 | 1912 8069 7324 S086 6348 554 1o 100
IMA2 INTS | 4077 4625 7433 | 7600 79.11 6890 5062 3953 638
GPTQ LMA3 INTE ‘ 61.36 5341 T769 T79.06  BOG3  TLES 5077 63.44 5.54 ‘ 99.97 9717 98.58
IMA2 INTS | 3002 4428 7336 | 7441 7818 6693 5022 13853 553
SmoothQuant | |\a3  INTS ‘ 5830 5196 7967 | 7813 79.54 7261 5140 6290  6.28 ‘ 9750 9655 9703
LMA2 INTS 40.90 46.16 T4.41 7598 T79.05 6922 5064 38.86 5.12
AWQ ‘ LMA3  INTS ‘ 6122 5322 7157 | 7915 8050 7245 5046 6343 554 ‘ 980 9R89 9939
. IMAZ INTS | 4032 4565 7475 | 7594 7900 6922 5055 4359 512
OmniQuant | [\fA3  INTS | 61.19 5213 7761 | 7923 8052 7261 5073 6256 555 | 921 9963 9942
Model | Dense | LLM-Pruner Wanda SparseGPT | GPTQ SmoothQuant AWQ  Omniquant
LLaMA-7B 5.68 19.20 7.09 6.73 6.61 380.77 5.78 11.26
LLaMA-13B 5.09 14.15 6.03 5.85 5.20 552.8 5.19 10.86
LLaMA-30B 4.10 9.86 5.18 5.07 4.25 1057.91 4.20 10.63
LLaMA-65B 3.53 8.34 4.55 437 3.76 890.32 3.61 9.17
LLaMA2-7B 5.12 18.43 6.46 6.51 525 1887.53 523 14.26
LLaMA2-13B 4.57 14.10 547 534 4.66 403.44 4.65 12.29
LLaMAZ2-70B 3.12 6.34 391 3.81 331 1306.59 321 9604.32
LLaMA3-8B 5.54 15.35 8.61 7.55 5.75 799.70 6.14 12735.95
LLaMA3-70B 2.59 8.40 5.01 492 4.71 274.00 3.06 37026.54
Vicuna-7B 6.33 19.11 7.95 7.90 6.50 2636.98 6.51 87.39
Vicuna-13B 5.57 15.99 6.63 6.44 5.66 494 89 5.65 60.22
OPT-1.3B 14.62 124.01 18.41 17.55 16.41 1412.51 14.92 98.6
OPT-2.7B 12.47 163.81 14.22 13.46 12.81 8749.80 12.70 360.26
OPT-6.7B 10.86 119.49 11.98 11.60 11.05 2149223 10.96 12.24
OPT-13B 10.13 113.89 11.93 11.15 10.22 13176.12 10.29 11.65
OPT-30B 9.56 76.00 10.03 9.77 9.59 12765.02 9.61 10.31
ChatGLM2-6B | 105.58 43499.38 3916.7 2534.85 122.97 5887.32 128.58 3624.92
ChatGLM3-6B 6.21 301.05 20.58 33.86 6.34 1175.5 6.4 494.41
oM | 100 | 28.89 76.41 79.06 | 93.80 0.82 96.13 48.51
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Evaluation and analysis

Track 3: Training Consumption

& Learning is the bottleneck.

Track 4: Inference Consumption

& Quantization generally has less inference consumption.

GPU memory usage (GB)
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LMA2 0 22.96G 12556 085T

Dense ‘ LMA3 0 ‘ 25.35G 14966 097T ‘ 100
LMA2 50% 13.50G 6.75G 051T

LLM-Pruncr ‘ LMA3 509% ‘ 13.50G 007G 062T ‘ 161.86
LMA2 0% 22.96G 1255G 0437

Wanda ‘LMA3 50% ‘ 25.35G 14966 057T ‘ 13476
LMA2 24 22.96G 255G 043T

Wanda ‘LMAS 24 ‘ 25.35G 496G 057T ‘ 134.76
LMA2 0% 22.96G 1255G  043T

SparseGPT ‘LMA3 50% ‘ 25.35G 1496G  057T ‘ 134.76
_ LMA2 24 22.96G 12556 043T

SparseGPT ‘LMA3 24 25.35G 496G 057T ‘ 13476

Quantization

Full-Procision | LMAZ P16 22.96G 12556 08sT | o
sion | 1 MA3 FP16 2535G 1496G  097T
o LMA2 INTS 15.16G 667G 023T

GPTQ ‘LMAB INTS ‘ 17.03G 862G 029T ‘ 24591
) LMAZ INTS 23.62G 12556 0.23T

SmoothQuant ‘ LMA3 INTS ‘ 25.02G 1496G  029T ‘ 220.58
LMA2 INTS 15.15G 671G 023T

AWQ ‘LMAB INTS ‘ 17.72G 866G 020T ‘ s
. LMAZ INTS 15.13G 653G 023T

OmaiQuant ‘LMAB INTS ‘ 17.19G 8.61G 0.29T ‘ 246.34




Evaluation and analysis

Track 5: Hardware Acceleration
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¢ INT4 quantization has the best acceleration performance.
¢ Structured sparsity = INT8 quantization. e

& Structured 2:4 sparsity is not well-supported.

Track 6: Trustworthiness

50
+ Quantization brings better trustworthiness. o
& Better compression performance # better trustworthiness. <§Z "R
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Conclusion

& Quantization is preferable for LLM compression due to improved performance and hardware compatibility.

& \Weight-activation quantization is better in terms of inference efficiency (inference consumption and hardware
acceleration).

& Sparsity generally has better training efficiency. However, its hardware/library support is not well constructed

in the current stage.

Resources

¢ GitHub: https://github.com/AboveParadise/LL MCBench

& Contact: jinyangguo@buaa.edu.cn


https://github.com/AboveParadise/LLMCBench

