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SVD DECOMPOSITION
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APPLY SVD IN MODEL COMPRESSION
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Hsu, Y., Hua, T., Chang, S., Lou, Q., Shen, Y., & Jin, H. (2022). Language model compression with weighted low-rank
factorization. In ICLR, 22



JUNK DNA HYPOTHESIS

Small-magnitude weights might seem nearly superfluous for simple
downstream tasks

They actually encode vital knowledge essential for tackling more
challenging downstream tasks

It's challenging to re-gain through fine-tuning, if these initial pre-
trained weights are eliminated

Lu, Y.,Shi, L. (2024) JUNK DNA HYPOTHESIS: A TASK-CENTRIC ANGLE OF LLM PRE-TRAINED WEIGHTS THROUGH
SPARSITY



TASK-CENTRIC SVD FOR COMPRESSION
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Hsu, Y., Hua, T., Chang, S., Lou, Q., Shen, Y., & Jin, H. (2022). Language model compression with weighted low-rank
factorization. In ICLR, 22



TASK-CENTRIC SVD FOR COMPRESSION
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Yuan, Z., Shang, Y., Song, Y., Wu, Q., Yan, Y., & Sun, G. (2023). ASVD: Activation-aware Singular Value Decomposition
for Compressing Large Language Models.



TASK-CENTRIC SVD FOR COMPRESSION
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Wang, X., Zheng, Y., Wan, Z., & Zhang, M. (2024). SVD-LLM: Truncation-aware Singular Value Decomposition for Large

Language Model Compression. In ICLR, 25



TASK-CENTRIC SVD FOR COMPRESSION
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Wang, X., Alam, S., Wan, Z., Shen, H., & Zhang, M. (2025). SVD-LLM V2: Optimizing Singular Value Truncation for
Large Language Model Compression. In NAACL, 25



TASK-CENTRIC SVD FOR COMPRESSION

DEVELOP OF S
Results
| LLAMA-13B LLAMA-30B
METHOD Perplexity| Accuracyl | Perplexity]  Accuracy?
Original | 5.09 0.59 | }.10 0.61
SVD 946.31 0.21 54.11 0.33
FWSVD 15.98 0.43 20.54 0.42
ASVD 6.74 0.54 22.71 0.44
SVD-LLM (W) | 6.61 ([2%) 0.54 (10%) | 5.63 (173%) 0.57 (130%)
SVD-LLM 6.43 ([5%) 055 (12%) | 5.14 (L75%) 0.59 (134%)




TASK-CENTRIC SVD FOR COMPRESSION

AUGMENTATION OF INPUT ACTIVATION
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a if a;is among the top p% values, a > 1
Dj; = -
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X = XD, W* = argmin||W'X — WX||}
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Ding, X., Sun, R. (2025). DipSVD: Dual-importance Protected SVD for Efficient LLM Compression.
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LAYER-WISE COMPRESSION RATIO

= How to adaptively assign layer-wise compression ratio
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Ding, X., Sun, R. (2025). DipSVD: Dual-importance Protected SVD for Efficient LLM Compression.
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LAYER-WISE COMPRESSION RATIO

OBSERVATIONS ON LLAMA-7B
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LAYER-WISE COMPRESSION RATIO
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Li, G., Tang, Y., & Zhang, W. (2024). LoRAP: Transformer Sub-Layers Deserve Differentiated Structured Compression
for Large Language Models. In ICML, 24
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THE PATH OF LLM COMPRESSION

: Large model
: Small model

o : Compression path
(previous work)

@ : Compression path
(this work)

=¥ : Step of previous works

Generic Task Factorization &
pre-training fine-tuning fine-tuning (optional)

—— : Added step of this work

5 Factorization VS KD?
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CONCLUSION

The difinitation of objective function: junk-DNA-hypothesis, task-centric

W* = argmin||W'X — WX||%
W/

Designs of Xand S
Layer-wise compression ratio: importance, effective rank ratio

treat Attention and MLP differently
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THANKS!
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