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Existing post-training compression method
• Challenge: Billion-parameter LLMs impose substantial memory 

and compute demands on resource-constrained devices.
• Existing solutions: SVD-LLM and Basis Sharing reduce model 

size.
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Existing post-training compression method
• Research gap: Dictionary-based weight sharing exploits cross-

layer redundancy, but often requires expensive training or fine-
tuning.

• Our approach: DictLLM enables post-training dictionary 
compression through shared dictionaries and sparse 
coefficients, without fine-tuning.
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Dictionary-based compression method
• We propose dictionary representation where we map the 

network into layer-shared dictionary + layer-specific coefficients.
• The compression follows 3+1 steps.
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Dictionary-based forward operation
• The forward operation involves two step GEMM.

• We first multiply the input with a shared dictionary.
• We then multiply this intermediate representation with the coefficient.

• We reuse the shared dictionary for the next layer if shared.
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Motivation for staged dictionary refinement
• k-SVD performs signal compression with dictionary 

representation.
• Our three-step compression creates dictionary with better 

reconstruction error while being 4.5x faster.
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Perplexity-model size trade-off
• DictLLM reduces perplexity by 9.4 points compared to Basis 

Sharing with 2x compression on WikiText-2.
• It achieves 3.6x higher compression when combined with 

quantization.
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Benchmark on language modeling and reasoning tasks.
• DictLLM consistently improves over low-rank baselines.

• E.g., DictLLM achieves an average zero-shot accuracy of 0.43 @2x 
compression, compared with Basis Sharing @1.67x compression.
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Pruning the coefficient yields the best result
• We compare different configurations at iso-compression gain of 

1.43x.
• Specifically, we ablate the pruning target with sparsity p: the 

dictionary D, its coefficients C, or both.
• Perplexity is measured on WikiText-2 using LLaMA-7B.
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Dictionary refit step can regain perplexity loss
• We test the effect of updating the dictionary after coefficient pruning. 
• This step improves the reconstruction induced by the fixed sparse 

codes without changing the sparsity pattern or model-size estimate.
• Performance gain is higher at increased sparsity.

• 1.04 PPL at 50% sparsity, whereas 0.06 PPL at 20% sparsity.
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Conclusion
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• We present DictLLM, a post-training compression framework 
for LLMs.

• We propose a dictionary representation, which can effectively 
compress weights on LLMs with layer-shared dictionary and 
layer-independent coefficients.

• The work achieves 5x compression with only 2.9p increase in 
perplexity with LLaMA-7B on WikiText-2 benchmark.
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