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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.

Factorization into a
shared dictionary

Weights ~ Shared dictionary

wi Dgﬁ

I ~ Coefficients (per layer)
c' LT ]
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Minimize ||X‘W* - X‘DsC’||’,
with input-scaled least squares.
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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.

* |t achieves 3.6x higher compression when combined with
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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.

Comp. Method Perplexity | Zero-shot accuracy 1

gain WikiText-2  PTB C4 OB WG HS PQ MQ AE AC Average

1x Original | 5.68 8.35 734 | 028 0.67 056 078 027 0.67 038 0.52

ASVD [11] 11.14 16.55 1593 | 025 0.64 041 0.68 024 053 0.27 0.43

1.25% SVD-LLM [8] 7.94 18.05 1593 | 022 0.63 043 0.69 024 058 0.29 0.44

' Basis Sharing [9] 7.74 17.35 15.03 | 0.28 0.66 046 0.71 025 0.66 0.36 0.48

DictLLM (Ours) 6.89 12.27 11.75 | 0.33 0.67 0.50 0.74 0.26 0.69 0.36 0.51

ASVD [11] 51 70 41 0.18 053 037 065 021 043 0.25 0.38

1.43x SVD-LLM [8] 9.56 2944  25.11 | 020 0.59 040 0.65 022 048 0.26 0.40

' Basis Sharing [9] 9.25 29.12 2246 | 027 0.63 040 0.68 024 0.63 0.30 0.45

DictLLM (Ours) 7.79 17.62  15.20 | 0.29 0.66 046 0.71 024 0.66 0.35 0.48

ASVD [11] 1407 3292 1109 | 0.13 048 026 0.55 0.19 0.28 0.22 0.30

1.67x SVD-LLM [8] 13.11 63.75 4983 | 0.19 058 033 0.60 0.21 042 0.25 0.37

' Basis Sharing [9] 12.39 55.78 4128 | 0.22 0.61 035 062 023 052 0.27 0.40

DictLLM (Ours) 9.37 2975 23.08 | 0.27 0.64 040 0.68 0.23 0.63 0.30 0.45

ASVD [11] 15358 47690 27925 | 0.12 051 026 0.52 0.19 026 022 0.30

o SVD-LLM [8] 23.97 150.58 118.57 | 0.16 054 0.29 0.56 0.21 0.33 0.23 0.33

Basis Sharing [9] 19.99 126.35 88.44 | 0.18 0.57 031 058 022 042 0.23 0.36

DictLLM (Ours) 10.59 35.67 29.12 | 0.24 0.63 038 0.65 0.23 0.61 0.29 0.43

5% DictLLM 8.48 2140 17.04 | 029 0.65 044 070 024 0.64 0.33 0.47

6% (Ours)FP4 10.37 35.16 27.07 | 0.26 0.61 038 0.66 023 0.59 028 0.43

7x 11.92 43.14 3390 | 024 059 035 063 022 054 026 0.40
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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.

Dict. D (p) Coef. C (p) Perplexity |

Dense (0%) Dense (0%) 9.25

Dense (0%) Sparse (19.4%) 7.83
Sparse (35.0%) Dense (0%) 9.04
Sparse (12.5%) Sparse (12.5%) 7.99
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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.

—— Coefficient pruning only
9.5 Coefficient pruning
_‘? with dictionary update
X
) 9.0
Q' o
S 850"
o
8.0 20%

055 060 065  0.70
Model size ratio

14

@COLUMBIA UNIV



Table of contents

* Motivation for layer sharing with dictionary

* Proposed method
* Dictionary-based compression
 Dictionary-based forward operation

 Experimental Results
* Perplexity-model size trade-off
 Benchmark on language modeling and reasoning tasks
« Ablation studies on pruning target & dictionary update

e Conclusion

15



Conclusion

- 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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