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Motivation: The Sparsity Wall
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Sparsity Wall: Limitations of Layer-wise REM

Prior methods minimize a surrogate objective layer by layer (Shin et al. ; Huang
et al. ):

rt = { arg min, Ep [||# g(xi—1;D) — 2] g(xi-1;D)|*] fori=1,...,L }
zillo<k;

1. Compounding errors — approximate layer-wise solutions accumulate errors
across layers

2. Suboptimality — sequential, independent layers are never jointly optimized

3. Surrogate # true objective — layer-wise reconstruction error f is not the LLM

loss f

The wall is an artifact of the formulation, not an inherent limit.
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ELSA: Surrogate-free LLM Pruning via ADMM

Optimize the true LLM objective under a sparsity constraint:

min f(z)+ Is(z) subjectto z==z2
z,2€R4

ADMM decomposes this into three tractable subproblems:

Tp41 = argmin f(z) + %Hx — 2 4 g3 (gradient descent on true loss)
X

Zk+1 = PrOJ||. o<k (Tht1 + uk) (sparsity projection)

Uk+1 = Uk + Tht1 — Zk+1 (dual update)
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More details

» Objective-aware projection: use Hessian (empirical Fisher) instead of magnitude

S+ argminz F;; (zi — (2t + ui))2
z€S ’LSd

» Elsa_: low-precision ADMM states for scaling to 27B parameters

> Convergence guarantees: provably converges to a stationary point, even with
quantized variant ELSA_|

5/8



Main Results: Perplexity vs. Sparsity
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7.8 x less perplexity than best baseline on LLaMA-2-7B at 90% sparsity
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Practical Benefits

Inference speedup & memory (LLaMA-2-7B)
Dense  90% 95%
Speedup 1x 256x  3.98x
Memory 136 GB 29GB 1.7 GB

> ELSA stays stable at 95% sparsity: 3.98 x speedup,
7.80x memory reduction

> ELSA_ scales to Gemma-2-27B at 90% sparsity

Perplexity (LLaMA-2-7B, C4)

Method 90% 95%
Wanda + LoRA 6556 143.0
Wanda + Full 34.87 53.62
Elsa 23.14 28.39
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Conclusion

» The “sparsity wall” was an artifact — ELSA breaks
through to 80-90%

» Principled ADMM optimization on the true LLM
objective

» Practical: real speedup & memory savings on
commodity hardware
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https://arxiv.org/abs/2510.01650
https://github.com/log-postech/elsa
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