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Pruning can cut the storage and compute of deployed LLMs without retraining [1, 6].

Pruning an LLM block by block leaves the earlier blocks stale.One Gauss–Seidel sweep refreshes them.
Converges to the global optimum with the mask fixed Same complexity class as SparseGPT 70B: SparseGPT’s time, lower perplexity
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Llama-3.1-8B, 75%
perplexity vs SparseGPT
36.86→ 31.69
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perplexity vs SparseGPT
256.7→ 137.2

12/12
same-mask settings
one GS sweep beats SparseGPT
reconstruction

70B
same time as SparseGPT
perplexity 6.039 vs 6.080
time 4,313 vs 4,248 s

1 The problem: frozen blocks
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SparseGPT [1],
Thanos [2]
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Gauss–Seidel sweeps revisit every retained weight

final mask fixed

For a layerW ∈ Rm×nwith calibration inputsX ∈ Rn×T , each row i keeps its pruned
weights at zero and minimizes

q(Vi,:) ≜ (Vi,: −Wi,:) ·H · (Vi,: −Wi,:)
⊤, H ≜ c ·X ·X⊤ + λ · I.

Factor-graph view [5]: the forward pass decides too early
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(a) forward pass fixes block B
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(b) GS sweeps on the complete graph

Circles: weights; squares: factors of p ∝ e−q, with the zero constraints δj in orange.
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A 4-weight example
Wi,: = (1, 1, 1, 1),H = I + 1 · 1⊤; weights 1 and 3
deleted; blocks {1, 2} and {3, 4}.15/16
of the gap to the optimum is closed by
one GS sweep
Forward pruning leaves ∂q/∂Vi,2 = −5/4 at the
frozen weight Vi,2.

2 Our fix: solve, then sweep
STAGE 1Forward block solve
block by block, one exact solve per row

STAGE 2Gauss–Seidel sweeps
mask fixed, every block revisited

Stage 1: exact joint solve per row and block (multi-weight OBS [3])
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F : upper Cholesky factor ofH−1; DB: deleted columns of block B; R: later columns.

Stage 2: Gauss–Seidel update of each retained weight, j = 1, . . . , n
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︸ ︷︷ ︸

≜Rj,i

Deleted weights stay zero; Rj,i is the (j, i) entry of R = H · (V − W )⊤, kept current by one rank-one
update per column.

Guarantees
Exact block solve. The Stage 1 update is the unique minimizer of q over Vi,B∪R with
Vi,DB = 0 and earlier blocks fixed.

Converges to the global optimum with the mask fixed. ∥e(K)∥HU ,U ≤ γK · ∥e(0)∥HU ,U with
γ < 1: the sweeps converge geometrically to the global optimum V ∗.
Built-in certificate. q(Vi,:)− q(V ∗

i,:) ≤ ∥RU ,i∥22/λ.

MAP view. Minimizing q is maximum a posteriori (MAP) estimation for the log-concave
p ∝ e−q; each GS update is an iterated-conditional-modes step [4] on its factor graph [5].
Same complexity class as SparseGPT. Θ(n3 + n2 · T + m · n2) per layer; measured time
1.02× SparseGPT’s at 70B and 2.0× at 8B.

U : retained columns of row i; V ∗: global optimum with the mask fixed; e(K): error of Vi,U after K sweeps.

GS does the work
Llama-3.2-3B, 75% sparsity; every bar uses the same mask

SparseGPT reconstruction 63.38

Block solve only 63.12

+ 1 GS sweep 52.60

+ 2 GS sweeps 51.34

+ 4 GS sweeps 50.61

−17%

3 Results
Llama-3.1-8B: perplexity (PPL) onWikiText-2, lower is better
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One GS sweep wins in all 12 settings
PPL change vs SparseGPT reconstruction on the same mask; darker means a larger gain
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70B scale: best PPL at SparseGPT’s speed
Llama-3.3-70B-Instruct, 50%, six GPUs; dense PPL 3.862; block width 128 (ours), 32 (SparseGPT, Thanos)
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4.2× faster, lower PPL

Wanda [6]: 6.398 in 1,550 s

SparseGPT: 6.080 in 4,248 s

Thanos [2]: 6.113 in 18,200 s

ours: 6.039 in 4,313 s
pruning time (s, log scale)
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Drop-in for compression pipelines
PPL, SparseGPT→ Block-OBS-GS

−12.7%
on a fixed Wanda mask [6], 3B
75%: 182.95→ 159.63

−10.5%
on a fixed Wanda mask [6], 8B
75%: 124.10→ 111.04

−4.7%
followed by 4-bit GPTQ [7], 3B
50%: 16.13→ 15.37
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