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Abstract

We propose Block-OBS-GS, a retraining-free pruner for large language models
(LLMs) that solves the per-block joint Optimal Brain Surgeon (OBS) reconstruc-
tion exactly and then refines it with Gauss—Seidel (GS) sweeps. SparseGPT and
unstructured Thanos reconstruct the retained weights in increasing column order,
one column or column block (a group of consecutive columns) at a time, and
never change earlier retained weights again. Viewing reconstruction as constrained
maximum a posteriori (MAP) estimation explains why this forward compensation,
even with an exact block solve, need not minimize the layer-output error under
the completed mask. Block-OBS-GS therefore adds GS sweeps over the retained
weights of all blocks, with the mask fixed, after a forward pass that solves each
block jointly within each row. We prove three guarantees: the block solve is the
unique minimizer of its per-block problem; with the mask fixed and the damped
Hessian positive definite, the distance to the unique fixed-mask minimizer contracts
geometrically with each GS sweep; and, for fixed block width and number of GS
sweeps, the method stays in SparseGPT’s complexity class. On Llama-3 models
from 3B to 70B parameters, Block-OBS-GS gives lower WikiText-2 perplexity
than SparseGPT at every tested sparsity, and the gain grows with the sparsity. On
Llama-3.1-8B, its perplexity is 31.69 versus SparseGPT’s 36.86 at 75% sparsity,
with pruning times of 952.8 versus 474.7 seconds, and 47% lower at 87.5% sparsity
(137.19 versus 256.71). Its seven-task zero-shot average and five-shot Massive
Multitask Language Understanding (MMLU) accuracies stay within 0.8 percent-
age points of SparseGPT’s. In summary, Block-OBS-GS lowers perplexity at a
measured additional pruning cost.

1 Introduction

Retraining-free pruning decides which weights of a large language model to set to zero and how to
limit the resulting quality loss without retraining. The zeros produce sparsity that suitable storage
formats and execution kernels can exploit, reducing deployment storage and computation [Frantar
and Alistarh, 2023, Sun et al., 2024]. Retraining a large model to recover lost quality is costly;
retraining-free methods therefore guide pruning with a small calibration dataset [Frantar and Alistarh,
2023]. The standard tool for limiting the quality loss in this setting is layer reconstruction.

Layer reconstruction adjusts the retained weights of each linear layer to reduce the output change
caused by the zeros. Following SparseGPT [Frantar and Alistarh, 2023] and Thanos [Ilin and
Richtarik, 2025], we measure this change by the sum of squared Euclidean distances between the
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original and pruned layer outputs on the same calibration inputs; this layer-wise surrogate avoids
end-to-end retraining but does not directly minimize prediction loss. Jointly optimizing the zero
locations and the retained values is NP-hard in general [Natarajan, 1995, Frantar and Alistarh, 2023].
With the zero locations (the pruning mask) fixed, however, the error is a convex quadratic in the
retained values. Practical methods therefore separate the two tasks: they select zeros and reconstruct
under a restriction, which the next paragraph identifies.

The restriction shared by SparseGPT and Thanos leaves reducible error under the completed mask.
These pruners select zeros with second-order scores derived from Optimal Brain Surgeon (OBS)
[Hassibi and Stork, 1992, Frantar and Alistarh, 2023, Ilin and Richtérik, 2025] and compensate
only through later columns, never changing earlier retained weights again; we call this forward
compensation. Later zeros can shift the error-minimizing values of earlier weights; hence even exact
blockwise compensation can miss the fixed-mask optimum (Section 2). Our research question is
therefore how to reduce this remaining error without changing the selected zeros or increasing the
asymptotic computational cost.

We answer it with Block-OBS-GS, which follows forward block reconstruction by refinement under
the completed pruning mask. In the first stage, we process one column block at a time: we select
weights to zero, jointly reconstruct the retained weights in each row of that block, and propagate
compensation to later columns. In the second stage, we fix the selected zeros and apply Gauss—Seidel
(GS) updates [Saad, 2003] to retained weights throughout the layer, including those in earlier blocks.
In each sweep, we update every retained weight in column order using the latest values of the other
weights. The first stage thus produces the mask, and the second removes the error that forward
compensation leaves under it.

Our analysis shows that this refinement reaches the fixed-mask optimum without raising the complex-
ity order. We prove that repeated GS sweeps converge geometrically to the unique minimizer over
the retained weights when the damped error has a positive-definite Hessian; the guarantee covers
this objective, not mask selection, perplexity, or finitely many sweeps. For fixed layer dimensions,
block width, and sweep count, Block-OBS-GS stays in SparseGPT’s asymptotic complexity class,
although refinement adds runtime. Viewing reconstruction as constrained maximum a posteriori
(MAP) estimation of a Gaussian model [Loeliger et al., 2007] explains the gap: forward pruners make
sequential hard decisions, and GS is the classical coordinate-wise MAP refinement [Besag, 1986].
These results predict lower reconstruction error at a bounded additional cost, which our experiments
measure.

Our experiments confirm lower perplexity (PPL) at additional pruning time. With the mask fixed
on Llama-3.2-3B at 75% sparsity, one GS sweep lowers WikiText-2 PPL from 63.1194 after first-
stage reconstruction to 52.6043. On Llama-3.1-8B at 75% sparsity, Block-OBS-GS gives PPL
31.6882 versus 36.8552 for SparseGPT, with pruning times of 952.8 and 474.7 seconds, respectively.
On Llama-3.3-70B-Instruct at 50% sparsity, the two methods give similar PPL and pruning time
(Section 5.4). In summary, we contribute (i) joint block reconstruction with fixed-mask refinement;
(ii) optimality, convergence, and complexity analysis with a constrained-MAP interpretation; and (iii)
quality—cost comparisons and fixed-mask reconstruction tests.

2 Reconstruction objective and prior approximation

In this section, we show that forward pruning can miss the optimum of the fixed-mask reconstruction
problem. We define the problem and its solution, describe the forward approximation, give an
example of the gap, and interpret both stages as MAP estimation. We use the following notation
throughout.

« For any positive integer n, [n] = {1,...,n}. Index sets are written in calligraphic letters, and
vectors and matrices in bold.

» For A € R™*", the scalar A ; denotes its (s,t) entry. For S C [m] and T C [n], As 1+ =
(Ast)sesteT € RISIXITT is the submatrix with rows in S and columns in 7, in increasing index
order; its rows and columns keep the labels in S and 7. A single index ¢ stands for {7} and a colon
for all indices; for example, A; . £ Agiyn and A, £ A1~ For a vector a, as selects the
coordinates in S.



* A submatrix is taken first: A3' £ (As7)"'and A5, £ (As7)", whereas (A™')s 7 isa
submatrix of the inverse.

Definition 1 (Layer and calibration inputs). We fix positive integers m, n, 7.

(a) Layer. A linear layer y = W - & maps input x € R to output y € R™ through the weight
matrix W £ (Wi j)iem],jein) € R™*"™; W; ; connects input feature j to output feature i.
(b) Calibration inputs. X = (x1,...,x7) € R"*T collects calibration inputs ¢; € R", t € [T].

(c) Candidate weights. V= (V; ;)ic(m) jein] € R™*"; the original and reconstructed outputs on
the calibration inputs are W - X and V - X. A

Following SparseGPT and Thanos, we measure their difference by the squared Frobenius norm
|(V — W) - X||% [Frantar and Alistarh, 2023, Ilin and Richtdrik, 2025].

Definition 2 (Pruning mask and damped reconstruction). The fixed-mask problem has four ingredi-
ents.

(a) Mask. M = (M; )icim),jen € 10,1}™*™ is a fixed pruning mask [LeCun et al., 1989,
Hassibi and Stork, 1992, Han et al., 2015]: retained entries (M; ; = 1) may change, and deleted
entries (M; ; = 0) are fixed at zero. A retained entry can still have value zero.

(b) Curvature. Hy 2 ¢- X - X " with normalization ¢ £ 2/N for N calibration sequences [Frantar
and Alistarh, 2023]; hence H  is the Hessian of the sequence-averaged output error.

(¢) Damping. H = (Hi ;)i jein) = Ho+A-I, with I the identity and A £ a-(1/n)-3" .1 (Ho)jj

a fraction a £ 0.01 of the average diagonal entry of H [Levenberg, 1944, Hoerl and Kennard,
1970, Frantar and Alistarh, 2023].

(d) Objective. The damped reconstruction error function ¢ : R™*" — Rx, a layer-wise re-
construction objective [Dong et al., 2017, Frantar et al., 2022, Frantar and Alistarh, 2023],
is

QV)&u(V-W)-H-(V-W)"),  V;; =0whenM,; =0. (1)
A

Minimizing () subject to the mask constraints is a well-posed convex problem. Indeed, Q(V') =
c-|(V-W)-X||Z+ X ||V — W]|>%. Each row’s Hessian is 2 - H, and H is symmetric positive
definite (SPD) even when 1" < n, whereas H ( may be singular. Scaling ¢ and A by a common factor
leaves the minimizers of ) unchanged, which is why A is set relative to Hy (Appendix B.6). The
problem therefore has a unique solution, which we derive next.

Fixed-mask solution. The objective and zero constraints separate across output rows. For one row
i, the row objective is ¢(V;.) & (V. —W,.) - H-(V,.— W, ). WeletU C [n] be the allowed
column indices (the row’s support) and D 2 [n] \ U. The following lemma gives the fixed-mask
solution.

Lemma 3 (Fixed-mask reconstruction). For H >~ 0 and nonempty U, the unique minimizer of q
subjectto V; p =0 is

iu=Wiu+W;,p-Hpy - Hz;lu, Vip=0. )

Proof. Stationarity gives (V1 — W, ) - Hyy = Wi p - Hpy. Since Hy 1 > 0, the solution
is unique. If I/ is empty, the row is fixed at zero. |

Evaluating Equation (2) for every row is impractical for two reasons. First, rows have different
supports U; hence each row needs its own factorization of Hy, s, which costs O(m - n?) per
layer [Frantar and Alistarh, 2023], where O(-) denotes an asymptotic upper bound [Knuth, 1997,
Sec. 1.2.11.1]. Second, Equation (2) requires each row’s deleted set D in advance, whereas a
pruner selects the deletions in block B, by scoring weights that compensation for the deletions in
Bi, ..., B,_1 has already changed; hence D is known only after the last block. Practical pruners
therefore approximate Equation (2), as described next.



Forward approximation. Forward pruners replace Equation (2) with one left-to-right pass over

the column blocks By, . .., B, consecutive groups of at most b € [n] columns, where J = [n/b].
For each block B,., a forward pruner selects deletions in V. 5, compensates by changing only
the columns of B, B, 41, .. ., and never changes earlier blocks again; one shared upper-triangular

Cholesky factor F' € R™*™ of H !, defined by F' . F=H', keeps the cost at O(m - n?). Our
baselines span the compensation rules: none (Wanda, pruning by weights and activations [Sun et al.,

20241]), one column at a time with score V2 / F 2 (SparseGPT [Frantar and Alistarh, 2023]), and
one joint solve per row and block (Thanos [Ihn and Richtérik, 2025]). Block-OBS-GS combines
SparseGPT’s score with a Thanos-style row solve and adds GS sweeps that, with the mask fixed,
revisit all retained weights; each sweep costs O(m - n?), and the sweeps converge to Lemma 3’s
minimizer (the upcoming Theorem 7). The sweeps are needed because earlier blocks are frozen; a
forward result therefore need not satisfy Lemma 3 for the final mask, as the following example shows.

Example 4 (Two column blocks). We consider one row with W . 21T eRY  HAT+1-17,
and D £ {1,3}; then ¢(V;.) = (Zj6[4](m,j — 1))2 + e Viy — 1)2. Zeroing without
compensation gives ¢ = 6; Equation (2) gives the optimum (0, 5/3,0,5/3) with ¢ = 10/3. Now
prune with blocks {1, 2} and {3, 4}. Block 1 zeros V; 1; the weights V; 2, V; 3, V; 4 are still free, all
move to 5/4, and V; o is then optimal. Block 2 zeros V; 3, but only V; 4 may still change; it moves
to 15/8, giving ¢ = 115/32. Now 0q/0V; o = —5/4 # 0: zeroing V; 3 has made V; 2 suboptimal,
and the forward pass never revisits it. One GS sweep with the mask fixed updates V; » and V; 4 and
lowers ¢ to 1715/512; further sweeps approach 10/3. Table 5 in Appendix A.4 summarizes this
trace, where Ry ;, the (2,4) entry of the GS residual R = H - (V — W) T (Section 3.2), is half this
derivative; Appendix A.4 gives every step. The MAP view below explains this gap in general. [

Reconstruction as MAP estimation on a factor graph. Minimizing ¢ under the mask is MAP
estimation on a factor graph, and this view locates the gap of the forward pass. For row i, define

0T v T 95Ves) - TT 65V,

te(T) jE€[n] j€D
fi(Vi) = eXP<—C' (Vi.—W,.) '%&)2), 9; (Vi) Zexp(=A- (Viy — Wi )?),
8;(Vij) = 1{V;; = 0}.

3

Then p(V;;) = exp(—q(V,.)) - 1{V;p = 0}, where g is the row objective of Lemma 3. Up to
normalization, p is a Gaussian density with mean W, . and precision 2 - H, restricted to the mask;
minimizing ¢ under the mask is therefore MAP estimation, and its solution is Equation (2). The
factorization in Equation (3) can be depicted by the factor graph in Figure 1 [Kschischang et al., 2001,
Loeliger, 2004]. The two stages of Block-OBS-GS then read as follows.

(i) Forward pass (first stage; also SparseGPT and Thanos). When block B £ B, is processed,
the deletions in the later columns R £ U'r’>r B, have not been chosen yet; their constraint

factors are therefore missing from the graph (Figure 1(a)). Treating the later weights as free,

maximizing V'; z out of p gives a Gaussian message to V'; g with precision 2- (F;B -Fp ) -1

where F;;B -Fpp = ((ngn,gug)*l)lg ;5 because F is upper triangular (Appendix A).
The first stage maximizes this message under the zeros of B and then fixes V ;.5 for good.

(ii) The gap. Later blocks add their constraint factors, which would change the message into 13, but
Vi B is not updated (Example 4).

(iii) Refinement (second stage, ours). On the complete graph (Figure 1(b)), each GS update replaces
one retained weight V; ; by its conditional mode, the maximizer of p over V; ; with all other
weights fixed; it uses only the factors adjacent to V; ;. Repeating such updates is iterated
conditional modes (ICM) [Besag, 1986]; one GS sweep is thus one ICM sweep. ICM reaches
only a local maximum in general, but p is log-concave on the mask; hence the limit is the
global maximizer (the upcoming Theorem 7).

In short, the first stage decides on an incomplete graph and the second corrects on the complete one;
Section 3 specifies both.



message into B

(a) Processing block B = {1, 2} (b) Complete graph, refined by GS

Figure 1: Factor graph of Equation (3) for Example 4: a bipartite graph with one variable node (circle)
per weight V; ; and one factor node (square) per factor f:, g;, or ¢; (filled); a variable node and a
factor node are joined by an edge if and only if the variable is an argument of the factor. (a) While
block {1,2} is processed, the constraint on V; 3 is missing (dashed). (b) GS acts on the complete
graph.

3 Conditional block reconstruction and refinement

In this section, we specify the two stages of Block-OBS-GS: a forward pass followed by fixed-mask
refinement. Figure 2 and Algorithm 1 summarize these steps.

3.1 Joint reconstruction within a column block

In the first stage, we visit the column blocks B, ..., B of Section 2 from left to right. Each visit
performs two steps: it selects the deletions in the block, and then reconstructs each row in the block
and the later columns by one closed-form update. We first fix the quantities involved.

Definition 5 (Forward-pass quantities). We fix a block index r and write 5 £ B,.

(a) Iterates. VO 2 W and V(" € R™*" denotes the candidate weights after B, is processed,
for 7 € [J]; V"~ is the current iterate and V" the next.
(b) Trailing columns. R = U, =, By collects the columns not yet processed.

(¢) Block support. Forrow i € [m], Dg = DN Band Uz £ U N B are its deleted and retained
columns in B. A

Step 1: selection. We score each entry of V;()Tgl)

and Stork, 1992, Frantar and Alistarh, 2023]. If Vif;_l) alone is set to zero and the columns 7,...,n

by the error its deletion would cause [Hassibi

compensate optimally, g increases by (\/;(,;71))2/ ((HS)S)_l)j ; with 2 {j,...,n}, which equals

( Vi(gfl) )2/ sz’ ,; because F' is upper triangular (Appendix C). We then delete the entries at or below
oneé score threshold, chosen to delete the target fraction s of the block; a single threshold for all rows
lets the rows keep different numbers of weights. This fixes D and Up; entries scoring exactly at the
threshold are all deleted; we therefore report the actual zero counts.

Step 2: reconstruction. For row ¢, the block solve addresses the row problem of Lemma 3 with
the information available at block B: the earlier blocks are fixed, the deletions in D are imposed,
and the trailing weights stay free because their deletions are not chosen yet. That is, the block solve
considers

min  ¢(V;.) subjectto V;p, =0, with Vi ; =V Vforje B U---UB_1. (4

%
Vi.BUR ’J

Equation (4) is again a problem of the form in Lemma 3. Because VETB_U% minimizes g given the

earlier blocks (Appendix A.1), ¢ equals a constant plus (V; sur — VETL;J%) -Hpur.por-(Vigur—

VZ(.TB_J;Q)T, which is the row objective of Lemma 3 on the columns B U R, with VETB_J% in place

of W, . and deleted set D. Lemma 3 would solve it with the large retained block of H g sur.
Written instead with the inverse (H Buﬁ7BLjR)71, as in OBS [Hassibi and Stork, 1992], whose rows



Score weights Select zeros; Update later Fix full mask;
solve each row columns GS sweep

|

next column block

Figure 2: The two stages of Block-OBS-GS. The return arrow repeats for each column block.

in Dg equal (F B,DB)T - Fz gur because F is upper triangular, the same unique minimizer needs
only the small deleted block (the upcoming Proposition 6):

r r— r— -1
z(',l;UR = z(‘,BU17)3 - VZ(','D;) ((Feps)' - Fers) - (FBDs) - F550R, (5

and the earlier columns are kept. On D3, Equation (5) yields zero, because ((Fg,p,)" - F,p) -
(Fgps)' - Fspy = I; on Up, it adjusts the retained weights jointly; and on R, it compensates

through the trailing weights. To evaluate Equation (5), we obtain the row vector ngg;) . ((F B,Ds )T

F3795)71 by solving one linear system with the | Dg| x |D| matrix (F5 p,) " - F.p, (by Cholesky
factorization, without forming its inverse), and multiply it by (F' B,DB)T - F'3 pur; both matrices
are read off the shared factor F' (Appendix C). Rows with equal deletion counts are solved in one
batched call. After the last block, the deleted sets of all blocks form the mask M of Definition 2:
M, ; = 0if and only if entry (7, j) was deleted in some block. The second stage keeps M fixed.

3.2 Scalar-coordinate Gauss—Seidel refinement

Refinement adjusts retained weights without changing the pruning mask M. The iterates continue the
same counter: V' /%) denotes the weights after k¥ GS sweeps. Eachiterate t € {J +1,...,J + K}
is one sweep that visits the columns j = 1,...,n in increasing order. For M; ; = 1, i.e., for every
retained entry, we set
(t) & -1 _ 1 (t) (t-1)
Vij =Vi; ' — i, : (Z Hj, - (sz - W) + ZHj,l . (th - Wi,z)), (6)

»J 1<j 1>j

2R,

and every deleted entry stays zero, i.e., Vz(? 2 0 for M; ; = 0. Each retained entry thus uses the latest
values of the other entries, from iterate ¢ for the columns [ < j and from iterate ¢ — 1 for [ > j. This
is cyclic coordinate GS, not a Jacobi or block-GS step. Thus R, ; is the (7, ) entry of the GS residual
R=H-(V-W)T € R"*™ at these latest values. For all rows at once, Equation (6) therefore reads

V(tj) = V:(’tj_l) — (R;,.)" /H; ; on the retained entries. Since R = Zle[n] H, (V.,-W,)T"

) _ V(tj_l))T, which keeps it current for

and only column j changes, R then changes by H . ; - (V:, j N

the next column.

To reduce overhead, the implementation applies these residual changes once per chunk of up to b
consecutive columns, which yields the same iterates as Equation (6) up to floating-point rounding
(Appendix B.3). We use K = 1 sweep by default and examine K = 0, 2,4 in Section 5.3.

4 Guarantees and computational cost

In this section, we show that both stages are optimal for their own problems and that refinement keeps
SparseGPT’s complexity class.

4.1 What the reconstruction guarantees establish

Proposition 6 shows that the update in Equation (5) is optimal given V(=Y H, and D, and
Theorem 7 shows that repeated sweeps of Equation (6) reach the fixed-mask optimum in Equation (2).



Algorithm 1 Block-OBS-GS for one linear layer
Require: Weights W, damped H - 0 with upper Cholesky factor F' of H ™!, sparsity s € (0,1),
blocks By, ..., By, and sweep count K.
Ensure: Pruned weights VUK and pruning mask M.
1: Initialize the forward iterate as V() £ W (first stage, Section 3)

cforr=1,...,J,withB£ B, and R £ .., B, do
Delete the entries of V:(’B Y with the lowest scores \Z (r= 1)) /F? (Step 1)
Compute V) from Equation (5) for all rows, batchlng rows w1th equal |D5. (Step 2)

: Let M be the mask formed by all deleted entries.
. Compute the residual R 2 H - (V) —w)T. (second stage, Section 3.2)
: fort:J+1,...,J+Kd0

2
3
4
5: end for
6
7
8
9 forj=1,....,ndo

10: Set V(t) £ V(tj 2 — (R;.)" /H, ;, keeping deleted entries zero (Equation (6)).
11 Add H. ; (V(t) V:(fj 1))T to R, because only column j has changed.

12:  end for

13: end for

14: return V715 and M.

Proposition 6 (Conditional local optimality). For H > 0 and a fixed deleted set D, Equation (5)
gives the unique minimizer of Equation (4). Its objective value is no larger than that of any other
feasible point of Equation (4) for the same current iterate v damped curvature H, and deleted
set Dy, with strict inequality for every feasible point other than the minimizer.

Proof. Lagrangian stationarity [Lagrange, 1788, Boyd and Vandenberghe, 2004] gives Equation (5).
Any nonzero feasible perturbation increases the objective by a positive quadratic form. Appendix B.2
gives the derivation.

Theorem 7 (Descent and geometric convergence of refinement). We fix the mask M and an SPD
matrix H € R"*". Each update of a retained weight V; ; in Equation (6) changes the row objective
q of Lemma 3 by —R?J/Hj}j < 0, where R; ; is the (j, 1) entry of the GS residual R in Equation (6).
For a nonempty retained set U of row i, let e5) £ (V( JHE) _ i “) T be the error after K complete
cyclic sweeps, with Vl u from Equation (2). There is a factor 0 < v < 1, depending on Hy 14 and
the coordinate order but not the initialization, such that

”e(K)HHu,u < rYK ' He(O)”Hu,u? ”eH%-Iu,u £ eT : HUJ/{ " €. )

Thus repeated sweeps converge geometrically to the unique fixed-mask minimizer in Equation (2). An
empty retained set requires no refinement.

Proof outline. Each coordinate update minimizes a one-dimensional quadratic. A complete sweep
strictly decreases ||e|| 7, ., unless it starts at the optimum. Compactness of the unit sphere of ||-|| ez, ,,
and the extreme value theorem [Rudin, 1976, Thm. 4.16] give a uniform contraction factor v < 1.
Appendix B.3 gives the full argument, a specialization of classical GS convergence [Saad, 2003]. W

4.2 Same complexity class, different executed work

The forward pass costs the same order as SparseGPT’s at fixed block width. We let ¢; . £ [ DNB,.| <b
be the number of weights deleted from row i in block B,.. Recall that W € R™*" and X € R"*”
(Definition 1). Forming Hyg =c- X - X T (Definition 2) by a dense matrix product costs O(n? - T'),
and computing F' by Cholesky factorizations of H and H ~1 costs O(n?) [Golub and Van Loan,
2013]. In block B,., row i forms the £; , x £; , matrix (F g p,) " - Fp, of Equation (5)in O(b-£2 ),
factors it by Cholesky factorization in O(Zir), and applies its inverse by two triangular solves in
O(£3,.); over all rows and blocks, this costs O (>, (67, +b-£7,)) € O(m-n-b%), because £; , < b



and ZT ¢; » < n. Multiplying the resulting row vectors by (FB’DB)T - F'g gur for all rows costs
O(m-n?+m-n-b)in total.

Refinement adds work of the same order per sweep. Initializing R = H - (V(J) — W)T, aproduct
of ann x n and an n x m matrix, costs O(m - n?). Within a sweep, column j reads R;. in O(m)

and applies the rank-one update H. ; - (V:(fj) — V:(jt{l))T to R in O(m - n); one sweep over the n
columns therefore costs O(m - n?); the chunked implementation of Section 3.2 performs the same

updates. Summing the terms above over the J blocks and K sweeps gives
On* T+n*+(1+K) -m-n*+m-n-b?). (8)

For fixed b and K, the local-solve term satisfies m - n - b2 = O(m - n) and the reconstruction term
(1+K)-m-n? = O(m-n?); hence Equation (8) is O(n3 +n?-T +m-n?). This order is also attained.
Both Block-OBS-GS and SparseGPT execute three dense computations: the product X - X T the
Cholesky factorizations that give F'; and, in every block B, the product of an m x b matrix with
the b x |R,| matrix Fg, ,, where R, £ U, =, Brs. In Block-OBS-GS, this last product is the
trailing part of Equation (5); in SparseGPT, it is the lazy batch update of the trailing columns, and
the other two computations are its Hessian and inverse-Cholesky steps [Frantar and Alistarh, 2023,
Alg. 1]. The product X - X | takes ©(n? - T') operations, the Cholesky factorizations take ©(n?),
and the block products take 3, c(;m - b+ [R,|; this sum equals m - n - (n — b)/2 = O(m - n?)
when b divides n and n > 2 - b, because |R,.| = n — r - b. Both methods therefore lie in the class
O(n® 4+ n? - T + m - n?), where O(-) denotes a tight (upper and lower) bound [Knuth, 1976]; it
counts the operations of these implementations, not a lower bound for pruning.

A fixed number of sweeps K therefore adds runtime but not asymptotic order. The block products in
the trailing part of Equation (5) and the rank-one updates of R after Equation (6) have the same size
at every sparsity, because zeros are stored and multiplied like other entries. A higher sparsity changes
only the per-row systems in Equation (5), whose size ¢; , is the number of deleted weights and
thus grows with the sparsity; the pruning time therefore does not decrease as the sparsity increases
(Section 5.2). SparseGPT’s cost does not fall with the sparsity for the same reason: it visits every
column of every block and updates all trailing columns with a dense row of F', whatever the number
of zeros [Frantar and Alistarh, 2023, Alg. 1]. The block part of Equation (5) can also be computed
from the retained side, with one |Ug| X |Up| system per row that shrinks as the sparsity grows; the
evaluated implementation always uses the deleted side.

S Experiments

In this section, we measure the quality gain, its time cost, its source, and its deployment consequences.

5.1 Protocol and quality at different sparsities

All quality comparisons share one calibration protocol. They use Llama-3.2-3B and Llama-3.1-8B
[Grattafiori et al., 2024], bfloat16 (BF16) model weights, 32-bit floating-point (FP32) reconstruction,
and WikiText-2 [Merity et al., 2017]. Calibration used 128 sequences of length 2,048 and seed 0;
Block-OBS-GS used column-block width 128 and one GS sweep. Table 1 reports each pruned model
against its matching dense reference; Appendix G gives the checkpoints, the source of each row, and
the two evaluation families (end-to-end and fixed-mask).

Table 1 shows small differences at 25% and larger improvements at aggressive sparsities. At 87.5%
sparsity on Llama-3.1-8B, SparseGPT gives PPL 256.7083 and Block-OBS-GS gives 137.1916, a
reduction of 119.5167. The dense PPL of 6.2403 shows that this is lower PPL under severe pruning,
not preserved dense-model quality. The PPL reduction thus grows with sparsity; whether it carries
over to downstream accuracy is examined next.

Downstream gains are not uniform. Table 2 reports the dense and pruned 8B accuracies on a seven-
task zero-shot average (Avg7) and five-shot Massive Multitask Language Understanding (MMLU). At
25%, 50%, and 75% sparsity, Block-OBS-GS trails SparseGPT on Avg7 by at most 0.2132 percentage
points, and on five-shot MMLU it ties, loses 0.2208 points, and gains 0.7691 points, respectively.
Lower PPL therefore does not establish downstream superiority.



Table 1: WikiText-2 PPL (lower is better; one calibra- Table 2: Llama-3.1-8B accuracy (%):
tion seed). The last column is the increase over the seven-task zero-shot average (Avg7) and
dense model. five-shot Massive Multitask Language Un-
derstanding (MMLU).

Model  Sparsity Dense SparseGPT  Block-OBS-GS  Block — dense

3B 25% 7.8166 8.0679 8.0496 0.2330 Avg7 MMLU
3B 75% 7.8166 63.3754 49.0861 41.2695 Block Block
o - -
gg g;;o 7% Zgéllgg 35é251§£2§? 202421323 19(8)3;23 8B sparsity ~ SparseGPT ~ OBS-GS  SparseGPT  OBS-GS
8B 50% 6.2403 8.2735 8.0960 1.8557 Dense (0%) 714616  71.4616 653112 65.3112
8B 75% 6.2403 36.8552 31.6882 25.4479 25% 70.4328  70.4141 64.4281  64.4281
8B 87.5% 6.2403 256.7083 137.1916 130.9513 50% 648776 64.6967 533685  53.1477
75% 39.2113  38.9981 259578  26.7270

Table 3: Pruning time (s) at 8B/75%. Total wall time Table 4: PPL at 3B/75% with the pruning
excludes PPL evaluation; the listed stages need not sum mask fixed.

to it. - -

3B / 75% fixed-mask reconstruction PPL
8B/ 75% phase SparseGPT (s)  Block-OBS-GS (s) No reconstruction 1327.8287
Calibration / Hessian 112.345 110.029 gﬁgiiegﬁrggfynz}r{”ﬁ‘%‘; Py
Shared factqr preparation 8.961 9.293 Block solve + one GS sweep 52:6043
Mask selection . 2509 3239 Block solve + two GS sweeps 51.3353
Phase-1 reconstruction 236.926 672.853 Block solve + four GS sweeps 50.6087
GS refinement 0.000 56.706
Total pruning wall 474.731 952.782

5.2 Pruning time and the reconstruction bottleneck

Table 3 compares the total pruning time and the time of each stage at 8B/75%.

Where the remaining cost occurs. The block solve of Equation (5), not GS, dominates the gap.
In Table 3, Block-OBS-GS takes 478.051 seconds longer than SparseGPT in total (952.782 versus
474.731 seconds). Of this difference, 435.927 seconds come from Phase 1, the block solve (672.853
versus 236.926 seconds), and GS adds 56.706 seconds. The stage that computes the shared factor F’
takes 8.961 seconds for SparseGPT and 9.293 seconds for Block-OBS-GS, a difference of only 0.332
seconds; it does not include the per-row Cholesky factorizations of Equation (5), which are timed
within Phase 1. The dense trailing products have the same shapes in both methods; the extra time lies
in the row-specific work of Phase 1, which gathers the deleted columns of each row, factors many
small ¢; , x ¢; » matrices, and scatters the results in small, irregular graphics processing unit (GPU)
kernels (Table 9 in Appendix C). Phase 1 is therefore the main optimization target.

Engineering reduces, but does not close, the measured gap. An optimized implementation of
Phase 1 (Appendix C) shortens pruning by about a quarter, while the gap to SparseGPT remains. On
Llama-3.2-3B, the optimized implementation reduces median pruning time from 388.11 to 296.50
seconds at 25% sparsity and from 459.93 to 340.65 seconds at 50%: 1.309x and 1.350x speedups
over the original implementation. These optimized times are 1.760x and 2.056x SparseGPT’s
medians, respectively. PPL changes by less than 0.005, although only 7 of 196 prunable-tensor masks
match exactly (Table 12 in Appendix E.1). The next subsection attributes the PPL gain to the two
stages.

5.3 What each stage contributes

GS refinement (Equation (6)) contributes more than the block solve (Equation (5)). Same-mask
ablations compare reconstruction rules on exactly the same mask M and the same H within
each condition; SparseGPT reconstruction denotes SparseGPT’s column-by-column compensation
(Section 2) applied to that mask. Table 4 shows that, at 3B/75%, one GS sweep adds more benefit
than the block solve alone. Two and four sweeps further lower PPL to 51.3353 and 50.6087 (Table 4).
Because the mask and H are fixed, the rows of Table 4 differ only in the reconstruction. In a
complete run, reconstructed weights also change the inputs and masks of later layers, which explains
the different values in Table 1.

The same comparison over all 12 model-sparsity conditions (Table 10 in Appendix D) gives a
consistent result: in every condition, one GS sweep lowers PPL below both the block solve alone and



SparseGPT reconstruction, and each further sweep lowers it again. The block solve alone, in contrast,
is worse than SparseGPT reconstruction in three conditions.

A second mask. The refinement gain persists on a second fixed mask, selected blockwise by
Wanda-style magnitude—activation scores [Sun et al., 2024]. On 3B at 75% sparsity with this mask
fixed, SparseGPT reconstruction gives PPL 182.9546, the block solve alone gives 195.4004, and the
block solve followed by one GS sweep gives 159.6290. On this mask, the gain thus comes entirely
from GS. On 8B, the corresponding values are 124.0989 and 111.0445.

Pruning followed by quantization. The PPL advantage survives subsequent quantization. In a
matched 3B/50% experiment with GPTQ [Frantar et al., 2023] four-bit weight quantization (W4,
group size 128), PPL after quantization is 16.1311 for SparseGPT and 15.3665 for Block-OBS-GS,
against 13.4737 for GPTQ alone and 7.8166 for the BF16 dense model (Table 11 in Appendix D).

5.4 Scale, memory, and actual sparse execution

At 70B and 50% sparsity, the two methods give similar PPL and pruning time. On Llama-3.3-70B-
Instruct, original Block-OBS-GS gives PPL 6.0389 in 4,313.3 seconds, versus 6.0800 in 4,247.8
seconds for SparseGPT. This single six-GPU run (Table 14 in Appendix E) establishes no scaling law.
At 75%, an earlier run was much slower for Block-OBS-GS (Appendix E).

Pruning memory. Pruning memory shows no general advantage for either method (Appendix F).
On 8B, the peak allocated GPU memory during pruning is 3.7355 GiB for both SparseGPT and
Block-OBS-GS. At 70B/50%, the largest per-GPU allocated peak is 34.2492 GiB for Wanda, 38.8598
for SparseGPT, and 40.8522 for Block-OBS-GS.

Sparse storage and execution. Zeros save memory and time only if they are not stored. We
therefore converted the pruned 8B model at 75% sparsity to a standard sparse format, compressed
sparse row (CSR), and compared it with the same FP32 weights stored densely. For both methods, the
weights shrink from 29.915 to 16.920 GiB, and generating tokens one at a time becomes about 1.28x
faster, but processing a 2,048-token prompt becomes about 34.9x slower (Table 16 in Appendix F).
The sparse FP32 weights are still larger than the usual dense BF16 weights (14.9575 GiB).

6 Related work

Block-OBS-GS follows the second-order line of OBS [Hassibi and Stork, 1992]. The ExactOBS
solver of Optimal Brain Compression (OBC) updates all remaining weights of a row after each
deletion [Frantar et al., 2022]; SparseGPT and Thanos freeze earlier blocks, which our GS stage
revisits (Table 8 in Appendix C). SparseLLM couples several layers [Bai et al., 2024], whereas we
refine one layer under a fixed mask. Mask selection [Sun et al., 2024, Yin et al., 2024, Fang et al.,
20241], structured pruning [An et al., 2024], and quantization [Frantar et al., 2023] are complementary.

7 Conclusion

Block-OBS-GS adds fixed-mask GS sweeps to forward block reconstruction. The sweeps converge
geometrically to the fixed-mask optimum without raising the complexity order, and in our experiments
they lower PPL, most strongly at high sparsity, at the price of a longer pruning time. The study
has limits: it covers Llama checkpoints, one calibration seed, and WikiText-2 PPL as the main
metric; downstream accuracy does not improve consistently; and pruning remains about twice as
slow as SparseGPT, which remains preferable when pruning time matters most. Future work includes
faster batched implementations of Equation (5), an adaptive number of sweeps that stops once the
residual-based error bound of Appendix A.3 falls below a tolerance, joint optimization of masks and
weights, and refinement across layers.
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A Reconstruction as constrained MAP estimation

This appendix derives the MAP view of Section 2; it is an exact restatement of the fixed-mask
quadratic, not a new approximation Expanding the calibration term of the row objective gives

Y (Vi - W) @) =(Vi. - W) - Ho- (Vi — Wi) T,
te[T]

and adding the damping term gives ¢(V;.) = (V;.— W, .)-H-(V;.—W,.)". Hence exp(—q) =
exp(—(1/2)-(V;;—W;.)-(2-H)-(V;,— W) ") is an unnormalized Gaussian density with mean
W ;.. and precision 2 - H - 0. Restricted to the mask, it factors as in Equation (3). This factorization
is the factor graph of Figure 1 [Kschischang et al., 2001, Loeliger, 2004]; MAP estimation on it
combines messages obtained by maximizing variables out [Loeliger et al., 2007], which for Gaussian
factors coincides with marginalizing them out. Every calibration factor is adjacent to every weight;
hence the graph is dense and has cycles. Gaussian belief propagation on such a graph yields exact
means when it converges, but convergence is not guaranteed [Weiss and Freeman, 2001, Malioutov
et al., 2006], whereas GS converges geometrically (Theorem 7). Since a calibration term depends
on all weights of the row, the graph does not imply a sparse H . The indicator restricts the Gaussian
to the affine subspace V'; p = 0; the maximizer of a Gaussian on that subspace is its conditional
mean, Vi, = W,y +Wip-Hpy - H&,lu’ which is Equation (2); MAP estimation needs no
normalization constant. The following subsections apply this view to the forward pass and to GS.

If (Hy);,; = 0 for some j, then the jth row and column of H vanish because Hy, > 0. The

implementation then sets W. ; to zero and (H ), ; to one before damping; then ¢ gains the term

2
V7, and the model above stlll apphes

A.1 Eliminating the trailing weights

Eliminating a trailing weight means marginalizing (equivalently, for a Gaussian, maximizing) over
its possible values, not fixing it at zero (also called clamping). After earlier column blocks have

been fixed, only the columns B U R of row ¢ can change. The current row V(T 2 (Definition 5)
minimizes ¢ given the earlier blocks (shown in the next paragraph); hence the gradlent of ¢ in the
columns 5 U R vanishes there, and

Vi) = Q(V,(C—l)) + (Visur — VETB_J;;) -Hpur.ur - (Visur — VETB_J;Q)T'
For fixed V; 3, minimizing over the still-free trailing weights gives

Vi ViV =~(Visg - V3") Hsr - Hz'x. )
Substituting this expression leaves q(V( N+ (Vig— VE’TB V). 8 (Vig— V(TB )T where
S2£Hpp—Hpr -Hy'p Hrp (10)

is the Schur complement; up to a constant factor, it is the precision of the message from R into B in Fig-
ure 1(a). The block-inverse identity and the triangularity of F' give S = ((H BUR,BUR)_I)B.B =

F;B - F'z 3; hence the reduced quadratic in V'; g has the matrix (F;B . F57B)_1, not H 55 alone.

The trailing part of Equation (5) is the minimizing trailing assignment in Equation (9). Indeed, the
r—1 r—1 -1

block part of Equation (5) gives V; 5 — V( ' ) = VE’DB) ((Feps)" - Fips) - (Feps)'

Fp 3, and the block-inverse identity gives Hp r - H 7_2}72 = _Fl;,lB - F'g . Substituting both

into Equation (9) yields V'; z — ng;l) = fVE’TD_Bl) . ((FB’DB)T . F31DB)71 . (F&DB)—r -Fpr,

which is the trailing part of Equation (5). Initially, V© — W minimizes q without constraints. By

induction over 7, the trailing part of Equation (5) keeps V( ") the minimizer of q given the columns
already fixed, which proves the claim used above. It also explams the limitation: future deletion
constraints are not part of the current elimination problem. Once those constraints are imposed,
previously fixed retained coordinates can cease to be optimal.

In MAP terms, eliminating the future weights produces the message from R into B: a Gaussian
factor on the current block with precision proportional to .S, and the trailing part of Equation (5) is
the conditional mean of the trailing weights given the block update [Loeliger et al., 2007]. Since this
factor can be dense, the graph yields no reduction in cost.
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Table 5: Trace of Example 4. A weight V; o with Ry ; = 0 is optimal given the other weights.

State in Example 4 (Vi,2, Via) Ry ; q
After block 1 (5/4,5/4) 0 -
After block 2 (5/4,15/8)  —5/8  115/32
After one GS sweep (25/16,55/32) —5/32 1715/512
Optimum, Equation (2) (5/3,5/3) 0 10/3

A.2 Why later changes can invalidate an earlier adjustment

Later compensation shifts the residual of earlier weights and can thereby make them suboptimal. For

row ¢, the gradientof gat V'; . is 2 - R ,where R.; = H - (V ;. — W, )T is the ith column of the

GS residual R defined in Section 3.2. We consider an earlier retained set / and a dlSJOlIlt set L of

later coordinates. If subsequent zeroing and compensation change only V; ., from VZ cto ?f’cw

direct subtraction gives
Rnew ROld+Hu£ ( new Vold) ) (11)

Thus, even when ROld = 0, the earlier weights cease to be stationary if Hy, - (V7 — Old) 75 0.
For a retained coordinate J with R7S™ # 0, changing only V; ; by h changes qby 2- h R;?"iw+h2

If H > 0, taking h = —R}" /H; ; decreases it by (R}SV)?/H; ; > 0 without violating the mask.
Hence a forward-pass result with new v # 0 is not the fixed- mask optunum Nonzero coupling alone

is insufficient: Hy - (V75 VOld) may vanish, or the earlier residual may already be nonzero.

The claim is therefore a p0551ble remaining error, not strict improvement for every mask or update.
For H = c¢- X - X' + \- I and disjoint U, £, the coupling is Hy o = ¢ Xy, - X} ; these
cross-products, rather than a qualitative claim about feature correlation, determine the effect.

A.3 The retained residual certifies the remaining error

The residual distinguishes an exact local solve from a completed global reconstruction. With the
mask M fixed, consider the retained part Ry, ; of the ith column of the GS residual R, namely

R.;,=H- (V — W,.)T. Completing the square around the unique constrained optimum Vi of
Equat10n (2) gives

Vi) —q(Vi)=Viu—Viy) Huu Viu—-Viy)" =Rl -Hyy Rui (12)

Thus Ry ; = 0 if and only if the fixed-mask quadratic has been solved globally. If H = Hy + A - I
with Hy = 0 and \ > 0, then

0<q(Vii) —a(V7,) < | Ruil3/

The bound uses the residual already maintained by Equation (6), without solving another full system.
It gives a conservative stopping rule for the quadratic; our experiments use fixed sweep counts.

Each retained-coordinate update minimizes its one-dimensional quadratic: the derivative is 2- R; ; and
the curvature 2 - H; ;. Subtracting R; ;/H, ; from V; ; is therefore exactly Equation (6). In the MAP
view, this update maximizes p in Equation (3) over V; ; with all other weights held fixed, which is
one ICM step [Besag, 1986]. The view explains why later zero constraints create a residual to revisit;
the SPD argument, rather than a generic message-passing claim, proves descent and convergence.

A.4 A worked two-block reconstruction

A two-block example makes this gap concrete. For one output row i, we take W, . = (1,1,1,1) and
H2TI+1-17, which gives
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We fix V; 1 = V; 3 = 0 and use blocks B; £ {1,2} and By = {3,4}. For By, the matrix thg1 .
F, 5, and the incoming weights are

4/5 —1/5
Equation (5) gives V; » = 5/4 and changes the incoming second block to V'; 5, = (5/4,5/4). For
B2’
T 2/3  —1/3
FBz,Bz F,8, = (1/3 2/3 )°
so Equation (5) gives V; 4+ = 15/8. The first stage therefore ends at (0,5/4,0,15/8) with ¢ =
115/32.

Processing By makes 0q/0V; 2 = —5/4 # 0 (Example 4). One left-to-right GS sweep revisits
coordinates 2 and 4, giving (0,25/16,0,55/32) and ¢ = 1715/512, below 115/32. The fixed-mask
quadratic optimum is (0,5/3,0,5/3) with ¢ = 10/3. Thus the two solves of Equation (5) are exact
for their conditional problems, one sweep improves the full objective, and that sweep need not reach
the optimum.

B Proofs and scope of guarantees
This appendix proves the results of Sections 2 and 4 and delimits their scope.

B.1 Details for Lemma 3
The fixed-mask row problem is a strictly convex quadratic in the retained weights. For row i, we set
Vi p = 0. The objective is
Vi) =Viu—-Wiu) Hyu  Viu—Wiy)"
-2 (Viu—Wiu) Huyp- WZD +W,p-Hpp- WZD-

Its gradient with respect to V'; 118 2- (V1 — W, 1) - Hy yy —2-W; p- Hp y. Positive definiteness
of H implies positive definiteness of its principal submatrix H;,.; hence the stationary point in
Equation (2) is the unique minimizer. If i = (), the row is zero and no solve is needed. Rows with
different ¢/ need different submatrices H, ;/; hence one factorization of H does not serve all rows.

(13)

Row-wise minimization therefore solves the whole layer: @ is the sum of the row objectives ¢, with
no cross-row terms, and the mask constraints separate by row. Minimizing each row thus gives the
unique minimizer of @) under the fixed mask M.

B.2 Proof of Proposition 6

The proposition follows from Lagrangian stationarity [Lagrange, 1788, Boyd and Vandenberghe,
2004] and strict convexity. The objective of Equation (4) is q(VZ(:_l)) plus a quadratic form in
ViBur — VETB_U% with matrix Hgur gur. We let p € R¥IP5l be the constraint multiplier,
using one half of the objective in the Lagrangian. Stationarity gives V; pur = VETB_UI7)z — -
((HBUR7BUR>_1)DB,BUR’ whose matrix equals (F5 p,) " - F5,5ur because F is upper triangular,
and the constraint V; p,, = 0 gives u = Vgggl) ((Fpps)" - FB’DB)_l, which is Equation (5).
For any feasible perturbation h € R**IBURI of this solution, the cross term vanishes by stationarity
and the objective increases by h - H gy sur - k', which is strictly positive unless h = 0.

This proof holds v(=Y H, and Dy fixed. The complete fixed-mask optimum is given by Equa-
tion (2); a finite sequence of updates of the form in Equation (5) need not reach it. GS closes this gap,
as proved next.

B.3 Proof of Theorem 7

Each GS update is an exact line minimization, which yields monotone descent. We fix row i with
retained set /. As a function of V'; ;,, the row objective is a quadratic with Hessian 2 - H;; ;4 and
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gradient 2 - R;’i, where R.;, = H - (V. — WZ-}:)T is the ith column of the GS residual R defined
in Section 3.2. Changing V; ;, j € U, by —R; ;/H, ; changes ¢ by

_Q'RQ/ J,J ( ],l/ m) - / J.J- (14)

Thus each update is an exact line minimization, and a complete sweep is nonincreasing. If an entire
sweep leaves the objective unchanged, every update is zero; hence the original residual is zero in
every coordinate. The starting point is then the unique optimum.

Strict descent per sweep becomes a uniform geometric rate by compactness. We let G € RIUIXIU pe
the matrix that maps the error before one complete sweep to the error after it; hence e(*) = GE . e,
By the previous paragraph, |G - €| r,,,, < |l€|| 1, for every e # 0. Continuity and compactness
of the unit sphere of || - || r,, ., With the extreme value theorem [Rudin, 1976, Thm. 4.16], therefore
givey £ |Gy, = max|e||,,, =1 |G - €|y, < 1. Submultiplicativity yields Equation (7).
Completing the square gives the cérresponding objective-gap bound:

aVOT) —aviy) = 1P, , <75 @Vi) - a(Viy). (15)

Here |G| fy = ||H1/2 G- Halzf |l2, whereas the spectral radius p(G) is the largest eigenvalue
magnitude. The spectral radius p(G) < -y governs the asymptotic rate, and both depend on Hy,
and the coordinate order. Standard stationary-iteration theory provides the same SPD convergence
result [Saad, 2003].

The implemented chunked update has the same exact-arithmetic recurrence. Within a chunk with
column set C, the entries R . are updated after each column, as Equation (6) requires. The changes

V(f) V(tj Y of a chunk’s columns, stacked as the columns of one matrix, therefore equal the
sequence of scalar updates in Equation (6), and one product of H ', o with the transpose of that matrix
applies their sum to all rows of the residual. This proves the recurrence’s equivalence, not bitwise
floating-point equality. If finite-precision factorization fails or a nonfinite value appears, the run is
rejected.

What converges. Theorem 7 concerns the fixed-mask quadratic, not mask selection or model
perplexity, and it holds for any starting point, including the first-stage output (Appendix B.4). The
gap q(V§:{+K)) — q(V';.) contracts by at most v* ¥ relative to q(VZ(-:{)) —q(V7;.) (Equation (15)).
A factor near one permits slow convergence.

B.4 Initialization and the role of block reconstruction

For a fixed mask, the damped quadratic is strictly convex in the retained weights. The limit in
Theorem 7 is therefore its unique global minimum, not merely a local minimum. One could instead
set the selected weights to zero, leave the others unchanged, and apply GS: repeated sweeps would
converge to the same optimum for that same mask. The first stage (Equation (5)) is not necessary
for this asymptotic guarantee. It supplies the starting point V') for a finite number K of sweeps
(K = 1 by default) and changes the weights used to select zeros in later blocks. Skipping it can
therefore change both the starting point and the final mask. The theorem does not guarantee that its
initialization is better than every alternative after a fixed number of sweeps; that comparison requires
an ablation with the mask held fixed.

B.5 Why finite sweeps need not dominate another method

Example 8 (Finite sweeps and different initializations). We take one row without deletions,

H =2 % % , and W, . £ (1/3,1/3), which is also the optimum. A GS sweep from zero

gives (1/2,1/4), which has positive error while a comparator initialized at the optimum has zero
error. Descent from one’s own initialization cannot order arbitrary comparators. Conversely, for the

same H and W, . = (1,0), a sweep from zero reaches (1, 0) exactly despite nonzero off-diagonal
coupling. Coupling alone therefore does not imply strict dominance. |
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Table 6: Notation. R is a set of trailing columns; R is the GS residual.

Symbol  Meaning / domain Symbol  Meaning / domain

m,n,T  Positive integers: output features, input x,y Input in R™; output in R™
features, calibration tokens

w.,v Reference and candidate weights in X Calibration inputs in R™*7
Rm Xn

Hy,,H Undamped and damped curvature in M Mask in {0, 1}7*"
Rn Xn

b, K Block width 1 < b < n; integer sweep B, R Current and trailing column sets
count K >0

u,D Retained and deleted columns of a row; ¢ Row objective of Lemma 3
Up, D their parts in B

F Upper Cholesky factor of H ! R GS gradient residual in R™*™

B.6 Role of damping and damping perturbation

Damping makes H SPD, bounds its conditioning, and acts as a ridge penalty. The undamped
curvature H  is only positive semidefinite; it is singular when 7" < n or an input feature is inactive.
For any nonzerow € R, u’ - H-u=c-|| X" -ul|3+X-|Ju|? > \-|u|3 > 0; hence H is SPD.
For any nonempty retained set & C [n], the principal submatrix Hy, z, used in Lemma 3 has smallest
eigenvalue at least \, and its condition number is at most 1 + Ayax (H g)/A. This bound stabilizes the
FP32 Cholesky factorizations. Because Q(V) =c- [|[(V — W) - X||% + X - ||V — W%, damping
is a ridge penalty that keeps retained weights near their original values and limits overfitting to the
calibration inputs [Hoerl and Kennard, 1970]. The two limits delimit the trade-off. As A — 0, the
damped minimizer approaches the undamped one when (Hg)y s > 0, as quantified below. As
A — o0, H &,lu -Hy p — 0in Equation (2); hence retained weights stay at W; ;; and reconstruction
reduces to zeroing without compensation.

Small damping perturbs the undamped minimizer by O(X). We write V7, () for the minimizer
in Equation (2) with damping ), and assume (H )y z = 0; then V7 ;,(0) exists. Since Hpy =
(Ho)pu, the resolvent identity gives

SN = Vi (0) = =X (Vi (0) = W) - (Holuw + A1),

A (16)
Vi, () = Vi, 0 AV (0) = Wil
” z,U( ) 1,Z/l( )”2 Amin((HO)ZA,M)ﬁL)\ ” z,u() ,UHQ

IN

This is an O(\) bound for fixed well-conditioned (H )y4,14, not a guarantee for a singular undamped
system.

C Implementation correspondence and operation counts

This appendix maps the equations to the code and counts their operations. Table 7 separates the
three decisions in which our method differs from prior rules. The same deletion score does not
ensure identical masks, because earlier weight adjustments change the weights scored in later blocks;
Proposition 6 therefore compares reconstructions only for the same current weights and deleted
entries.

Factor construction. The original and the memory-bounded implementations both compute the
blocks of (Hsur sur) ! needed by Equation (5). The original implementation forms the upper

Cholesky factor F' of H ! once. Since F is upper triangular, ((HBURvBUR)il)B,BuR = Fg,B .
F3 gur- The memory-bounded large-model implementation obtains the needed blocks of the tail
inverse (H pur, sur ) ! by reverse-Cholesky solves; it takes F 8,5 as the upper Cholesky factor of
((ngRﬁun)_l)&B and solves F;B Fpr= ((ngR,BuR)_l)B’R. Both therefore use blocks
of the inverse, not the diagonal block H 3 3.
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Table 7: Selection and reconstruction rules of the published designs.

Method Selection rule Reconstruction during prun-  Full fixed-mask refinement
ing

Wanda Weight magnitude times ac- None None

tivation scale

SparseGPT Inverse-factor saliency Ordered column compensa- None
tion and trailing propaga-
tion

Thanos Blockwise score and adap- Joint block compensation Not the GS sweep studied

Block-OBS-GS

tive mask

SparseGPT-style saliency

and subsequent weight up-
dates

Conditional joint solve and
factor-space trailing propa-
gation

here

Cyclic coordinate GS

Table 8: Comparison by optimization choice, not by performance.

Method

Selection rule / target

Which values are adjusted?

Relation to full-mask
refinement

ExactOBS (OBC)

Greedy deletion cost

All remaining weights in a
row after each deletion

Not forward-only; no
separate stage

Wanda Magnitude - activation No retained-weight updates  No reconstruction
norm
SparseGPT Estimated deletion cost Later columns; earlier No separate stage
columns frozen
Thanos Magnitude - activation Joint block correction No separate stage

Block-OBS-GS

norm; adaptive mask
SparseGPT-style score

propagated forward
Joint row-wise block solve,
then later columns

GS revisits all retained
weights; zeros fixed

SparseLLM Masks via local pruning Weights and auxiliary Different, cross-layer
solvers activations across coupled objective

layers

OWL Layer sparsity budgets Determined by underlying ~ Complementary allocation
pruner rule

MaskLLM Learned N:M masks Mask parameters; model Mask learning, not weight
weights frozen refinement

FLAP Structured components Bias compensation Different sparsity structure

and recovery
GPTQ Quantized weight values Later, not-yet-quantized Precision reduction, not

weights

zero selection

Input handling. Numerical preparation precedes the exact-arithmetic analysis. The reference
code copies W and H into FP32, handles columns with (H); ; = 0 as in Appendix A, adds the
damping A of Definition 2, and keeps W as the reference for GS. It checks that H is symmetric
and finite and rejects the run otherwise; the SPD assumption of Section 4 applies after these steps.
Converting the result back to BF16 adds rounding that the exact-arithmetic proofs do not cover.

Selection. Inclusive block thresholding explains the achieved sparsities. For the N £ m-|B]| entries

of a block, scores are (V7 )2/ F?; with j € B, as in Step 1 of Section 3. The implementation
sorts all scores in the block and delétes entries at or below the selected threshold. With zero-based
index | Ng - s], inclusive thresholding can delete one more than the nominal count in the absence of
ties; ties can add more. This explains achieved sparsities such as 0.5000024 rather than exactly 0.5.
The experiments record the achieved counts of each method.

Implementation variants. The engineering variant changes execution, not mathematics. The
original inverse-factor reconstruction and dense-residual GS define the quality and mechanism
studies. The separately evaluated optimized implementation (Section 5.2) uses stable grouping by
deletion count, one stable mask partition, deferred Cholesky-status aggregation, direct scatter, and
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Table 9: Operation shapes and GPU execution for an m X n layer; q is a row-chunk size and ¢ < b a
common deletion count.

Operation

SparseGPT

Block-OBS-GS

GPU execution

Shared preparation

Local compensation

Trailing propagation

Refinement

Dense curvature and
inverse-factor preparation
Ordered column errors;
dense suffix updates

Dense block error times a
b x |R| factor slice

No separate complete
fixed-mask sweep

Same type of dense prepa-
ration

Row-dependent ¢ x ¢ fac-
torizations and g x (b —
£) x £ batched corrections

m X b error times the
same-shaped trailing fac-
tor slice

Ordered scalar steps;
dense n X b by b x m
residual updates

Large dense kernels in
both methods
SparseGPT: regular
updates in a column loop;
Block-OBS-GS:  small
kernels with gathers and
scatters

One large dense product
per block in both methods

Sequential over chunks;
one dense product per
chunk

row-batched triangular GS. Rows in one batch share the system size ¢; ,., not the matrix itself. Every
row still evaluates Equation (5) with its own (F p,)" - F5p,. For a fixed mask, row-batched
triangular GS solves the same lower-triangular recurrence as the scalar-coordinate sweep; it does not
replace GS by a simultaneous Jacobi update. The objective, score, inclusive threshold, block order,
damping, Equation (5), and sweep count are unchanged. Grouping and batching target repeated
indexing, status synchronization, and launches, but the time saved by each change is not separately
isolated. Different floating-point reduction orders can change later activations and threshold decisions.
Table 12 therefore tests end-to-end time and PPL agreement, not bitwise or fixed-support identity.

Detailed cost. The detailed operation counts confirm the class result of Section 4.2. For the J blocks
and m rows, Cholesky factorizations of the ¢; ,. x ¢; , matrices (FB,DB)T - F p, cost O(ZM E,‘ZT.),
and forming these matrices and the triangular solves add at most O(m - n - b?). The products with
(Fppg)' - Fppcost O(m - n-b),and the trailing products with F'iz %z sum to O(m - n?). Sorting
costs O(m -n - log(m - b)) for the m - b scores of each block, in addition to row indexing. When
K > 0, initializing R costs O(m - n?) once; the chunked residual updates cost O (K -m -n?), and the
updates within chunks cost O(K - m - n - b). For transformer layers with comparable m, n and fixed
b, K, sorting does not change the stated asymptotic class. Constant factors depend on the libraries
and hardware and do not affect the class.

Workspace is not an inherent advantage over Thanos. Storing H or F requires O(n?) memory.
Batched row-local systems for a row chunk of size ¢ require O(q - b*) workspace, in addition to
weights and the O(m - n) dense residual. Solving instead of explicitly inverting a local system can
reduce work and live temporaries, but both store matrices of size quadratic in b. This does not prove
an order-of-growth memory advantage over every Thanos implementation. Activation residency,
full-model placement, and concurrent tensors can dominate process memory.

Table 9 distinguishes shared dense products from row-specific indexing and solves. Our profiler
timed only the stages listed in Table 3; it did not measure lower-level GPU costs, such as the number
of kernel launches, memory bandwidth, or occupancy; hence Phase 1 cannot be split further.

D Full mechanism and downstream results

The full fixed-mask grid shows a GS gain in every cell but no uniform gain from the block solve
alone. The block solve alone (KX = 0) does not beat SparseGPT reconstruction in every cell: the
3B 62.5% and 87.5% cells and the 8B 87.5% cell provide counterexamples in this grid. GS reduces
@ from its starting value in all 12 cells. The difference between this grid’s 8B/75% K = 1 PPL
of 32.1759 and the end-to-end result of 31.6882 is not rounding: the fixed-mask study keeps the
recorded layer inputs, whereas the end-to-end run recomputes the inputs of later layers after earlier
layers are reconstructed. The two families are therefore reported separately.
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Table 10: PPL for all 12 model-sparsity cells with the mask fixed (lower is better).

Model  Sparsity  SparseGPT K=0 K=1 K =2 K=4

3B 25% 8.0679 8.0657 8.0471 8.0440 8.0394
3B 37.5% 8.6852 8.6802 8.6075 8.5922 8.5823
3B 50% 10.6299 10.6044 10.2975 10.2510 10.2284
3B 62.5% 18.8784 18.9004 17.1603 16.9743 16.8993
3B 75% 63.3754 63.1194 52.6043 51.3353 50.6087
3B 87.5% 351.0129 374.6063 313.1780 305.0771  297.3557
8B 25% 6.4881 6.4871 6.4764 6.4741 6.4740
8B 37.5% 7.0150 7.0117 6.9693 6.9630 6.9600
8B 50% 8.2735 8.2652 8.1122 8.0881 8.0749
8B 62.5% 13.3615 13.3127 12.5278 12.4170 12.4042
8B 75% 36.8552 36.6588 32.1759 31.6902 31.4683
8B 87.5% 256.7083  257.6679  202.6030 194.2640  190.5517

Table 11: Llama-3.2-3B pruned to 50% sparsity, then quantized by GPTQ to four bits (group size
128).

3B configuration Before W4 PPL  Reported PPL
Dense BF16 - 7.8166
GPTQ-W4 only - 13.4737
SparseGPT + GPTQ-W4 10.6299 16.1311
Block-OBS-GS + GPTQ-W4 10.3057 15.3665

The second-mask experiment. The second-mask comparison isolates reconstruction on a different
fixed support. The experiment of Section 5.3 uses blockwise magnitude—activation masks generated
with the Wanda-style rule [Sun et al., 2024] and keeps the masks and H fixed within each model;
hence only the reconstruction differs. Its PPL values are larger than those in Table 1 and are not
mixed with them. The experiment does not optimize the mask and does not test learned masks.

Breadth and exceptions. Our results support no universal ranking. Earlier experiments on Qwen
and Llama-2 checkpoints and with 2:4 masks contained exceptions; they used a different checkpoint
and evaluator setup and are not combined with the results here. Within the present results, the
regression of the block solve alone on the second mask (Section 5.3) and the mixed downstream
scores (Table 2) show the same limit.

E Runtime profiles and large-model observations

The phase profile compares magnitudes; it does not attribute time exclusively. Table 3 reports
synchronized totals per stage; computing F' is timed separately from the per-row factorizations of
Equation (5), which belong to Phase 1. The total pruning time includes calibration and reconstruction,
not the subsequent PPL evaluation. The 435.927-second Phase-1 difference is 91.2% of the 478.051-
second wall difference as a descriptive comparison of magnitudes. It is not an exclusive attribution:
other stages change in both directions, and some work falls outside the timed stages.

E.1 Repeated 3B optimization measurements

The optimized implementation saves about one quarter of the original 3B pruning time, while
remaining slower than SparseGPT. Table 12 compares the original Block-OBS-GS, optimized
Block-OBS-GS, SparseGPT, and per-row Wanda on the same Llama-3.2-3B checkpoint and evaluator
within each sparsity. The reductions are 23.60% at 25% sparsity and 25.94% at 50%, computed as
1 — toptimized/toriginal from method-wise medians. Speedup means toriginal /toptimized, NOt speedup
over SparseGPT. The optimized/SparseGPT median ratios are 1.760 and 2.056.

Agreement is numerical and benchmark-specific, not exact identity. The optimized and original
implementations agree in PPL, not in pruned weights. At 25% sparsity, optimized PPL is slightly
worse: 8.052227 versus 8.049091 for the original, an absolute difference of 0.003136 (0.03896%
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Table 12: Llama-3.2-3B pruning on one GPU: median and sample standard deviation (SD) over three
fresh-process trials, excluding model loading and PPL evaluation.

3B sparsity Method PPL Median (s) SD (s) Range (s)
25% Original Block-OBS-GS 8.0491 388.11 8.56 383.86-400.34
25% Optimized Block-OBS-GS ~ 8.0522 296.50  3.57 290.35-296.55
25% SparseGPT 8.0699 168.44 440 166.92-175.19
25% Wanda 8.1426 47.78 1.19 46.59-48.97
50% Original Block-OBS-GS 10.2814 459.93 229 457.68-462.25
50% Optimized Block-OBS-GS  10.2765 340.65  0.86 339.40-341.05
50% SparseGPT 10.6255 165.71 1.31 164.42-167.04
50% Wanda 12.5192 4336 047 43.05-43.98

Table 13: Achieved sparsity (%) and Compute Unified Device Architecture (CUDA) memory peaks
(GiB) for the runs in Table 12.

3B sparsity Method Achieved (%) Allocated GiB Reserved GiB
25% Original Block-OBS-GS 25.00023 7.4234 7.4922
25% Optimized Block-OBS-GS 25.00023 7.4840 7.5508
25% SparseGPT 25.00023 7.1328 7.4902
25% Wanda 25.00000 6.9424 6.9980
50% Original Block-OBS-GS 50.00024 7.4234 7.4941
50% Optimized Block-OBS-GS 50.00024 7.4840 7.5527
50% SparseGPT 50.00024 7.1328 7.4902
50% Wanda 50.00000 6.9424 6.9980

relative). At 50%, optimized PPL is slightly better: 10.276547 versus 10.281396, an absolute
difference of 0.004849 (0.04717% relative). Both comparisons meet our acceptance limits of 0.01
absolute PPL and 0.2% relative PPL difference, including each paired measured trial. These are
acceptance tolerances, not statistical equivalence tests. Within each implementation, the three
repetitions reproduce the same recorded masks and final tensor hashes. Across original and optimized
implementations, however, only 7 of 196 prunable-tensor masks match exactly, and none of the 196
final tensor hashes matches, at either sparsity. Thus the end-to-end experiments do not hold the
final support fixed. They support nearby WikiText-2 PPL for the tested checkpoint, calibration seed,
and sparsities, not identical pruned models, guaranteed weightwise equivalence, or preservation of
downstream accuracy.

The timing protocol separates repeatability from calibration robustness. Both suites share one
protocol, which measures runtime repeatability at one seed. Both suites use BF16 model weights,
FP32 statistics and solves, 128 calibration sequences, length 2,048, seed 0, damping fraction 0.01, and
synchronous Compute Unified Device Architecture (CUDA) launches. Both Block variants use width
128 and one GS sweep; the reference row chunk is 4,096, and the optimized GS row chunk is 2,048,
with explicit local-solve and triangular-workspace caps of 256 and 128 MiB. Each method receives one
excluded whole-process warm-up. The measured orders are original/optimized/SparseGPT/Wanda,
Wanda/SparseGPT/optimized/original, and SparseGPT/Wanda/original/optimized. Every measured
trial starts a fresh process; hence process-local first-use costs remain inside the stated timing boundary.
PPL is recomputed from 141 raw negative-log-likelihood (NLL) segments containing 288,627
predicted tokens. Three trials estimate runtime variation at one fixed calibration seed; they do not
estimate seed variation or statistical significance of the PPL differences. The active benchmark uses
GPU 0 with no recorded competing compute process on that device; the host’s other physical GPUs
are not pooled into this timing result.

The optimization does not show a pruning-memory advantage. The optimized implementation
allocates slightly more memory than the original. Table 13 reports the achieved sparsities and
maximum allocated/reserved peaks over the three measured trials, after the post-model-load allocator
reset and within the pruning timer. These are allocator peaks that include the resident model and the
temporary pruning arrays, not checkpoint sizes or serving memory. All timing samples, configurations,
and raw NLL values are kept with the experiment records.
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Table 14: Llama-3.3-70B-Instruct at 50% sparsity; one run on six GPUs.

70B / 50% method Block width PPL  Pruning (s)

dense - 3.8623 -
SparseGPT 32 6.0800 4247.8
Thanos (solve-based) 32 6.1134 18200.3
Wanda - 6.3981 1550.1
Block-OBS-GS 128 6.0389 4313.3

Table 15: Memory at 70B/50%: largest per-GPU CUDA peak over six GPUs (GiB).

70B / 50% method  Allocated (GiB)  Reserved (GiB)

SparseGPT 38.8598 40.7539
Wanda 34.2492 35.0625
Block-OBS-GS 40.8522 42.0410

E.2 Separate 70B reference observations

The 70B run is a single reference observation, not a scaling result. All runs used the same checkpoint
and PPL evaluation, BF16 weights, and FP32 reconstruction, with synchronous execution on six
GPUs. The time ratio of 1.015 between Block-OBS-GS and SparseGPT may reflect amortized fixed
overhead, but one run cannot establish a scaling law. The table does not include the original Thanos
code at larger block sizes or the optimized Block-OBS-GS at 70B.

An earlier 70B run at 75% sparsity, with a different execution configuration, was substantially slower
for Block-OBS-GS; the 50% result here does not show that this gap is closed.

F Memory and inference measurement boundaries

Memory comparisons require the same model placement, precision, workload, device aggregation,
and allocator reset. An earlier 70B comparison (70.2, 77.4, and 22.1 GiB) violated these conditions:
the 22.1 GiB value for Block-OBS-GS covered one active pruning block while the rest of the
model was offloaded to central processing unit (CPU) memory, whereas the baseline values used
other residency, GPU aggregation, allocator resets, and measurement intervals. Its differences
therefore reflect the measurement setup, not the algorithms, and Table 15 replaces it with matched
measurements.

We infer no 70B/75% memory result from these 50% records, and no comparable 75% measurement
is available. The 8B peak of 3.7355 GiB, measured during pruning only, is not directly comparable
with Table 15, because its model-residency and reset boundaries differ. Reserved memory includes
allocator caching and need not equal allocated tensor memory.

Table 16 reports actual CUDA CSR execution and its workload-dependent outcomes. The CSR
conversion is exact up to small logit differences. All 224 pruned linear layers passed exact dense-
roundtrip checks. A 16-token test gave complete top-1 agreement, with maximum absolute logit
differences about 1.17 x 10~* for SparseGPT and 5.20 x 107> for Block-OBS-GS. Prefill used five
warm-ups and 20 measurements at each length 128, 512, and 2,048; fixed-token cached decode used
an initial 512-token context, eight warm-up steps, and 32 measured steps. Each method ran dense
before CSR in one process. There is no randomized outer-run order or uncertainty estimate across
processes.

The matched FP32 payload reduction is 43.44%, and the peak allocated memory is reduced by
40.84%. The FP32 CSR payload is nevertheless 13.12% larger than BF16 dense. These byte counts
are not serialized checkpoint sizes. Both methods thus yield usable sparse representations; the result
is not a memory advantage of Block-OBS-GS.
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Table 16: FP32 weights at 8B/75% in dense and CSR format: payload (GiB), decode (ms/token), and
prefill (ms for 2,048 tokens).

Method Dense GiB CSR GiB  Dense decode CSR decode  Dense prefill  CSR prefill
SparseGPT 29915 16.920 26.520 20.654 548.7 19152.6
Block-OBS-GS 29.915 16.920 26.516 20.662 548.7 19154.5

G Experimental protocols and reproducibility boundaries

Checkpoints and preprocessing. The core experiments used validated ModelScope mirrors of
Llama-3.2-3B and Meta-Llama-3.1-8B. The 70B experiment used Llama-3.3-70B-Instruct and is an
instruction-tuned, not a base, checkpoint. Calibration and PPL used WikiText-2 with the recorded
tokenizer and dataset versions, 128 calibration sequences, length 2,048, and seed zero. The model
sources and tokenizer versions are kept with the experiment records. The Llama checkpoints
[Grattafiori et al., 2024] are used under the Llama 3.1, Llama 3.2, and Llama 3.3 Community License
Agreements, WikiText-2 [Merity et al., 2017] under the Creative Commons Attribution-ShareAlike
(CC BY-SA) license, and Im-evaluation-harness [Gao et al., 2024] under the MIT license; all are used
for research evaluation only.

Evaluator families. Two evaluator families are reported separately. The quality and mechanism
results use an AutoTokenizer-based evaluator and its full-model PPL. The repeated timing runs and
the 70B runs also record the token-level negative log likelihood over exactly 288,627 predicted tokens.
They stay separate even when rounded PPL values are similar. The latter suites compute PPL as the
exponential of total negative log likelihood divided by the number of predicted tokens; padding and
an unpredicted first token are excluded from that denominator.

Timing. Each timing family has its own measurement boundary. The 8B profile uses one synchro-
nized measurement of the total pruning time per method on an NVIDIA RTX PRO 6000 Blackwell
Server Edition GPU. The separate 70B runs use six such GPUs and synchronous launch settings.
Pruning time includes calibration and reconstruction and excludes final PPL evaluation. Neither
family estimates between-run variability. The distinct 3B suites in Appendix E.1 provide three
fresh-process measurements per method at each sparsity; Table 12 reports their range and sample
standard deviation. Their numerical acceptance concerns WikiText-2 PPL, not exact masks or final
weights. BF16 weights and FP32 reconstruction remain distinct from the FP32 serving control.

Software and downstream evaluation. The repeated 3B suites, 8B profile, and CSR study record
Python 3.12.3, PyTorch 2.8.0+cul28, CUDA runtime 12.8, Transformers 4.46.3, and Tokenizers
0.20.3. Downstream evaluation uses Im-evaluation-harness 0.4.11 [Gao et al., 2024]. Avg7 is the
unweighted mean over the Challenge and Easy sets of the AI2 Reasoning Challenge (ARC), BoolQ,
HellaSwag, OpenBookQA, Physical Interaction Question Answering (PIQA), and WinoGrande, using
normalized accuracy where the recorded task supplies it. The dense 8B reference is 71.4616% Avg7
and 65.3112% five-shot MMLU; MMLU uses the sample-weighted aggregate over its 57 subjects.

The GPTQ pipeline uses a separate quantization environment: GPTQModel 7.3.1, Transformers 5.6.0,
and PyTorch 2.8.0+cul28. Its W4 configuration uses group size 128, symmetric quantization, no
activation ordering, sequential quantization, damping fraction 0.01, and batch size one. Calibration
uses 128 sequences of length 2,048 and seed zero. The pre-W4 values measure the exported pruned
checkpoints before quantization; the four final endpoints use the quantization evaluator.

Mechanism controls. Fixed-mask ablations use the same starting weights, masks, and H within
each cell, and their times cover only the reconstruction. End-to-end runs instead let later inputs
and masks depend on earlier reconstructed layers. This difference explains why fixed-mask and
end-to-end PPL values differ (Appendix D).

Reproducibility. Appendices B-G document the assumptions, implementation, precision, cal-
ibration, model placement, and timing protocol, and all tables use archived experiment records.
Comparisons reported from a single run carry no between-run uncertainty estimate.
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Broader impact. Pruning lowers the storage and computation needed to deploy existing language
models. It does not remove their biases or unsafe behavior, and a lower perplexity does not establish
safety. The evaluation uses existing benchmarks and no newly collected personal data.

Limitations of the evidence. The experiments are concentrated on Llama checkpoints, one calibra-
tion seed, and WikiText-2, with selected downstream tests. They do not establish calibration-seed
robustness, learned-mask transfer, optimized-runtime scaling, or production-serving performance.
Matched end-to-end timing across all GS sweep counts and a validated predictor of their PPL benefit
are also unavailable. The 70B memory comparison omits a matched Thanos peak and a comparable
75% study; event-boundary host samples do not establish a host lifetime peak or a simultaneous
aggregate GPU peak. The serving study measures parameter buffers, not serialized checkpoint size,
and does not test a multi-request workload.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction distinguish conditional optimality, fixed-mask
guarantees, and empirical results.

Guidelines:

e The answer [N/A | means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The Conclusion (Section 7) and Appendix G discuss model coverage, calibra-
tion, downstream accuracy, runtime, and deployment.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

25



Answer: [Yes]

Justification: Section 4 states assumptions; Appendix B provides the derivations.

Guidelines:

The answer [IN/A | means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Appendix G records calibration, precision, evaluator, and measurement bound-
aries; the algorithm and proofs specify the method.

Guidelines:

The answer [IN/A] means that the paper does not include experiments.

If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: A public archival release of all experiment code and records has not been
established.

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: Section 5.1 and Appendix G describe the experimental settings.
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: The 3B timing suites report three-trial ranges and sample standard deviations
at a fixed calibration seed. Other quality and 70B comparisons remain single-run; no
confidence intervals or significance claim is made for the PPL differences.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Appendix E identifies single-GPU profiling and six-GPU execution; the serving
protocol is specified in Appendix F.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The authors have reviewed the NeurIPS Code of Ethics. The work uses public
models and datasets under their licenses, involves no human subjects or new personal data,
and releases no new model or dataset.

Guidelines:
e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The broader-impact paragraph in Appendix G describes both the deployment
benefits of compression and the persistence of model biases and unsafe behavior.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.
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o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: No new generative model checkpoint or unrestricted service is released.
Guidelines:

e The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Appendix G credits and cites all assets and states their licenses: the Llama 3.1,
3.2, and 3.3 Community License Agreements for the checkpoints, CC BY-SA for WikiText-2,
and the MIT license for Im-evaluation-harness.

Guidelines:
* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]
Justification: No new dataset or model checkpoint is introduced by this manuscript package.
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: No crowdsourcing or newly collected human-subject data is used.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research

with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: No human-subject experiment is performed.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: The Al-use statement discloses manuscript, analysis, and tooling assistance.
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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