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Abstract

Post-training pruning compresses Large Lan-
guage Models (LLMs) without full-model re-
training, but performance degrades sharply at
high sparsity. We identify two limitations in
existing methods: local importance estimates
miss global spectral structure, and uniform
within-block sparsity ignores heterogeneous
sensitivity across transformer projections. We
propose PRISM, a post-training pruning frame-
work with training-free mask construction and
optional fixed-mask reconstruction optimiza-
tion. PRISM augments activation-based scor-
ing with two adaptive-rank SVD-derived sig-
nals for principal-subspace and residual-aware
importance, combines the factors through
parameter-free CV-based fusion, and allocates
sparsity non-uniformly across attention and
MLP projections using a gradient-weighted
matrix-level sensitivity proxy. Across six
Qwen3 and LLaMA models, PRISM consis-
tently outperforms existing pruning baselines,
yielding up to 16.8% relative improvement in
WikiText-2 perplexity under the evaluated spar-
sity settings.

1 Introduction

The proliferation of Large Language Models
(LLMs) has revolutionized natural language pro-
cessing, with models like GPT-4 (OpenAl, 2023),
LLaMA-3.1 (Grattafiori et al., 2024), and Qwen3
(Team, 2025) demonstrating unprecedented capa-
bilities across diverse tasks. However, this per-
formance comes at the cost of massive parame-
ter counts—ranging from billions to trillions of
parameters—creating substantial barriers to deploy-
ment in resource-constrained environments (Fran-
tar and Alistarh, 2023; Sun et al., 2024).

Model compression techniques, including quan-
tization (Lin et al., 2024; Frantar et al., 2023),
pruning (Frantar and Alistarh, 2023; Sun et al.,
2024), and low-rank decomposition (Hsu et al.,
2022; Yuan et al., 2023), have emerged as essential

strategies for reducing computational and memory
requirements. Among these, post-training prun-
ing is particularly attractive as it eliminates the
need for expensive retraining while achieving sig-
nificant compression ratios (Sun et al., 2024; Fran-
tar and Alistarh, 2023). At high sparsity, however,
current post-training pruning methods still suffer
from two core bottlenecks:

(a) Local Scoring Without Global Structural
Awareness. Methods like Wanda (Sun et al., 2024)
score weights using per-channel activation norms
(IWi;! - |X;]l2) and do not explicitly model off-
diagonal inter-feature correlations when construct-
ing the mask. SparseGPT (Frantar and Alistarh,
2023) incorporates approximate Hessian informa-
tion, but its row-by-row greedy update still solves
a local regression for each row independently—it
does not model the global spectral structure shared
across all rows of the weight matrix. In transformer
layers, correlated input features can make a global
structural prior useful for identifying weights that
are individually unremarkable yet jointly important.
This bottleneck becomes harder once multiple com-
plementary signals are available: recent training-
free adaptive fusion methods such as HyWIA (Liu
et al., 2025) combine fine- and coarse-grained im-
portance assessments for structured pruning, while
hand-tuned fixed mixtures increase adaptation cost
and can generalize poorly across matrices. A di-
rect, matrix-specific rule for fusing activation and
spectral element-wise cues remains underexplored.

(b) Matrix-Level Allocation. OWL (Yin et al.,
2024) uses outlier-weighted sparsity allocation
and reports heterogeneous sparsity across pro-
jections, while BESA (Xu et al., 2024) uses
blockwise reconstruction with differentiable masks
and can learn sparsity for individual linear
weights. PRISM uses SVD/CV signals and a
gradient-weighted matrix-level sensitivity proxy
to redistribute retention across the seven trans-
former projections (W4, Wy, W,,, W,, in atten-
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Figure 1: PRISM combines per-channel activation
scores with SVD-derived spectral cues. The link
from lower principal-subspace pruning energy to a
lower cross-column term is conditional on covariance—
subspace alignment (Section 3.6).

tion and Wy, Wae, Wgown in MLP). Its gradient-
weighted block-local allocation is complementary
to AlphaPruning’s default block-level allocation;
AlphaPruning also studies per-matrix and mixed
variants in its appendix. Our ablations compare
PRISM with a uniform within-block baseline rather
than claiming that prior allocation methods lack
within-block heterogeneity.

Figure 1 contrasts the first bottleneck with
PRISM’s remedy: weights that look individually
unremarkable can still be structurally important,
and PRISM preserves them by adding SVD-derived
importance signals. To address these two bottle-
necks, we propose PRISM (Post-training pRuning
via resIdual importance Signal Merging). The
method is organized around two core ideas plus
one enabling mechanism:

1. Spectral-Aware Multi-Factor Scoring. We in-
troduce two complementary importance signals
derived from adaptive-rank SVD that expose the
global spectral structure of weight matrices—
information invisible to both activation-based
scoring (Wanda) and row-local Hessian regres-
sion (SparseGPT). By decomposing W =
Wiow + R, we derive: (a) residual-gated mag-
nitude, a matrix-normalized measure that high-
lights weights well reconstructed by the low-
rank component, and (b) low-rank component
importance, which highlights weights lying in
the principal singular subspace. These two sig-
nals capture complementary aspects of spectral
structure. Unlike SVD-based compression meth-
ods that replace weight matrices with low-rank
factorizations, PRISM uses SVD only for one-
shot importance estimation and retains the origi-

nal weight structure.

2. CV-Based Parameter-Free Fusion. To com-
bine activation and spectral cues without aux-
iliary training, we derive matrix-level fusion
weights from the coefficient of variation (CV)
of the candidate factors. This simple training-
free rule adaptively reweights the three signals
for each matrix and requires neither learnable
parameters nor grid search (Section 3.3).

3. Gradient-Weighted Intra-Block Allocation.
We allocate heterogeneous sparsity within each
transformer block, across its 7 projection matri-
ces (an Wk> Wv, Wm Wupy Wgate; Wdown)-
This gradient-weighted block-local allocator is
designed to reduce over-pruning of high-impact
matrices and can operate under an external
block-level budget.

Extensive evaluations across six Qwen3 and
LLaMA models show consistent gains for PRISM
under unstructured and N:M sparsity.

2 Related Work

Post-training pruning removes weights from pre-
trained models without retraining, making it at-
tractive for billion-scale LLMs. Wanda (Sun
et al., 2024) scores weights by |W;;|-||.X;||2, and
Wanda++ (Yang et al., 2025) augments Wanda’s
activation-based score with regional-gradient in-
formation and further introduces regional op-
timization. SparseGPT (Frantar and Alistarh,
2023), Thanos (Ilin and Richtarik, 2025), and
FISTAPruner (Zhao et al., 2025) incorporate richer
second-order or structured approximations, but
they still operate locally rather than modeling the
global spectral structure shared across rows of a
weight matrix. SVD-based compression methods
such as ASVD (Yuan et al., 2023), SVD-LLM
(Wang et al., 2025b), and Dobi-SVD (Wang et al.,
2025a), as well as sparse—low-rank hybrids such
as HASSLE-free (Makni et al., 2025) and SALR
(Zhang et al., 2026), exploit spectral structure by
changing the deployed representation. PRISM in-
stead uses SVD only as a one-shot diagnostic for
importance estimation and keeps the original sparse
architecture unchanged.

Combining multiple pruning signals is itself non-
trivial. HyWIA (Liu et al., 2025) uses training-free
adaptive attention to blend fine- and coarse-grained
importance assessments for structured LLM prun-
ing, UNComp (Xiong et al., 2025) uses entropy-
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style uncertainty measures for KV-cache compres-
sion, and MaskLLM (Fang et al., 2024) learns
adaptive semi-structured masks end-to-end. In con-
trast, our CV-based fusion directly sets matrix-level
weights for activation and spectral element-wise
cues from the relative dispersion of the candidate
factors.

For non-uniform sparsity allocation, OWL (Yin
et al., 2024) uses outlier-weighted statistics and re-
ports heterogeneous sparsities across projections,
while BESA (Xu et al., 2024) uses blockwise recon-
struction and differentiable masks to learn sparsity
for individual linear weights. PRISM uses matrix-
level SVD/CV signals and a gradient-weighted
sensitivity proxy to redistribute retention across
W, Wi, Wy, Wy, Wy, Woate, Waown. 1t is
complementary to AlphaPruning (Lu et al., 2024),
whose default is block-level allocation and whose
appendix also studies per-matrix and mixed alloca-
tion.

3 Methodology

3.1 Preliminaries and Problem Formulation

Figure 2 illustrates the complete PRISM pipeline.
Consider an LLM with L transformer layers. For
layer I, let W) & R™>™ denote a weight
matrix (e.g., query projection in attention or up-
projection in FEN). Given a calibration dataset
Dear = {(Xi, Yz)}fL our goal is to find a sparse
mask M) € {0, 1}™*™ for each layer such that:

min

) ) O]
{M(l)} 'C(fpruned(Xv{M oW })aY>

1)

) (

s.t. 7”M lo =1-—s®
my -y

where s() is the sparsity ratio for layer [ and £

is the language modeling loss.

3.2 Adaptive-Rank SVD for Multi-Signal
Construction

Low-rank and sparse—low-rank decompositions
have been used to compress LLM weight matrices
(Hsu et al., 2022; Makni et al., 2025). Motivated by
this structure, we write each matrix as a low-rank
component plus a residual. This decomposition has
a direct consequence for pruning: the layer recon-
struction error £ = tr(AX x AT) separates into
an element-wise term and a cross-column corre-
lation term that depends on how pruned weights
interact through the input covariance; Section 3.6

summarizes this mechanism and Appendix F gives
the full derivation.

Wanda’s per-channel activation statistics align
with the element-wise term (Lgiag) in our
reconstruction-error decomposition, but do not ex-
plicitly represent off-diagonal inter-feature corre-
lations. SparseGPT incorporates the full input co-
variance ¥ x via Hessian-based regression, but it
processes each row of W independently in a greedy
column-by-column update—the resulting mask for
row ¢ does not account for the spectral structure
shared across all rows of W. The SVD of W cap-
tures this shared structure: the right singular vec-
tors Vi, span the principal directions along which
all rows concentrate their energy. By extracting
per-element importance from Vi, PRISM provides
a global structural prior that complements both
Wanda’s per-channel score and SparseGPT’s row-
local Hessian through a one-shot offline scoring
step. The end-to-end offline pruning cost, includ-
ing the optional RO stage in Section 3.5, is reported
separately in Appendix G.

ASVD (Yuan et al., 2023) also uses sensitivity-
based truncation-rank search for layer-specific low-
rank compression. PRISM uses a fixed-probe,
sensitivity-guided rank mapping solely to form
SVD-derived pruning-importance signals while
preserving the original sparse architecture; we eval-
uate this choice as a component rather than claim-
ing a new rank-selection principle.

3.2.1 Layer Sensitivity Analysis

We first compute the sensitivity of each layer to
rank reduction at a fixed probe rank k = kpin:

low

WO %

l -
s _ IWOIR — Wi (B)[17 || o<
B OW ()

2
where the first term measures the relative recon-
struction error and the second term (gradient norm)
captures the layer’s importance for the task. Higher
S indicates the layer is more sensitive to com-
pression and should retain more parameters. Using
a fixed probe rank makes sensitivities comparable
across matrices, keeping the procedure one-shot.

3.2.2 Sensitivity-Guided Rank Mapping for
Importance Estimation

For importance estimation, we map sensitivity to
an adaptive rank k() for layer I:

- Smin
kmin) e o (3)

k(l) = kmin kmax -
* ( - Smin
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Figure 2: PRISM pipeline. Stages 1—4 construct the mask without training; optional fixed-mask RO then updates

surviving weights through reconstruction optimization.

where kpax = 0.5 X min(m, n) and ki, = 0.1 X
min(m,n). In implementation, the mapped value
is converted to an integer by truncation and clipped
to the feasible interval [Kpmin, Fmax)-

Rank-selection intuition. Higher sensitivities
should receive larger ranks: under a smoothness
bound, the loss increase from SVD truncation
grows with both the residual norm and the layer gra-
dient, and both are reflected in S O, Therefore, we
use the monotone mapping in Eq. (3); Appendix E

gives the full directional argument.

Definition 1 (SVD-Derived Importance Signals).
Given the selected rank k") and the correspond-
ing rank-kY truncation Wz(iiv the adaptive SVD

yields two complementary per-element importance
signals (used as L. and 1,,, in Section 3.3):

l l
W5 = Wignl

! l low,ij
Ir(nzlg,ij = |Wz(])| ’ maX(l - 0 + : ’ O)
aw + €0
(4)
0]
l(l) o ’Wlow,ij‘ (5)
Y Wilr o

where 0‘(/%,) = std(WW) is the weight standard de-
viation, and || - || denotes the Frobenius norm.
Luag is a residual-gated magnitude score built
from a matrix-normalized reconstruction gap. Di-

viding |Wi; — Wigwij| by U‘%f) 4 €o makes the

gating term dimensionless and less sensitive to
matrix-wise weight rescaling, while the outer fac-
tor |Wyj| preserves absolute salience. 1, mea-
sures principal subspace membership: weights
with large Frobenius-normalized low-rank mag-
nitude lie within the dominant singular directions
and should be preserved during pruning.

Complementarity of the two signals. A weight
can have large 1,,,, but moderate 1,,,,4: this occurs
when the low-rank component is large at that po-
sition (the weight lies in the principal subspace)
vet the high-rank residual is also non-negligible,
so the normalized reconstruction gap remains size-
able. Conversely, a weight can have large 1,4 but
small 1,,,: this occurs when the weight is small
in absolute value yet almost entirely captured by
the low-rank part, making the normalized recon-
struction gap small and the gate close to 1 while
\Wiow,ij| itself remains small. Thus Y4, and Iy,
identify overlapping but distinct subsets of struc-
turally important weights. Both signals are de-
signed to reduce the principal-subspace pruning
energy defined in Eq. (23), which, under the align-
ment condition summarized in Section 3.6 and de-
tailed in Appendix F, is associated with lower cross-
column reconstruction error.
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3.3 CV-Based Parameter-Free Fusion

We fuse three per-element importance factors: acti-
vation importance following Wanda,

l ! /(1
Igc)t,ij = ’Wz(j)‘ : 35') (6)

where 55.1) = L3N HXEZJ) |3 is the average
squared activation norm of input channel j over the
N calibration samples; and the two SVD-derived
factors Ijy,e and Iy defined in Egs. (4) and (5).
The matrix-normalized construction in Eq. (4) re-
duces within-matrix scale sensitivity. We do not fur-
ther standardize the three raw factors before sum-
mation; instead, we use the coefficient of variation
(CV) to derive matrix-level adaptive weights from
each factor’s relative dispersion:

std(17))

cvl = 1
mean(Igp) + € (7)

f
f € F = {act, mag, low}

CV is scale-invariant, so it remains comparable as a
measure of relative spread across factors. We there-
fore assign matrix-level fusion weights directly pro-
portional to CV:
0
W) = _Ovy
ON
> vy
f'eF

e =107 (8)

Higher-CV factors receive larger weight, while
nearly uniform factors are down-weighted automat-
ically. Since the raw factor values are still summed
directly, CV fusion should be viewed as a training-
free adaptive reweighting heuristic. The final uni-
fied score is

8§ = w17, ©)
feF

which is computed independently for each weight
matrix and used directly to generate the sparse
mask M®. Section 4.4 shows this CV-
based reweighting outperforms uniform, standard-
deviation-proportional, and global hand-tuned fu-
sion.

3.4 Gradient-Weighted Intra-Block

Allocation
Each transformer block b contains T=7
projection matrices {Wt(b) her with
T = {q,k,v,0,up,gate,down}. Instead of

assigning them a uniform sparsity ratio, we
allocate retention within each block, a granularity
that shares a block budget while remaining
compatible with external inter-layer allocation.

For each matrix ¢ in block b, we define local
importance as the block-normalized RMS unified
score from Eq. (9):

wey __ I8V]lr//TWED
local — ’ 7
L Eer ISCO g/ TWED)

We define a matrix-level gradient-weight sensitivity
proxy as

(10)

7o) = [ Wt 0 Voo t]| . ab

which is inspired by Fisher-style saliency measures
but does not estimate the Fisher matrix or its di-
agonal. We then combine the two signals by a
block-wise normalized geometric mean:

700 = (7)) (2a)

local

(12)

where ~ denotes normalization within block b and
A = 0.8. We use A>0.5 because local importance
already aggregates all three fused element-wise
signals, while the gradient-weight sensitivity proxy
provides a complementary matrix-level correction.

We convert Z(¥) into matrix budgets by
ranking the seven matrices within each block.
Higher-ranked matrices receive larger initial re-
tention through a bounded linear schedule over
[Tmin, "max); @ block-wise scaling factor then en-
forces the target retention, and each matrix is
pruned using the unified score S () This rank-
based schedule avoids relying on uncalibrated ab-
solute scales across projection types while preserv-
ing the sensitivity ordering. In the default setting,
the target is the global uniform budget; with an
external inter-layer allocator such as AlphaPruning,
PRISM instead redistributes its layer-wise target
within each block, as evaluated in Section 4.4. Al-
gorithm 1 in Appendix A.1 gives the full procedure.

3.5 Regional Optimization

We adopt Wanda++’s Regional Optimization
(RO) (Yang et al., 2025) as an optional post-pruning
reconstruction step, but use a fixed-mask variant
tailored to PRISM. Unlike Wanda++, we do not
alternate re-pruning and weight updates: once the
mask is produced by the SVD-derived scoring, CV
fusion, and intra-block allocation stages, RO up-
dates only the surviving weights. To stabilize this
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fixed-mask setting, we add an L2 anchor that keeps
the updated weights close to their pre-pruning val-
ues. The resulting per-block objective is

B
. 1
{$%8 B ZHfb(Xj; M® o W(b))
surv ]:1 (13)
~ o Wy )|

e—

‘ 2
orig,surv

)

where gradients and updates are applied to non-
zero weights. This step is optional and orthogonal
to the scoring stage; implementation and cost are
deferred to Appendix A and Appendix G.

3.6 Analysis of SVD-Guided Pruning

We summarize the mechanism and defer proofs to
Appendix F. The analysis is conditional: it does
not claim global optimality, but identifies when
SVD-derived signals can reduce reconstruction er-
ror beyond activation-only scoring. Appendix B
tests the central condition and two observable con-
sequences.

Pruning error decomposes into a diagonal term
and a cross-column term from input-feature corre-
lations. Activation-only scoring mainly targets the
diagonal term, whereas the SVD-derived signals
discourage pruning weights in the dominant right-
singular subspace. This motivates the principal-
subspace pruning energy Epin(M) = || AVy||%.

When off-diagonal input covariance aligns with
this subspace, lower Epin(M) can imply lower
cross-column error. Thus [, targets diagonal
reconstruction cost, while I, and Iy, provide
complementary spectral terms. Section 4.4 mea-
sures principal-subspace pruning energy, while Ap-
pendix B additionally reports covariance—subspace
alignment, post-mask cross-term decomposition,
and hidden-state preservation. These diagnostics
support the proposed mechanism in aggregate but
do not establish a universal per-matrix guarantee.

4 Results and Analysis

4.1 Experimental Setup

We evaluate PRISM on Qwen3 (0.6B, 4B, 8B)
(Team, 2025), LLaMA-3.1 8B (Grattafiori et al.,
2024), and LLaMA-3.2 (1B, 3B) (Meta Al, 2024).
The main tables use calibration seed 42 with 128
C4 sequences of length 1024 (Raffel et al., 2020;
Sun et al., 2024; Frantar and Alistarh, 2023); Ap-
pendix C reports calibration-subset variance over

seeds 42, 123, and 256. We report WikiText-
2 perplexity (Merity et al., 2016) and zero-shot
accuracy on HellaSwag (Zellers et al., 2019),
ARC-easy/challenge (Clark et al., 2018), Wino-
grande (Sakaguchi et al., 2021), PIQA (Bisk et al.,
2020), and BoolQ (Clark et al., 2019). We com-
pare against SparseGPT (Frantar and Alistarh,
2023), Wanda (Sun et al., 2024), Thanos (Ilin and
Richtérik, 2025), AlphaPruning (Lu et al., 2024),
and Wanda++ (Yang et al., 2025); all baseline re-
sults are rerun under identical calibration samples,
sparsity targets, and evaluation code. Because inter-
layer allocation requires adjustable layer-wise bud-
gets, AlphaPruning is reported only at 50% unstruc-
tured sparsity and omitted for fixed N:M sparsity.
In Table 1, Wanda++ and PRISM use RO by de-
fault, while “w/o RO” disables reconstruction to
isolate pruning quality. Table 3(e) contrasts PRISM
and PRISM + AlphaPruning on LLaMA-3.1 8B.
Detailed settings are in Appendix A.

4.2 Main Results

Table 1 presents WikiText-2 perplexity across three
sparsity patterns (50% unstructured, 2:4, and 4:8)
on Qwen3, LLaMA-3.1, and LLaMA-3.2 models.
PRISM achieves the lowest perplexity in every set-
ting. At 50% unstructured sparsity, PRISM w/o
RO is the strongest no-RO method on all six mod-
els; on LLaMA-3.1 8B, it reaches 10.12, ahead
of Wanda++ w/o RO (10.24), Thanos (10.40),
SparseGPT (10.54), AlphaPruning (10.62), and
Wanda (10.72). With RO, PRISM improves to 9.65
and surpasses Wanda++ (9.98), with the largest
gains on smaller models. PRISM targets settings
where pruning cost is acceptable; Appendix G
shows PRISM + RO is costlier than Wanda and
SparseGPT, but 2.28 x faster than Wanda++ with
RO on LLaMA-3.1 8B. Table 3(e) further shows
that AlphaPruning improves PRISM from 9.65 to
9.62, demonstrating compatibility with inter-layer
allocation. Under N:M sparsity, cross-matrix al-
location is inapplicable, so gains primarily come
from within-group selection using the SVD-derived
signals and CV fusion, plus optional RO. PRISM
outperforms the applicable baselines, for example
48.13 vs. 55.24 on Qwen3-0.6B at 2:4 and 15.10
vs. 16.89 on LLaMA-3.1 8B; PRISM w/o RO also
remains better than Wanda++ w/o RO across all
six models under both 2:4 and 4:8. The three-seed
comparisons in Appendix C confirm that the large
gains exceed calibration-subset variance, while the
smallest margins are interpreted cautiously.
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Table 1: WikiText-2 (Merity et al., 2016) perplexity on Qwen3 (Team, 2025), LLaMA-3.1 (Grattafiori et al., 2024),
and LLaMA-3.2 (Meta Al 2024) under unstructured and N:M sparsity. Lower is better. Wanda++ and PRISM use
RO by default; the corresponding “w/o RO” rows disable the reconstruction stage to isolate the underlying pruning
quality. Percentages denote relative improvement over the strongest external baseline.

Sparsity Method Qwen3 LLaMA-3.1 LLaMA-3.2
0.6B 4B 8B 8B 1B 3B
Dense 23.89 11.18 10.93 6.96 11.00 8.74
SparseGPT 38.77 14.17 13.05 10.54 21.86 13.76
Wanda 39.90 14.17 12.92 10.72 26.36 14.74
AlphaPruning (Wanda) 41.73 14.51 13.12 10.62 26.16 14.64
50% Thanos 40.58 14.21 13.29 10.40 22.41 13.84
Wanda++ w/o RO 38.88 14.09 13.01 10.24 21.68 13.74
Wanda++ 34.43 13.93 12.71 9.98 18.92 12.93
PRISM w/o RO 37.64 13.99 12.81 10.12 21.04 13.56
PRISM 32.36(-6.0%) 13.65(-2.0%) 12.52(-1.5%)  9.65(-3.3%) 17.70 -6.4%) 12.61(-2.5%)
SparseGPT 81.63 24.95 18.31 18.45 39.52 25.38
Wanda 215.29 25.16 18.28 26.30 101.76 39.88
Thanos 91.11 22.78 16.58 18.78 38.74 2542
2:4 Wanda++ w/o RO 82.32 24.45 17.56 17.68 39.13 24.95
Wanda++ 55.24 22.53 16.22 16.89 30.13 21.83
PRISM w/o RO 77.64 22.12 16.53 17.42 35.23 23.67
PRISM 48.13(-129%) 18.75(¢-16.8%) 15.95(¢-1.7%) 15.10(-106%) 27.96(-72%) 21.77 (-0.3%)
SparseGPT 58.34 17.87 14.93 13.76 28.45 18.60
Wanda 90.15 18.01 14.89 15.50 50.91 24.00
Thanos 59.35 17.41 14.40 13.85 28.00 18.50
4:8 Wanda++ w/o RO 57.64 17.68 14.82 13.69 27.23 17.88
Wanda++ 45.12 16.93 14.39 12.95 25.33 16.99
PRISM w/o RO 54.22 17.33 14.54 13.12 25.12 17.01
PRISM 39.00(-13.6%) 16.37(-3.3%) 14.17(¢-15%) 11.93(-7.9%) 22.21(-123%) 16.18(-4.8%)

4.3 Zero-Shot Results

Table 2 reports zero-shot accuracy for LLaMA-3.1
8B at 50% unstructured sparsity on the six bench-
marks introduced in Section 4.1. PRISM achieves
the best results on ARC-e, Winogrande, PIQA, and
BoolQ, while remaining competitive on HellaSwag
and ARC-c, where Wanda++ is slightly stronger.
These results provide a downstream transfer check
beyond perplexity rather than an exhaustive eval-
uation. Appendix D further reports a text-branch
pruning transfer check on Qwen3-VL.

Table 2: Zero-shot accuracy (%) for LLaMA-3.1 8B at
50% unstructured sparsity. Higher is better.

Method HellaSwag ARC-e ARC-¢c Winogrande PIQA BoolQ
Dense 79.31 82.53 54.95 74.59 81.18  83.06
SparseGPT 71.88 69.74  43.52 71.03 77.74  80.95
Wanda 69.70 69.61 45.05 69.53 7726 79.17
Wanda++ 71.95 7075  45.90 69.14 77.69  79.72
PRISM 71.81 73.06  45.56 71.32 7775 81.18

4.4 Ablation Studies
4.4.1 Component Analysis

Table 3 summarizes the incremental contribution
of each PRISM component for the main calibration

subset. Panels (a)—(d) use Wanda + RO as the base-
line to isolate PRISM’s scoring, fusion, and intra-
block allocation stages; panel (e) separately tests
compatibility with AlphaPruning. Starting from
10.23 PPL, the full PRISM pipeline reaches 9.65,
a 5.7% relative reduction; the largest single gain
comes from adding the SVD-derived signals. The
three-seed results in Appendix C show that the full
pipeline gain is stable, while several fine-grained
design differences are comparable to calibration-
subset variance.

4.4.2 SVD-Derived Signal Analysis

Table 3(b) isolates the SVD-derived scoring terms
before CV fusion and intra-block allocation.
Adding Z,, to activation-only scoring reduces
PPL from 10.23 to 10.13, while Zj,,, alone gives
only a small change to 10.22. We therefore treat
Tiow as a complementary subspace-preservation
term rather than an independently dominant signal.
Combining both signals is more effective, reaching
9.89 with a fixed rank and 9.83 with adaptive rank
selection.

Figure 3 further shows that PRISM reduces layer-
wise normalized principal-subspace pruning energy
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(a) Components

(b) SVD Signals

Configuration PPL A Role Scoring Variant PPL
Wanda (no RO) 10.72 - - Act.-only scoring (Wanda + RO) 10.23
Wanda + RO (base.) 10.23 - - Tact + Zmag 10.13
. . Iac[ + Ilow 1022
+ SVD-derived signals 9.80 —-33% Corel
+ Adaptive rank 9.83 —3.9% Core Zact + Znag + Tiow (fix. rank) 089
+ CV fusion 9.74 —4.8% Enabler Tact + Zmag + Liow (adapt. rank) 9.83
+ Intra-block alloc. (PRISM) 9.65 —5.7% Core 2
(c) Fusion (d) Intra-Block Allocation (e) Inter-Layer Compatibility
Fusion Strategy PPL Allocation Strategy PPL Setting PPL
Uniform (%, %’ %) 9.83 Uniform within block 9.74 Wanda 10.72
Global tuned ratio 9.79 Local-score-only allocation 9.69 Wanda + AlphaPruning 10.62
Std.-prop. weighting 9.81 Gradient-weight-only allocation 9.72 PRISM 9.65
Score-proportional allocation 9.68 PRISM + 9.62
CV-prop. (ours) 9.74 Arithmetic-mean fusion 9.67 AlphaPruning )
Geom.-mean allocation (ours) 9.65

Table 3: Ablations on LLaMA-3.1 8B at 50% unstructured sparsity. Panels (a)—(d) use PRISM without inter-layer
allocation; panel (e) compares PRISM and PRISM + AlphaPruning. Lower is better.

—e= Wanda+RO

1.02 == PRISM

1.00
0.98 N /'\,_v x = PN\ A
0.96{ . / VOV SV T
0.94 \ ’ 1
0.92

0.90
0.88

Norm. subspace energy

~v

1 4 8 12 16 20 24 28 32

Transformer layer index

Figure 3: Layer-wise normalized principal-subspace
pruning energy for Wanda + RO and PRISM, normalized
by the Wanda + RO baseline (1.00). Lower is better.

relative to the activation-only baseline, supporting
the mechanism in Section 3.6 and Appendix F. This
diagnostic suggests that the fused spectral signals
preferentially rescue weights aligned with domi-
nant singular directions, though it does not estab-
lish causality.

4.4.3 Fusion Strategy Ablation

Table 3(c) compares fusion rules with the scor-
ing pipeline fixed. Uniform weighting gives 9.83
PPL, standard-deviation-proportional weighting
gives 9.81, and a global hand-tuned ratio gives
9.79. CV-proportional fusion gives 9.74, consis-
tent with matrix-specific relative dispersion being
a useful training-free weighting signal; the small
gaps among fusion variants are interpreted with the
variance in Appendix C.

—s— Activation importance

0.55
n —e— Residual-gated magnitude
0.50 == Low-rank component
_ 045
< > ]
4§’ 0.40 .\.’._.\._._._-_._._._----.--.._._._..l-l-._----l------’.
~ 0.35 I .
0.30 A/,,’O-’é:éfo=U‘=o—=o-é:é:é:é:é:é:é:c—é‘-‘é:é:é:é:é:é:é?g:é:é:é:;::
0.25 QS
0.20

1 4 8 12 16 20 24 28 32

Transformer layer index

Figure 4: Layer-wise mean CV-based fusion weights
for Zact, Tmag> and Zioy.

Figure 4 shows that activation importance usu-
ally receives the largest share, while both SVD-
derived factors remain substantial and vary with
depth. We therefore interpret CV fusion as a
training-free adaptive reweighting heuristic rather
than a complete normalization scheme.

4.4.4 Intra-Block Allocation Analysis

Table 3(d) evaluates intra-block allocation with
the element-wise scorer fixed. Uniform within-
block retention gives 9.74 PPL; local-score-only,
gradient-weight-only, and score-proportional vari-
ants give 9.69, 9.72, and 9.68, respectively. The
proposed geometric-mean allocator gives 9.65.
Non-uniform allocation is consistently favorable
in the three-seed study, but the differences among
non-uniform variants are small and do not establish
a statistically decisive advantage for the geometric
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mean.

Table 3(e) shows that PRISM remains com-
plementary to inter-layer allocation. Adding Al-
phaPruning improves PRISM from 9.65 to 9.62,
giving the best overall PPL under the same external
layer-wise budget.

Appendix Figure 5 visualizes the learned reten-
tion shift relative to uniform 50% within-block al-
location. The allocator consistently protects Wy,
W, and Wy, while pruning W, and Wgown
more aggressively; this structured pattern explains
why allocation based on matrix sensitivity im-
proves over uniform and single-signal alternatives.

5 Conclusion

We present PRISM, a post-training pruning frame-
work organized around two core ideas and one
enabling mechanism: spectral-aware multi-factor
scoring from SVD-derived signals, parameter-free
CV-based fusion, and gradient-weighted intra-
block allocation. Across six Qwen3 and LLaMA
models under unstructured and N:M sparsity,
PRISM shows consistent improvements over rep-
resentative baselines, with up to 16.8% relative
perplexity improvement. The intra-block allocator
is further shown to be complementary to existing
inter-layer methods such as AlphaPruning.

Limitations

PRISM targets accuracy-oriented offline pruning
rather than minimum pruning cost. Its SVD-
derived statistics raise peak memory to 43-46
GB on LLaMA-3.1 8B and make it slower than
Wanda, SparseGPT, and Wanda++ without RO (Ap-
pendix G). The current formulation is also designed
primarily for the language decoder, so in our mul-
timodal experiment we prune only the text branch
while keeping the visual encoder and fusion mod-
ules unchanged. Extending PRISM to jointly prune
all multimodal components remains future work.

Potential risks are mainly related to deployment.
By reducing LLLM deployment cost, PRISM may
also lower the barrier for harmful uses of existing
models. Pruning can change robustness, factual-
ity, bias, toxicity, refusal behavior, or other safety-
relevant capabilities in ways not captured by our
benchmarks; we do not evaluate these dimensions
experimentally. Bias and safety evaluation should
therefore accompany deployment of pruned mod-
els.
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A Implementation Details

We implement PRISM in PyTorch (Paszke et al.,
2019) with HuggingFace Transformers (Wolf
et al.,, 2020). All experiments are conducted
on a single NVIDIA H800 GPU. We use the
checkpoints Qwen/Qwen3-0.6B, Qwen/Qwen3-4B,
Qwen/Qwen3-8B, meta-llama/Llama-3.1-8B,
meta-llama/Llama-3.2-1B, and
meta-1llama/Llama-3.2-3B. For  fairness,
all baselines are run with their released implemen-
tations under the same data protocol as PRISM:
identical C4 calibration samples (128 sequences
of length 1024), the same sparsity targets, and the
same WikiText-2 / zero-shot evaluation sets. The
main tables use calibration seed 42; the variance
studies use seeds 42, 123, and 256. For clarity, our
Wanda++ w/o RO implementation is exactly the
original Wanda++ pruning pipeline, corresponding
to the “Wanda++ RGS” variant reported in the
Wanda++ paper.

The main WikiText-2 results use a 1024-token
evaluation context for every dense and pruned
model. Calibration length does not affect dense-
model evaluation; the LLaMA-3.1 8B dense PPL
difference from reports using a 2048-token evalua-
tion context is protocol-dependent. Re-evaluating
the dense checkpoint at length 2048 gives 6.39
instead of the 6.96 reported under our length-
1024 protocol. We compare methods within the
unified protocol used in each table. Adaptive
SVD uses kyin = 0.1min(m,n) and kpax =
0.5 min(m, n); sensitivity is evaluated once at the
probe rank k = kyi, and then mapped to an
integer rank via Eq. (3). CV-based fusion uses
w = v/, v with ¢=10"% and
the activation-factor CV is averaged over B =
5 mini-batches. Intra-block allocation uses the
gradient-weight sensitivity proxy |[W © VwZL|| ¢
and geometric-mean fusion with A=0.8; this proxy
is inspired by Fisher-style saliency measures but
does not estimate the Fisher matrix or its diagonal.
We use an initial retention spread [rin, "'max| =
[0.46,0.54]. Regional Optimization uses RM-
Sprop with learning rate 1 x 10~°, gradient clip-
ping || V|| max=1.0, L2 anchor ©=1.0, 10 iterations,
and 64 random calibration samples per iteration.
For the cost results in Section G, all methods are
timed under the same calibration setup, and the re-
ported wall-clock includes the full offline pruning
pipeline: activation collection, gradient collection,
scoring/mask generation, and optional RO.

A.1 Intra-Block Allocation Procedure

Algorithm 1 Intra-block cross-matrix allocation

Require: Target sparsity Siarge, initial retention
bounds ["min, "max|, balancing A
Require: Unified scores {S(*Y)}, pre-computed
gradients {Vyye. L}
1: for eachblockb=1,...,Bdo

2: Compute local importance
(

gradient-weight sensitivity Isgﬁts) foreacht €
T

3: Normalise both within the block; compute
Z(1) via geometric mean

4: Rank the 7" matrices by Z (b:t), assign initial
retention ratios linearly from [rmin, "max]:

I(b7t)

local and

rank(t)
T—-1

b7t)

(14)

T( = Tmin + (Tmax - Tmin) :

5: Apply a global scaling factor « so the block
satisfies the target:

(1 — Starger) 3o [W)]

> rh - [WED T s)
rt) « clip( - 9 0, 1)
6: Prune each matrix ¢ to sparsity 1 — (%)
using unified scores S(®:)
7: end for

We use Z(") to rank the seven matrices rather than
allocating retention proportionally, as its absolute
scale is not calibrated across projection types. The
linearly spaced initialization in [rmyin, "max] yields
a bounded redistribution less sensitive to score out-
liers while preserving the within-block ordering.
After global scaling, actual retention may shift out-
side this window (clipped to [0, 1]); ["min, Tmax]
controls the spread of the initial allocation, not a
hard constraint.

B Mechanism Diagnostics

We first test the covariance—subspace condition
used in Proposition 3. For each selected layer—
matrix pair, we estimate the off-diagonal input co-
variance Y.g from dense-model calibration acti-
vations and measure ||V, SogVi|| /|| Sot || 7, nOI-
malized by the same quantity averaged over ran-
dom k-dimensional subspaces. Each model uses 20
pairs: five layers and four projections (g, o, up, and
down). Table B.1 shows that most probed pairs
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Figure 5: Layer-wise retention shift from uniform 50%
within-block allocation under the final geometric-mean
allocator. Positive means protection; negative means
more pruning.

Table B.1: Covariance—subspace alignment. Ratio > 1
indicates more off-diagonal covariance energy in the
weight matrix’s top-k right-singular subspace than in a
random subspace.

Model Pairs >1 Mean Median
LLaMA-3.1 8B 20 65% 14.64x 1.29x
Qwen3-8B 20 80% 31.07x 3.24%
Qwen3-4B 20 80% 16.58x 2.35x

have a ratio above one, while the fractions below
100% confirm that the condition is not universal.
We next evaluate representation preservation
on saved LLaMA-3.1 8B checkpoints using 32
C4 sequences of length 1024. Table B.2 com-
pares token-averaged hidden states with the dense
model. PRISM gives the lowest MSE and high-
est cosine similarity among the evaluated methods,
both across layers and at the final hidden state.

Table B.2: Hidden-state preservation on LLaMA-3.1 8B
at 50% unstructured sparsity. Lower MSE and higher
cosine are better.

Method Mean MSE | Mean cos. T Final MSE | Final cos. T
Wanda 0.0810 0.9521 1.6450 0.8348
SparseGPT 0.0546 0.9709 1.1656 0.8832
Wanda++ 0.0579 0.9685 1.2245 0.8767
PRISM 0.0492 0.9737 1.0471 0.8951

Finally, we extract each method’s final mask,
apply it to the dense weights, and decompose the
mask-induced error || X(W — W © M) |2 us-
ing dense-model C4 activations. Table B.3 reports
aggregate values across LLaMA-3.1 8B decoder
projections. PRISM has the lowest aggregate to-
tal error, absolute cross-term, and cross fraction,
although Wanda has a slightly lower median cross-
term. This supports an aggregate interpretation, not
a universal per-matrix guarantee.

Table B.3: Post-mask reconstruction diagnostic on
LLaMA-3.1 8B. Total and cross-term sums are in mil-
lions; the median is in thousands. Lower is better.

Method Total | Cross abs. | Cross frac. | Median |
Wanda 68.16 6.24 0.0916 4.49
SparseGPT 57.21 11.87 0.2075 15.74
Wanda++ 61.64 5.94 0.0964 5.90
PRISM 55.45 5.82 0.0901 4.80

C Calibration-Subset Robustness and
Sensitivity

We repeat the reviewer-raised comparisons using
calibration seeds 42, 123, and 256. Table C.1 shows
that the LLaMA-3.1 8B and Qwen3-4B gains are
much larger than calibration-subset variation. The
LLaMA-3.2 3B 2:4 gain is directionally consis-
tent but small, so we do not treat it as individually
decisive.

Table C.1: Three-seed WikiText-2 PPL (mean4std). All
rows compare PRISM with Wanda++ using RO.

Setting Wanda++ PRISM
LLaMA-3.18B,50%  9.98+0.01  9.65+0.02
Qwen3-4B, 2:4 22.48+0.09 18.81+0.06
LLaMA-3.23B,2:4  21.82+0.05 21.71+0.06

D Additional Multimodal Evaluation

We further examine whether PRISM transfers to
multimodal large language models using Qwen3-
VL-4B-Instruct (Bai et al., 2025). Since our current
importance estimation and sparsity allocation are
designed for the language decoder, we prune only
the text branch and keep the visual encoder and
multimodal fusion modules unchanged.

Table D.1 reports results on MMBench-en
and MMBench-cn (Liu et al., 2024), Hallu-
sionBench (Guan et al., 2024), and DocVQA
test (Mathew et al., 2021). PRISM consistently
achieves the best performance among all pruned
variants, reaching 78.8, 78.4, 54.1, and 91.3, re-
spectively. Compared with the strongest pruning
baseline Wanda++, PRISM improves by 0.5 points
on MMBench-en, 0.2 on MMBench-cn, 0.2 on
HallusionBench, and 0.4 on DocVQA test. These
results suggest that the proposed text-side impor-
tance signals remain effective in multimodal de-
coders. Pruning the visual and fusion modules is
left for future work.
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Table C.2: Three-seed ablation PPL (mean=£std) on LLaMA-3.1 8B at 50% unstructured sparsity. The full pipeline
improvement is stable; several fine-grained differences are small relative to variance.

(a) Components and SVD signals

(b) Fusion, allocation, and compatibility

Configuration PPL Configuration PPL
Wanda (no RO) 10.6940.02 Uniform fusion 9.83+0.01
Wanda + RO 10.2240.02 Global tuned ratio 9.784+0.01
+ SVD-derived signals 9.88+0.02 Std.-proportional fusion 9.81£0.02
+ Adaptive rank 9.8340.01 CV-proportional fusion 9.734+0.02
+ CV fusion 9.734£0.02
. Uniform within block 9.74+0.02
+ Intra-block allocation 9-65:£0.02 Local-score-only allocation 9.684-0.02
Tact + Imag 10.124+0.01 Gradient-weight-only allocation 9.73+0.01
Tact + iow 10.20£0.02 Score-proportional allocation 9.69+0.02
All signals (fixed rank) 9.9040.02 Arithmetic-mean fusion 9.674+0.02
All signals (adaptive rank) 9.83+0.02 Geometric-mean allocation 9.65+0.02
Wanda + AlphaPruning 10.61+0.02
PRISM + AlphaPruning 9.6240.01

Table C.3: Hyperparameter sensitivity on LLaMA-3.1 8B at 50% unstructured sparsity over three calibration subsets.
Defaults are fixed across models; nearby settings remain close.

(a) Allocation balance (b) Rank bounds (c) Retention range

A PPL Bounds PPL Range PPL
0.5 9.79+0.02 [0.05,0.3] 9.88+0.02 [0.49,0.51]  9.71£0.02
0.6 9.69+0.02 [0.1,0.5]  9.83+0.02 [0.46,0.54]  9.6510.02
0.7 9.68+0.02 [0.2,0.5]  9.85+0.02 [0.43,0.57]  9.67+0.02
0.8  9.65+0.02

0.9 9.69+0.02

Table D.1: Multimodal results on Qwen3-VL-4B-  ith k. Since S0 = r;(k) - g; for a fixed probe

Instruct with only the text branch pruned. Higher is
better.

Method MMBench-en MMBench-cn HallusionBench DocVQA test

Dense 83.1 82.5 56.9 94.3
SparseGPT 774 772 52.5 90.1
Wanda 76.5 76.1 50.1 89.6
Wanda++ 78.3 782 539 90.9
PRISM 78.8 78.4 54.1 91.3

E Justification of Sensitivity-Guided
Rank Selection

We give a short directional argument linking sen-
sitivity and rank allocation. Let ¢;(U) denote the
loss function with layer [ replaced by U, assume

¢y is Bi-smooth, let Ry(k) = W — VVIE)ZV)V(IC) be
the residual from rank-k SVD truncation, and let
g = ||[VwwZL| F. A standard smoothness bound
gives
Ai(k) = (Wil (k) = ai (W)
3, ) (16)
< gl Ba(k)llr + 5 [ Ra(k) -

Since | R;(k)||% = Zi>k(a7l(l))2 decreases mono-
tonically with k, the upper bound also decreases

rank k, higher sensitivity implies either larger gra-
dient norm or larger residual ratio at the probe rank;
both favor assigning a larger rank to keep the loss
increment under control. Eq. (3) instantiates this
intuition through an increasing affine mapping,

ok
oS

kmax - kmin
= > 0.
Smax - Smin

(17)

Thus higher sensitivities map monotonically to
larger ranks, while robust layers use lower ranks.
Here (; appears only in the smoothness upper
bound above; it is not estimated or used as an
algorithmic hyperparameter. We therefore keep
the final rule as the simple monotone mapping in
Eq. (3) rather than introducing a separate per-layer
optimization objective over candidate ranks.

F Detailed Analysis of SVD-Guided
Pruning

This appendix provides the full conditional analysis
summarized in Section 3.6. Our goal is not to claim
global optimality of the final mask, but to identify a
mechanism through which the SVD-derived signals

12792



can reduce pruning-induced reconstruction error
beyond activation-only scoring.

F.1 Reconstruction Error Decomposition

Consider a linear layer with input X € R" and
output y = WX, where W € R™ ", Let M €
{0,1}™*™ denote the binary pruning mask, and
define the pruned error matrix

A=1-MoW. (18)

Then the output reconstruction error of pruning is

L(M) =E|AX|2 = tr(AEXAT> ,

(19)
Yx =E[XX].

Proposition 1 (Reconstruction error decomposi-
tion). Let S = [Ex]jj and let 2())? = Yx —
diag(si,...,8n). For row i, define 5? as the -
throw of A and P; = {j : M;; = 0} as the pruned
set in that row. Then

(1 — Mij)*Wis;
1

L(M) ="

i=1j

Ldiag (M)

m
+Y > WyWip[Sxlyy
i=1
7P,

(20)

Leross (M)

Equivalently,

Leross(M) =Y 67 535%6;. 1)
=1

Proof. From (19), L(M) = Y 6,/ Yx6;. Ex-
panding each quadratic form into diagonal and off-
diagonal parts yields (20). Equation (21) is the
same expression written using E%ﬁ. O

Implication.  Activation-only scoring mainly
aligns with Ldiag(M ) because it ranks entries by
a magnitude—activation proxy. However, when
transformer features are correlated across channels,
Lyoss(M) can be substantial, and controlling only
the diagonal term is insufficient.

F.2 Principal-Subspace Pruning Energy
Let the adaptive-rank SVD of the weight matrix be

W =Ww +R=U:SV, + R,  (22)

where V. € R™ ¥ contains the top-k right singu-
lar vectors and R is the residual. We define the
principal-subspace pruning energy as

Bprin(M) = AV =) IViaill3. (23)
=1

This quantity measures how much of the pruned
weight mass falls inside the dominant right-singular
subspace of .

Proposition 2 (Upper bound induced by the SVD
decomposition). For any pruning mask M,

Eprin(M) < 2”((1 - M) © I/Vlovv)H%

(24)
+2[|((1 = M) © R)|7.

Proof. Using (18) and (22),

AV =((1-M)eo W)V
= ((1 - M) © VVIOW)Vk
+((1-M)® R)Vg.

Applying [|A + B||% < 2| A[|% + 2|| B||% gives

Eprin(M) < 2“((1 - M) © VVIOW)VkH%'
+2[[((1 = M) © R)Vil[3-

Since V}; has orthonormal columns, right multipli-
cation by V}, cannot increase the Frobenius norm,
ie., ||[AVk||r < ||A| F for any conformable matrix
A. Substituting this inequality yields (24). O

Proposition 2 gives a direct interpretation of the
two SVD-derived importance factors. The low-
rank score I}y, explicitly protects entries with large
|Wiow,ij|, thereby reducing the first term in (24).
The residual-gated magnitude score Iy, comple-
ments this by favoring entries whose observed
weight magnitude is large while the low-rank re-
construction gap is small. In particular, for each
entry,

[Wiow,ij| = [Wij— Rij| > max(|Wi;|—|Ryl, 0),

(25)
so entries with large |W;;| and small residual |R;;|
necessarily carry substantial low-rank mass. This
makes Ip,g a residual-aware proxy for low-rank
salience, complementary to the explicit low-rank
score Iy .
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F.3 Conditional Relation to Cross-Column
Error

To connect (23) to the cross-column term
Leross(M), decompose each row residual in the
singular basis:
0i = Vi + Vips,
T — VkT(SZ',

(26)

where [V}, V| ] is an orthonormal basis of R". De-
fine

A, =V, 2538V,
B, =V, x5V,
Cr =V 2%y,

27

and the tail energy

Ei(M) = |AVLE =) " llol3.  (28)

=1

Proposition 3 (Cross-column error in the singular
basis). With the definitions above,

Lcross(M) = Z(W'LTAINH + 2 W;kaz
i=1 29)

+ PiTCkpi) :
Consequently,
’LcrOSS(M)’ < HAkH2Eprin(M)

+ QHBkHQ\/Eprm(M) Etail<M)
+ [|Ck |2 Etan (M).

(30)
Moreover, if A, = ul for some p > 0, then
Lcross(M) > 1% Eprin(M)

- 2||BkH2\/Eprin(M) Etail(M)
— [|Ckll2 Etann (M).

€2y

Proof. Substituting (26) into Leposs(M) =
3.8 5586, gives (29). Then

D o Apm <N Agll2 Y llmill3
; :

= ||Ak:||2Eprin(M)>

2 I Bipil < 2||Billa Y lImillalpill
7 %

< 2| Bil2/ Bprin (M) Eran(M),

and
> pi Cipi < ||Ckll2Bean (M),
7
which yields (30). If Ay = ul, then 7, Apm; >
pl|7;||3, and (31) follows by lower-bounding the
leading term and upper-bounding the remaining
two terms in absolute value. O

Proposition 3 clarifies the condition under which
the SVD-derived scores are most beneficial. When
the off-diagonal input covariance is well aligned
with the dominant right-singular subspace—that is,
when || Ag||2 is non-negligible while the coupling
and tail terms || B2, ||Ck /|2, and Eia; (M ) remain
moderate—the cross-column error is largely gov-
erned by Epin(M). In this regime, preserving
entries that carry substantial low-rank mass can
reduce the dominant component of Lcyoss(M ) be-
yond what activation-only scoring achieves.

F.4 Interpretation of the Unified Score

Our final element-wise score for layer [ is

EONORIO RO N0

ij act*act,ij mag” mag,ij
0 7@
+ wlowllow,ij7 (32)
0 0 _
wy” 20, > wy =1,

fe{act,mag,low}
where the matrix-level weights w;l) are obtained by
the CV-based rule in Section 3.3. The three terms
play complementary roles:

* Ioet 1s aligned with the diagonal term
Lgiag(M) in Proposition 1, as it favors en-
tries with large weight magnitude on channels
with strong activation energy.

* T4y explicitly protects entries with large low-
rank magnitude and therefore tightens the up-
per bound in Proposition 2.

* Imag acts as a residual-aware proxy for low-
rank salience via (25), preferentially preserv-
ing entries that are both large in magnitude
and well explained by the low-rank compo-
nent.
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Table G.1: Offline pruning wall-clock and peak GPU
memory on LLaMA-3.1 8B at 50% unstructured spar-
sity under the same calibration setup. For Wanda++
and PRISM, the corresponding “w/o RO” rows disable
the reconstruction stage and isolate the base pruning
pipeline. Lower is better.

Method Time (s) Peak GPU Mem. (GB)
Wanda 34.65 19.23
SparseGPT 260.02 19.51
Wanda++ w/o RO 144.35 32.57
Wanda++ 1929.28 34.75
PRISM w/o RO 836.54 4322
PRISM + RO 844.77 4591

Therefore, the activation term mainly targets the
diagonal reconstruction cost, while the two SVD-
derived terms bias the mask toward lower principal-
subspace pruning energy and, under the alignment
condition described above, lower cross-column er-
ror. The role of the CV-based fusion is to heuristi-
cally balance these complementary objectives on a
per-matrix basis.

Empirical validation. The analysis above moti-
vates several empirical diagnostics. In Section 4.4,
we partially validate the mechanism by focusing
on the most direct observable prediction: the re-
duction of layer-wise principal-subspace pruning
energy Eprin (M) by PRISM relative to activation-
only pruning. This observation does not constitute
a global proof of optimality, but it supports the
central mechanism identified by the analysis.

G Offline Pruning Cost

Table G.1 reports end-to-end offline pruning cost
under the same calibration setup for all methods;
the timing includes activation collection, gradient
collection, scoring/mask generation, and optional
RO. Post-training pruning is an offline, one-time
procedure for a given model and sparsity target,
so our objective is not to minimize pruning time
at all costs, but to improve the final sparse model
within a practical offline budget when such a bud-
get is acceptable. Under this view, PRISM occu-
pies a middle operating regime: it is materially
more expensive than lightweight one-shot base-
lines such as Wanda and SparseGPT, and its SVD-
based scoring stage is also heavier than Wanda++
w/o RO (836.54 vs. 144.35 seconds), but it re-
mains much cheaper than the stronger iterative
Wanda++ pipeline with RO. Under this protocol,
RO adds only 8.23 seconds over PRISM without

RO (844.77 vs. 836.54 seconds), i.e., 0.98% extra
wall-clock in the full offline pipeline. By contrast,
the RO stage increases Wanda++ from 144.35 to
1929.28 seconds, an additional 1784.93 seconds.
As a result, the final PRISM + RO pipeline re-
mains 2.28 x faster than Wanda++ with RO in wall-
clock (844.77 vs. 1929.28 seconds). The main rea-
son is algorithmic: PRISM keeps the sparse mask
fixed during RO, so each iteration performs only
reconstruction updates on the surviving weights.
Wanda++, in contrast, repeatedly re-prunes during
RO and re-collects sublayer-specific inputs before
each iteration, which substantially increases offline
cost. PRISM’s peak GPU memory is higher be-
cause the SVD-based scoring stage and the fused
matrix-level statistics are computed in addition to
activation-driven pruning.
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