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Abstract

Weight pruning is a common technique for compressing large neural networks. We focus
on the challenging post-training one-shot setting, where a pre-trained model is compressed
without any retraining. Existing one-shot pruning methods typically optimize a single ob-
jective, such as a layer-wise reconstruction loss or a second-order Taylor approximation of
the training loss. We highlight that neither objective alone is consistently the most effective
across architectures and sparsity levels. Motivated by this insight, we propose MOONSHOT,
a general and flexible framework that extends any single-objective pruning method into a
multi-objective formulation by jointly optimizing both the layer-wise reconstruction error
and second-order Taylor approximation of the training loss. MOONSHOT acts as a wrapper
around existing pruning algorithms. To enable this integration while maintaining scalability
to billion-parameter models, we propose modeling decisions and introduce an efficient proce-
dure for computing the inverse Hessian, preserving the efficiency of state-of-the-art one-shot
pruners. When combined with state-of-the-art pruning methods on Llama-3.2 and Llama-2
models, MOONSHOT reduces C4 perplexity by up to 32.6% at 2:4 sparsity and improves
zero-shot mean accuracy across seven classification benchmarks by up to 4.9 points. On
Vision Transformers, it improves accuracy on ImageNet-1k by over 5 points at 70% sparsity,
and on ResNet-50, it yields a 4-point gain at 90% sparsity. Our code will be made publicly
available in the camera-ready version if the paper is accepted.

1 Introduction

Contemporary vision and language models have huge parameter counts (He et al., [2016; [Dosovitskiy et al.,
2021} [Zhang et al., |2022)), incurring significant computational costs during the inference phase. Pruning is
a common strategy for compressing large neural networks. The aim is to remove a subset of weights by
setting them to zero while maintaining relatively high predictive performance. Pruning can be either a)
unstructured, where any individual weight can be set to zero (Han et al.l |2015; Benbaki et al., 2023; [Frantar
et al |2022; Kuznedelev et all 2023; [Frantar & Alistarhl [2023; |Sun et al., [2024), b) structured, where entire
rows and columns are set to zero (Ma et al.l [2023; [Meng et al., |2024b]) or ¢) semi-structured where specific
patterns are enforced, such as n:m sparsity, where n weights are set to zero within each block of m weights
(Frantar et al., 2022} Kuznedelev et al.| [2023; [Frantar & Alistarhl 2023; [Sun et all 2024). In this work, we
focus on these three different compression modes.

Various techniques have been proposed for pruning vision and large language models (Han et al., [2015;
Frankle & Carbin, [2019; [Yu et al., 2022; [Frantar et al.l 2022} [Benbaki et al., 2023; [Kuznedelev et al., [2023;
Frantar & Alistarh) 2023 Meng et all |2024a; Sun et all 2024]). Many existing methods rely on gradual
pruning, where the model is fine-tuned on the original loss after every pruning stage to recover accuracy.
However, for billion-scale models, such fine-tuning can be extremely expensive. In this context, recent works
(Frantar & Alistarh) [2022; |[Frantar et al., |2022; Benbaki et al., [2023} [Kuznedelev et al.,2023) have focused on
the challenging task of post-training pruning in one-shot i.e., compressing a model without retraining based
on a small amount of calibration data. In this paper, we focus on post-training one-shot pruning approaches,
which are computationally attractive and particularly relevant for real-world applications.
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When pruning a pre-determined fraction of the weights, various criteria are employed to preserve model
accuracy or perplexity as much as possible, each leading to a different performance-sparsity trade-off. For
example, weight magnitudes can be used as a criterion to decide which weights to prune and which to keep
(Hanson & Pratt] 1988} Mozer & Smolenskyl [1989; |Gordon et al.,[2020). However, magnitude-based pruning
approaches rely extensively on expensive retraining to minimize the loss in performance. Another popular
type of approach uses a local quadratic approximation of the original training loss to estimate the reduction
in model performance. These approaches then approximately minimize this objective while imposing a
sparsity constraint. This idea was introduced by [LeCun et al| (1989b)); [Hassibi & Storkl (1992b)) through
the Optimal Brain Surgeon (OBS) framework and built upon by various methods (Singh & Alistarh| [2020D}
[Frantar et al., 2021; [Yu et al) 2022; Benbaki et al., |2023; [Kuznedelev et al., [2023)). A third prevalent
criterion is based on the layer-wise OBS strategy (Dong et al., 2017, [Frantar et al., [2022; Frantar & Alistarhl,
[2023; |Sun et al) 2024} Meng et al.| 2024b)). In this approach, the pruning task is divided into layer-wise
subproblems. For each layer, the goal is to minimize the squared reconstruction error between the original
and pruned layer outputs subject to a sparsity constraint. While the OBS objective uses global information
from the training loss of the pre-trained neural network to guide pruning, the layer-wise reconstruction loss
uses more localized information in the embedding spaces.

To better understand the impact of pruning criteria on performance, we conducted a series of experiments
across both vision and language models. On Vision Transformers, we evaluated CAP (Kuznedelev et al.
2023), which minimizes a second-order Taylor approximation of the training loss. On a convolutional
neural network (ResNet-50 2015)), we considered OBC (Frantar et al) [2022), which uses the
layer-wise reconstruction loss. For large language models, we evaluated SparseGPT (Frantar & Alistarh|
and Wanda (Sun et al. [2024)), both of which are designed around the layer-wise reconstruction
objective. These methods have support for both unstructured and semi-structured pruning. To isolate
the effect of the pruning criterion, we adapted each method to operate under the opposite objective: we
evaluated CAP using the layer-wise reconstruction error, and OBC, CAP and Wanda using the second-order
Taylor approximation of the training-loss. These comparisons, illustrated in Table [T} revealed that neither
criterion is uniformly superior. Depending on the architecture, pruning method, and sparsity level, either
the layer-wise reconstruction error or second-order Taylor approximation of the training-loss objective may
yield better results. In several cases, the pruning methods performed better when paired with the objective
they were not originally designed to optimize.

This indicates that the two objectives cap-

ture complementary signals of parame- Table 1: Comparison between the second-order Taylor approxi-
ter importance, and relying on one alone matjon of the training loss and the layer-wise reconstruction error
can lead to suboptimal pruning deci- objectives across different pruning methods, models and sparsity
sions. Motivated by this insight, we pro- regimes. We either keep the original objective, indicated with a
pose a novel multi-objective optimiza- gtar * as pruning criterion (approximation of the training loss
tion framework that jointly minimizes for CAP and layer-wise reconstruction loss for OBC, Wanda and

both the layer-wise reconstruction objec-  SparseGPT), or we replace it with the alternative single-objective
tive and second-order approximation of criterion.

the training loss. This multi-objective

optimization consistently improves the ' Second-Order Laver-Wis
f ity trade-off of . Domain Model Method ~ Sparsity ~ Taylor Approx. ayer-yvise
performance-sparsity trade-off of various of Training Loss Reconst. Exror
state-of-the-art methods. SparseGPT  0.50 29.14+0.16 27.15"+£0.23
Language Llama-3.2-1B Wanda 0.50 30.48+0.14 35.71*£0.21
Extending state-of-the-art pruning meth- models Wanda | 0.60 88.87+162 | 117.717 £0.87
. . . . . C4 SparseGPT 0.50 18.1240.06 17.61°£0.08
ods to a multi-objective formulation M perplexity (1) Llama-3.2-38  Wanda 0.50 18.2+0.04 18.88" +0.03
troduces new challenges. These pruning Wanda 0.60 40.28£0.67  41.98" +0.4
algorithms typically approximate the ob- i DeiT-Tiny CAP 0.60 62.28"0.05 54.1840.15
.o . . . . ision 24 52.28"£0.04 47.6540.11
jective using a quadratic form involving models Ty 0507 R E0.08 T 76.56-40.04
the Hessian of the model weights and re-  ImageNet-1kc  Deit-Small CAP 24 69.65°£0.02 70.2540.04
. . . . o accuracy (1) 0.50 50.884:25.39 76.63"+0.05
quire computing (or approximating) its ResNet-50 OBC 070 180142042 74734008

inverse (Singh & Alistarh, 2020a; Fran-
[tar et al. 2022} [Frantar & Alistarhl [2023}
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[Kuznedelev et al., 2023 |Sun et al., [2024; Meng et al., [2024b)). To make this calculation efficient, these meth-
ods rely on approximations or exploit the Hessian structure, typically using a block-diagonal approxima-
tion. However, the Hessians associated with the layer-wise reconstruction loss and the second-order Taylor
approximation of the training loss exhibit different structures, and existing algorithms adopt distinct block-
diagonal formulations depending on the specific objective. As a result, combining the Hessians from different
objectives impacts directly the block-diagonal approximation, introducing new challenges in adapting the
single-objective pruning methods. In MOONSHOT, we propose some modeling decisions (as described in
Figure [2) to adapt the existing algorithms to the new multi-objective formulation.

While a relatively straightforward adaptation is possible for smaller architectures, additional computational
complexity appears in large-scale models. SparseGPT (Frantar & Alistarh||2023) and OSSCAR
, for instance, are state-of-the-art pruning methods for one-shot pruning of LLMs, which minimize the
layer-wise reconstruction error. SparseGPT has support for both untructured and semi-structured pruning
while OSSCAR is designed for structured pruning. Both methods achieve their efficiency by exploiting the
structure of the layer-wise reconstruction objective: the Hessian for each layer is naturally block-diagonal,
with each block corresponding to the Hessian of a row in the weight matrix. Notably, all the blocks are
identical and depend only on the input data. This structure allows for a very efficient computation of both
the Hessian and its inverse. In contrast, MOONSHOT combines the reconstruction loss with a second-order
approximation of the training loss, resulting in a Hessian that is no longer block-diagonal and particularly
large, especially for models with billions of parameters. Even imposing a block-diagonal approximation on the
Hessian of the multi-objective formulation is insufficient: since the blocks along the diagonal differ, inverting
the Hessian requires computing a lot more matrix inversions, and a naive computation quickly becomes
prohibitively expensive in practice. To address these challenges, we develop an efficient method to scale
the multi-objective formulation to modern large architectures. In particular, we propose a fast approximate
method for computing the Hessian and its inverse, enabling compatibility with high-performance state-of-
the-art pruning methods such as SparseGPT and OSSCAR.

Our framework is very flexible and can handle different pruning patterns. MOONSHOT can be used for
any of the sparsity patterns supported by the underlying single-objective baseline. In this work, we consider
unstructured, semi-structured 2:4, and structured sparsity. Unstructured pruning offers strong memory
savings and can yield speedups on CPUs (NeuralMagic| [2021) and specialized hardware accelerators (Han|
et al, 2015} [Dave et all, 2021), but typically requires high sparsity ratios to achieve speedups on GPUs (Gale
et al., 2020)), often at the cost of model performance. In contrast, n:m sparsity also enables efficient execution
on modern GPUs even at moderate sparsity levels (Mishra et al., 2021), making it particularly well-suited for
the sparsity regimes commonly used in large language models (Frantar & Alistarhl 2023). Finally, structured
pruning yields direct speedups on GPUs and CPUs (Kurtic et al.| 2023} Meng et al.| 2024b)), but is typically
applied at much lower sparsity ratios, since maintaining accuracy becomes increasingly difficult at higher
structured sparsity levels.

MOONSHOT is orthogonal to the other existing methods designed to improve single-objective pruning.
In particular, prior works (Frantar et al., |2022} [Kuznedelev et all, 2023} [Lu et al., [2024} [Yin et all [2024)
have shown that, in the case of unstructured pruning, a more principled distribution of the sparsity bud-
get across layers can improve the performance of single-objective pruning approaches. In vision models,
CAP (Kuznedelev et al., [2023) improves top-1 accuracy of DeiT-Tiny on ImageNet-1k by nearly 10 points
(a relative gain of 22%) at 70% sparsity with non-uniform sparsity allocation. These improvements are even
more critical for large language models, which typically suffer severe performance degradation when pruned
beyond 50% sparsity unless the sparsity is distributed non-uniformly across layers. For example,
report that, with OWL, a carefully optimized layer-wise sparsity allocation, it is possible to achieve
71.38% smaller perplexity on WikiText using Wanda at 70% sparsity. We show that when
our method, MOONSHOT, is combined with non-uniform sparsity allocation strategies, we achieve addi-
tional improvements in the performance of the pruned model. On Llama-3.2-1B and Llama-3.2-3B across
both SparseGPT and Wanda pruning baselines, MOONSHOT reduces C4 perplexity by up to an additional
25% and improves zero-shot mean accuracy by up to 1 additional point in comparison to the baselines with
non-uniform sparsity allocation alone.
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Contributions. We propose a novel optimization-based framework, which extends existing single-objective
pruning approaches to a multi-objective formulation, enabling improved accuracy-sparsity trade-offs in the
post-training one-shot pruning setting. Our contributions can be summarized as given below.

e We show that the layer-wise reconstruction loss and second-order Taylor approximation of the training
loss result in different sparsity-accuracy trade-offs across architectures and sparsity levels. To the best of
our knowledge, this is the first work to highlight those differences and systematically compare these two
pruning objectives side by side.

o Motivated by this insight, we introduce a novel multi-objective optimization formulation to simultane-
ously minimize two objectives: a local quadratic approximation of the training loss and the layer-wise
reconstruction error, subject to sparsity constraints. While these objectives have been considered in
isolation, considering them simultaneously is new. Our framework, MOONSHOT (Multi-Objective
ONe-SHOT pruning), provides a principled extension to existing single-objective pruning approaches,
enabling them to operate under a multi-objective formulation.

o We introduce a set of modeling choices and algorithmic adaptations that extend single-objective pruning
methods to a multi-objective setting. For applications to large language models, we propose an efficient
procedure for computing the inverse Hessian in our multi-objective formulation. This fast computation is
essential for preserving the scalability of existing pruning methods. Our implementation of MOONSHOT-
SparseGPT prunes Llama-3.2-3B in under 40 minutes and Llama-3.2-1B in 8 minutes on a single GPU,
showing that the multi-objective formulation remains efficient at the relevant billion-parameter scale.

e We validate our proposed method across diverse domains and applications:

(i) We evaluate MOONSHOT on large language models, including Llama-3.2-1B, Llama-3.2-
3B (Grattafiori et al.,[2024) and Llama-2-13b-chat-hf (Touvron et al.||[2023). MOONSHOT improves
the performance of state-of-the-art pruning methods such as SparseGPT (Frantar & Alistarh| 2023)

and Wanda (Sun et al., 2024) in the post-training one-shot setting, under (a) unstructured sparsity
(including non-uniform allocations via OWL (Yin et all [2024) and AlphaPruning (Lu et al., 2024)),

(b) semi-structured n:m sparsity. It also improves OSCCAR (Meng et al., 2024b) in the structured
pruning case. On Llama-3.2-1B and 3B, MOONSHOT reduces C4 test perplexity
of Wanda by up to 32.6% at 2:4 sparsity, achieves over 20% perplexity reduction for both
SparseGPT and Wanda at 60% and 2:4 sparsity, and improves the mean accuracy across seven
classification benchmarks by up to 1.5 points (see Figureand Table. At 10% structured sparsity,
MOONSHOT reduces C4 perplexity by up to 11% and improves the mean accuracy by up to 4.9
points. For Llama-2-13b-chat-hf, MOONSHOT reduces C4 perplexity by up to 14% and similarly
improves the mean accuracy by up to 1.5 points at 70% unstructured sparsity (see Table .

(ii) We also evaluate MOONSHOT on computer vision benchmarks, including Vision Transformers
(DeiT-Tiny, DeiT-Small, and DeiT-Base) and a convolutional model (ResNet-50). Across these
models, our approach improves state-of-the-art methods such as CAP (Kuznedelev et all 2023)
and OBC (Frantar et al., 2022) in the unstructured and n:m sparsity regimes. In particular, on
ImageNet-1k (Deng et all, [2009)), it improves CAP by over 5 points in accuracy at 70% sparsity and
2 points at 2:4 sparsity, and improves OBC by 4 points at 90% sparsity (see Figure and Table .

2  Multi-Objective Pruning

Our framework aims to improve existing single-objective network pruning methods by considering both the
layer-wise reconstruction error and second-order approximation of the training loss. We first introduce these
single-objective loss functions. We then formulate a new multi-objective optimization problem and propose
MOONSHOT, which adapts state-of-the art algorithms to minimize this new objective. To maintain the
efficiency of the original LLM pruning methods, we finally propose a highly efficient approach for computing
the inverse Hessian, a key component for algorithms like SparseGPT (Frantar & Alistarh,2023) and OSSCAR
(Meng et all [2024D)).
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Figure 1: Impact of MOONSHOT on SparseGPT/Wanda (Llama-3.2) and CAP/OBC (DeiT-Base,
ResNet-50) across sparsity regimes. For vision models, mean cross-entropy and ImageNet-1k accuracy are
reported; for LLMs, perplexity on C4 along with mean zero-shot accuracy over seven classification tasks.
Results are averaged over three seeds with standard errors.

2.1 Layer-wise pruning objectives

Consider the task of pruning a neural network with L layers. For any given layer [ € [L], layer-wise pruning
approaches (Nagel et al., |2020; Frantar et al., 2022; Kuznedelev et al., 2023; Frantar & Alistarh| 2023; |Sun|
aim to zero out some parameters and potentially adjust the remaining weights in the I-th layer
to minimize the performance drop as much as possible. More formally, given the original pre-trained weights
in the [-th layer, layer-wise pruning targets the following discrete optimization problem:

min LW, WO) st SW) < 5O, (1)
w
where S (W(l)) < SO denotes the sparsity constraint, which depends on the sparsity type (unstructured,
structured or n:m) and budget, and K(W(l), W(l)) the loss function, which measures the performance drop

when WO in the i-th layer is replaced by W), Usually, the loss function uses a set of N training samples
{Xi}i]il. As we describe below, there are two commonly used loss functions £ in the one-shot pruning
literature.

Layer-wise reconstruction error. Various existing layer-wise compression frameworks (Dong et al., [2017}
[He et all |2017; Hubara et al., [2021} Frantar et al., 2022 |[Frantar & Alistarh, [2023; [Sun et al., [2024)) evaluate
the pruned network’s performance by examining changes in the output of the pruned layer. Their goal is to

minimize the squared error loss between the layer’s outputs generated by W and WO on a training set.
For a linear layel with input dimension di(rll) and output dimension dffgt, we represent its input over N

training samples as a di(]? x N matrix X, This reconstruction loss (E%)) can be written as follows:

o~ 2
LOW0y = HWmX(w _ WO xW® HF 2)

By ensuring that the outputs of the pruned layers remain close to those of the corresponding dense layers,
this objective preserves the functional behavior of each layer, thereby maintaining the overall integrity of the
model. As the entire network is constructed through the composition of its individual layers, the layer-wise
reconstruction error can be viewed as a local approximation of the training loss.

Second-order Taylor approximation and Fisher loss. Another line of work (Hassibi & Stork], [1992a;
[Singh & Alistarh), 2020b} Benbaki et all 2023) considers the impact of pruning weights on the (global)

1Convolutional layers can be processed in similar ways.
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training loss. They consider a second-order Taylor approximation of the training loss £, around the pre-
trained weights W using a second-order Taylor expansion. Typically, we set VL1, (W) = 0 as W is assumed
to be a stationary point of the training loss.

Since computing the full Hessian is expensive, earlier work (Hassibi & Storkl [1992a)) uses an approximation
based on the empirical Fisher information matrix: V2L (W) ~ H = & 3%, V4, (W)VE(W)T, where
V£;(W) denotes the gradient of the network for weights W on the i-th training sample. In the case of layer-

wise pruning, we prune a layer [ while keeping the weights for all the other layers fixed, and the second-order
Taylor approximation leads to the following Fisher loss:

E%)(W(l)) = (Vec(W(l)) — ve:c(ﬁ/\(l))>—r HY (Vec(W(l)) — vec(ﬁ/\(l))> ) (3)

where vec(W®)) and Vec(W(l)) indicate the vector form of the pruned and dense weights in layer [ respectively,
and H®) denotes the submatrix of the approximated Hessian corresponding to the weights in layer [.

The Fisher loss L%)(W(l)) provides a more global view of the network’s behavior (since this is based on
computing the gradient of the entire pre-trained model) as opposed to the layer-wise reconstruction error
which focuses on the outputs of individual layers.

Pruning objective proposed in MOONSHOT. Leveraging the merits of pruning based on the recon-
struction of the layer outputs and the second-order Taylor approximation of the training loss, our framework
introduces the task of pruning layer [ as a multi-objective optimization problem, defined as follows:

min (£PWO), L0WO))  si SOV < 5O "

This approach offers two benefits: (i) Targeting multiple objectives enhances the accuracy of the pruned
networks beyond what is achievable with a single-objective (e.g. layer-wise reconstruction error or Fisher
loss). (ii) By considering multiple objectives simultaneously and therefore leveraging more information, prun-

ing becomes more robust, maintaining high performance even when one of the single objectives, L‘%)(W(l))
or /.Zg)(W(l)), fails to accurately capture the network’s overall performance.

2.2 Reformulation as cardinality constrained convex quadratic problem

We consider a weighted combination of the two individual objectives to address the multi-objective pruning
formulation in equation |4 To ensure a balanced consideration of ﬁg?(W(l)) and L:;D(W(l)), which might
differ widely in magnitude, we normalize these objectives relative to their values at 0, the weight matrix
filled with zeros. For A € [0,1], we set the objective as:

£3) = (VLR O)LE + (1= N)/LE (0) (5)

In the following, we show how existing baselines can be adapted to the multi-objective formulation: we first
explain how the block-diagonal structure of the Hessian arises in these methods, then how it can be preserved
in the multi-objective case, and finally show how to reduce the multi-objective formulation to a quadratic
problem under sparsity constraints, which can be addressed by existing pruning algorithms.

Block-diagonal representation. The layer-wise reconstruction loss can be rewritten (Frantar et al., [2022)):

dout - 2
cRw®) =3 [wTx® —wOTx0| (6)
=1

with Wz(l) and Wi(’l:) the i-th row of W and W® respectively.

This allows us to express the layer-wise reconstruction loss in the following quadratic form:

£Ow0) = (vec(WU)) - Vec(/W(l))>T g (Vec(W(l)) . Vec(/W(l))) (7)
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with Hg) = Diag (X(l) (XIHT .. 7X(l)(X(l))T), a block-diagonal matrix containing X (XW)T d,,; times.

This exact block-diagonal structure enables Hessian computations to scale to large architectures, where a
dense Hessian would be intractable. It also makes the objective separable, which can be exploited to improve
the efficiency of pruning algorithms (Frantar et al., [2022; |[Frantar & Alistarh) [2023]).

Similarly, for computational reasons, the existing single-objective pruning algorithms using the Fisher
loss also assume H®) in equation |3| to be block-diagonal (Singh & Alistarhl 2020b: Benbaki et al., |2023;
Kuznedelev et al., 2023). Specifically, we can write H®) in Fisher loss as Diag(Hfl), Hél), e ,Hg)) with K
the number of blocks. Using the quadratic expressions from equation [3] and equation [7 the weighted loss
from equation [5] becomes:

O 0y — D) — vee(@O) " [ A 5O 20 WO) — vee(ID
£ wo) (vec(W ) — vec(W )) <£%)(O)HR + o )(Vec vec(TW )) (8)

dout
A a0 O v v (D 0 o — 5O T HO (u® — g0
- ﬁ%) (O) ; <Wi,: - Wi,: ) X (X ) (Wi,: W’L ) — H ( Wy — wk) ) (9)

®

where w,,” and @ ()

denote the weights of W® and w corresponding to block k in H® respectively.

Adapting existing baselines. If H g) and H® use different block sizes, the original block structure would
be altered. To isolate the impact of the multi-objective formulation while preserving the effectiveness of the
baseline, MOONSHOT enforces the block size of the original baseline. As described in Figure [2] there are
two main cases:

o For algorithms focusing only on the Fisher loss, such as CAP (Kuznedelev et al., 2023), we can
apply a block-diagonal approximation to Hpg, specifically to X (l)(X )T ensuring that each block

of Hg) aligns in size with the corresponding block of H®). In this case, we maintain the original
block-diagonal approximation of H") assumed by the single-objective baseline.

o For algorithms that focus solely on the layer-wise reconstruction loss, such as OBC (Frantar et al.|
2022), SparseGPT (Frantar & Alistarhl [2023) and OSSCAR (Meng et al., [2024b), we can set K
t0 dout, ensuring that each block of H) matches the dimensions of X (l)(X (l))T. In this case, we

maintain the exact block-diagonal structure of H g) without further approximation, as in the original
baseline.

Finally, for Wanda (Sun et al., 2024) which uses a diagonal approximation of X (X )T we use a diagonal
approximation of H) as well.

In all cases, we write in the following H( ) = Diag (L( ). ,L(Il()) (L,(Cl) denotes either a block of the block-
diagonal approximation of X (X)T or X1 (X )T itself, depending on the baseline).

Quadratic formulation. Let F(l) c(l;\(o) L(l) + z:(”(/\o) H,El) The multi-objective formulation in equatlon
can be reformulated as the following quaRdratlc optimization problem under sparsity constraints:
K
min £ =N @ - e TFE ) - @) st sw®) <8O, (10)
wo k=1

Most single-objective pruning methods reduce to solving a separable quadratic problem with sparsity
constraints (Frantar & Alistarh| [2023; Kuznedelev et al., 2023; [Frantar et al. [2022; [Meng et al., 2024b).
At this point, the formulation resembles the single-objective case (equation [3|and equation , which means
that existing single-objective baselines can, in principle, be applied to the new multi-objective setting.
However, as we show in the following section, a direct application in the case of LLMs is intractable and
requires additional adaptations.
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Figure 2: Depending on the block-diagonal approximation assumed by the single-objective algorithm,
MOONSHOT matches the size of the original block-diagonal approximation to the Hessian of the other
objective. [Left] Case 1: When adapting a Fisher-objective algorithm, we keep the block-diagonal approx-
imation of H® from the baseline unchanged, and perform a block-diagonal approximation on Hl(%l) (more
precisely on X (X®)T). [Right] Case 2: When adapting a layer-wise reconstruction objective algorithm,
we keep the exact block-diagonal form of Hg), as in the original baseline, and perform a block-diagonal
approximation on H®.

2.3 Efficient inverse Hessian computation for LLMs

Most state-of-the-art single-objective pruning methods (Frantar et al.,|2022; Kuznedelev et al.l [2023; Frantar,
& Alistarh) [2023; |Sun et al., 2024; Meng et al.} [2024b)) require access to the inverse Hessian (F,il))*1 for each
layer | and block & in order to compute the impact of pruning a weight w, on the objective, as well as the
potential update on the support d,, as described in the OBS algorithm (Hassibi & Storkl [1992b)):

S U ) R [ (o
P iy i T TR, ) e “”

In the case of structured pruning, this formula can be extended to determine the impact of pruning an entire
column (Kurtic et al.l [2023; Meng et al [2024b) but still requires computing (Fé”)‘l. While this inverse
Hessian can be computed efficiently for vision models (as in OBC (Frantar et al.| [2022)) and CAP (Kuznedelev
et al., [2023))), the computation becomes significantly more challenging in the context of LLMs. This is due
to the larger number of blocks and the higher dimensions of F,El). Indeed, state-of-the art layer-wise pruning
algorithms like SparseGPT (Frantar & Alistarh) 2023) and OSSCAR (Meng et al., 2024b) use the layer-wise
reconstruction loss with no further block-diagonal approximation: Lgl) =... = L(Il() =X (l)(X (l))T. This
design requires just one matrix inversion of X () (X (l))T, which makes the algorithm practical even for large
models. In our multi-objective formulation, by contrast, each block F,El) is different due to the Fisher loss
component. Therefore, a naive adaptation of such algorithms to the multi-objective formulation would
require computing K matrix inversions (one for each block) instead of one, which would significantly slow
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Algorithm 1 Efficient Computation of the Block-Diagonal Hessian Inverse

Input: Layer input matrix X e R XN per-sample gradients A,(fl) € R%x N for each block k = 1,...,K,
multi-objective weight A € [0, 1].
1: Compute base inverse:

-1
Ay xO)T
J°<_<£§Q(0)X (x®) >

2: for each block k=1,...,K do
3:  Compute G,(f) using the Woodbury identity (see Appendix :

)T

T —1
G](Cl) — Jp — <1 A ) JQAS) (IN + LA A(l) JOAI(cl)> Ag

- Ji
NL£D (o) N£D (o) Tk 0

Output: Block-diagonal Hessians inverse {(F,gl))_l}szl = {G,(CI)}ICK:1

down the algorithm. However, by leveraging the structure of our multi-objective formulation, we can
compute the inverse Hessian efficiently. In particular, for a layer [, the Hessian component from the layer-
wise reconstruction error X (X®)T does not depend on the block k. In addition, the size of calibration
sets N for LLMs is often small (128 for SparseGPT, Wanda and OSSCAR). Consequently, the Hessian

component coming from the Fisher loss H ,gl) is a matrix of low rank r < N < di(rll) that can be written as
T

HY = %AS)AS) with AV = {Vﬁgl)k vl Vég\l,)k} € Réw xN (d) is the block-size in this case).

We therefore propose to compute Gg) = (F, ,gl))_l, necessary for the state-of-the art OBS strategy used in

SparseGPT, OBC, Wanda, CAP, OSSCAR, following the procedure described in Algorithm Our exact
adaptation of the SparseGPT algorithm, denoted MOONSHOT-SparseGPT, is provided in Appendix [A22]

)T

. o . N M) 7 A0
Here, Iy € RV*N is the identity matrix, and Iy + Nég)(o) A DA,

the N x N matrix inversion and the Woodbury identity (Woodbury & of Statistics, [1950) can be computed
very efficiently (at most 5-6 seconds for the largest layers of LLama-3.2-3B) in the case we are interested in
(N = 128). In particular, we observe a speedup of up to 6 times in comparison to inverting all the blocks
using the standard matrix inversion via Cholesky decomposition (used in SparseGPT and OBC for example).
While previous work also use the Woodbury identity to compute the Hessian inverse in the literature (Singh
& Alistarh, 2020a} Kurtic et al.| [2022), we extend in this paper its application to the billion-parameter scale
and adapt it to the multi-objective pruning setting. The exact derivation of the update in Algorithm [] is
provided in Appendix [A-3] It is important to note that the steps described above enable exact computation
of the Hessian inverse for the block-diagonal approximation shown in Figure

is of size N x N. Therefore,

3 Experiments

3.1 Models and Datasets

We evaluate the performance of our method on a wide range of models and baselines. Thus we prune:

o Several Llama models: Llama-3.2-1B (1B parameters) (Grattafiori et al., 2024, Llama-3.2-3B (3B param-
eters) (Grattafiori et al) 2024) and Llama-2-13b-chat-hf (Touvron et al., [2023)) (13B parameters) using
SparseGPT (Frantar & Alistarhl [2023)), Wanda (Sun et al., |2024) and OSSCAR (Meng et al.| 2024b)

o The DeiT Vision Transformers (Touvron et al. 2021): Deit-Tiny (5.7M parameters), Deit-Small (22.1M
parameters) and Deit-Base (86.6M parameters) using CAP (Kuznedelev et al., [2023))

o A Convolutional Neural Network (He et al., [2015): ResNet-50 (25.6M parameters) using OBC (Frantar
et al., 2022])

We additionally prune the Instruct variants of Llama-3.2-1B and Llama-3.2-3B using SparseGPT and Wanda
and report the results in Appendix [A-9]
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OSSCAR (Meng et all [2024b) greedily prunes columns by optimizing a layer-wise reconstruction objective,
with an optional local-search refinement. In our experiments, we use OSSCAR default hyperparameters and
focus on OSSCAR greedy pruning step.

For pruning, we use 128 samples for the LLMs from the C4 (Raffel et al.| [2020) dataset, and 4096 samples from
ImageNet-1k (Deng et al., [2009)) for the vision models. While we focus on the test accuracy on ImageNet-1k
for the vision models, we focus on both perplexity and zero-shot performance for Llama-3.2. Following
previous work (Frantar & Alistarhl [2023; [Sun et al.| 2024)), we compute the test perplexity on WikiText2
(Merity et all [2016) and PTB (Marcus et al., [1994). Additionally, we assess the zero-shot accuracy of the
pruned LLMs on a variety of common-sense reasoning datasets, including BoolQ (Clark et al., 2019), PIQA
(Bisk et all, [2020), HellaSwag (Zellers et al, [2019), WinoGrande (Sakaguchi et al., 2021), ARC-easy (Clark
et al |2018), ARC-challenge (Clark et al., |2018), and OpenBookQA (Mihaylov et al., |2018)). In addition to
mean performance across the seven classification benchmarks, we also report the win rate, i.e., the percentage
of benchmarks on which one method outperforms the other.

3.2 Setup

We prune Llama-3.2-3B and Llama-2-13b-chat-hf on a single NVIDIA A100 GPU (80 GB) and Llama-3.2-1B
on a single NVIDIA L40 GPU (40 GB). For the vision models, we use four NVIDIA L40 GPUs (40 GB each)
and prune the layers across the four devices. MOONSHOT is implemented in PyTorch (Paszke et al., |2019).

3.3 Implementation Details

Pruning blocks of rows with MOONSHOT-SparseGPT and MOONSHOT-OSSCAR. Unlike
the single-objective setting where the Hessian is block-diagonal with identical blocks repeated, H =
Diag(XXT,...,XXT), MOONSHOT-SparseGPT and MOONSHOT-OSSCAR with A\ # 1 uses a Hes-
sian with row-dependent blocks, H = Diag(F},..., Fk). In the case of the largest layers, storing all the
blocks simultaneously can become infeasible under GPU memory constraints. Our adaption of SparseGPT
and OSSCAR prunes the rows by blocks of size K. The exact adaptation of SparsegGPT is described in
Appendix [A:2)

Efficient Backsolve for OSSCAR. After the greedy column-selection step, OSSCAR performs a backsolve
(i.e., it computes the optimal weights on the support). To preserve efficiency in the multi-objective setting, we
exploit problem structure to perform this backsolve efficiently. Additional details are provided in Appendix

Ad

Pruning Efficiency. In the case of the attention layers, a sufficiently large K, can be used; however, for
the much larger projection layers, K, often needs to be reduced, which can increase runtime due to reduced
parallelism. Moreover, the projection layers typically require a larger H, further increasing computational
cost. To maintain the efficiency of the original method in the case of LLMs, only the self-attention layers
are pruned using the multi-objective formulation. Concretely, this corresponds q_proj, k_proj, v_proj,
and o_proj for SparseGPT, and o_proj for OSSCAR (OSSCAR prunes only the down_proj and o_proj
matrices.) The projection layers are pruned using the layer-wise reconstruction loss only. For SparseGPT,
we select K, such that at least 50% of rows are pruned at a time for Llama-3.2-1B and Llama-3.2-3B, and fix
K, = 512 for Llama-2-13b-chat-hf. For OSSCAR, K, corresponds to 50% of the rows for Llama-3.2-1B and
25% of the rows for Llama-3.2-3B. An evaluation of MOONSHOT ’s effectiveness with the pruning times of
each method is included in Appendix [A.5]

We additionally evaluate the impact of applying MOONSHOT across both the attention and projection
layers of Llama, both in terms of performance and computational cost, in Appendix [A-§]

Hessian Recomputation. Fisher-based methods typically compute H") once, as recomputation requires
per-sample gradients, and they report results with Hessian recomputation as a more costly alternative
(Benbaki et al.| 2023} [Kuznedelev et all [2023). In contrast, layer-wise reconstruction-based methods like

SparseGPT and Wanda recompute HI(;? after each block of layers, as Hg) depends only on the input
data and can be recomputed with relatively low overhead (Frantar & Alistarh| 2023} [Sun et al., [2024)). In

10
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this paper, due to the multi-objective formulation, we follow the standard approach in the Fisher-based
literature, and compute the Hessian (inverse) once. We also report results with Hessian recomputation after
each block for SparseGPT and Wanda in Appendix [A7]

Selecting )\ in equation The results provided in Tables and in Figure [4] are obtained by selecting
the best value of A based on the training loss for vision models and training perplexity for LLMs. For
the vision models, we evaluate A € {0.0,0.25,0.5,0.75,1.0}, and for the Llama-3.2 models, we test A €
{0.0,0.1,0.25,0.5,0.75,0.9,1.0}. For Llama-2-13b-chat-hf, we only test A € {0.9,1.0}.

While A\ is selected via tuning, Sectionshows that A € (0,1) - that is, beyond the standard single-objective
baselines (A = 0 or 1) - almost always lead to better performance. In addition, A = 0.5 for vision models
and A = 0.9 for LLMs serve as simple and effective defaults in resource- or time-constrained scenarios. For
typical pruning use cases, where pruning is performed once offline and the resulting model is used across
multiple downstream tasks or applications, investing in hyperparameter tuning can further enhance the
performance gains achieved by MOONSHOT.

Hyperparameters. Additional information on the hyperparameters used for the baselines and MOON-
SHOT is provided in Appendix [A.6]

3.4 Main Results

Tablesandreport results at relevant sparsity levels: 10% structured and 60%/70% unstructured for LLMs,
70% unstructured for DeiT models, and 90% unstructured for ResNet-50, in addition to 2:4 semi-structured
sparsity. Across all settings, MOONSHOT consistently outperforms the baseline, yielding statistically signif-
icant improvements. Comprehensive results across architectures, sparsity regimes and A values are available

in Appendix

Vision Models. Table [2]shows that on DeiT-Small, MOONSHOT improves test accuracy on ImageNet-1k
by up to 5.5 points compared to CAP at 70% unstructured sparsity. This indicates that the Fisher-based
Hessian used in CAP is insufficiently informative at this level of compression. In contrast, our multi-objective
formulation yields a more stable and informative Hessian, resulting in a much higher quality pruned model.
DeiT-Tiny and DeiT-Base also show consistent improvements of 1-3 points across both unstructured and
semi-structured sparsity settings. For ResNet-50, MOONSHOT improves accuracy by 4 points at 90%
unstructured sparsity compared to OBC, and further improves performance at 2:4 sparsity.

Language Models. Table [3] shows that on Llama-3.2-1B, MOONSHOT lowers test perplexity on C4 by
up to 54 points with Wanda at 2:4 sparsity and by 13 points with SparseGPT at 60% unstructured sparsity.
These improvements extend across other language modeling benchmarks (WikiText2, PTB) and generalize
to downstream classification tasks, where mean accuracy often improves by up to 1 point. Similar results
are observed for Llama-3.2-3B and Llama-2-13b-chat-hf, and MOONSHOT improves the mean accuracy of
these models by up to 1.5 points at 60% and 70% unstructured sparsity respectively.

Importantly, MOONSHOT complements existing sparsity allocation strategies. When combined with Al-
phaPruning or OWL, it yields additional performance gains. For example, on Llama-3.2-1B at 60% unstruc-

Table 2: Impact of MOONSHOT on CAP for the DeiT models (left) and OBC for ResNet-50 (right) across
unstructured and 2:4 sparsity levels. ImageNet-1k accuracies over 3 seeds are averaged with standard errors.

Sparsity Method DeiT Tiny DeiT Small DeiT Base Sparsity Method ResNet-50
Dense - 72.14 79.83 81.80 Dense - 77.11
L. AP 44224032 57.50+08 7044+015 OBC _ 51.52£0.07
0 MOQNSHOT- 45054020 62.97+0.15 73.42+0.06 09 MOONSHOT- 5552+ 0.09
L. oAb 52284004  69.65+002 7621007 OBC _  7546£0.03
B MOONSHOT- 54204015 71544008 77.88+0.05 HMOGREOT rss0+ 00

11
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Table 3: Impact for the Llama-3.2 models of MOONSHOT on SparseGPT/Wanda at 60% unstructured
sparsity (including with OWL and AlphaPruning), 2:4 sparsity, and OSSCAR at 10% structured sparsity.
We also include Llama-2-13b-chat-hf at 70% unstructured sparsity. The perplexities on C4, WikiText2 and
PTB, as well as the zero-shot accuracies, are averaged over 3 seeds with standard errors. Mean performance
and win rate are computed over the 7 zero-shot downstream classification tasks.

(a) Llama-3.2-1B

Sparsity Method | C4} WikiText2 | PTB. | BoolQf  HellaSwagt WinoGrande ARC-e ARC-c 1 PIQA 1 OBQA1T | Meant Win Rate 1
Dense ‘ 14.02 9.75 17.59 ‘ 64.01 47.73 60.14 65.15 31.23 74.32 26.4 ‘ 52.71 -
01 OSSCAR 43.00 £ 1.28 43.914£0.60  106.62 £8.57 | 52.61 £1.63  35.82+0.29 54.17 £ 1.11 4519+ 7.83  24.23+£2.04 65.65£3.68 15.93+£0.33 | 41.94+1.98  19.05 £ 12.60
(structured) MU‘O HOT- 38.04+0.58 30.93+092 86.73+£9.88 | 56.55+0.90 37.89+1.11 55.51+0.37 58.8440.38 28.58+0.51 71.49+0.06 18.93+0.48 | 46.83 £0.42 80.95 + 12.60
SparseGPT ‘ 63.63 + 1.18 54.60 + 1.00 81.11 + 3.99 ‘ 60.67 +0.59  32.16 4 0.20 54.46 + 0.53 44.944+0.11  21.47+048 62214020 17.07£0.41 ‘ 41.85 £ 0.20 42.86 + 8.25
06 wg(;?r‘?é,}?{-» 50.28 £1.99 39.13+1.54 60.14+2.90 | 62.36 £0.12 32.49£0.13 53.0940.18  46.4940.38 21.30+0.24 63.22£0.17 15.734+0.55 ‘ 42.10 £0.11  57.14 £8.25
0.6 SparseGPT | 61.05+0.77 52804043  78.27+3.64 | 62084026 32004008 53.88+0.25 45204049 22.0140.59 62024042 17.60+042 | 4213+ 006 3333 +9.52
I—Eﬁ\ulil::;) ‘L%?)?rlzfgpoff- 49.31+£1.10 38.44+0.52 60.32+1.20 | 62.29+0.05 32.53 £0.06 53.70+0.55  46.30+0.30 21.99+0.15 63.13+£0.10 16.60+0.12 | 42.36 =0.14  66.67 = 9.52
0.6 SparseGPT 56.82 & 1.68 49.54 +1.22 68.73 +3.48 | 62.20 £0.11  32.86 & 0.05 53.67£0.33 4414 £0.71  23.46 £0.05 62.59£0.21 18.00+£0.76 | 42.42+£0.07 33.33 £17.17
(OWL) AI;(;dOrILIiI;II())TI— 43.58 £0.91  35.72+0.17 53.02+0.91 | 62.20+£0.04 33.66 =0.16 53.544+0.55  46.37+0.23 23.41+0.08 64.04£0.03 16.40+0.20 | 42.80+0.07 66.67 £17.17
53.59 +0.35 42.56 £+ 0.37 63.79 £ 0.19 61.42+0.21 31.68 £0.05 53.83+0.37 44.04+£0.23 21.47+044 61.79+£0.40 15.00+0.20 | 41.32 £0.08 57.14 +14.29
24 I‘/{S(I)R(i})'bEGPT T | 50.99£047 38.00£058 59.32+£ 155 | 61.98£0.29 31.47+0.21 53.094+0.27  45.37+£0.50 20.28+0.58 62.13+0.19 14.33+£0.35 | 41.24+£0.20  42.86 + 14.29
Wanda 117.71+£0.87  84.73+0.73  119.64 £ 1.00 | 5896 +1.39  28.86 & 0.03 51.35 £+ 0.49 38.82+£0.32  18.94+£0.26  59.05+£0.18 13.93 £0.24 | 38.56 +0.12 19.05 + 4.76
046 MO@ig(ﬁ()T— 86.55+1.67 63.57£1.61 98.44+3.98 | 61.56+0.29 29.53+0.06 51.64+0.23 40.40+0.17 19.60+0.06 61.12+£0.08 13.404+0.20 | 39.61+£0.07 80.95+4.76
0.6 Wanda 11233 £1.03  80.75+£1.03 12089+ 0.73 | 58.01 £1.10  28.92 £ 0.09 51.22 4 0.47 37.56 £0.16 1951 £0.21  59.32+£0.04 13.40 £0.40 | 38.28 £0.10 14.29 £ 8.25
;ﬁfﬁ,‘};) MOQNSHOT- | 54214101 63.30£092 101964295 | 61694021 20.56£008 5233037 39.284029 19.6540.06 60.32£0.13 12074058 | 30.27£009 85714825
0.6 Wanda ‘ 99.38 + 1.37 73.00£0.37  111.24 +1.83 ‘ 61.28+0.28  29.8840.11 52.07 +£0.82 40.22+0.09  20.82+0.05 60.03+0.20 14.80+0.12 ‘ 39.87+£0.17  33.33 £ 4.76
(OWL)  MOONSHOT- | 75074019 58.814028 100.07+1.96 ‘ 61.81+0.08 30.47+007 51514037 40.92+0.22 20714015 60.36+0.19 13.27+0.35 ‘ 39.86£0.15  66.67+4.76
Wanda 164,32 £237 114734232 190.58 £150 | 57284100 28.32£003 51514015  3576+0.26 18344009 5841 +£035 13.67+0.07 | 37.61+0.10  28.57+0.00
24 MO‘Q\!,X::‘QOT- 110.74£1.17 78.55+1.14 126.91+1.66 | 61.08 £0.57 28.51+0.05 50.624+0.25  38.414+0.26 19.43+0.08 59.36 £0.33 12.67+0.37 | 38.58 £0.14  71.43 £0.00
(b) Llama-3.2-3B
Sparsity Method c1l WikiText2 ]  PTB| | BoolQt  HellaSwagt WinoGrandet  ARC-e ARC-c 1 PIQA 1 OBQAT | Meant Win Rate
Dense - 11.34 7.81 13.54 ‘ 72.72 55.30 69.22 74.37 42.41 76.71 31.20 ‘ 60.28 -
01 OSSCAR 16.80 £0.46  13.76 £0.85  22.34+0.43 | 64.38+0.86  49.03 £ 0.86 61.30 £0.74 65.82+0.64 34.104£0.53 75.70+£0.78 27.33 £0.41 | 53.95+0.08 33.33 £4.76
(structured) M%@S(f{’\IR - 16.56 =0.38 13.28 £0.55 22.10+0.28 | 64.91 £1.00 49.50+0.62 61.43+£047 66.39+£0.83 34.41+0.33 7554045 26.80+0.76 | 54.144+0.20 66.67 £ 4.76
SparseGPT 33.63 £0.14  26.12+0.23  42.69+£0.73 | 66.82+0.60 38.14 £0.14 60.91 £ 0.65 53.80+0.11 26284+ 0.18  67.75£0.34  18.47+£0.44 | 47.47£0.08 4.76 £ 4.76
06 Mg?)ghc([;[r?rﬂ 28.23 £0.11 22.46+£0.17 35.63+0.68 | 67.76 £0.35 39.13£0.07 61.01+£0.23 57.59+0.92 27.79+£0.71 69.44+£0.13 20.00+0.53 | 48.96 £0.12 95.24 £ 4.76
0.6 SparseGPT 34.19£0.40  26.06£0.64 42.82+0.13 | 68.17+0.43 38.62£0.16 61.98 £ 0.81 53.37+0.70  26.004£0.23  68.06 £0.38  19.80 £0.90 | 48.00 £ 0.38 14.29 £8.25
]():\L:,I::‘I:) MS(;ZI:LSV(I;IPOTT 28.64+0.25 22.174+0.19 35.48+1.52 | 68.73+0.11 39.34+£0.18 62.27+0.52 56.52+0.25 26.93+0.37 69.13£0.32 20.33+0.24 | 49.04 £0.06 85.71 +£8.25
0.6 SparseGPT 29.154+ 031 23.58+£0.40 36.58+0.78 | 66.64+0.77  39.89 £0.16 61.96 + 0.40 55.57+£041  27.534+0.12  68.72+£0.14 21.20£0.35 | 48.79 +£0.11 28.57 +8.25
(OWL) M;;Z_I:?gl—grp 25.31+0.12 20.85+0.11 31.39+0.69 | 67.41+0.47 40.64+0.13 61.62 £ 0.09 57.39+0.78 28.16+£0.62 69.73+0.29 20.60+0.50 | 49.36 £0.17 71.43 £8.25
SparseGPT 30.00+0.29 24404023 38.32+0.74 | 65.64+£0.70 38.31+0.08 59.93 +0.13 55.63+1.10  26.144+0.42 68.344+0.33 20.87+0.35 | 47.83 +0.18 52.38 +9.52
x4 “g;fr]:fg#g’ 28.79+0.29 23.21+0.32 35.94+0.73 | 65.58+£0.08 38.06 +0.13 59.30 £0.41 55.99+0.63 26.56 £0.37 67.94+0.21 20.93+0.55 | 47.77+0.18 47.62 £9.52
Wanda 41984040 30.56 £032 51004045 | 64.82£035 35124007 56.56£046  50.58£041 2383+0.12 6558019 16,93 £ 007 | 44.7740.10  38.10+4.76
046 “‘[Ugﬁ‘fﬁop 37.73+0.19 27.714+0.26 46.47+0.08 | 61.33+0.91 35.53 £0.08 54.83 +£0.14 52.53+0.29 24.69+0.21 66.81+0.03 16.60+0.23 | 44.62+0.12  61.90 +4.76
0.6 Wanda 40.0340.04 29194020 50244027 | 65.93£024 35954001 57.51+£009 51094016 24324036 66.03+0.15 16,87 £024 | 4539+0.03  38.10+4.76
}Ei‘lf:‘l;:) ;\[Og{:’iﬁOT— 37.37+0.21 27.08+0.16 47.01+0.29 | 63.38+0.65 36.05+0.10 57.51 +0.56 54.15+0.27 25.43+£0.18 66.96+0.36 16.27+0.18 | 45.68£0.10 61.90 +4.76
0.6 Wanda 37.3540.04  27.93+0.23  44.25+£0.74 | 67.2640.07 37.184013  59.06 +£0.73 51894034 2554 £023  6647+0.10 17.20+0.12 | 46.37+£0.18  33.33 £9.52
(OWL) “’D\O\{Xf(ﬁm' 34.56£0.11 25.59+0.06 40.41+0.78 | 63.73+092 37.40+0.12 58934035 54.314£007 25.68+0.13 67.054025 17.00+£0.23 | 4630 £0.13  66.67 £ 9.52
Wanda 497940.26 3590 £037 68164029 | 64.29£013 34164006 55.88+£036  50.88£023 25284003 65254010 17.134£024 | 44.704+0.06  38.10 + 12.60
> MOQNSHOT- | 45104026 32474050 6119023 | 61604086 34414006 55514066 5253 40,18 25.60=035 65404017 17.2040.61 | 4161009 6190+ 12.60
(¢) Llama-2-13b-chat-hf
Sparsity ~ Method | €4 WikiText2 | PTB| | BoolQt  HellaSwagt WinoGrandet  ARC-et ARC-c 1 PIQA 1 OBQAT | Meant  Win Rate
Dense - ‘ 8.49 6.11 50.36 ‘ 81.65 60.71 7111 46.16 77.91 35.20 ‘ 64.32 -
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Figure 3: Performance of MOONSHOT across values of A on DeiT-Small using CAP (70% sparsity) and
Llama-3.2 models using SparseGPT/Wanda (60% and 2:4 sparsity). ImageNet-1k accuracies for DeiT-Small
and C4 perplexities for the Llama-3.2 models are averaged over 3 seeds with standard errors.

tured sparsity, combining MOONSHOT with OWL leads to a further 13-point reduction in C4 perplexity
and a 0.4-point increase in mean downstream accuracy.

In the case of structured pruning, the gains are particularly high, with up to 30% lower perplexity on
WikiText2, 22% on PTB, and 11% on C4, together with a +4.9 point improvement in mean accuracy.

Finally, in terms of win rate, MOONSHOT outperforms the baseline on most benchmarks across sparsity
regimes, architectures, and pruning baselines.

4 Ablation studies

4.1 Selecting A

To demonstrate the efficacy of our proposed multi-objective formulation, we try different values of A in
equation A determines the balance between the layer-wise reconstruction error and the Fisher loss.

Figure [3] below, and Figure [5] in Appendix illustrate that setting neither A = 0.0 nor A = 1.0 achieves
the best results on ResNet-50, DeiT-Base the Llama-3.2 models. The results are striking for the Llama
models, for which the test perplexity on C4 is substantially lower in the multi-objective regime than the
single objective regime. An intermediate value of A that leverages the advantages of both loss functions is
more effective. Furthermore, A seems to require minimal tuning, as a value of A other than 0 and 1 is often
sufficient to achieve near-optimal performance. A = 0.5 for vision models and A = 0.9 for LLMs are relatively
good choices across all architectures and sparsity levels tested.

4.2 Performance of MOONSHOT Across Sparsity Regimes

Figure [4] shows that MOONSHOT consistently outperforms the baselines across all tested sparsity levels.
Performance gains are especially pronounced at higher sparsity levels, where preserving original performance
is increasingly difficult. Additional results can be found in Appendix [6]

5 Conclusion

We present MOONSHOT, a framework that replaces the traditional single-objective formulation in one-shot
pruning algorithms with a multi-objective approach. By incorporating both the layer-wise reconstruction
loss (a local objective) and the second-order Taylor approximation of the training loss (a global objective),
MOONSHOT significantly enhances the performance of state-of-the-art single-objective algorithms. Beyond
these performance improvements, our work shows that generalizing existing pruning algorithms to a multi-

13



Under review as submission to TMLR

80 ——CAP ——SparseGPT ——Wand ——SparseGPT
.\r:— MOONSHOT-CAP 300 *—MF:OT\IESHOT-SDBI'SEGPT 700 ——MgONaSHOT-Wanda *MF:JaOf\ISHOT-SparseGPT
70 200 500 100
> gg > > 300 > 70
£ 20 3 100 3 200 3 50
] 2 70 o o
£ 30 o o 100 o
20 & 50 2 70 £ 30
10 30 ;g 20
0
0.5 0.6 0.7 0.8 0.9 0.5 0.55 0.6 0.65 0.7 0.5 0.55 0.6 0.65 0.7 0.5 0.55 0.6 0.65 0.7
Sparsity Sparsity Sparsity Sparsity
(a) DeiT-Base (b) Llama-3.2-1B (c¢) Llama-3.2-1B (d) Llama-3.2-3B

Figure 4: Impact of MOONSHOT across sparsity levels on CAP for DeiT-Base, and SparseGPT/Wanda on
the Llama-3.2 models. ImageNet-1k accuracies for DeiT-Base and C4 perplexities for the Llama-3.2 models
are averaged over 3 seeds with standard errors.

objective framework can be done efficiently to scale to modern large language models, making it a compelling
approach for real-world applications.
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A Appendix

A.1 Related Work

Many techniques have been proposed in order to prune a neural network to a desired sparsity. While some
methods emphasize the use of gradual pruning to recover accuracy (Han et al., [2015; |Gale et al. [2019; [Singh|
|& Alistarhl [2020a; Blalock et all [2020; Benbaki et al.l [2023), others attempt to prune during training or at
initialization (Louizos et al.2017; [Frankle & Carbin, [2019; Lee et al., 2019; [Liu et al., 2019; [Lee et al.,|2020;
[Wang et al| 2020; Renda et al.,[2020} [Frankle et al.l|[2021;|Sui et al., 2021; Zhang et al.;[2021)). While effective,
these methods require extensive retraining and are often too costly or impractical in resource-constrained
settings with large models. Therefore, we focus on post-training one-shot pruning of large models in this work.

Post-training One-Shot Pruning. In the post-training one-shot pruning literature, we identify three
main types of approaches that are generally proposed: (i) Magnitude-based methods (Hanson & Pratt] [1988;
Mozer & Smolenskyl, 1989; (Gordon et al., 2020) use the weight magnitudes to determine their importances
and whether or not they should be pruned. Since magnitude alone may not be the best proxy for weight rele-
vance, alternatives have been proposed. (ii) Second-order approaches, such as OBD and OBS (Optimal Brain
Damage/Surgeon) (LeCun et all |1989a} [Hassibi & Stork] [1992al), consider a local quadratic approximation
of the loss around the pre-trained weights. These methods employ impact-based pruning, removing weights
based on the estimated effect of their removal on the loss function. This line of work uses a second-order
Taylor approximation of the training loss and the empirical Fisher information as a proxy for the Hessian.
[Singh & Alistarh| (2020b) proposed a block-diagonal approximation of the empirical Fisher matrix for scaling
the OBS framework to modern vision model sizes. propose to select weights to prune based
on their joint rather than individual impact on the loss. (iii) Layer-wise pruning methods adapt the OBS
framework to the layer-wise reconstruction objective. [Dong et al.|(2017) prunes each layer independently to
overcome the computational challenge of computing the per-sample gradients needed in OBS. With the Opti-
mal Brain Compression (OBC) framework, [Frantar et al.| (2022)) adapts the OBS algorithm
to the layer-wise reconstruction error and proposes rank-1 updates of the Hessian for efficient pruning.

Pruning Vision Models. While the pruning techniques mentioned previously are generally applicable,
they have been investigated primarily in the context of Convolutional Neural Networks (CNNs). For instance,
in the case of the ResNet architecture (He et al., 2015), OBC (Frantar et al) [2022)) represents a state-of-the-
art post-training one-shot pruning approach. [Kuznedelev et al. (2023), with their Correlation Aware Pruner
(CAP), adapted the greedy OBS algorithm used in OBC (Frantar et al., [2022)) to Vision Transformers. This
approach is a state-of-the-art method for post-training one-shot pruning in Vision Transformers.

Pruning Large Language Models. Pruning is particularly important for Large Language Models, which
can have billions of parameters. In the case of unstructured and semi-structured pruning, state-of-the-
art methods include SparseGPT (Frantar & Alistarh, [2023) and Wanda 2024), both of which
build on the OBC/OBS (Frantar et al.l 2022} Hassibi & Stork, |1992b) framework. To make pruning more
scalable, SparseGPT prunes the weight matrix by groups of columns. This enables to reduce the number of
computations during pruning by considering only the Hessian for the weights within the support. However,
SparseGPT still relies on a block-diagonal approximation of the Hessian. Wanda simplifies this further by
using a diagonal matrix instead. Both methods focus solely on minimizing the layer-wise reconstruction
loss. In the case of structured pruning, ZipLM (Kurtic et all [2023) uses the layer-wise reconstruction
error to guide the pruning of attention heads and projection layers. Building on a careful reformulation of
this objective, Meng et al.| (2024b)) introduce OSSCAR, a more scalable and stronger baseline for one-shot
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structured pruning. OSSCAR greedily selects columns for removal to reduce the reconstruction objective,
and optionally applies a local-search refinement step. OSSCAR is a state-of-the-art one-shot structured
pruning method for LLMs.

Non-Uniform Sparsity. LLMs typically suffer significant degradation beyond 50% uniform sparsity. This
has motivated recent work on non-uniform sparsity for LLMs, which assigns different sparsity levels to differ-
ent layers to better preserve model quality under the same global sparsity constraint. OWL (Yin et al.l2024)
improves pruning by allocating layer-wise sparsity based on the distribution of outlier weights, leading to no-
table gains for methods like SparseGPT and Wanda. AlphaPruning (Lu et al.| [2024) takes a more principled
approach and uses heavy-tailed self-regularization theory to measure how well each layer is trained. After
quantifying the heavy-tail distribution of the weights, it assigns lower sparsity to the better trained layers.

A.2 MOONSHOT-SparseGPT Algorithm

We present below our adaptation of the SparseGPT algorithm (Frantar & Alistarh, [2023), denoted
MOONSHOT-SparseGPT.

Algorithm 2 MOONSHOT-SparseGPT

Input: Layer weight matrix wo e Rbu: , layer input matrix X® e Rdi XN , per-sample gradients
Ag) € R%: %N for each block k = 1,... ,dg‘it, multi-objective weight A € [0, 1], lazy batch-update block-size
B, adaptive mask selection blocksize By, number of blocks to prune in parallel Kp and sparsity level p.

1: Initialize Pruned Weights: W « wo
: Initialize Binary Pruning Mask: M « 1

xd®

O]
><din

out

2

3: Initialize Block Errors: E + Odu)
out X B

4

: for k, =0,K,,2Kp, ... do
~1
Compute Hessian Inverse {G,g”}:’:,;f” = {F,El) Z”:',:f” using Algorithm 1| (tensor format G €

5:
iy )
6:  Compute Cholesky Decomposition for each block G,gl) — Cholesky(G,(fl))T
7. fori=0,B,2B,...do
8: for j=i,..i+ B—1do
9: if j mod Bs; = 0 then
. !
10: My, k4K, j:(j+B,) < mask of (1 —p)% weights w. € W,Ep):kaer’j:(ﬂBs)
. : 2 1)72
11: with largest w?/ [G( )]kp:kp+Kp_’C’c
. 1

12: Compute Pruning Errors: Ey .k, 1k, j—i < ngp):kaer,j/ [G(l)]kp:kp+Kp,j7j
13: Freeze Weights: Ekp:kaer,i,jfi — (1d(l)t><d§l) — Mkp:kp+Kp,j . Ekp:kp+Kp,j7i

s ohits @ (1) RL0)
14: Weights update: Wbyt 16,5:4+B) & Why itk jiia ) — Ehpkp Ky =i Gk-p:kp-i-Kp,j,j:(i-i-B)

; @ O] O]

15: Weights update: Wy "\ oy imy < Wi vk, 4By — Ehotkot Ko = G, 4k, s B),(i4-B):

16:  Set pruned weights to 0: W,gi):kaer’: — ngi):kp+K,,,: My, kK,

Output: Pruned weights W®

A key component of SparseGPT is the use of the Hessian inverse. In the multi-objective setting, however,
directly computing matrix inverses for every block is computationally infeasible. To overcome this, we replace
Step 2 in Algorithm 2] with the more efficient procedure outlined in Algorithm[I] We also note that the larger
Hessian size makes it challenging to prune all blocks simultaneously. To address this, we perform pruning
in parallel over K, blocks at a time. This means that the uniform sparsity budget is applied within each
group of K, blocks rather than across the entire weight matrix. While this introduces a more local form of
sparsity allocation, choosing K, sufficiently large (all the blocks for Llama-3.2-1B and at least 50% of them
for Llama-3.2-3B) ensures that the effect is minimal in practice.
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A.3 Woodbury Update in[l]

Let A € R, C € Rk U € R and V € R¥*™. The Woodbury matrix identity (Woodbury &
[of Statistics|, [1950) gives us that:

(A+UCV)t=AT - ATU(C+VATIO) TV AT (12)

-1
In our case, we want to compute G — (F)-1 = ( Ay 122 H(l))
p k (Fy.") £ (0) "k D)k

We focus in Algorithm [I]on methods like SparseGPT and OSSCAR, which use the layer-wise reconstruction
error objective to scale to billion-parameter-LLMs (without further diagonal approximation on the exact

block-diagonal Hessian). For these pruning baselines, Lgl) =... = Lg? = XO(XO)T (with K = dffgt). In
T
addition, as seen in Section we can write H ,il) = %A,&”Ag) . Therefore, G,(f) can be rewritten as:
A 1A B
- T
Gl(cl) _ ( " X(l)<X(l))T+ ~ Al(cl)Al(cl) ) (13)
Ly (0) NLE (0)
This is the same form as equation [T2] with:
A 1 DN\NT -1 1-A (T
A= — XO(xNT = g5t U=—g =4 C=Iy, V= (4;)
L7 (0) NLE(0)

Therefore, using equation [I2] equation [I3] becomes:

1
G — ( A XO(xXO)T 4 1-A AJ(CI)AECZ)T>
l l
£ (0) NLE (0)

—1
_ T — T
oo [ a0 (1 A0 () a0 a0
NL£D(0) NP (0)

This expression of G,(Cl) is the same as the one used in Algorithm

A.4 Efficient backsolve for OSSCAR

After greedy selection, OSSCAR performs a backsolve to update the weights on the support of remaining
columns S. With the original single-objective, the Hessian has repeated blocks, yielding the closed form

Wi, = [XX 55X X T]s.W.

With MOONSHOT (when A # 1), the Hessian becomes block-diagonal with row-dependent blocks, H =
Diag(F1, ..., Fx), where each F}), has the same shape as XX ". A direct extension would require inverting
all K matrices, which is unnecessarily expensive. Instead, we compute the Cholesky decomposition for each
block and use an efficient solver in PyTorch for the system:

Diag([Fl]Sys, ceey [FK]S,S) VeC(Wg,:) = HS7: VeC(VV)7

where vec(W) denotes the vector form of the weight matrix W.

A.5 Pruning Time

The pruning times obtained when applying MOONSHOT on the different baselines are described in Table
[ OBC and CAP allow pruning at multiple sparsity levels in a single run, with minimal additional cost
compared to pruning at a single level. For these methods, we report the total pruning time needed to obtain
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Table 4: Pruning times (in seconds) of MOONSHOT over 3 seeds, for different values of A, architectures,
and pruning baselines.

‘ OBC ‘ CAP ‘ Wanda ‘ SparseGPT
Sparsity ‘ A ‘ ResNet-50 ‘ DeiT-Tiny DeiT-Small DeiT-Base ‘ Llama-3.2-1B  Llama-3.2-3B ‘ Llama-3.2-1B  Llama-3.2-3B

0.00 | 7360.65 +£8.35 | 71.89 +£7.91  268.58 £23.98 1303.13 £22.99 | 69.59 + 0.41 403.51+37.9 | 473.03 +£1.95 2181.89 + 128.72

Unstrue 0.25 | 7392.68 £23.96 | 65.63+1.12  240.06 £1.73  1186.93 +£9.11 | 68.94+0.47  407.2+£38.62 | 474.86 +1.48 2269.66 + 94.02

iurcd i 0.50 | 7370.94 £ 1.0 66.77+£1.51  226.0 £6.68 1185.66 + 14.01 | 69.63 £0.64  464.06 +-48.64 | 472.11 £1.07 2287.58 + 88.63
0.75 | 7389.37 £9.43 | 67.58 +£2.02 227.61 £0.77  1257.79 £87.92 | 70.23+0.83  420.58 +47.86 | 471.77 £0.19  2165.25 + 171.46

1.00 | 7146.09 +5.34 | 21.62+1.15 43.07 £ 0.89 247.25 +3.04 21.0 £0.36 70.66 + 7.23 73.9+0.29 307.73 £11.31
0.00 | 3965.42 £+ 13.45 | 60.19 £ 0.9 229.22 £2.39  1236.61 £8.72 | 71.0+£0.54 413.24 £53.15 | 478.6 £1.14  2197.32 +142.89

Semi- 0.25 | 4033.31 £85.1 | 62.06+1.11 217.56 +£1.78  1123.35+13.82 | 71.62+0.39  442.05+35.45 | 477.58 £0.25 2345.26 + 86.07

Structured | 0.50 | 3956.29 4 4.2 62.35+1.41 2185+25 1110.06 +9.58 | 72.62+£1.04  474.96 £6.32 | 476.66 +2.13  2362.17 & 59.99
(2:4) 0.75 | 3974.67 £5.72 | 65.18 £4.0 213.7 £2.33 1102.55 +3.82 | 73.87+£0.33  433.84 £ 77.23 | 477.92 £ 0.51 2237.57 £+ 216.16

1.00 | 3737.4 +£5.68 16.31 £1.21 29.38 +0.1 178.98 +2.99 22.74+0.11 80.78 £6.02 79.01 £0.13 333.86 +13.01

pruned weights for all target sparsities: 0.5, 0.6, 0.7, 0.8, and 0.9. SparseGPT and Wanda only support
pruning one sparsity level at a time, but their runtime is not affected by the chosen sparsity. We therefore
report their pruning time at sparsity 0.6.

We note that the baselines correspond to A = 0 for CAP and A = 1 for OBC, Wanda and SparseGPT. We
observe that MOONSHOT incur no to almost no additional computational overhead to CAP and OBC for
the DeiT models and ResNet-50 respectively. With MOONSHOT-SparseGPT, we achieve pruning times of
under 40 minutes for Llama-3.2-3B and under 8 minutes for Llama-3.2-1B. While this is a slowdown compared
to SparseGPT’s original pruning times of 5 and 1.2 minutes respectively, the increase is reasonable given the
significant performance improvements. Moreover, since the ultimate goal is to deploy a more compact and
efficient model post-pruning, the slightly longer pruning time, viewed as a one-time cost, is a worthwhile
trade-off. For Wanda, pruning times are similarly manageable, with 8 minutes for Llama-3.2-3B and 1.2 min-
utes for Llama-3.2-1B, compared to 1.2 minutes and 20 seconds respectively for the single-objective version.

A.6 Additional Hyperparameters

Dampening Term. As noted in previous work (Frantar et al.l [2022; [Frantar & Alistarh) 2023; [Kuznedelev
et al., 2023)), the Hessian is not always invertible in practice. To address this issue, a common approach is to
add a dampening factor p to the diagonal of the Hessian, ensuring it is positive definite. However, selecting
1 is non-trivial: if u is too small, numerical instabilities can persist, while a large 1 may degrade algorithm
performance. Following SparseGPT (Frantar & Alistarhl|2023), we set 1 to 1% of the mean of the diagonal el-
ements of the Hessian. For OBC (Frantar et al.}2022) and CAP (Kuznedelev et al.}[2023), we use the diagonal
of each block F, ,il) in the multi-objective formulation equation while for SparseGPT, we use the diagonal of
X (l)(X (l))T only to maintain the efficiency of the inverse Hessian computation described in Section For
Wanda (Sun et al., 2024)) only, i is set to 0 as recommended by the authors (no inverse Hessian is required).

OWL and AlphaPruning. Following the optimal parameters found by the authors of OWL (Yin et al.,
2024) on Llama-7B, we use A(©VL) = 0.08 and M = 5. For AlphaPruning, we fixed 7 = 0.05 for Llama-3.2-1B
and 7 = 0.1 for Llama-3.2-3B.

A.7 Hessian Recomputation

In this section, we report additional results with Hessian recomputation after each block of layers for
SparseGPT and Wanda. Following prior Fisher-based work (Benbaki et al., |2023)), we denote these variants
as MOONSHOT-SparseGPT++ and MOONSHOT-Wanda++. Although more costly than computing the
Hessian once, our implementation remains tractable: we compute per-sample gradients for one block of
layers at a time and update the dataset after pruning each block to reduce further gradient costs (using
only the remaining dense layers). With this approach, MOONSHOT-SparseGPT++ prunes Llama-3.2-1B
in under 11 minutes (vs. under 2 minutes for standard SparseGPT), and MOONSHOT-Wanda++ prunes
Llama-3.2-1B in under 4 minutes (vs. around 1 minute for standard Wanda) on a single L40 GPU (40 GB).
Comprehensive results are presented in Tables [f| and [0}
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Table 5: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-1B using MOON-
SHOT-SparseGPT++. Zero-shot mean performance and win rate are computed over the 7 classification
tasks. Results are averaged over 3 seeds with standard errors.

Sparsity A | C4 | WikiText2 | PTB | | BoolQ 1 HellaSwag 1~ WinoGrande 1 ARC-e ARC-c 1 PIQA 1 OBQA T | Mean 1 Win Rate 1
Dense - | 14.02 9.75 17.59 | 64.01 47.73 60.14 65.15 31.23 74.32 26.4 | 52.71 -
00 | 27.374£0.02 2034003 33194031 | 62254019 3704015 55014088 5347404 2443408  6T43+£008 180+0.12 | 45374014  9.52+£9.52
01 | 24.02+0.1 17714011 28.99+£026 | 6254026  3837£003 553+037 5617403  25.63£0.19 68.57£019 192+012 | 4653+004 2857+£8.25
0.25 | 23.840.12 17.5740.01 28864002 | 63.08+0.11 387140.03 5467+037 5524026  26.65+£008 68174017 2033+0.44 | 46.68 % 0.02 34126

0.5 0.5 | 23.6 +0.06 17.38£0.02  28.7240.12 62.8 +0.46 3891 +£0.06 55.14+0.16 55.61 £0.52 25974033 68.41£0.22 19.73+0.57 | 46.65+0.07 23.81+12.6
0.75 | 23.45 % 0.06 17.23 £0.03  28.43+0.11 62.94£0.35 38.93+0.05 55.9640.34 55.56 £0.06 27.05+0.34 67.85+£0.19 19.8+0.46 46.87£0.07  42.86 £8.25
0.9 | 23.39+0.05 17.23 £0.02 28.16 +0.16 62.440.14 39.11+£0.12  55.72+0.39 56.44+0.26 26.224+0.16 68.55+0.42 20.73+0.93 | 47.03 +£0.1 47.62 + 26.51

1.0 | 26.35+0.05 1926 £0.23  30.72£0.2 62.86 £ 1.0 39.27£0.06 56.2+0.39 54.64+£0.06 26.62+0.3 68.44£0.11  21.27+0.24 | 47.04+0.24

0.0 | 59.74 £0.72 48.97+0.26  72.66 & 3.54 60.47£0.82 30.38+0.19  51.4340.62 41.68+£0.58  20.73+£0.57 60.57+0.13 14.13£0.48 | 39.92+£0.34 4.76 £4.76
0.1 | 47.21£0.16 37.08+0.66  53.82+0.38 62.14+0.1 31.97+£0.12  52.224+0.25 45.86 £0.98  21.56 £0.54  63.02+0.09 15.6+0.6 41.76 £0.25  52.38 £9.52
0.25 | 46.93 £0.41 36.73+0.2 52.18 £ 0.65 61.89 £0.27 32.34+0.11  52.0440.13 45.9 +0.62 21.94+0.5 63.44£0.65 15.73+0.29 | 41.894+0.09 52.38 +4.76

0.6 0.5 | 46.31 £0.42 35.07+0.29  50.84 4 0.64 62.16 £0.15 32.5+0.13 53.01 £ 0.55 45.66 +£0.71  21.53 £0.2 63.89+£0.13 16.47+0.66 | 42.17+0.3 71.43 +14.29
0.75 | 46.19£0.4 34.85+0.78 51.53 £ 1.17 62.05£0.07 32.68+0.11 52.64+0.32 46.65+0.38 21.96 £0.33 63.51+0.53 16.2+0.35 42.24+0.13 57.14£8.25
0.9 | 46.08 £0.79 35.6 +0.44 50.36 +1.23 61.67£0.35 32.55+0.16  52.6740.64 46.34 £0.55  21.53 £0.52 46 £0.64 16.87+£0.18 | 4216+£0.14  66.67 = 12.6
1.0 | 61.36 +0.86 49.75+1.61 6421+ 1.1 62.35+0.12 31.76+£0.23  52.64 +0.16 44.4 +0.59 21.9 +0.58 62.37£0.56 17.67 +£0.55 | 41.87+0.11 -

0.0 | 168.52+1.54  156.79 £3.73 190.61 &+ 10.89 | 54.75 £ 3.4 27.18£0.16  50.07 £ 0.16 32.7240.72  18.66 £0.59  56.4+0.07 11.734+0.33 | 35.93+0.52  28.57+0.0
0.1 | 130.06 £1.93  107.57£2.09 135.44+4.14 | 61.88+0.1 27.76 £0.06  50.83 + 0.46 34.09£0.18  18.69 £ 0.6 57.13£0.2 11.53 £0.37 | 37.41£0.2 47.62£17.17
0.25 | 127.78 £1.31  103.16 £1.48 125.71 £4.58 | 61.47+£0.26  27.78 £0.1 49.3 £0.46 34.83+042 17.55+0.51 56.71+0.15  12.24+0.35 37.124£0.08  23.81 £4.76

0.7 0.5 | 127.22+1.21 101.14+£0.6 130.32+3.42 | 60.84+£0.58 27.73+0.06 49.46 £ 0.55 34.39+0.68 1843+0.31 57.25+0.33 11.6+0.6 37.1+0.1 38.1+12.6
0.75 | 132.13+£0.92  103.3+£2.55 130.82+5.53 | 62.04+£0.12 27.94+0.09 49.8+0.27 34.5+0.07 18.8+0.37  56.64+0.35 11.47+0.37 | 37.31 £0.13  47.62+9.52

0.9 | 13542+£1.28 10549+ 1.42 134.09+£2.7 61.31 £0.59 27.924+0.06 50.78 £ 0.57 34.57+£0.19 1852+0.21 57.18£0.23 11.27£0.27 | 37.36 £0.12 57.14+16.5
1.0 | 159.354+11.39 143.16 £4.52 174.23+10.38 | 61.44+0.45 27.86+0.04 50.83 +0.41 34.534+0.68 18.71+£0.47 56.0£0.41 13.67 +0.18 | 37.58 £ 0.08 -

0.0 | 53.47£0.38 40.62+0.39  64.24 +0.82 62.09+£0.22 3043 0.1 52.59 + 0.59 42.614+0.2 19.94+0.28  60.75+0.35  14.24+0.72 40.37+0.04  19.05+£4.76

0.1 | 43.81£0.17 32.4740.2 51.62+0.17 62.16 £0.1 31.67+£0.11  53.14 +0.55 44.394+0.87 2016 +£0.38  62.3+£0.32 14.93 +£0.48 23.81+4.76
0.25 | 43.39 £ 0.09 32.08+0.31 51.1840.48 62.21 £0.12 31.72+0.03  53.6240.89 46.04£0.17  19.94+0.33  62.01+0.09 15.240.95 47.62 +4.76
2:4 0.5 | 43.07£0.12 32.2+0.48 50.95+0.2 62.11£0.12  31.83+0.05 53.8840.43 46.07+£0.48 21.024+0.35 61.95+£0.17 15.13+0.18 | 41.71+0.11 47.62+9.52
0.75 | 43.194+0.22 32.1740.07  50.55 4 0.57 61.95+£0.14 31.86+£0.06 53.6740.12 45.624+0.61  20.56 £ 0.3 62.42+0.17 14.67+0.57 | 41.54+£0.11  42.86 4 14.29
0.9 | 43.27£0.1 32.08+0.29 50.51+0.65 61.75+£0.48 31.8+0.08 54.72 £ 0.65 46.34£0.17 20.42+0.58 61.64+0.21 14.87+£0.44 | 41.65+£0.07 33.33+4.76

1.0 | 45.73+0.77 34.12£0.55  52.81£0.61 61.64£0.39 32.18£0.19 54.93 £0.57 45.74+£091 21.5+0.69 61.81+0.17 16.2+£0.92 | 42.0+£04 -

Table 6: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-1B using MOON-
SHOT-Wanda++. Zero-shot mean performance and win rate are computed over the 7 classification tasks.
Results are averaged over 3 seeds with standard errors.

Sparsity A ‘ C4 | WikiText2 | PTB | ‘ BoolQ 1 HellaSwag t WinoGrande 1 ARC-e ARC-c 1 PIQA 1 OBQA 1 ‘ Mean 1 Win Rate 1
Dense - ‘ 14.02 9.75 17.59 ‘ 64.01 47.73 60.14 65.15 31.23 74.32 26.4 52.71 -
0.0 | 31.13+0.14 21.86 £ 0.1 38.27 £ 0.35 61.99+£0.08 35.08£0.06 54.35+0.09 54.45+0.16  24.09+0.38  66.09+0.23  16.6+0.23 44.66 £0.1 66.67 £ 4.76
0.1 | 30.56 + 0.26 21.46 £ 0.15 37.54+0.53 62.12+£0.12  35.340.07 54.09 +0.41 54.914+043 24294014  66.74+0.13  1647+0.24 | 44.84+0.05 66.67+4.76
0.25 | 30.37 £ 0.09 21.13 £ 0.06 37.440.32 61.96 £0.12  35.37+£0.01 54.43+£0.53 54.97 +£0.46 24.6+0.25 66.79 +£0.19 17.53 +£0.47 | 45.09 £0.07  80.95+4.76

0.5 0.5 | 30.084+0.21 20.83 + 0.06 36.74 £ 0.46 62.08 £0.12  35.59 £ 0.02 54.77+0.27  25.06+0.2 66.36 £0.23  17.67£0.29 | 4521 +£0.07 95.24 +4.76
0.75 | 29.91 +0.26 20.61 +£0.17 36.63 £0.45 62.13+£0.14  35.73+£0.07 54.62+£0.43 54.45+0.19  25.26 +0.13 66.61 £0.13  17.6 £0.0 45.2 +0.09 90.48 + 9.52

0.9 | 29.78+0.2 20.54 £0.1 36.69 £0.3 62.22£0.06 35.85+£0.03 54.91+£0.33 54.95+0.2 24.94+0.15  66.63+£0.13 17.13£0.57 | 45.23+0.09 90.48 +9.52
1.0 | 34.21+0.21 23.47+0.14 40.89 +0.37 61.3+0.34 35.1+0.07 54.56 + 0.56 51.61+0.14 2437+0.24 65.07+0.19 17.4+0.42 44.240.13 -
0.0 | 93.22+0.76 65.58 £ 0.41 91.86 +1.37 61.99 £ 0.1 28.55+£0.06  51.07 +£0.43 39.63+£0.04 18.83+£0.52 58.96+0.38 12.87+0.41 | 3884+0.13 76.19+9.52
0.1 | 90.14 +1.95 62.95 + 0.88 90.3 +0.91 62.16 £0.04 28.75+£0.08 50.99 +£0.25 40.28 £0.21  19.37+£0.18  59.7+0.5 12.6 £0.2 39.12+£0.1 85.71 £ 8.25
0.25 | 87.37+1.18 62.37+047 8748+ 1.14 62.17+£0.06 28.85+0.12 51.51+0.89 40.17+£0.18  18.94+0.05 59.5+0.18 12.7340.13 | 39.13+£0.14  80.95+4.76
0.6 0.5 | 87.1+1.68 62.86 £ 0.3 88.14 £ 1.31 62.08£0.06 28.89+0.06 51.38+0.3 39.76 £0.22  19.28£0.05  59.940.11 13.47+£0.29 | 39.25+0.06  90.48 +4.76
0.75 | 87.58 +0.79 62.94+1.14 85.97 £0.77 62.06 £0.13  29.040.05 51.67 £0.07 40.01 £0.2 19.25+£0.25  59.740.12 13.2+0.2 39.27+£0.01  90.48 £4.76
0.9 | 89.06 +0.44 63.87 £0.25 89.52 +0.28 61.62+0.34 29.134+0.03 50.414+0.21 40.71+£0.07 19.5440.1 60.08 £0.14 13.6 £0.12 39.3+0.11 90.48 +4.76
1.0 | 109.62 = 1.07 79.05 +0.37 107.92 +1.11 58.75+£1.04 2843£0.07 50.49 £0.48 37.61£0.24 1931£0.19 58.03£0.13 12.73£0.18 | 37.91+0.2 -

0.0 | 382.23£8.94 274.94+10.62 298.74 +£11.35 | 4225+0.96  26.940.04 48.67 £ 0.56 30.35+0.36 18.43+0.3 54.95+0.13  114+0.12 33.28£0.05 57.14£8.25
0.1 | 352.6 +7.68 254.96 £2.39  274.48+14.3 39.62+£0.51  26.940.01 49.240.33 30.29 £0.2 18.3240.27  55.11+0.14 12.1834+0.18 | 33.08 £0.18  57.14 £8.25
0.25 | 368.59 £38.77  251.25+£22.88 277.37£16.15 | 45.34+3.24  27.02+0.02 49.78 +0.29 29.97+0.32  19.084+0.12  54.9+0.22 11.9340.27 | 34.0+£043  52.38+£4.76
0.7 0.5 | 349.39+£17.94 246.09+15.9 273.31+18.89 | 39.834+0.55 26.89+0.06 50.28 +0.66 29.66+£0.48 17.95+0.16 54.82+022 11.8+04 33.03+£0.23  33.33+£9.52

0.75 | 368.59 £ 5.73 252.62+7.82 2924+ 7.11 44.65+£2.05 26.82+0.01 49.91+£0.26 29.76 £0.27  1843+0.27 55.22+0.24 12.0%0.31 33.83 & 66.67 +12.6
0.9 34+£3.1 249.04 + 2.44 287.06 + 4.69 40.15+0.93  26.84+0.04 48.88+0.16 29.94 +0.26 18.124+0.32 55.24+0.02 11.8+0.64 .0+0.23 52.38 £9.52
1.0 | 467.13+£14.94  436.87+28.98 507.38+37.85 | 40.84 £1.23 26.45+0.1 50.28 +0.37 29.31+0.12  19.28+0.44 55.17+0.3 12.134+0.44 | 33.35+£0.09 -
0.0 | 96.63 +1.95 69.45 + 0.97 97.33 £1.97 61.39+£0.43 28.54+0.06 48.7+0.43 38.43+£0.41 18.89+£0.57 59.48+0.13 1247+0.13 | 3827+0.03 7143+0.0
0.1 | 96.35+ 1.78 69.13 £ 0.85 98.94 £ 1.31 61.51+£0.04 2856+0.12 51.3+0.16 39.13+£0.26 1846+0.5 59.39+0.16  12.0+0.42 38.62+£0.08 76.19+9.52
0.25 | 94.01 +1.72 65.79+£0.34  93.54+0.96 62.17+£0.02 2856 +£0.09 51.41+£0.28 39.52£0.12  18.63£0.19  59.07£0.38  12.2740.07 | 38.840.04 76.19 £ 9.52
2:4 0.5 | 96.97 +2.48 67.35+ 1.33 99.48 +4.12 60.93+£0.85 28.54+0.13  50.3+0.93 39.6 +0.62 18.34 £ 0.1 59.54+0.24 1287+0.52 | 38.59+0.31 71.4340.0
0.75 | 99.94 + 2.36 68.35+ 1.74 101.87 £ 2.6 62.2+0.06  28.65+0.12 50.57£0.3 39.06 £0.17  18.03£0.1 59.34+0.36  13.33+0.58 | 38.74£0.15 76.19+4.76
0.9 | 97.52+2.0 67.32 + 1.09 101.73 +0.39 61.95+£0.32 28.76 £0.06 50.59 £ 0.08 39.45+£0.13  18.6+0.21 59.1£0.55 13.734+0.41 | 38.88+£0.04 76.19+9.52

1.0 | 115.08 +2.36 81.35+0.77 125.66 + 3.77 55.77+£2.58  28.240.03 49.8+0.77 3743+£0.14 18.77+0.37 58.29+0.1 13.734+0.44 | 3743 +0.38 -

The multi-objective formulation remains consistently beneficial under Hessian recomputation. MOON-
SHOT-SparseGPT++ outperforms MOONSHOT-SparseGPT (see Table, supporting that MOONSHOT
is complementary to other techniques for improving pruning algorithms. MOONSHOT-Wanda++ does not
always outperform MOONSHOT-Wanda (see Table , which may be due to Wanda’s stronger approx-
imations (e.g., diagonal Hessian approximation), leading to poorer solutions and less reliable outcomes.

A.8 Pruning all the layers of Llama with MOONSHOT

In the paper, MOONSHOT is applied only to attention layers for efficiency reasons. In this section, we
investigate the impact of applying MOONSHOT to all the layers of Llama-3.2-1B and Llama-3.2-3B both in
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terms of computation time and performance gains. As mentioned in Section [3| K, (see Algorithm needs
to be reduced in order to prune the larger projection layers. In particular, we use the following values of K :

Table 7: Number K, of rows (Algorithm 2) pruned at the same time for MOONSHOT-SparseGPT (A # 1).

Llama-3.2-1B | Llama-3.2-3B

Layer

K,  Nblocks ‘ K,  Nblocks
q_proj 2048 2048 | 1536 3072
k_proj 512 512 | 512 512
v_proj 512 512 512 512
0_proj 2048 2048 | 1536 3072

gate_proj 1024 8192 1024 8192
up_proj 1024 8192 | 1024 8192
down_proj 64 2048 192 3072

Llama-3.2-1B is pruned using a single L40 (40GB) and Llama-3.2-3B using a single A100 (80GB). Empirically,
applying MOONSHOT to projection layers too (gate_proj, up_proj, down_proj) can yield additional gains:

Table 8: Impact of MOONSHOT on SparseGPT/Wanda on the LlaMA-3.2 models at 60% unstructured
sparsity. The perplexities on C4, WikiText2 and PTB, as well as the zero-shot accuracies are averaged over
3 seeds with standard errors. Mean performance and win rate are computed over the 7 zero-shot downstream
classification tasks.

(a) Llama-3.2-1B

Sparsity  Method [y WikiText2 | PTB | BoolQ 1 HellaSwag ©  WinoGrande 1 ARC-c | ARC-c 1 PIQA 1 OBQA 1 Mean 1 Win Rate 1
SparseGPT 63.63 + 1.18 54.60 + 1.00 81.11 + 3.99 60.67 + 0.59 32.16 + 0.20 54.46 + 0.53 14.94 = 0.11 21.47 + 0.48 62.21 + 0.20 17.07 £+ 0.41 11.85 + 0.20 -

0.6 MOONSHOT-SparseGPT 50.28 + 1.99 39.13 + 1.54 60.14 + 2.90 62.36 + 0.12 3249 £ 0.13 53.09 + 0.18 146.49 + 0.38 21.30 + 0.24 63.22 +£ 0.17 15.73 + 0.55 12.10 £ 0.11 57.14 + 8.25
MOONSHOT (all)-SparseGPT | 42.96 + 0.27 34.29 + 0.46 54.92 + 1.22 62.09 £ 0.13 32.88 + 0.08 53.14 + 0.78 46.87 &+ 0.14 21.50 £+ 0.57 63.73 + 0.43 16.93 £+ 0.44 42.45 + 0.22  71.43 + 8.25
Wanda U771+ 087 8473 +£0.73  119.64+1.00 | 5896+ 1.3 2886 =003 5135+ 049  3882+032  1894+026  59.05 £ 018 13.93 = 0.24 | 38.56 + 0.12 -

0.6 MOONSHOT-Wanda 86.55 + 167  63.57+ 161  98.44 +£398 | GL36+020 2053 +£0.06 5164+ 023 4040 =017 19.60 = 0.06 6112+ 0.08 1340 =020 | 39.61+0.07  80.95 + 4.76

MOONSHOT (all)-Wanda 85.66 + 0.92 63.12 £ 0.29 94.39 + 1.78 | 61.81 £ 0.18 29.62 &= 0.05 51.88 + 0.38 41.27 £ 0.22 19.11 £ 0.13  61.19 £ 0.17  12.73 + 0.47 | 39.66 £ 0.06 85.71 + 8.25

(b) Llama-3.2-3B

Sparsity  Method | cal WikiText2 | PTB|, | BoolQ1 HellaSwag 1~ WinoGrande 1 ARC-e | ARC-c 1 PIQA 1 OBQAT | Meant Win Rate 1
SparseGPT 33634014 26102+023 4269073 | 66524060 3814004 6091 +0.65 5389 =011 2628+ 018 6775+ 034 1847 £ 044 | 4747 +0.08 -

0.6 MOONSHOT-SparseGPT 2823+ 011 2246+ 0.17 3563 = 0.68 | 67.76 + 0.35 3913007 6101 +023 5759+ 092 27.79 + 0.71 6944 +0.13  20.00 % 0.53 | 48.96 = 0.12 95.24 + 4.76
MOONSHOT (all)-SparseGPT | 26.26 + 0.12  20.67 =+ 0.16 33.01 % 0.86 | 65.66 + 1.76  39.60 = 0.06 61.19 + 0.43 58.25 & 0.79 2745 = 113 69.57 + 0.07 20.00 & 0.31 | 48.82 =038  80.95 + 9.52
Wanda 4198+ 040 3056+ 0.32 5100 =045 | 64.82 + 0.35 35124 0.07 56.56 = 0.46  50.58 = 0.41 34012 6558+ 019 1693+ 0.07 | 44.77 £ 0.10

0.6 MOONSHOT-Wanda 37.73 £ 0.19 2771 &+ 0.26 46.47 £ 0.08 | 6133 £ 091  35.53 +£0.08 5483+ 0.4 52.53 £ 0.20 2460 =021 6681 £0.03  16.60 +0.23 | 44.62+012  61.90 + 4.76
MOONSHOT (all)-Wanda 37.83 £ 0.04 27.84 + 0.18 17.37 + 0.57 60.40 £ 0.51 35.54 + 0.07 56.30 + 0.21 5224 + 0.17 24.72 + 0.16 66.85 + 0.35 17.20 + 0.23 44.75 + 0.14 76.19 + 4.76

With the exception of Wanda on Llama-3.2-3B, we observe consistent additional improvements when extend-
ing MOONSHOT to projection layers, indicating that the multi-objective formulation is beneficial beyond
the attention blocks. However, pruning time increases by 8x for Wanda and 12x for SparseGPT on Llama-
3.2-1B. For Llama-3.2-3B, pruning time increases by 8x for Wanda and 6x for SparseGPT. This increase is
due to the smaller feasible K, and the increased computations with the larger Hessian.

Pruning projection layers with MOONSHOT is thus a practical compute/memory trade-off: depending on
available resources, users may choose to apply MOONSHOT only to attention layers for efficiency, or extend
it to projection layers for additional performance gains. Since pruning is typically performed once as an offline
step, the extra runtime can be justified when resources permit, given the consistent improvements we observe.

A.9 Pruning Llama-3.2 Instruct Models

We provide in this section additional results for the Instruct version of Llama-3.2-1B and Llama-3.2-3B.
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Table 9: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-1B-Instruct using
MOONSHOT-SparseGPT. Zero-shot mean performance and win rate are computed over the 7 classification
tasks. Results are averaged over 3 seeds with standard errors.

Sparsity Method | €4 WikiText2 | PTB| | BoolQ?  HellaSwag? WinoGrande {  ARC-e } ARC-c 1 PIQA 1 OBQAt | Meant  Win Rate f
Dense -] 23 13.16 25.69 | 6936 45.11

68.31 35.75 74.16 24.80 ‘ 53.88 -

0.0 35.63 £0.15 26.56 + 0.26 47.38 £0.53 62.87£0.32  36.55+0.18 55.994+0.12  2591+047 67.16+0.25 20.33£0.27 | 46.16 =0.09 0.0£0.0

0.1 31.72 £ 0.06 2.93 +0.07 42.37 £ 0.55 63.22+£0.18  38.040.05 5857016  27.9+£044  68.82+0.17  20.8+0.53 47.4£0.08 38.1£4.76
0.25 31.340.07 2 +0.05 41.28 £0.48 63.19£0.12  38.23 +0.09 58524033 28.04%+0.24 68.7+0.21 202404 47.4£0.08 42.86 0.0
0.5 0.5 31.17 +£0.04 22.43+0.1 41.27 £0.61 63.2+£0.08  38.28+£0.03 54.38 £0.73 58.61+0.15 28.73+£0.21 69.04+£0.14 21.2+£0.35 | 47.64+0.07 381476

0.75 31.01£0.03  22.26 +0.06 40.84 £0.78 63.82+£0.21  38.37+0.07 54.78 £ 0.51 58.95+0.18  27.7£0.12  6848+£0.13  20.8+0.46 | 47.56=0.07 47.62+4.76
0.9 30.97+£0.03  22.26 £0.09 40.2 +0.38 63.74+£0.15 38.454+0.04 55.1240.78  59.154+0.11 2858 +0.52 68.97+0.11 20.93+0.27 | 47.85+0.15 61.9+12.6
1.0 33.94+0.18 24.56 +0.15 4476 £0.34 | 63.98+£0.35 38.39+0.06 55.93+0.13 57.48+£0.14 27.53+£048 6835+0.43 22.27+0.13 | 47.7+0.07 -

0.0 73.5240.28 63.14 £ 0.29 97.29 +0.62 62.21£0.15  30.95+0.17 51.99 + 0.66
0.1 54.01 +0.28
0.25 52.92 +0.29

43.2£0.68 21.05+£03  60.75+0.04 1547£0.55 | 40.8+£0.14  14.294+8.25

69.89 + 1.4 62.27£0.06  32.69 +0.07 51.75+£0.5 47.95+£0.69 23.044+0.49 62.88+0.32 17.33+£0.41 | 4256 £0.13  42.86 £8.25

70.33 £ 1.27 62.4+£0.08  32.97£0.06 51.64 £ 0.43 48.74£0.67  2253+£0.26 63.13+£0.33 1647 +£0.75 | 42.55£0.15  47.62 £4.76

0.6 0.5 52.01+£0.14 67.8£1.32 62.26£0.05 33.06+£0.05 52.72+0.16 49.06+0.83  22.87+0.2 63.62 £ 0.1 16.27+0.57 | 42.84+0.13  57.14+0.0
0.75 51.13+0.18 4 66.39 = 0.56 62.35£0.15  33.11+£0.19 52.57 +£0.25 49.45+£0.79  2284+0.27 63.76+£0.27 17.07 £0.41 43.02+£03  76.19+12.6
0.9 50.87 +£0.22 40.47+043  66.03+£0.58 | 62.46+0.13 33.29+£0.11  52.07£0.03 49.54 £ 0.8 23.04+034 64.15+0.3 16.67+£0.07 | 43.03+0.22 71.43+£16.5
1.0 61.34 +0.64 51.01+1.18 7749+ 1.38 | 62.574+0.05 32.81 +0.09 51.96 £ 0.44 4798 £0.53  22.75+£0.23  63.22+0.65 1627 +0.41 | 42.51 £0.06 -

0.0 339.24 £24.3  347.52+25.13  561.79 £42.06 | 54.194+1.67 27.34+0.12 49.41 £0.85 31.724£0.27 1852047  5542+0.54 13.0£042 | 35.66+0.29  4.76 £4.76

0.1 169.63 £ 5.41 151.44 +4.14  263.45 £+ 20.91 61.02+0.5 28.14 £ 0.16 51.93 £1.22 36.43 +0.36 19.45+0.2 57.54 +0.51 14.47+0.93 38.43+0.27  80.95 +4.76
0.25 158.23 £2.87 147.81+4.46 247.05+8.59 | 61.97£0.11 28.27+0.12 50.96 +0.37 36.25 +0.44 19.11+0.3  5747+£0.21  14.27+0.41 3833+02  80.95+12.6

0.7 0.5 155.75 £2.38  154.07+8.74  245.63 £12.03 | 61.62+£0.11 284 £0.18 51.33 £ 0.54 36.53+0.65 19.23+0.32  57.94+0.11 14.93+£0.29 | 38.57+0.13 80.95+12.6
0.75 154.39 £2.31  156.53 +£7.65 249.79 £14.84 | 61.35£0.11 28.4£0.08 51.740.55 37.37+1.03  19.31+0.12 58.31+0.24 15.07+0.37 | 38.79+£0.13 8571 +£8.25
0.9 152,47+ 1.6 159.61 £7.77  235.26 £9.45 | 61.53+0.04 28.49+£0.03 51.38+£0.24 37.85+£0.66 19.08+0.16 58.23+0.31 142£0.12 | 38.68=0.15 90.48 +£9.52
1.0 220.95+£7.06 27828+ 18.56 393.47+£37.16 | 60.43+0.48  27.92+0.1 50.51 £ 0.83 33.26+048  19.11%+0.26  56.67+0.07 13.67+0.18 | 37.37+0.21 -

Table 10: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-1B-Instruct using
MOONSHOT-Wanda. Zero-shot mean performance and win rate are computed over the 7 classification tasks.
Results are averaged over 3 seeds with standard errors.

Sparsity  Method | 1l WikiText2 | PTB | | BoolQt  HellaSwag WinoGrande?  ARC-et ARC-c 1 PIQA 1 OBQAt | Meant Win Rate 1
Dense - 21.31 13.16 25.69 | 6936 45.11 59.67 68.31 35.75 74.16 2480 | 5388 -
0.0 41.06 £ 0.24 29.22 4+ 0.09 53.47 +£0.42 35.740.01 56.87 4+ 0.43 2 +0.16 16.8 +£0.23 45.414+0.1
01 40.41 £0.11 28.61 +0.06 52.63 +0.41 35.92 £ 0.05 56.69 + 0.42 66.56£0.1  16.87+£029 | 45.5240.07 .
0.25 3973401 27.87 £0.09 51.39 £ 0.4 35.99 £ 0.06 . 5714028 26224032 66.65+£0.16 17.04£031 | 45.68£0.06  52.38+9.52
0.5 0.5 39.58 +0.28 27.87 £0.19 51.26 £ 0.5 36.12+£001  53.96+£0.09 57.25+0.33 2602+052 66.72+£0.16 1707033 | 45.7£01  61.9+952
0.75 39.91 4027 28.134£0.1 5144012 36.22 £ 0.04 06+£0.68 5694015 26.39+£035 67.05+£03 17274024 | 45.83£0.22 66.67 £17.17
0.9 40.16 £ 0.17 284 0.03 5216 £0.18 | 63.0640.27 36.34+£0.0 54724048 56.96+£005 2628402 66744013 17.87+£0.07 | 46.0+01  66.67+£126
1.0 46.5+0.11 33.63 +£0.04 5043 +£0.11 | 62624018 35774008 55994052 54054024 2597+0.34 65894006 18.07+044 | 4548402 -
0.0 106.89 + 2.02 85.13 £2.17 115834322 | 6224002  2938+£01 51544036  41414£037 1866006 59474003  140+£02 | 39524001 47624476
01 10094 +1.72 7878 £ 1.76 109134296 | 62154002 29534012 52144046  4146+£037 19254023 60084014 1464046 | 39.89£003  66.67£476
0.25 96.71 & 1.01 74.61 £ 1.17 103.93 £276 | 62.15£001 29.71£0.06 52544 0.59 194£046 1948027 60374034 1484012 | 40184023  76.19+£126
0.6 0.5 96.18 +1.15 72.81 £ 1.32 104854275 | 62274001 2991+009 52834037 42684033 198+026 6045+017 1524023 | 40454013 90.48 £4.76
0.75 97.72 £ 0.56 7427 £1.04 106114283 | 6224002 3021401  53.01£032 43174023 19.97£034 60434027 1464023 | 4051401  76.19£9.52
0.9 99.91 & 1.39 77.19 £ 1.06 10598 +£1.66 | 62.3140.06 30.29+£007 5224038  43.74+£021 20424021 60.57£007 1424012 | 40.53£0.06 76.19 £4.76
1.0 154.55 +0.94 129.18 + 152 141384156 | 61.73+£0.09 20624002 52284029 39694029 1984064 59164026 1504012 | 39614021 -
0.0 45550 £ 8.85 46743452046 4775141539 | 4942£301 26754008 4933402 30094033 18.34+£027 5502401 12274027 7143 48.25
0.1 444164919 437.37+£2456 45097 +£22.14 | 53.84£2.97  26.93+0.02 30224026 1804021 55244011 120405 7143 £0.0
025 | 4384342147  41616+3744 428543804 | 55314187 27.02+0.03 30654£014 1815014 55554024 1244012 80.95 +£9.52
0.7 05 4547841284 413.61+£2288 425154188 | 58.44£018 27.09+£004 5104074  30.64+£011 17924034 55574024 12934018 | 36.23+£0.08  85.71+8.25
0.75 481.74 £ 11. 466.41 £ 26.96 426.24 £ 10.96 57.66 + 1.42 27.0£0.05 52.67+£0.59 31.02+0.18 18.2+0.11 55.77+£0.14  12.6740.33 | 36.43 £0.24  90.48 +£9.52
0.9 583.01£11.37  559.07+1693 513842206 | 56.83+0.84 27.154£004 51914025 3104013 17.72+011 55894052 12734033 | 36.18£008 7619 £4.76
1.0 1797.15 £176.66  2120.64 £ 117.11  2225.24 +246.18 | 52.1 4+ 3.48 26.62 +0.06 49.25 £ 0.33 28.3+£0.2 18.26 0.2 54.39 £0.15 13.0 £0.23 34.56 4 0.45 -

Table 11: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-3B-Instruct using
MOONSHOT-SparseGPT. Zero-shot mean performance and win rate are computed over the 7 classification
tasks. Results are averaged over 3 seeds with standard errors.

Sparsity  Method | 1l WikiText2 | PTB| | BoolQt  HellaSwag! WinoGrande?  ARC-et ARC-c 1 PIQA 1 OBQAT | Meant Win Rate 7
Dense - 16.49 11.04 20.42 | 7847 52.24 67.40 73.99 43.43 75.79 2740 | 59.82 -

0.0 24.55 4+ 0.14 19.22 4+ 0.44 33.434+1.03 74.55 £ 0.01 43.43 +£0.16 61.64 4 0.25 64.37 £ 0.31 33.25 4+ 0.6 70.51 4 0.22 21.73 4+ 0.48 52.78 +0.18 4.76 £ 4.76

0.1 22.61+£0.02 17454028 2093402 | 75524032 4479401  62.88+0.37 65424027 343+034  TL85E0.0 220402 | 53824011  38.1+4.76

0.25 22.45 4 0.01 17.21 £0.14 29.67 4 0.09 T5.77+£0.4 .81 £0.02 63.27 4 0.31 65.5 £ 0.56 34.3 +£0.44 71.8£032 22134029 | 53.94+0.2 38.1£12.6
0.5 0.5 22.41+0.03 17.124+0.18 29.42+0.03 76.13+0.04 44.87+0.05 63.04 £ 0.52 65.74+0.53 34.334+0.37 71.84+0.16 21.934+0.64 | 53.98+0.16 42.86 +14.29

0.75 22.384+0.04 17.09 £0.17 29.21+0.24 75.954+0.15  44.88 +£0.02 62.93 +0.21 66.11+0.09 34.07+0.31 71.47+0.15 22.13+0.59 | 53.94+£0.14 38.1+£4.76

0.9 22.37£0.02  17.04£0.14 29.24 4 0.27 75.8140.13  44.89 +0.01 63.354+0.13  66.16 £0.06 34.334+0.14 T71.65+£0.05 22.33£0.24 | 54.084+0.02 42.86+8.25

1.0 23.11+0.05 17.73 +0.26 30.01+0.16 76.06 £+ 0.34 45.08 + 0.1 64.59 +0.35 64.52 +0.21 34.2240.6 71.16 £0.27 23.33+£0.44 | 54.14+£0.2
0.0 52.02 £ 0.56 49.18 £2.2 79.4+5.34 67.55 +0.77 34.8+0.18 56.41 +0.37 49.13+0.8 24.06 £0.13  64.78 £0.79 16.73+£0.44 | 44.78 £0.15 9.52 +4.76
0.1 38.86 4 0.36 35.07 4 0.68 56.0£1.4 70114+ 1.18  36.57 £ 0.06 59.54 4 0.85 54.114+0.57  26.68+£0.73  65.81+£0.21  17.840.64 | 47.23+£0.34 61.9 £4.76

0.25 37.96 4 0.15 34.2940.7 54.26 & 1.11 70.0840.75  36.84+0.24 58.83 4 0.71 55.3+0.51  27.13£0.31 66.43+0.39 18.07+0.75 | 47.53+0.39  76.19 £12.6
0.6 0.5 37.92 4 0.41 33.55 4 0.67 53.92 4 1.47 69.87 4 0.84 36.9+0.1 59.93 £0.43  55.23+£0.57 27.36+0.51  66.414+0.31  17.934+0.57 | 47.66 £0.37  90.48 +4.76

0.75 37.58 +0.25 33.69 4 0.44 54.45 4+ 0.97 70.324+0.96  36.9+0.08 59.694+0.64  55.844+0.58 27.36+£0.36 66.25+0.31 17.47+£0.77 | 47.69+0.31  76.19 £ 4.76

0.9 37.31+0.18 33.4+0.5 53.89+1.03 | 70.37 +1.18 36.9+0.12 59.67 4 0.75 55.57+0.16  27.94+0.47 65.964+0.4  17.334£0.52 | 47.67+0.24  76.19 £4.76

1.0 41.2+0.1 38.64 4+ 0.82 61.84 4+ 1.86 69.734+0.98  36.61 £0.18 59.3 +0.54 53.27+0.16 +0.32  65.16+£0.23 17.27+0.57 | 46.79+£0.34 -

0.0 249.7+6.99 301.94 £ 8.0 364.31 £8.83 | 61.95+0.09  27.16 £ 0.06 49.99 +0.09 30.89+0.74  18.03+0.12 56.31+0.39 12.27+0.24 | 36.66 £ 0.19 9.52 £ 9.52

0.1 134.514£3.39 142924 1.32  190.67 £ 16.05 | 62.59+£0.12  28.53+£0.15 51.83 4 0.64 35.164+0.42  19.11+0.61  5812+0.05 12.0+0.23 | 38.194+0.11  57.14+8.25
0.25 130.54 £ 1.15  136.69 4 3.78 186.8 + 16.49 62.7+£0.23  2857+0.11 51.5141.24 35174039  19.0+0.74  5829+0.35 11.87+0.29 | 38.16+0.22 57.14+8.25

0.7 0.5 .49 + 2 131.09 £ 3.91 181.17 £15.41 62.59+0.19  28.79£0.11 52.01 4+ 0.62 35.97+0.4 19.2 +0. 58.65 +0.23 12.04+0.2 38.46 +0.21 5.67 £4.76
0.75 121.85+1.19 126.32+2.39 177.98+15.26 | 62.6+0.07 28.77 £ 0.1 51.834+0.89  36.27+041 18.69+0.49 58234044 12.334+0.37 | 38.39+0.27 61.9 +9.52
0.9 12354+ 1.3 131.66 +£1.76  175.18 £11.33 | 62.63+0.17 28.83+0.05 52.33+0.83  35.69+£0.46 19.2+0.44 58144 0.2 1224012 | 38434021  71.43£8.25
1.0 136.3 £0.13 156.05 + 2.0 193.42 +6.92 62.92 +0.51 28.22+0.14 52.12 4 0.61 34.69 = 0.09 18.86 £0.13  57.29+0.35 12.73+0.48 | 38.12+0.18 -
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Table 12: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-3B-Instruct using
MOONSHOT-Wanda. Zero-shot mean performance and win rate are computed over the 7 classification tasks.
Results are averaged over 3 seeds with standard errors.

Sparsity  Method | [ WikiText2 | PTB| | BoolQt  HellaSwag? WinoGrande?  ARC-e? ARC-c 1 PIQA 1 OBQAT | Meant Win Rate 1

Dense - ‘ 16.49 11.04 20.42 ‘ 7847 52.24 67.40 73.99 43.43 75.79 27.40 ‘ 59.82 -

0.0 25.54 £0.11 19.79 £0.17 34.17 £ 0.36 73.04+0.34  42.38+0.08 60.8 £0.59 66.26 +0.23
0.1 25.15+0.07 19.26 +0.1 33.32+0.19 62.04+0.21  66.0240.09
0.25 24.86 +0.07 19.06 + 0.2 32.71+£0.21 61.88+0.28  66.224+0.15
0.5 0.5 18.73 £0.14 32.340.13 62.77+£0.47  66.33 +0.15
0.75 24.48 £0.13 18.57 £0.15 31.99 +0.23 62.67+0.18  66.224+0.13

70.98+0.05 21.47+0.24 | 52.674+0.22  38.1+£4.76
70.96+0.1  22.33+0.07 | 52.9940.12  42.8640.0
71.4240.02 21.93+0.24 | 53.16 £0.13  47.62 +4.76
71.27+0.11  22.07+0.13 3.34£0.07  57.14£0.0
7144013 21.93+£0.18 +0.08 61.9+4.76

0.9 24.35+0.08 18.46 4+ 0.01 31.62+0.17 | 73.86 £0.26 63.59 = 0.09 66.4 +0.1 71.254+0.02  21.6+£0.23 53.6 £0.04  52.384+4.76

1.0 24.76 £ 0.01 18.7 £ 0.04 32274013 | 74.28+0.34 43.43+0.06 63.85+0.16 64.66 +£0.12 70.26 £0.16  21.27+0.35 | 53.18+0.04 -

0.0 73.41+4.15 [ +4.51 101.71 £ 3.95 32.57+0.25 55.67 +0.43 49.89 + 0.66 63.64 + 0.56 14.47 £0.24 19.05 + 12.6

0.1 67.82+1.91 61.5+2.44 94.64 £1.55 33.09 +£0.18 5. 744095 64.18 £ 0.34 15.0+0.5 23.81 +£9.52

0.25 63.87 +£0.75 5793+ 1.4 90.5 4 1.03 33.55 +0.18 5 324+0.51  24.91+045  64.24+0.19 1533 +£0.07 33.33 £4.76
0.6 0.5 60.41 +0.83 54.03 £ 1.15 85.55 +0.97 .92 +0.17 56.91 +0.41 51.024£0.58  25.17+0.32  64.25+0.17 1587 +0.18 47.62 £ 4.76

0.75 57.64 +0.24 50.62 +0.77 82.07 £0.91 65.80 +£0.24  34.25 +0.06 56.99 +0.16 51.5+0.26 25.744+0.23 64.33+0.15 16.67£0.27 | 45.05+0.08 76.194+9.52
0.9 56.47 +£0.27  49.09 £ 0.69 80.34+0.05 | 66.41+04 34.494+0.06 57.51+027 51.46+0.09 25.65+0.19 64.54+021 16.2+0.35 | 45.18 +0.13 80.95+ 12.6

1.0 74+0.74 50.82 +0.81 82.33 +£0.32 65.54+0.49  34.33+0.07 57.14+0.24 48.724+0.28 25.06+0.24 63.98+0.23 16.67 +£0.07 | 44.49 4+ 0.06 -

0.0 323.12+£19.39  340.56 +32.95 302.69 +10.61 | 39.43+0.25 26.81£0.07 4946 +£0.73  31.144+0.19 18.54+0.28 55.82+0.41 11.67+0.18 2 42.86 + 8.25

0.1 301.09 £12.36 311.94+24.51  288.06 + 3.24 41.1£0.2 26.86 = 0.1 49.7£0.6 31.1£0.11 18.154+0.2  56.33 £0.16 12.0+0.2 33.6+0.14 47.62 £12.6

0.25 290.05£12.47  296.65+19.83  286.03+6.45 | 45.08+0.64 26.93£0.05 49.83+0.17  31.14%£0.29 17.95+0.22 56.31 £0.17 11.4+0.31 34.09+0.15  38.1£9.52
0.7 0.5 279.64 +12.43  282.93 +6.27 46.76 + 1.4 2 .05 49.96 +0.05 31.594+0.12 1761 £0.08  56.57 £0.11 11.87 +£0.35 34.49+0.26  42.86 £8.25

0.75 264.81£3.25 2 +8.53  280.08£6.69 | 47.18£0.96  27.26 +0.03 50.3 £0.25 31.75£0.11 18.0£0.3 56.66 £0.33  11.73+0.13 7£021  52.38 £ 4

0.9 255.35£1.85  258.39 +3.53 268.834+4.87 | 4551 £1.63 27.38£0.04 50.3£0.15 31.8+0.2 1778 £0.19  57.05+£0.3 11.47£0.13 | 3447+£0.29 52.38+126
1.0 234.03 £3.39 271.85+7.51 264.91 £5.09 | 55.83+0.19 27.42+0.04 48.8 £0.18 31.0+£0.18 17.834+0.25 56.84+0.18 12.2+£0.2 35.7+0.07 -

A.10 Additional Ablations on )\

In Section [3] we analyze the sensitivity of A and find that the optimum almost never occurs at the extremes
A € (0,1). Across all architectures, pruning baselines, and sparsity regimes we tested, intermediate values
consistently outperform the single-objective endpoints, as shown in Figure[5] This pattern supports the idea
that balancing the reconstruction and Fisher terms yields a more robust pruning criterion than either alone.
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Figure 5: Performance of MOONSHOT across different values of A on the DeiT models (70% sparsity),
ResNet-50 (90% sparsity), and Llama-3.2 models (60% and 2:4 sparsity), using CAP, OBC, and SparseGPT
as base methods respectively. Accuracy is reported for vision models and perplexity on C4 for LLMs.
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A.11 Further Evaluation of MOONSHOT Across Sparsity Regimes
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Figure 6: Impact of MOONSHOT across sparsity levels on CAP for the DeiT models, OBC on ResNet-50
and SparseGPT/Wanda on the Llama-3.2 models.
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Figure [6] expands the sparsity sweeps for all architectures, pruning algorithms and pruning methods, and
shows a consistent trend: MOONSHOT consistently yields better performance—sparsity tradeoff than their
single-objective counterparts, with the gap widening in the high-sparsity regime where baselines degrade
most. Moreover, when combined with non-uniform sparsity allocation methods (OWL and AlphaPruning),
MOONSHOT ’s gains are additive: curves shift upward at nearly all sparsity regimes, indicating that our

multi-objective signal complements allocation strategies rather than replacing them.

A.12 Comprehensive Experimental Results

Tables [2[ and |3 as well as Figure [1] show the results of MOONSHOT for the optimal value of A across a
selection of sparsity regimes. In this section, we provide the results of MOONSHOT precisely for each value

of A\ that was tried, across all sparsity regimes.

Table 13: Test Accuracy for the DeiT models and ResNet-50 using MOONSHOT-CAP and MOONSHOT-

OBC respectively

Sparsity A ‘ DeiT Tiny DeiT Small DeiT Base ResNet-50
Dense - | 7214 79.83 81.80 77.11
0.00 | 68.49 +0.1 77.274+0.03 80.01£0.01 50.88 £ 25.39
0.25 | 68.62+0.03 77.63+0.02 80.5+0.02 76.56 £+ 0.03
0.5 0.50 | 68.35+0.05 77.67+0.01 80.56+0.02 76.61+0.03
0.75 | 68.02+0.07 77.49+0.03 80.6+0.02 76.63+0.04
1.00 | 65.49£0.02 76.56+0.04 80.58£0.01 76.63+0.05
0.00 | 62.28 £0.05 72.89+0.04 77.27+0.1 50.37 £ 25.13
0.25 | 62.22+0.09 74.16 +£0.04 78.41+0.06 76.04 £0.01
0.6 0.50 | 61.76 £0.1 74.144+0.02 78.62+0.04 76.13 +0.02
0.75 | 60.7+£0.2 73.76+£0.09 78.81+0.04 76.11£0.0
1.00 | 54.18 £0.15 71.31+0.19 78.67+£0.01 76.04 +£0.02
0.00 | 44.22+0.32 57.5+0.83 70.44 £0.15  48.94 +24.42
0.25 | 45.05+0.2 62.97+0.15 72.72+0.08 74.7£0.04
0.7 0.50 | 43.87+£0.49 62.57+£0.23 7342+0.06 74.82+0.05
0.75 | 40.29+0.19 60.31+£0.54 73.61+£0.03 74.82+0.04
1.00 | 26.71£0.27 53.04+£0.74 72.71+£0.07 74.73+0.03
0.00 | 8.28 +0.32 1428 £0.65 47.32+048 44.4+22.15
0.25 | 9.97+0.26 26.2+0.59 53.56+0.12 71.02+0.08
0.8 0.50 | 8.58 +0.26 24.36 £0.56  54.9 £0.26 71.39 £0.03
0.75 | 6.23+0.15 19.27+£0.88 55.37+£0.2 71.54+0.02
1.00 | 2.14 £0.16 9.84 £+ 0.62 49.2+0.18 70.83 £0.04
0.00 | 0.43 +0.06 0.43 +0.03 1.37 £ 0.09 6.89 £+ 3.42
0.25 | 0.41 +0.05 0.91+0.07 7.79+0.29 52.2 +0.06
0.9 0.50 | 0.43 +£0.09 0.86 £+ 0.09 9.49£0.37  54.86 £0.28
0.75 | 0.5+0.04 0.72 £ 0.08 9.440.28 55.52 £ 0.09
1.00 | 0.3 £0.03 0.46 £+ 0.08 3.07+£0.07 51.52 £ 0.07
0.00 | 52.28 £0.04 69.65+0.02 76.21+0.07 0.1+£0.0
0.25 | 54.23+£0.1  71.1+£0.07 77.3+0.04 75.37 £ 0.02
2:4 0.50 | 54.2+0.15 71.54+0.08 77.67+0.07 75.5+0.04
0.75 | 53.78 £0.03  71.52+£0.05 77.88+£0.05 75.5+0.03
1.00 | 47.65+£0.11 70.25+0.04 77.74+£0.04 75.46+0.03
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Table 14: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-1B using MOON-
SHOT-OSSCAR. Zero-shot mean performance and win rate are computed over the 7 classification tasks.
Results are averaged over 3 seeds with standard errors.

Sparsity A | C4 WikiText2 | PTB | | BoolQ t HellaSwag T WinoGrande +  ARC-e 1 ARC-c 1 PIQA T OBQA1T | Meant Win Rate 1
Dense - | 14.02 9.75 17.59 | 64.01 47.73 60.14 65.15 31.23 74.32 26.4 | 52.71 -

0.0 | 315.6+149.49 2427411426  4120.96+213348 | 51.86+ 112  30.82+3.98 50.51+1.02  4545+451 2241421  60.99+£3.65 1527+1.17 | 39.62+25 2857+ 28.57
0.1 38.04 +0.58 30.93 +0.92 86.73 +9.88 56.55 + 0.9 37.89+1.11 55.51 + 0.37 58.84 +0.38 28.58 +0.51 71.49 +0.06 18.93 £0.48 | 46.83 £0.42 80.95+ 12.6
0.25 | 41.23 +1.45 33.54 + 1.31 102.9 + 6.89 56.02+ 1.61 37.44+1.22 54.1240.66 58524051 28.64+0.21 71334022 17.84042 | 46274053 76.19+4.76

0.1 0.5 39.35 + 2.63 30.62 +1.23 91.55 + 16.49 54.31 + 3.38 38.75 £0.98 55.22+0.61 57.46 £2.72 27.9+0.51 71.2+0.81 17.67 £ 1.77 46.07 +1.49 80.95 + 12.6
0.75 | 38.46 + 1.14 33.27 +0.24 7.7 +8.46 520420 36754038 53.6440.5 5524272 27.05+0.53  7057+12  1747+0.74 | 44.68+0.94  80.95+9.52
0.9 |39.31+1.06 37.50 + 0.66 97.6+9.05 57T+1.72  36.59+0.45 55.2+1.05 4813 +£6.52  24.91+£1.96 67.01+£323 1744042 | 4312+185 85.71+8.25
1.0 | 43.0+1.28 43.91 4+ 0.6 106.62 + 8.57 52.61 £ 1.63 35.824+0.29 5417+ 1.11 45.19 + 7.83 24.234+2.04 65.65 + 3.68 15.93 +0.33 41.944+1.98 0.0+£0.0
0.0 | 379.28+177.85 302.81+ 14113 1378.15+633.62 | 50.31£1.0 2086434  51.3+122 42824583 2176+ 1.67 60.95+£4.05 1587+ 118 | 38.98+£256 38143123
0.1 | 148.98+3.3 113.79+4.23  392.84+35.98 54.37+147 30.91+0.41 54124069  51.37+£027 25744025 64.54+£048 16.27+0.52 | 4248+£0.35 61.9+12.6
0.25 | 87.21 +20.52 79.97 £ 20.05 365.34 + 138.38 53.16 £+ 1.55 32.68 +1.47 53.43 4+ 0.57 52.62+1.92 2548 +0.75 16.13 +0.58 42.86 +1.09 71.43+£8.25

015 05 | 64.68+9.44 61.36+15.64  282.32+156.56 | 51.96 + 2.46 +1.79 5474066  46.83+9.01 1593+ 1.76 | 41744334 47.62+ 17.17
0.75 | 48.07 £2.62 42.59 £ 0.5 117.8 £ 4.46 47.82+1.19 36.05 £0.43 54.06 + 0.46 68.03 +£2.48 15.8+0.58 4234+ 1.68 66.67 + 4.76
09 |47.48 £ 115  46.86+ 1.09 102.39 + 3.55 48884207  35.65+£0.5  54.22+0.32 66.74+£2.73  15.93+0.74 | 4187+ 183  76.19 +9.52
1.0 | 52,65+ 1.85 54.51 + 1.35 132.62 +9.26 51234207 35224032 52.83+0.43  4561+£645 2423+£1.72 66.12+£269 1453+£055 | 4144174  0.0£0.0
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Table 15: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-1B using MOON-
SHOT-SparseGPT. Zero-shot mean performance and win rate are computed over the 7 classification tasks.
Results are averaged over 3 seeds with standard errors.

Sparsity A | C4] WikiText2 | PTB | | BoolQ 1 HellaSwag ¥ WinoGrande 7 ARC-e 1 ARC-c 1 PIQA 1 OBQA T | Meant Win Rate 1
Dense - 1402 9.75 17.59 | 64.01 47.73 60.14 65.15 31.23 74.32 26.4 | 52.71 -
00 | 29144016  2203+0.15  36.04+038 60.08+0.67 36.28£0.07 5406+£0.67  5283+£0.16 2497+£05 66924027 17.8+£012 |4471+£01  9.52+£4.76
01 | 24774009  1843£009 30724035 6218+ 0.67 38254003 5538+£0.73  5539£0.49 2668+£03 68124005 19.6+£05 | 4651+£016 33.33+ 476
025 | 24.314£0.04  17.9340.1 30.25 + 0.41 62.33+0.77 38524014 5501+£014  55.46+£04 2625021 68.81+£0.07 18.87+047 | 4646013 38.1+£9.52
0.5 05 | 24014008 17744014 29724034 626018  38.61+£0.07 55544034 56.0+£036 26052012 683+£015 19.07+041 | 466+£0.12  28.57414.29
0.75 | 23.77+£0.1 1753 £0.1 29.17+0.14 63.16 £0.11 38.71+£0.16 5478056  55.82£049 2605+£0.37 68634033 20.0+£05 | 4674+£02  38.1+£9.52
09 | 23.7£006  17.49£012  29.05+0.16 | 6314031 3886012 55384014 5564042  26.96£0.34 68594042 2027 +£0.58 | 46.97 £0.22 47.62+9.52
1.0 | 27154023 19984017  33.63+0.1 61674148 39.19+£008 5551038 5516053 2651053 68594018 21.87+£0.29 | 4693 £0.32 -
00 | 29.64+£028  2233+014 3634053 61124036 36.36+£0.19 5596057  51.95+£049 2563+£1.05 66924027 18.67+0.37 | 45232035 14204825
01 | 249+01 184442009 3033 £0.33 61.56+0.98 38.33+£0.09 56.06+053 548404 2634008 6873£026 19.27+0.37 | 4644013 28574825
05 025 |2447£013  1805£0.16  29.97+0.24 626032  38.62+£006 55332024  5498+£0.27 26.91+028 68.81+£047 19.87+094 | 46.73+£017 42.86 £8.25
(Alpha- 05 | 24174011 17794019 20574035 6201413 38794008 553+0.38 55124012 26484064 68664051 1904042 | 46.48£01 23814126
Pruning)  0.75 | 23.93 4 0.1 17584015 29.26+0.38 63.183+0.22 38894007 54494074  5543+0.06 2654405  68.72+£035 198+£05 | 46714012 33.33+£17.17
09 | 23.77+£0.06 17.48£017 29114038 | 6281£04 391401 55594027 55714028 26314032 68.81+£0.29 2013+£0.57 | 46924009 38.1+19.05
1.0 | 27034029 19854021 32854024 62354139 39124017 55754043 552406  2654+£03  68.81+£0.23 21.67£0.29 | 47.06+0.14 -
0.0 | 27.44£0.1 21.25+0.1 34.47+0.26 61.41+0.56 37.54+£0.08 553034 51544043 2531+£04 6746011 18.6+£1.03 | 4531£02  0.0£0.0
01 | 24134007 18204011  30.6840.46 62.68+0.3  39.11+£0.07 5635+£0.61  5539+£0.82 2625036 67.9240.15 20.53+0.68 | 46.89+£029 23.81+17.17
05 0252384008  1802£015  2981+£027 627602 39154006 5638016  55.32+£0.67 2696+£0.09 68464014 208+£02 | 47.12+£011 38.1£126
(owr) 05 | 257007 1777401 29.69 +0.13 62774045 3944011  5599+£047  55.44£0.59 2693049 68.63+£0.28 20.27+0.37 | 47.06+£0.27 42.86 4 14.20
075 | 23414005  17.694£009  29.3840.19 63.12£0.5  39.46+£0.05 56.8+0.73 55884023 27.45+£028 6848+£0.27 20674047 | 47.41+£022 57.14414.29
09 | 23.31+£004 17.58£0.11 29.16+0.31 | 6288+£0.34 3956+£01  56.96£0.78  56.05+0.35 27.084012 68534013 2027+£0.35 | 47.33£0.16 52384126
1.0 | 26254005  1974£009 3224026 62864031  39.94+£008 56594055  5536+£0.32 26424036 68324022 2213£0.37 | 4737£015 -
00 | 85.09+£1.34 72054081 1044+ 1.31 60.89£1.43 20474016 53174£1.07  3946+0.42 19514033 59.97£0.11 13.93+0.74 | 39.4940.36  14.29 £ 0.0
0.1 | 56.05£1.38  44.240.94 67.85 £ 2.09 61474023 31684011 52644039  44.99+0.81 21424052 6244+£037 15474084 | 41444018  38.1+126
0.25 | 54.15£238  4206+£1.34 6321+ 181 6215402 31994012 52574039  45.19£0.52 2133402 626018 1487059 | 41.53+£0.1  47.62+£126
0.6 05 | 51.97+£1.64  4032+£1.13  61.81+2.66 62194007 32134018 52914045 46344047 2134023  6288+£0.09 1587+0.24 | 41944016  52.38 +£9.52
075 | 51.28£1.68  39.60+127  60.914+228 6216004 3238+£0.19 5338+£032  4625+£0.34 21.53+021 63.31+£0.13 15.67+029 | 42.1+0.13 57.14+8.25
09 | 5028199 39.13+£154 60.14+29 62.36 £0.12 3249013 53.09+£018  46.49+£038 2134024 63224017 15734055 | 4214011 57.14+8.25
1.0 | 63.63£118  546+1.0 81.1143.99 60.67+059 3216402 54464053  4494+£011 2147+£048 6221402  17.07+£041 | 4185+£02 -
0.0 | 88674238 75354309  109.66+507 | 61524051 2954003  51.644+047  3861+£043 19484045 5954027 12674047 | 38994028 4764476
0.1 | 57.24£0.41 064023  68.58+0.08 61884024 31644007 51.8+0.38 4489 +£0.87 21134034 61954041 15.73£059 | 41.29£0.33  19.054+9.52
0.6 02553934037 4236402 64.6341.4 62134004 31894007 527£0.6 45.23 4044 2176+£0.15 61824019 15.87+£0.64 | 41.63£0.22 2857400
(Alpha- 05 | 51.224£0.44  40.66+049  62.5141.04 62224008 32164006 53384074  45.74+£058 22074037 62.79+£0.17 1593 +0.13 | 42044013  57.14+£14.29
Pruning) 0.75 | 50.52+0.55  39.44+0.3 61.78 +0.85 6206022 32384007 53334039  46.68+£06 22214022 62.66+£016 16.13+0.18 | 42214021 61.9+4.76
09 | 49.31+£11  38.44+052 60.32+12 62.20 £0.05 3253 +£0.06 53.7+0.55 463+£03 21994015 63.13+01 166+£012 | 4236014 66.67+9.52
1.0 | 61054077 5284043 78.27 + 3.64 6208+026 32042008 53.884025 45294049 2201+£059 62024042 17.6+£042 | 4213£006 -
0.0 | 7497168  64.741.38 94.32 +3.39 62114011 3075402 52074057  40.39+0.1 21054037 61.08+£018 142405 | 40234008 4.76+4.76
0.1 |4843£056  40.09+£031  59.81 % 1.44 62224005 32924008 52594022  45.69+0.51 22.04£0.15 63.58+£0.13 16.13+0.52 | 42174013  42.86 £8.25
0.6 02546312078 38414017 56184088 6227401 33.06+£0.06 52994051  45.17+0.32 22644042 64.02+£012 158+£061 | 42284011 61.9+9.52
(OwL) 0 |4528£1.06 3736054 5454+137 62.21 +0.02 5402 53.62+£038 4599405  23.07£0.79  64.2+£014 1664012 | 4271£026 7143 +£16.5
0.75 | 44.3+0.89 36.244£024  53.874+1.29 62.2740.09 33484016 54.06+£044  46.89£0.15 2315404  63.89+£019 164+£0.72 | 42.88+0.23 66.67+12.6
09 | 43.58£0.91  35.72£0.17  53.02+£091 | 6224004  33.66+0.16 5354055 4637023 23414008 64.04+£003 164+£02 | 428+0.07  66.67+£17.17
1.0 | 56824168 49544122  68.73+£3.48 6222011  3286+£0.05 53672033 4414071 23.46+£005 62594021 18.0+£0.76 | 42424007 -
0.0 | 553.89£45.52 72908633 855.94+£159.79 | 5174 £5.13 268+0.12 4967403 20484018  19.34+£0.08 5464048 12674044 | 34.91£0.68 2381 126
01 | 254694712 24674575  307.55+£27.07 | 58.47+1.87 2728011 51094074  3284+£026 18524056 56.33+£0.27 1247+£0.64 | 36.7140.13 381+126
0.25 | 234354 6.29 21838822  276.61 £20.83 | 54.34+3.3  27.66+0.08 50.64£0.61  3333+£0.55 18.63+£0.08 56424052 13.07£044 | 36.3£041  47.62+12.6
0.7 05 | 214854+ 7.77 19504+ 7.91  250.95+£18.88 | 56.87+2.54 27.82+£0.1 51144012 337807  18206+0.13 56.93+£0.15 12.53£0.77 | 36.76+£0.35 47.62+12.6
0.75 | 209.634+6.29  182.92£2.06  239.21£15.00 | 56.02£3.2  27.774£0.07  50.91 £1.1 3418 £0.56 18574023 57154071 12.73£047 | 36.76£0.43 57.144+14.29
09 | 202384985 173.51+0.99 233.86+£7.17 | 56.59+2.22 27.85+0.11 51.25+0.18  34.67+0.66 18944009 57134022 13.27£0.64 | 37.1£022  66.67+£12.6
1.0 | 303.94£19.17 348.034105 4522041324 | 57.734£1.52 27.774£015 50.86+0.53  33.124£033 184940.64 56.64+£031 13.73+£085 | 36.9+£028 -
0.0 | 52541 +£51.54 62051 £27.79 843.16+£128.6 | 48.66£6.73 2662401 50334026 300401 19144045 54624028 1184012 | 34464099 381+952
0.1 | 24461 £13.76 227.67+£15.03 28852+£17.99 | 54.81£253 2736011 50074039  3258+032 1817403 55574057 1313+£047 | 35964044 52.38+9.52
0.7 025 | 222334761  202.07+10.7 832417.98 | 5555 £3.16  27.6+£0.01 49724059 3333403 19114017 56294036 12.93+0.64 | 36.36£0.43 57.14+0.0
(Alpha- 05 | 206.42+£2.80  183.41 %559 3524674 | 55884309 27.6+0.06 49784053  33.74+£0.39 18574041 5678052 12674052 | 3643 +£0.57  66.67 £12.6
Pruning) 0.75 | 210.6 +4.5 18188454 236624331 | 54064358 27.644006 50514073 3374028 18714041 56844038 1304042 | 36354059 66.67+9.52
09 | 196.7+054  168.34£6.38 224.51+7.57 | 5635 £2.57 27.86+006 49414077  33.66+0.18 18574063 56.93+05 13.6+053 | 36.62+£0.52 71.43+8.25
1.0 | 31617 £25.45 3653243853 43946+ 61.03 | 56.43+1.87 27.640.18 48934041 32444088 18714042 5644034 12874064 | 362+£028 -
0.0 | 454.15+£42.28 57039 £46.9 8531418413 | 5444 £3.84 26774004 50464 0.71 1924021 20.14 +0.37 11734041 | 35.68£0.39  19.05+9.52
01 | 216914544 21744767 3717646408 | 5579 £41  27.76+£0.09 50.2540.29 54042 19.1140.36 1204042 | 3644 +£0.63 38.1+476
o 025202685499 19703368 200.34£2453 | 548544103 2791£01  50.99£051 34132025 19.03+04 1224031 | 36.63+£0.63 52384952
(Owr) 05 | 18663458 17483£525 26437+13.89 | 58.64£1.87 28024013 502021 34.06+£06 19064028 5724042  13.13£057 | 37.19+£037 61.9£17.17
0.75 | 18444+ 6.26  172.63+7.5  268.01 £10.51 | 56.79+2.28 28.03+£0.07 51.7£0.91 35.02+0.2 18714042 57294014 1273+£041 | 37.18£042  66.67 £4.76
09 | 178124592 167.31+6.39 241.44+£624 | 56.39+2.51 28.06+0.1 52.25+£103  3488+£02  18.63+0.37 57.98+0.05 12.87+029 | 37.290+£045 57.1440.0
1.0 | 263.82+£27.07 3132644334 390.13+86.99 | 57.86+1.51 27.93+£011 49884071  33.16+£036 1937402  56.29+£036 13.67+£0.07 | 36.88+0.31 -
00 | 77.524£0.12  63.66+035 8879417 60.73+0.32 29524006 5172041  40.04£019 1908£044 60074032 13.33+018 | 3921£0.23 00400
01 | 55224036  41.5+0.92 63.241.74 6184013 31124013 53594037 44114023 2005400 61754036 14.27+024 | 4096011 2857400
0.25 40174078 63.09+1.21 61694028 31.2940.18 54094022  4475+£0.23 2008+0.3 14534048 | 4117 £0.09 86+ 8.25
2:4 39.22 4 0.59 60.78 +1.41 61.45+0.27 31.4240.15 54.38+£0.6 44.96 £0.06  20.36 +0.41 14.13+0.27 | 41.25+0.1 38 £12.6
38.0£0.58  59.324 155 61.98+0.29 31474021 53094027 453705 20284058 6213+£0.19 1433+0.35 | 4124402 42.86+£14.29
09 | 51024033 38224048  59.09+£1.07 | 61774035 31.69+0.18 53.51+£051 45314008 20514032 62.53+£018 14.73+£035 | 41.44£0.16 57.14£16.5
10 | 53594035 42564037 63.79+0.19 61424021 31684005 53834037  44.04£0.23 21.47+044 6179404  15.0£02 | 41324008 -
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Table 16: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-1B using MOON-
SHOT-Wanda. Zero-shot mean performance and win rate are computed over the 7 classification tasks. Re-
sults are averaged over 3 seeds with standard errors.

Sparsity A | €4 WikiText2 | PTB | | BoolQ t HellaSwag T WinoGrande 1 ARC-e ARC-c 1 PIQA 1 OBQAt | Mean t Win Rate 1

Dense - | 14.02 9.75 17.59 | 64.01 47.73 60.14 65.15 31.23 74.32 26.4 | 52.71 -
00 | 30484014 2148 +£0.08 39.41+0.22 61.59+0.37 35574008 5414406 54324028 24944012 65.96+£021 178407 | 44.9+0.21
0.1 | 30264017  21.32+0.12 38.76 = 0.18 61.85+022 3559 +0.13 51011 54664028 2494+0.1 66364002 17.93+0.7 | 45124017
025 | 30.08+0.09 2114007 38.19 + 0.04 6198 +£0.19  35.68+0.13  53.96+0.3 5474044 2524015 6629401 180+ 101 | 45114014 80.95+4.76

0.5 05 | 20824004  20.81+0.04 37.68 +0.25 61.99+027 35914011 5414+0.6 54.69+£0.18 2524041  66.56+0.13 18.2740.44 | 45.25+0.19 85.71+8.25

0.75 | 29.63+0.04  20.69+0.08 37.32+0.16 6206018  35.95+0.06 54464005 54454021 25314012 66.2+0.19  17.8+4023 | 4518 +0.08
0.9 |20.7+0.08 20.69 + 0.05 37.23+0.1 62.13+0.13 36.16+0.06 54.59+021 54314015 25264031 66.34+£0.11 1744042 | 4517401  80.95+4.76
10 | 35714021 24.43+0.04 43.15 +0.26 60.23+049 35264004 5456+0.03 51594029 24694021 65514013 182402 44.29£0.07 -
0.0 |3046+0.16  21.25+0.11 38.88 +0.19 61154009 35.64+007 54914039  53.62+£0.09 24324013 66.29+£0.23 17.73+£0.24 | 44.81£0.09 80.95+4.76
0.1 30.28 +0.13 21.14+0.08 38.24 £0.19 61.78 +£0.08 35.67 +0.09 54.33 £0.32 53.87 +0.17 24.1240.25 [{ +0.07 17.8 £0.72 44.84 4+ 0.18

0.5 0.25 | 30.24 £0.16 21.01 £ 0.05 38.06 £ 0.08 61.67+0.15 35.74+0.11  54.35+0.26 54.124+0.22 24.3240.13 8 18.0+£0.7 44.9240.15  80.95+4.76
(Alpha- 0.5 | 29.93+0.18 20.74 £ 0.09 37.38 £0.08 61.58 + 0.2 35.79+0.08  54.75+0.13 54.0540.09 24264016 66.614+0.19 18.0£0.61 | 45.01£0.09 80.95+4.76
Pruning)  0.75 | 29.57 +0.03 20.5 4+ 0.04 37.03+0.1 61.64+0.13  35.92+0.01 55.46 £+ 0.48 53.984+0.15 24.63+0.21  66.65+0.11 18.0 £ 0.31 45.18 £0.11  85.71 £ 8.25
0.9 | 29.64 +£0.06 20.48 +0.07 37.13+0.14 61.414+0.13  36.08+£0.03 55.38+0.35 53.7£0.08 24.66+0.21 66.834+0.04 17.934+0.13 | 45.14+£0.03 90.48 +4.76
1.0 | 35.4740.21 23.99 £0.11 42.65+0.3 58.79+£0.37  35.31£0.13  55.09 £ 0.32 51.0740.08 245740.31 65.1440.19 17.274+0.24 | 43.89+0.12 -
0.0 | 28.8840.09 21.14£0.1 38.01 +£0.37 61.68+0.12  36.48+0.04 54.54+0.51 52.954+0.43 24.32+0.13  66.16+0.05 19.2+0.2 45.054+0.14  57.14£8.25
55.12+£0.43 52.9240.56 24434032  66.234+0.29 192740.24 | 4519+ 0.17  76.19 £ 4.76

0.1 | 28.840.09 20.98 £ 0.09 37.79 £0.41 61.82+0.2 36.52 +£0.11

05 0.25 | 28.82+0.12 20.9 +0.1 48 £+ 0.36 62.08 £0.09  36.66 + 0.06 4.75 +0.07 53.34+0.56 24.7440.09 66.524+0.16 19.5340.29 | 45.37+£0.09 76.19+12.6
(OWL) 0.5 | 28.7+0.13 20.71£0.13 36.85 +0.42 61.96 +0.2 36.79+0.05  54.78 £ 0.36 53.044+0.21 25.1140.21 66.384+0.25 19.9340.07 | 4543 +£0.06 85.71 £8.25
0.75 | 28.51£0.04  20.58 +0.07 36.22 +0.29 61.984+0.02 36.76 £0.04  55.25+0.44 53244013 24694038 66.494+0.14 19.874+0.07 | 45.47+0.11 85.71 £8.25
0.9 | 28.52+0.03 20.59 £ 0.02 36.18 +0.12 61.82+0.32 37.0+0.06 55.56 +0.45 52.8040.18 24.8940.29 66.36+0.2 20.2740.29 | 45.54 £0.15 95.24 +4.76
1.0 | 3 +0.16 23.16 £ 0.06 40.06 = 0.08 60.01+£0.77  36.63+0.05 54.83+0.4 50.5340.26  24.66+0.38 6542+ 0.1 19.47+£0.29 | 44514027 -
0.0 | 88.87+1.62 66.78 = 1.37 108.78 + 4.4 61.99+0.11 29.39+0.07 51.14+0.3 39.864+0.39  19.0£0.42 60.5240.14  132740.35 | 39.31+£0.12  80.95+ 12.6
0.1 | 87.45+2.13 65.41 +1.82 106.65 + 4.21 61.78£0.22  29.47+0.03 52.35+0.53 40.314+0.35  19.2+0.15 60.234+0.33  13.6740.24 | 39.57+£0.06 80.95+12.6
0.25 | 86.94 £ 2.1 64.92 +2.09 103.22 + 3.32 61.9+0.11 29.56 £0.04  51.72 £ 0.59 40.1940.13  19.3740.13  60.664+0.16 13.734+0.37 | 39.59+£0.06 85.71 £8.25
0.6 0.5 | 86.55+1.67 63.57 £ 1.61 98.44 + 3.98 61.56 £0.29  29.53+0.06 51.64+0.23 40.4+£0.17 19.6 + 0.06 61.124+0.08 13.4+0.2 39.614+0.07  80.95+4.76
0.75 | 87.41£0.53 63.83 + 0.69 96.72 £ 2.62 61.55+0.37  29.574+0.04 52.33+0.76 40.95+£0.15  19.03£0.09  60.9 +0.07 13.44+0.23 39.674+0.12  76.19+9.52
0.9 | 90.04 £0.69 64.72+0.13 97.73 £ 0.94 61.64+0.21  29.64+0.04 52.17+0.44 41.1140.38 19.06 £ 0.1 61.1£0.11 13.33£0.37 | 39.7240.07
1.0 | 117.714£0.87  84.73+0.73 119.64 £ 1.0 58.96 £1.39  28.86+0.03 51.35+0.49 38.8240.32 189440.26 59.0540.18 13.9340.24 | 3856 £0.12 -
0.0 | 87.66 +1.09 66.36 + 0.7 107.17 £ 2.93 61.94+0.15 29.34+0.1 51.49 £+ 0.39 39.064+0.38 19.624+0.31  59.9940.07 124 +0.53 39.1240.08  71.4340.0
0.1 | 86.35+1.64 65.13 +1.22 104.51 £ 3.58 61.79+0.29 29494012 51.7+0.34 39.16 0.7 19.74+£0.08 6028 £0.06 12.4+0.5 39.2240.13  85.714+8.25
0.6 0.25 | 84.21£1.04  63.3+£0.92 101.96 + 2.98 61.69+0.24  29.56+0.08 52.33+0.37 39.2840.29  19.6540.06 6 +0.13  12.07+£0.58 | 3 85.71 4+ 8.25
(Alpha- 0.5 | 84.9+0.94 62.75 + 1.05 98.54 + 2.09 61.86+0.21  29.67+0.09 51.93+0.18 6+£0.26 19.74+£0.4 6 +027  12.13+£0.37 76.19 + 4.76
Pruning)  0.75 | 85.33 +0.55 62.02 + 0.85 97.49 £ 1.57 61.46+0.25  29.58 +£0.1 51.83 £0.21 40074049 194340.23  60.8340.05 124740.13 71.4340.0
0.9 | 88.49+0.32 63.13 = 0.36 100.53 £ 0.5 61.51+0.27 29.67+0.1  51.75+0.09 40.324+0.42 19.8840.05 60.9540.12 122740.13 | 39.48 £0.06 80.95+4.76
1.0 | 112.33+£1.03  80.75£1.03 120.89 £ 0.73 58.01£1.1 28.924£0.09 51.224 047 37564016 19514021 59.324+0.04 13.44+04 3828 +0.1 -
0.0 | 76.14 £ 0.64 62.0 £ 0.52 104.62 £ 1.6 61.64+0.17  30.36 0.1 51.49 £ 0.54 40.32+£0.19  20.53+£0.3 60.234+0.16  13.2+0.46 39.684+0.06 57.14 +8.25
0.1 | 74.55+0.73 60.11 £ 0.58 101.96 £ 0.17 61.72+0.09  30.42+0.11  52.25+0.16 40.7£0.23 20.3440.31  60.5+0.03 13.6 +£0.31 39.934+0.13  61.9£9.52
0.6 0.25 | 73.97+£0.19  58.81+0.28 100.07 £ 1.96 61.81+0.08 30.47+0.07 51.51+0.37 40.9240.22  20.714+0.15  60.364+0.19 13.2740.35 | 39.86+£0.15  66.67 +4.76
(O\VVL) 0.5 | 74.58 £0.49 58.75 £ 0.37 97.11 +£0.77 61.724+0.04  30.58 £0.11  52.01 +£0.12 40.6740.28  20.314+0.09 60.394+0.08 13.8+0.42 39.934+0.13  52.384+9.52
0.75 | 74.74 £0.47 57.56 = 0.17 94.12 +1.37 61.75+0.16  30.58 £0.11 52.84+0.28 40.814+0.23  20.19+£0.17  60.68+0.15 13.93+0.48 | 40.11+0.11 71.43 +8.25
0.9 | 76.62+0.57 58.53 £ 0.42 94.61 +0.92 61.734+0.14  30.66 £0.09 52.99 +0.39 41.184+0.25 20.5940.27 61.084+0.24 13874+0.35 | 40.3+0.19  71.43+0.0
1.0 | 99.3841.37 73.0 £0.37 111.24 £1.83 61.28+0.28 29.88+0.11  52.07+0.82 40.2240.09  20.8240.05 60.0340.2 14.8+£0.12 | 39.874+0.17 -
0.0 | 363.68£3.74  393.51 £ 5.96 459.34 £12.4 38814041 26.85+0.04 49.14+0.37 29.6940.24  18.86 4 0.1 55.394+0.25 124 +0.42 33.0240.07  52.384+9.52
0.1 | 354.91£6.53  404.15£1.97 438.68 £ 18.66 38.99+0.61  26.9=+0.03 50.22 £ 0.62 29.8740.24 18664 0.25 55.6 £0.26 12.53£0.07 | 33.254+0.16 52384 17.17
0.25 | 342.24 £11.1 370.67 £5.15 419.8 + 37.86 39.01+0.83  26.89+0.09 50.38+0.94 29.9240.13 1857403 55.79+0.24 1224023 33.254+0.29 57.14+8.25
0.7 0.5 | 356.93+£11.89 377.15+£1.18 415.21 £15.26 38.83+0.59  26.95+0.01  50.57 +0.39 29.9940.17 19.1440.08 55.6440.12 122740.18 | 33.34£0.06 61.9+4.76
0.75 | 357.83+11.36 358.07 £2.4 384.48 £10.82 | 38.84£0.17 26.98+£0.05 51.62=+0.46 29.554+0.13  189140.03 55.734+0.21  12.534+0.55 | 33.45+0.1  57.14 £8.25
0.9 | 383.24+9.61 380.41+5.38 420.72 £13.07 38134+0.06 26.93+0.05 51.85+0.34 29.814+0.27  19.034+0.21 55.464+0.13 12.074+0.52 | 33.33+£0.06 61.9+4.76
1.0 | 730.58 £21.78  777.79 + 20.03 1130.38 £ 57.74 | 39.91+£0.83 26.52+0.05  50.86 + 0.41 29.3240.17  188640.32 55.2840.28 12.9340.44 | 33.38+0.15 -
0.0 | 372.76 £4.51 399.6 + 23.33 448.03 £16.78 40.22+0.43  26.76 £0.04  48.93 +0.32 29.8140.17 18.6 £0.09 55.2840.19  11.9340.18 | 33.08£0.07  47.62 +4.76
0.1 | 380.49£8.11  410.81 £13.71 467.38 £22.23 40.04 + 1.0 26.78 £0.06  49.43 +0.63 29.664+0.04 187740.05 55.0840.07 11.6740.18 | 33.06£0.11  52.38 £9.52
0.7 0.25 | 378.98 £10.46 395.64 £ 3.8 456.96 £ 32.25 39.91+0.87  26.76+£0.08 48.91+0.3 29674021 19.174+0.25 55194027 122+06 33.1240.19  61.9+4.76

(Alpha- 0.5 | 388.09 +11.97 405.85 +6.13 49 £25.19 39.11+0.19  26.8+0.07 49.51 0.5 29.714+0.21  18.6340.06 55.1540.1 11.87£0.27 | 32974+0.08  52.384+9.52
Pruning)  0.75 | 396.58 £6.47  375.31 £ 10.65 403.93 £ 21.1 3887+0.49 26.88+0.05 49.72+0.23 29.4940.19 18944023 55.4+0.17 11.0+0.12 32.9+0.13 52.38 +4.76
0.9 | 393.62+£805 367.34+19.52  390.17 £ 15.0 39.99+0.42  26.83+0.02 49.57 +0.16 29.7340.16  18.664+0.08 55.2640.32 11.4740.57 | 33.07+0.16 57.14 + 14.29
1.0 | 939.78 £ 74.72 1333.27 +241.11 1873.76 £ 464.53 | 54.71 £ 1.38  26.4 £+ 0.02 50.46 + 0.41 28.1+0.38 18.83 £0.21 54.414+0.05 13.0+0.35 35.13+0.29 -

0.0 | 357.81£8.65 428.9+9.65 561.51 + 34.46 40.73+0.95  26.92+0.05 49.7£0.41 30.134£0.07  183440.32 55.3+0.16 13.6 £0.5 33.5340.2 57.14 +8.25
0.1 | 352.35+£4.06  405.89 £10.17 528.95 + 24.52 40.31+£1.09  26.95+0.06  50.04 +0.45 30.184+0.08 183440.15 54.884+0.28 13.334+0.35 | 33.43+£0.19 52.38 £ 4.76
0.25 | 344.15£8.77  393.93 £20.15 525.98 + 16.66 39.83+0.56  26.98+0.07  49.25+0.39 30.1540.11  184640.06 54.9940.3 13.4+0.46 33294012 47.6244.76

(O‘{‘\"L) 0.5 | 343.72+£11.99 376.14 +19.99 512.21 +17.46 41.07+0.16  27.04+0.05 49.51 £0.35 30.7 £0.12 18.09+£0.15 55.1+0.2 13.53+£0.64 | 33.58+0.06 57.14+£8.25
0.75 | 339.11 £4.0  353.82+7.97 485.37 £9.25 41.444+0.83  27.05+0.01 49.7+£0.72 30.1340.09 18.0340.15 55.374+0.1 12.6740.37 | 33.48+0.13 52.38+12.6
0.9 | 347.72+£3.14  358.32£10.71 521.4 +26.14 43.01+1.7 27.03£0.06  50.78 £ 0.61 30.3740.09 17.8640.21 55.3740.17 11.9340.24 | 33.76 £ 0.31  52.38 +12.6
10 765.73 £ 71.72 1164.96 + 72.63 | 46.24 +0.82 26.69+0.04 50.88 +0.44 28.864+0.52 19.8840.13 55.064+0.48 12.334+0.24 | 34.28+0.24 -
0.0 80.67 +2.12 125.89 +£4.63 61.37+0.26  28.36+0.06 50.51 +0.36 37884042 188640.34 59.1840.25 12274+0.35 | 38.35+£0.09 61.9+9.52
0.1 8047+ 1.4 127.79 £ 3.53 61.59+0.23 2847 +0.1 50.57 £ 0.5 37.8940.17 188940.27 589+0.16 11.93+£0.77 | 383240.11  76.194+4.76
0.25 | 111.95 + 2.69 80.06 +1.98 128.38 £ 3.09 61.16 = 0.51 28.59+£0.02 50.75+0.2 38.06+0.32  19.51+0.27 59.25+0.13 1247 +0.47 | 38.54+0.11 71.4340.0
2:4 0.5 | 110.74 +1.17 178.55+1.14 126.91 £ 1.66 61.08+0.57  28.51+0.05 50.62+0.25 384140.26  19.4340.08 59.36+0.33 12.674+0.37 | 38.58£0.14 71.43+0.0
0.75 | 115.64 £1.47  80.31 +1.48 131.07 £+ 1.05 60.55+0.63  28.544+0.04 51.67+0.59 39.0£0.09 19284047 59.2540.19 12.3340.29 | 38.66 £0.07 80.95 +4.76
0.9 | 116.92 £ 1.49 82.07 +1.16 130.21 £ 0.66 59.68 £1.09 28.62+0.07 51.67+0.07 38.894+0.15 19.4+0.35 59.05+0.42  13.4+£0.12 38.67+0.25 80.95+4.76
1.0 | 164.32+£2.37  114.73+2.32 190.58 £ 1.5 57.284+1.0 28.324£0.03  51.51+£0.15 35.76 £ 0.26  18.344+0.09 58414+0.35 13.67+0.07 | 37.61£0.1 -
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Table 17: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-3B using MOON-
SHOT-OSSCAR. Zero-shot mean performance and win rate are computed over the 7 classification tasks.
Results are averaged over 3 seeds with standard errors.

Sparsity A ‘ Cc4] WikiText2 |  PTB | ‘ BoolQ T HellaSwag T WinoGrande T ARC-e 1 ARC-c 1 PIQA 1 OBQA 1 ‘ Mean 1 Win Rate 1
Dense - ‘ 11.34 7.81 13.54 ‘ 72.72 55.30 69.22 74.37 42.41 76.71 31.20 ‘ 60.28 N
0.0 | 19.73£091  15944+0.42 51.8545.02 60.2 £ 2.06 45.85+0.78  60.59 £ 0.97 64.8 £ 1.09 31.854£0.62  73.94£0.67 25.0£0.42 51.75+0.7 9.52 £4.76
0.1 | 18.86+1.07 14.93+0.6 50.434+9.15 | 65.4+145 51.07+0.51 62.4+1.71 67.86 +0.62 34.7+0.53 74.8640.37 24.13+£1.43 | 54.35+0.84 57.14 £21.82
0.25 | 18.540.24 1347+£0.73  27.07+0.13 | 64.37+0.98 50.83+£0.28  60.77 £ 1.78 66.89 + 0.4 35.13+0.38  75.66+0.52 22.33+2.1 53.71+£0.74  61.9+4.76
0.1 0.5 | 16.42£0.22 12.63 £0.33 23.2240.42 65.06 £ 1.18  50.36 = 0.3 60.41 +1.79 66.23+0.94  34.67+£0.78 75554+ 0.67 25.67£0.74 | 53.99+£0.83 66.67 +20.76
0.75 | 16.56 £0.38  13.28 £0.55  22.1£0.28 64.91+1.0 49.5 4 0.62 61.43 4+ 0.47 66.39 +£0.83  34.41+0.33 75.54+£045 26.8+0.76 54.14+0.2 66.67 + 4.76
0.9 | 16.57+£0.41  13.58+0.8 22.164+0.24 | 64.36+1.07 49.21+£0.9 61.09 + 0.4 66.47+0.93 3436 £0.52  75.5+0.56 27.07 £ 0.7 54.01+£0.23  61.9+4.76
1.0 | 16.8£0.46 13.76 £0.85  22.34 +0.43 64.38£0.86 49.03+£0.86 61.3+0.74 65.82+0.64  34.1£0.53 75.7+£0.78 27.33+0.41 | 53.95£0.08 0.0£0.0
0.0 | 25744105 2346+0.84 48.04+£3.18 | 50.73£1.87 3844+ 187 56.3+0.71 61.53+£0.87  29.01+£0.67 72254052 2044155 46.95+0.55  14.29 £8.25
0.1 |2226+1.04 1881+221 55.04+£19.76 | 64.46 +1.75 48.69+0.24 60.69 £1.21 65.75+£0.59 32.65+£0.92 73.81£057 21.87+£1.38 |5256£0.85 76.19£9.52
0.25 | 21.5+£0.22  18.28 £0.41 27.9941.03 | 64.34 £2.28 4837+0.21 5877+ 1.44 65.4£0.71 33.16 £ 0.67 74.77+0.55 25.0+£1.15 | 52.83+0.84 95.24+£4.76
0.15 0.5 | 2217+£048 20.19+1.46 30.22+0.2 63.65+2.03 47.74+£0.53 57.98+ 1.77 64.41+1.03  32.54+£0.69 74.5240.68 23.93+£1.16 | 52.11+£1.02 90.48 +4.76
0.75 | 22.26 £0.65 21.1£1.9 30.73 £0.23 63.724+2.37 47.42+£0.78 5843 £1.76 64.28 £1.04 31.68+£0.85 73.76 £0.65 24.33+£094 | 51.95£1.07 85.71£0.0
0.9 |22324065 21.32+1.79 31.24+0.3 63.48 £ 2.2 47224084 5814+ 1.6 63.57+1.28 3148+0.98 7416056 24.13+0.85 | 51.744+1.09  80.95+9.52
1.0 | 22.524+0.58 21.44+1.93 31.7+0.68 63.39 +£2.33 4711 +£0.78  57.64 +2.02 61.94+1.86 30.94+1.25 73.834+0.68 2327+1.38 |51.16+1.31 0.0+0.0
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Table 18: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-3B using MOON-
SHOT-SparseGPT. Zero-shot mean performance and win rate are computed over the 7 classification tasks.
Results are averaged over 3 seeds with standard errors.

Sparsity A | C4 WikiText2 | PTB | | BoolQ 1 HellaSwag 1 WinoGrande t ARC-e 1 ARC-c 1 PIQA 1 OBQAT | Mean Win Rate 1
Dense - | 1134 7.81 13.54 | 7272 55.30 69.22 74.37 42.41 76.71 31.20 | 60.28 -
0.0 | 18124006  13.0+0.11 21.83 +0.18 69.194+1.07  45.96+£021  63.67+0.8 61.52+ 145 30.60+£0.93 7338037 2427066 | 5267043 9.52+£4.76
0.1 [ 16724004 11934006  19.62+0.17 70624065 4724005 64694039 64724069 3251+027 73.72+0.25 258+031 | 5418+0.18 33334126
025 | 16.63+£0.02  11.86+0.06  19.49+0.19 70.59+0.59  47.36+£0.08  64.09+0.3 64.86+0.80 32514067 73.16+0.19 2604012 | 54084021 33.33+4.76
0.5 05 | 16.54+£0.02 11834006  19.34+0.23 7112 +0.63 7005 6456016  65.22+0.63 5+£0.28 T7327+£028 25.73+037 | 5429+0.17 33.33+4.76
0.75 | 1649 £0.04  11.7840.06  19.18+0.19 7L0+0.74 47644005 64334041  65.4+0.69 7334036 26134024 | 54.394£0.28 47.62+£4.76
09 | 16454002 11.76+0.05 19.05+0.11 | 7L15+£0.76 47.65+0.08 65094023  65.01+0.88 73.36+0.18 26274037 | 54.55+£0.28 47.62+4.76
10 | 17.6140.08 12584006  20.34+0.13 72414077 4732401  65.93+025  64.27+0.53 72984031 26.8+031 | 54.72+024 -
00 | 18224002  13.07+0.1 21.67 +0.21 68.6+0.75  46.08+£0.12 63.98+082  6345+022 30.94+057 7296+0.23 2387+1.05 | 52.84+0.28 4.76+4.76
0.1 | 16.8+0.03 11.99+0.08  19.59+0.26 71054034  AT37+0.05 65694015  65.7+0.18  3282+0.0  73.16+0.16 25.47+0.64 42.86 +8.25
05 02516724002 1191007  19.47+0.26 71354056  AT.51+0.05  65.25+0. 65214022  32.99+028 7324042  25.27+0.18 42.86 4 0.0
(Alpha- 0.5 | 16.66+£0.03  11.86+0.06  19.36+0.24 71.85 + 0. 47.69+£0.03 65174027  6547+0.33 3259081 73.49+041  25.13+0.29 42.86 4 0.0
Pruning) 0.75 | 16.6+0.03 11.83+£0.06  19.26+0.24 71644043  AT73+0.06 65224064  65.77+0.16 33.02+058 73.7+049  26.07+0.24 | ! 42.86 4 0.0
09 |16.56+0.03 11.79+0.05 19.01+£024 | 71.96+028 47.85+0.03 65.19+0.66  66.12+0.18 3342+0.86 7345+0.33 26.27+£0.07 | 54.89+£0.18 52.38 +4.76
10 | 17.6540.06 12594005  20.31+0.17 72.93+0.22 47.314£0.04  66.09 +0.65 34.24+0.55 72984024 26.8+031 | 5504018 -
0.0 | 17.62+£0.02 12924009  21.0£0.15 69.13+0.85  46.64 £0.12  64.88+0.83 3L11+£041 72804033 24.0+0.2 5304401  9.52+4.76
0.1 [ 16.54+£0.02 11994006  19.46+0.24 70.65+0.61 4782401 65934042  66.13+0.74 33.16+0.37 7298+0.13 2484031 |545+£008  381+126
05 02516452001 1195007  10.08+021 70.83+£0.07 48.01+0.04 66044037  66.61+0.32 3342028 73.07+£041 2527+0.24 | 5475+0.08 42.86+8.25
(owr) 05 |164=00 11.89+£0.06  19.06 0.3 TLOA£0.1 48114005 65.774+0.66  66.32+046 3294+03  73.25+£02  24.93+0.37 | 54.62+0.15 42.86+8.25
0.75 | 16.36+£0.02  11.86+0.06  18.96+0.26 7134018 48154008 66.14+0.36  6641+0.35 33.02+£06 73254018 2513+0.18 | 54774012 52.38 £4.76
09 | 16.33+£0.02 11.83+0.07 18.85+0.29 | 71.49+02  48.21+0.06 240.07  65.99+056 3359+0.51  73.39+0.19 25274018 | 5494011  42.86+8.25
10 | 17144006 12354003  19.81+0.25 72734017 47.86+0.08 66.4+0.17 65.25+0.24 34.36+0.77 7269009 26.2+0.31 |55.07+0.16 -
0.0 |40.78+£0.8)  33.01+1.0 58.58 + 2.31 6236+ 1.25 3564006 56544047  49.93+£051 23.78+0.58 6687017 16.33+£0.66 | 44.49+0.25 0.040.0
0.1 | 30.240.09 23.74 4 0.25 741,07 66.47+0.92 38474006 60434054 5654039  2696+0.13 6868013 19.93+£0.71 | 48.21+£0.13  80.95+4.76
0.25 [ 2021 £022  229+0.23 37.4440.78 67.424+0.06 3888+£0.0  59.72+0.4 56.66+0.58  26.71+£0.21  69.24+0.08 19.93+0.77 | 48.37+0.03  76.19+4.76
0.6 05 | 2876+£0.13 22814017  36.8+0.62 67.67+0.3 3882401  60.38+0.57  57.55+0.86 27.14044  68.99+0.25 19.47+0.85 | 4857+£0.1  85.71+0.0
0.75 | 2857 +£0.18 22654021  36.17+0.5 67.6+£0.13  3896+0.14 61.27+0.19  57.37+£0.83 27.39+0.31 69.04+057 19.73+£0.82 | 48.77+£0.12 9048 +4.76
09 | 28.2340.11 22.46+0.17 35.63+0.68 | 67.76+0.35 39.13+0.07 61.01+0.23  57.59+0.02 27.79+£0.71 69.44+0.13 20.0+0.53 | 48.96+0.12 95.24 +4.76
10 | 33.63+0.14 26124023  42.69+0.73 66.82+0.6  3814+0.14 60.91+0.65  5389+0.11 2628+018 67.75+034 1847+044 | 47474008 -
0.0 | 39.98+0.8 32144125  57.63+0.55 64.43+£0.69 36.11+£0.05 57274035  49.96+0.18 23.83+0.9  66.7+039  1747+035 | 45.11+£0.14 0.0£0.0
0.1 | 30394011 23234016  37.83+1.2 6794049  3853+£0.03 GL51+£0.27 55194005 2642+0.29 6839051 19.33+£0.18 | 48.18+£0.08 71.43+8.25
06 02520684005  23.01+03 36.99 + 0.82 68924039 38894000 61724039 55274027 26.02+0.23 68524035 19.07+£044 | 48.34+£0.08 80.95+ 12.6
(Alpha- 0.5 | 29.14 +0.1 22.56+£0.07  36.56+1.25 6854005 39194008 60514037 56414037 26.99+046 68.92+0.34 19874024 | 48.63+£0.07 7143+ 14.20
Pruning) 0.75 | 28.96+0.15  2244+0.04  35.89 +1.52 68.93+0.35 39.15+0.14 61.3+0.27 56.45+0.46  26.82+£0.54 68594014 2004083 | 48754005 80.95+4.76
09 | 28.644025 22174019 3548+152 | 68.73+0.11 39.34+0.18 62.27+0.52  56.52+0.25 26.93+0.37 69.13+0.32 20.33+0.24 | 49.04+0.06 85.71+8.25
10 | 3419404 26.064+0.64  42.82+0.13 68174043 3862+£0.16 61984081  5337+07 2604023  68.06+0.38 19.8+0.9 480+038 -
0.0 | 32724056  27.69+0.6 45.87 +0.76 6446 +0.51  38.09+£0.1 58014025 5338031 25144033 6794401  18.0+04 464340.14  0.0+0.0
0.1 | 26.66+£0.16  21.77+0.33  33.89+0.66 66.67+£0.14 4001 +£0.11 61.93+0.66  56.8+£0.20  27.79+054 69.17+£04 2067018 | 49.01+£0.08 61.9+4.76
06 025 | 2617012 2156+035 3374+ 0.66 66.99+0.37  40.38+40.07 61144049  56.93+0.78 27.9+069  69.48+045 21.4+0.35 | 49.17+0.16 71.43 +14.29
(OwL) 05 |25.77£016  2116£023  32.36+0.55 67.41+0.49 40514012 6148402 57.154+0.86  27.87+0.72 6974044 21074007 | 49.314£02  66.67+12.6
0.75 | 25.55£0.12  21.0+0.21 3174041 67354033 40.61+£0.13 Gl48+0.84  57.06+127 2774046  69.99+0.61 2124012 |49.34+0.19 66.67+ 126
09 | 25314012  20.85+0.11 31.39+£0.69 | 67.41+047 40.64+0.13 61.62+0.09  57.39+0.78 28.16£0.62 69.73+029 20.6+0.5 49.36 £0.17 71.43 +8.25
L0 | 20154031 2358404 36.58 +0.78 66.64+0.77 39.89+0.16 61.96+£04 55574041 2753+0.12 68724014 2124035 | 48794011 -
0.0 | 200.72+16.15 466.55+68.13 72850 +27.38 | 56.11+0.86 27.29+0.08 4854+0.09 3204037 17214012 5682402 11134041 | 3558402  0.040.0
0.1 | 11835+3.46 11846+4.92 217.60+626 | 61.44+0.36 2887+0.05 50254032  36.0+£048  17.78+0.15 59.05+£031 13.0+£042 | 38.05+0.07 57.14+16.5
0.25 [ 109.6+£3.01 10844608  197.45+3.95 | 61564057 2014015  5046+0.88  36.24+£0.36 1746+0.28 59.29+023 1244058 | 38.07+0.18 71.43+8.25
0.7 0.5 | 104.09+3.16  101.36£4.66 18224 +11.37 | 61.99+0.32 20.32+0.14 51.62+036  36.63+£043 17.61+0.27 59.63+021 13.13+0.67 | 38.56 0.1  76.19+4.76
0.75 | 101.67+3.13 98354375  167.03+3.36 | 61.54+£0.66 20424016 50.8+0.3 37144055 17.86+£0.51 59.38+0.16 12274064 | 38344024 71.43+8.25
0.9 | 99514473 93.39+534  158.49+11.74 | 61.58+£0.22 29.51+0.18 51174027  37.2240.59 18.15+£0.19 59.74+0.22 1244053 | 3854+0.16 71434 0.0
10 | 126.28+£1.69 132444+6.04 197.02+7.93 | 62.16£0.04 2881+0.14 50.3+0.3 34054037 17754026 58.87+047 1247+0.18 | 37.77+£0.13 -
0.0 | 261.75+10.92 340.21+£40.8 477.68+748 | 56.3+3.25  27.04+0.09 49.3+0.62 3106403  17.06+£0.23 56.87+0.36 12074057 | 35.67+048 14.20 +8.25
0.1 | 119.79+3.08 11844546  195.98+228 | 61.6+£0.28 20074009 50074042 3574066  17.63+0.31 58834007 12274093 | 3788403 523842381
07 02511392418 110784571 18 62124011 29284005 50.8 £ 0.59 36174080 18.15+0.28 58854011 12.67+0.52 | 38294026 66.67+ 17.17
(Alpha- 05 | 11054+ 1.35  104.324£338  169.78+6.71 | 61.83+0.14 20434007 50.62+0.73  36.46+039 17.75+0.13 59.01+029 1224064 | 38194029 57.14+14.29
Pruning) 0.75 | 104.33 +1.89 99.31+4.75  160.87+5.87 | 6220+0.38 20534022 51.33+0.27  37.3+0.52 18.03+047 59.14+0.6  12.67+0.98 | 38.61+0.34 66.67+ 17.17
0.9 | 10448+2.34  9949+4.65  164.97+0.97 | 62.42+0.41 29.55+0.13 51.35+0.23  36.67+£039 17.97+0.37 59.32+0.37 12.87+0.33 | 38.59+0.15 85.71+8.25
10 | 127.043.62 13027458  192.86+7.65 | 62.01+£0.16 28.88+0.07 50.75+042  3403+0.24 18.26+0.09 57.94+06  1267+0.33 | 37.79+0.11 -
0.0 | 180.86+5.16  245.13+34.76 41151 £26.3 | 60.96+1.0  28.07+0.12 49.724+0.78  33.54+0.69 17204043 5881025 10.93+0.27 | 37.05+0.29 4.76+4.76
0.1 [ 92714159  95.0+5.23 177.06 4 7.1 62384026 30.19+£0.14 5249405 38.0140.68 18264034 60.14+043 13.07+047 | 39.22402  57.14+8.25
o7 025821076 82374267 154354583 | 62.92+0.55 30534018 52284039  3886+£047 1925+0.65 60.54+0.16 1244042 | 390544017  66.67+19.05
(Owr) 05 |SLTIL16L 8228245  130.98%5. 62734001 30.63+£02  52.83+£034 3878+£02  1928+036 60.72+0.06 13.27+0.35 | 30.75+0.05 95.24 +4.76
0.75 | 79.17+£1.96  78.8+2.88 131.69+ 1061 | 62.72+0.23  30.76+0.14 5243+ 39344027 1904027  6101+0.15 12474013 | 39.68+0.06 85.71 +£8.25
09 | 7724257 7375440  131.93+7.78 | 62714025 30.8+402 52594035  39.35+0.63 19.62+037 61.28+0.02 126406 39.85+0.19 85.71+0.0
1.0 | 100.8+0.6 105.994+3.33  175.30+£2.06 | 62.3+0.13 30224012 5L67+£058 3654069  1846+£0.11 60.12+0.14 13.47+0.52 | 3896 +0.17 -
00 | 37.73+£041 31274032  52.93+2.08 62.99+£0.16 3506011  55.09+0.6 52.24+049 2432406  67.03£049 17.4+0.7 0.0+0.0
0.1 | 30254014 24334024  37.75+0.96 65.7140.15  37.51+£021 58.22+0.8 55.78+0.36  26.05+£0.16 68.01+£0.27 19.6+0.5 47.2740.16 3333 £4.76
0.25 | 20.61£0.37 23874043 3721+ 1.24 65.2240.57 37.72+£0.13 57774101 55994016 26.39+0.28 67.75+0.15 1987024 | 4725402  23.81+9.52
2:4 05 | 20174015 23484029  36.88+0.72 65.03+£0.34  37.99+£0.12 57.98+072 5596034 26.17+0.16 6814+0.15 20.73+£0.58 | 47.43+0.13 28.57+0.0
0.75 | 28.7940.29 23214032  35.94+0.73 65.584+0.08 38.06+0.13  59.3+0.41 55.99+0.63  26.56+0.37 67.94+0.21  20.93+0.55 | A7.77+£0.18  47.62 +9.52
09 | 28834012  23.2+0.16  35.46+046 | 65.82+0.39 38.14+0.14 58564048  56.65+045 26.73+0.08 68.01+£028 21.33+0.35 | 47.89 £0.09 42.86+8.25
10 | 30.0+0.29 24.4+0.23 38.3240.74 6564407  38.31+0.08 59.93+0.13  5563+1.1  26.14+042 68.34+0.33 20.87+035 | 47834018 -
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Under review as submission to TMLR

Table 19: Test perplexity on C4, WikiText2 and PTB and zero-shot accuracy of Llama-3.2-3B using MOON-
SHOT-Wanda. Zero-shot mean performance and win rate are computed over the 7 classification tasks. Re-
sults are averaged over 3 seeds with standard errors.

Sparsity A | C4 WikiText2 | PTB | | BoolQ 1 HellaSwag 1 WinoGrande 7 ARC-e 1 ARC-c 1 PIQA 1 OBQAT | Mean 1 Win Rate +
Dense - | 1134 7.81 13.54 | 12712 55.30 69.22 7437 4241 76.71 31.20 | 60.28 -
0.0 [ 1824004 1252400 21254003 | 64894039 4557+004 6304041  658+033 32714057 73254015 2553052 | 52974019  42.86+14.29
01 [18.16+0.03  1248+00  2117£005 |6524+016 456+007  62.9+0.16 6598027 3257+05  7347+0.1 53.04+£021 52384126
0.25 | 18.08£0.03 1242001  21.04£0.07 | 6422047 45614007 6275£0.61 65774035 3248044 T3.3640.35 52834009 5238126
05 05 | 180004 1236001 2087004 | 6498031 4573£0.03 63.11£03  65.71£0.59 32114016 7336+015 2567007 | 5295201 52384126
0.75 | 17.99£004  12.35£002  20.76£0.05 | 64.59£0.63 45.84+004 6256+042  66.16+£0.35 3265015 73.61+£021 25.67£066 | 53.01+£0.15 6L9+126
0.9 [18.02£002  1237£002  20.74£005 |63914£083 4581+008 6264+£041  66.36+034 32994034 73324007 25.6+042 | 52954004 66.67£4.76
10 | 188840.03  13.0£001  2173+0.07 | 66.41+£039 45.64£008 6296014  6584£0.17 32684027 72674017 258+061 | 53.14£008 -
0.0 [ 18194003  1248+002  2131+003 | 6627068 45.69+008 6367025  66.89+03 33424041 7345402  25.33+£077 | 5353402 5238 £17.17
01 [18.14£0.02 12424002  2117+005 | 65964073 4574012 6346033  66.72+038 333=01 73024024 2547+0.68 | 5339+012 4286+ 16.5
0.5 025 | 18054004 12374002  21.08£0.08 | 66554042 4584+£003 63.64+0385 6637027 3279+£038 733+£017  25.27+047 | 5344006 4286165
(Alpha- 05 | 17.9740.03 12204001 2087001 | 66.68£058 4594008  63.83+03 6671014 331342044 T338+£0.08 25534027 | 53.59£0.12 5238 +9.52
Pruning) 0.75 | 17.94£0.03  12.28£0.02 20.75£0.03 | 66.18£08  46.05£0.05 63.4%0.19 66.62£0.18  33.53+£0.18 73.54£016 25.67+£044 | 535701 5714825
0.9 [17.97£0.02  1234£004  20.69+£001 |6625+0.73 46.08£001 6283+£041  66.89+011 335016 733+024  25.6£035 | 5349£01  5238+£476
10 | 18784001 12834003 2142004 | 67.72+0.78 459+0.04  63.38+04 66.69+£0.1 34044017 72654013 25.07+029 | 53.64£0.19 -
0.0 | 1824005  1258+002 2074004 | 67374034 46.05£006 6411£023  6588+023 32764032 73.09+£0.17 2487+0.35 | 53454016 42.86 £8.25
01 [1824£004  1255+002  2069+006 | 6712403  46.09+001 6348+£053  6613+0.23 32884024 7316013 2467+0.27 | 5336+017  33.33+£4.76
05 025 |1816£004 12515001 20.6£0.04 | 6695022 46.13£0.06 6377024 (6254008 3282023 7325402 252404 | 5348401 42864825
(Owr) 05 | 1813£0.04 1249001 2054002 | 66374044 46262002 64142023 G5.91+£0.39 32994027 73394032 2504035 | 53444013 47624952
0.75 | 18.11£0.03 1247001 20354002 | 66.52+£0.63 46.25£0.05 64.06£0.07  66.37+£021 3336027 73144014 248031 |535+£007 5238126
0.9 [18.11+£0.03 12.47£003 20.31£002 |663+£0.92 46.39£004 6398+£035  66.4+£022 3359+024 7314401 2493035 | 5353£017 52.38£4.76
10 | 18824003 1298001  21.06£0.04 | 68.98£049 4624%0.05 64.46+£027  66.05+£0.32 34224005 72454004 2473+037 | 53.88+0.05 -
0.0 |4028+£0.67  3039+033  5283+147 | 6046073 3514012 55124029  5L57+031 23814044 6678013 16.87+0.35 | 44244027 57.14+£825
01 [39.37+£0.65  2045+033 50794144 | 604072  3514£013 5496016  5L77£023 23954027 67.01£009 17.0£042 | 44324021 57.14+825
025 | 3887045 2874403  4929+124 | 60.68+0.55 35254012 55094066  523+£029  2406+015 67.04+0.11 1627+029 | 444+0.11  57.14+00
0.6 05 | 38154024 28044014 4761407 | 6045105 35534007 5517009 5231402 23984034 67.23+£005 17.07+0.24 | 44534022 61.9+£4.76
0.75 | 37.81£005  27.75+£0.16  46.75+£0.16 | 61.86+£1.24 35542002 5556+ 0.6 52.69£022 24494049 66.49+£0.14  16.53£0.18 | 4474£026 61.9+£4.76
0.9 [37.73£019 27.71£026  46.47£008 | 61334091 32008 54834014 5253029 24.69+£0.21 6681+£0.03 166023 | 4462+£012 619476
10 | 4198404 3056032  51.0+£045 | 64.82£0.35 3512007 56.56+£046  50.58+£041 2383012 65584019 1693+007 | 447701 -
0.0 3914081  2006+027  5235+136 | 60.69£209 356016  56.49 +£0.52 24434008  66324£022 17005 | 4486+04 4762476
0.1 | 33334087 28374037 5078+ 1. 6115157  35.66+£0.11  57.04%0.34 2466403 66594046 17.2404 | 45114026 6194476
0.6 025 | 37794085 27724035  49.1+142 | 6174205 3576+008 57.22+0.39 248401 6667035 17134057 | 453140.35 57.14+0.0
(Alpha- 05 | 37564043  27.26+£0.13  47.87+0.88 | 63.15£1.22  3595+0.08 56.7+0.19 : 25114037  66.76£03  16.13+£0.29 | 4539+ 017  47.62+£476
Pruning) 0.75 | 37.37 £0.21  27.08+0.16 47.01+0.29 |63.38+£0.65 360501 57.51£056 54.1540.27 25.43+018 66.96+036 1627+018 | 456801 61.9+£476
0.9 [37.57£0.18 2731401  4745£029 | 63.07£061 36.18£0.11 57.2+0.17 5386403  2523+£019 66.94+£031 16.73+£0.35 | 456£0.07  66.67 £4.76
10 | 40034004 2019£0.2  50.24%0.27 | 65.93£0.24 3595001 57.51£009 5L.09+£0.16 24324036 66.03£015 1687+024 | 45.39£0.03 -
0.0 |35.96+£047 2731404 4524407 | 61814096 37.06+016 5751£039  53.7240.64 2611+013 67214013 17.6£05 | 4586014 57.14£00
01 [3544£033  2677+033  4381£077 | 614155 3716£02  57.35£034  540+£0.67  258£0.22 6727015 17.27£041 | 45754025 47.62£4.76
0.6 025 | B499£017 26445023 42754080 | 6195153 37224002 STS6+£0.06 54224044 26.08+027 67.3+£023  1713+0.18 61.944.76
(OwWL) 05 | 34712022 25042015  40.98+064 [ G311+£186 37.8+014 5791043 54324044 26312003 67.3+006 1722023 66.67 +4.76
0.75 | 34.5+£0.08 25644008  40.35+0.63 |64.06+£10 37414012 5833+ 54.41+£039 25854018 67.03+£0.17 17.4+0.12 61.944.76
0.9 [3456+£0.11  25.59+£006 4041£078 | 63734092 3744012  5893+£035 54314007 2568£013 67.05£025 17.0£023 66.67 £9.52
10 | 373540104 27.934£0.23 44252074 | 67.26+0.07 37.18£013 59.06+£073 5189034 25544023 6647401 1724012 -
246.47+£5.88 232574894 323164266 |40.2+£1.09 27.32£0.04 49.33+£062  3352£02  1783£017 56.67+014 120+042 | 33844028 52.38+£4.76
24018437 224644604  31896+759 | 40.63£0.96 27.39£0.05 4838+016  33.33+£021 17.26£0.15 57024019 1204023 | 33.72£021  42.86+0.0
240.20£453 22562+ 731  307.06+10.91 | 40.39+1.24 27.43+0.03 48.17+0.7 33494016 17124017 57.05£0.25 11800 | 33.64+£027 47.62+4.76
0.7 UTATE3.63 22278461 31091425 |40.314£1.26 27.55+0.02 48514088  3354+0.19 17124012 57064017 1213013 | 33.76£0.34 4762476
239.914£9.44 206014604 2986491 | 38.66+£0.18 27.67+0.04 48.46+06 33.87+£047 17.214£042 57.2540.28 11874007 | 33.57+£0.15 47.62+£4.76
235.73 £6.87 19534493 297.54£72 | 38854035 27.73£0.02 47914032  3354£0.25 17524032 57.56£008 1207041 | 33.6£0.16 4762476
250.62£751  23039+431  33257+515 | 50.06£0.28 27.79+0.06 4857+018  3274£028 17.89402 566024  1073+024 | 34.91£013 -
22942 £ 11.77 202944943 28241497 | 49.63£265 27.27£0.03 4846048 3249047 1772403 57044002 1227+013 | 34.98+£042  381+126
222384921 190274669 26137+14.19 | 50.94£229 27.29£0.04 4957 £055  3272+£042  17.78£023 57294034 12274018 | 35412034 42861429
0.7 21649 +£6.86  183.02+8.68 230.18+2032 [ 50.7+£128  27.31+01  4843+025  33.0740.36 17.61£0.06 57094029 1187+033 | 35.15+£0.13 381+£476
(Alpha- 21537676 17476472  243.8+804 | 474614 27542008  48.49+0.77 17094016 57.45+£0.22  11.93£0.35 | 34714021  38.1+4.76
Pruning) 214.23+£5.13 169944734 2533441749 | 48.66£28  27.62+£0.06 47624033 3284001 1718008 57694012 120402 | 348+039  4286+0.0
206.62£3.64 15854188 2592441032 | 50.83£247 27.78£003 4757057 3266023 17214023 57.78£005 11.67+£024 | 35.074£0.27 52.38 £4.76
20L14£272 181224114 274724943 | 58.26£1.0 27.68£0.02 47.96+042  3224£0.8 17614012 57.2£0.13  12.53+£0.13 | 36.21£0.14 -
21664592 20874272 3349641198 | 53.08£246 27.82+£0.07 47754021  3472+£03  1817+01 57474015 1284012 | 35.97+£0.29 619+£476
209.37£35 197244041 321694722 | 5L68E£237 27.82£0.05 43.01+033  3478£0.27 17.9240.09 5754£005 12874027 | 358+£03 5238476
07 205.23+£1.92  18648+3.0 30569+ 781 | 50.68£257 27.89£0.06 47754068  3471£0.27 180£005  5758+012 12934024 6194126
(OWL) 196934328 1712577  287.8247.34 | 4994205 28.05+£0.04 47514065  3481+£029 18152008 57.89£0.19 13202 76.19 £ 12.6
191.45+£4.6 165124612 27398447 | 4871275 2813+0.04 48.96+0.11 3493006 17.83+013 57.76+0.15 1287+029 | 35.6+042  61.949.52
188.59+ 232 157.61£4.94 271.39+6.26 | 4847 £283 28.21+£0.0 4828+051 3506011 17.78+£032 57.9140.39 1324012 | 3556405 714300
198034612 177.824£202  269.86+£253 | 52.94£273 28.09+£006 4875042 33264024 1761+£02  56.89+£024 124£02 | 357044 -
0.0 | 45.64£0.54  33.05£068 62994054 | 61764134 3426+009 5404043  5215%017 2577403 6549401 17004 | 44354011 57.14+825
01 [45.64£047 33014045  6291£069 | 61724095 3425£013 5456+£029 5227038 25654016 6552£027  16.67+0.37 52.38 £12.6
0.25 | 45284045 32594036  GL75+£0.73 | 61.57+0.81 54015 5541+£053  5236+03  26.05+£028 65.69+£0.27 17.0£053 | 4463+004 57.14£825
24 05 | 4514026 3247405  6L19£023 |6L6+£086 3441+016 5551£066  5253£018 25.6+£0.38  654£017 1724061 | 44614009 6194126
075 | 45.12+£036  32.43+039 6L78+093 | 6173091 34424001 5524046 52544018 25974023 6529403  17.13+0.18 | 4461+0.06 66.67 £4.76
0.9 [ 45394018 32594022 61414016 | 61944056 34.49£007 5533+£043 52224022 26024023 65584022 17.33+£0.33 | 447 £008 6194476
10 | 49794026 3594037  6816+0.29 | 64.29£0.13 3416+£0.06 55.88+£036  50.83+£0.23 25284003 6525401 17134024 | 4474006 -
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