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Abstract

In recent years, Artificial Intelligence (AI) models have grown massively in scale and widespread use.
Their power and ubiquity warrant 1) research to improve their efficiency and 2) development of an un-
derstanding of the models’ behavior including how to reduce potential harms. Efficiency is important to
consider as model size continues to increase. Larger models are slower and more expensive to run, and in-
feasible in resource-constrained settings. Additionally, as these models become more powerful, the risks
of harmful behavior increase. By better understanding model behavior, we can learn more about these
harms and how to reduce them.

These challenges motivate the overarching goal of this thesis, which is to address the challenges of efficiency
and model understanding through the lens of sparsity. Sparsity is traditionally used as a model compression
technique. In the first part of this thesis, we continue to use sparsity for efficiency and propose two novel
pruning techniques. We first use insights into the loss landscape of vision models to design a pruning
method that produces more robust models. Next, we use prior findings about large activations in LLMs
to design an efficient pruning strategy for these models.

In the second part, we utilize pruning to learn more about and to modify model behavior. We find that
capabilities are highly localized to attention heads and we develop an efficient compressed-sensing-based
algorithm to identify these heads. Then, we explore a direct application of this method to capability un-
learning. Finally, we develop a pruning strategy for Mixture of Experts models that both performs expert
pruning for the sake of efficiency, and also takes inspiration from our previous capability localization
method. We conclude by sharing the takeaways and current challenges in these areas of research, and by
proposing directions for future research.
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1 Introduction

Artificial intelligence (AI) models have increased dramatically in both performance and widespread use
over the past several years. The public release of ChatGPT in 2022, which provided easy access to Al
via a conversational interface, contributed to the public awareness and adoption of Al tools [171]. Large
language models (LLMs) have demonstrated strength in a wide range of general purpose capabilities in-
cluding text generation, software development, and reasoning. As well, vision models have been adopted
for applications such as autonomous driving, medicine, and robotics. With the massive growth of both
the size and capabilities of AI models come two key challenges: the cost of operating these models, and
the emergence of harmful behavior. It is critical to approach future developments in Al through the
perspectives of efficiency and understanding model behavior.

In this thesis, we approach both efficiency and understanding behavior through the lens of sparsity. Spar-
sity refers to a pattern in which a certain signal is present in only a subset of the elements of a network.
Sparsity is most commonly used for efficiency. In this context, this approach can be used to reduce model
memory and latency. Pruning algorithms determine model elements to remove, and are often able to
remove significant portions of a network while preserving the original performance.

We additionally use sparsity as a tool to learn more about and modify model behavior. Specifically, we
use sparsity to localize model capabilities to specific regions in a network, and explore the implications of
this finding. In this setting, sparsity is not used to remove large portions of the model to achieve efficiency
gains. Instead, we strategically remove certain components to identify a sparse signal related to a particular
capability in order to learn more about where computation occurs within the network.

1.1 Background

1.1.1 Efficiency

Efficiency is primarily driven by the desire to reduce models’ operating cost and latency. The scale of mod-
els has increased dramatically over the past few years, with the largest open models reaching trillions of
parameters [206]. Training frontier models of this size can cost tens of millions of dollars [43]. Addition-
ally, with the widespread usage of these models, fast inference is critical. Reductions in latency are directly
experienced by the user and improve usability of the model. All of these needs can be grouped under the
umbrella of efficiency. There are various methods for improving the efficiency of models, each targeted
at different aspects of the problem. In this thesis, we focus on one of these methods, model pruning.

1



1 Introduction

Model pruning is the removal of model elements in order to produce a smaller and faster model [88, 163,

,194,232,239]. If a pruning method can identify unnecessary computation in the model and remove
it, the resulting pruned model may be more efficient while retaining performance comparable to the orig-
inal dense model. Classical pruning methods such as Optimal Brain Damage and Optimal Brain Surgeon
use second-order information to estimate the importance of individual parameters [92, 131]. The lottery
ticket hypothesis later demonstrated evidence of the existence of extremely sparse subnetworks within
models which can achieve performance comparable to the original dense network [67].

In general, pruning methods can be organized along two dimensions: 1) pruning granularity and 2) scor-
ing criterion. The pruning granularity determines which elements will be removed: individual weights;
structured model components such as convolutional filters, attention heads, experts in mixture of experts
(MoE) models, or layers; or patterns of weights, such as neuron-wise pruning, or N:M (which retains at
most N out of every M weights) [4, 102, 133, 144, 165, 194, , 215, ]. The scoring criterion is used
to select elements for removal. This may depend on metrics such as weight magnitude, activations, gradi-
ents, or approximations of the curvature of the loss landscape. Not all pruning methods lead to efficiency
gains, even when they reduce the parameter count or the number of floating point operations (FLOPs).
In order to achieve these gains, the pruning method must produce an appropriately structured sparsity
pattern which is able to be exploited by the target hardware.

1.1.2 Localization

As Al development advances faster and becomes more automated, it is increasingly important to study
the behavior of these models. All levels of understanding are critical: observing and describing a phe-
nomenon, gaining a mechanistic understanding, and developing theory. Localization refers to identifying
where in the model a certain type of processing occurs. Some prior work has identified where in a model
certain facts or pieces of information are [33, 155, 158, 173]. Additionally, higher-level processing such
as induction, long-context retrieval, copy suppression, in-context learning, arithmetic, safety, and more
have been localized to attention heads [110, 120, 124, 157, 168, 170, , s , , 241, s ].
We present a general purpose method for identifying regions in a network that are critical for a certain
capability. Due to the inherent sparsity of localized capabilities within a pretrained model, we are able to
use compressed sensing to identify capability-specific attention heads.

A direct implication of capability-specific attention heads is removing those heads to perform capability
unlearning [17, 58, 80, 82, , 231]. Capability unlearning differs from fact unlearning in the type of
information it aims to remove: rather than removing a single (or small set of) facts, we want to remove
the capability of a model to perform a class of behaviors [135]. We explore head ablation as a capability
unlearning method and find that in some settings, ablation-based unlearning is more successful than
existing methods.

Another implication of finding capability-specific attention heads involves using compressed sensing to
perform pruning of model components. Rather than removing the most important identified compo-
nents to maximally localize a certain capability, we can remove the most #nimportant components with
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Sparsity

Expert Pruning

Unlearning

Figure 1.1: This thesis contains five content chapters, each of which falls under the themes of sparsity for efficiency
and/or sparsity for localization.

the aim of minimizing the impact on the model. We develop a pruning method that removes experts in
Mixture-of-Experts models via an efficient approximation of ablation-based removal.

1.2 Outline of this Thesis

In the following sections, we briefly describe the contribution of each chapter and its relation to the over-
arching body of work. The thesis is broadly grouped into two parts: efficiency and localization. In general,
the chapters in the first part focus on using sparsity to produce more efficient models. The chapters in
the second part use sparsity as a tool for localization and downstream impacts including unlearning. The
final chapter both draws inspiration from sparsity for localization, and introduces a pruning method that
can be used for efficiency gains. This general organization is shown in Figure 1.1.

Part 1: Efficiency

Chapter 2: Adaptive Sharpness-Aware Pruning for Robust Sparse Networks (AdaSAP) When
models are pruned, they tend to lose robustness. We care about both efficiency via smaller and faster
models, as well as robustness to input corruptions. In this chapter, we utilize key insights into model
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behavior to develop a pruning procedure that is able to maintain strong OOD performance in vision
models. This chapter is based on the following paper:

Anna Bair, Hongxu Yin, Maying Shen, Pavlo Molchanov, and Jose M. Alvarez. “Adaptive
Sharpness-Aware Pruning for Robust Sparse Networks.” In International Conference on Learning
Representations (ICLR), 2024.

Chapter 3: A Simple and Effective Pruning Approach for Large Language Models (Wanda) As
LLMs become the dominant architecture, new pruning strategies are required. In this chapter, we utilize
prior insights into model behavior to design a pruning procedure for LLMs that is more performant
and more efficient than alternatives. This work develops an efficient and effective pruning method that
eliminates model weights based on a combination of the weight and the input activation value. This
chapter is based on the following paper:

Mingjie Sun, Zhuang Liu, Anna Bair, and ]. Zico Kolter. “A Simple and Effective Pruning Ap-
proach for Large Language Models.” In International Conference on Learning Representations
(ICLR), 2024.

Part 2: Localization

Chapter 4: Compressed Sensing for Capability Localization in Large Language Models In this
chapter, we find that capabilities are localized to attention heads and that removing as few as one attention
head can destroy performance on a model capability. We exploit the sparsity of these task-specific heads
and develop an efficient compressed-sensing-based algorithm to identify the heads. This chapter is based
on the following paper:

Anna Bair, Yixuan Even Xu, Mingjie Sun, and J. Zico Kolter. “Compressed Sensing for Capabil-
ity Localization in Large Language Models.” In Proceedings of the 43rd International Conference
on Machine Learning (ICML), 2026.

Chapter 5: Capability Localization for Unlearning In this chapter, we build upon the model in-
sights developed in the previous chapter. We develop and evaluate an ablation-based unlearning method
and find that it can unlearn some capabilities more reliably than competing methods. In particular, we
find that ablation-based unlearning does best when capabilities are highly localized to heads, and may
have improved robustness to relearning. This chapter is based on unpublished work.

Chapter 6: Expert Pruning In this chapter, we develop a structured pruning approach for mixture of
expert (MoE) models. Inspired by capability localization, we develop a pruning method that estimates

4
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the impact of removing an expert, and balances typical and rare impact in order to effectively prune a
model to high sparsities. This chapter is based on unpublished work.
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2 Adaptive Sharpness-Aware Pruning for
Robust Sparse Networks

We identify a gap in existing pruning methods. When applied to several common vision models, these prun-
ing methods degrade OOD robustness. We introduce a sharpness-aware pruning and optimization frame-
work which significantly reduces this degradation in OOD robustness. The success of this method offers in-
sight into how flatter loss landscapes are conducive to both sparsity and robustness.

2.1 Introduction

Deep neural networks have increasingly been used in many applications such as autonomous driving.
Unlike the controlled environments in which these models are trained, test-time inference presents new
challenges including noisy real-world data and latency and memory constraints. These challenges have
led to recent efforts in network robustness and compression, but through largely separate lines of work.

Robustness to input variation unseen during training is especially important for deployed deep learning
models in safety-critical applications such as autonomous driving, where, for instance, artifacts such as
dirt or snow may obscure the camera image. More generally, in computer vision applications, this input
variation falls into categories including distribution shifts, image corruptions, adversarial attacks, and

label noise [6, 27, 28, 95, 96, 199]. In attempts to address these challenges, the vision community has
collected and released datasets to assess model robustness [95, 183] and investigated and improved per-
formance on a variety of types of robustness [154, s , ]. Despite significant progress in this

area, most existing robustness work focuses on dense networks [86, 250].

Running large models imposes substantial computational burdens that can be mitigated via model com-
pression methods. Given the observation that neural networks often include redundant computation at
inference, this line of work aims to reduce network inference costs through techniques such as knowl-
edge distillation [99, i ], quantization [8, 23, 78, 113], pruning [88, s s X S ],
and network adaptation [45, 166, ]. Here we focus on pruning due to its simple procedure for net-
work speedup. The pruning process retains neurons deemed important over the training distribution,
so it is unsurprising that pruned networks can have reduced out-of-distribution (OOD) generalization,
as observed in Hooker et al. [104], Liebenwein et al. [137]. The effort to jointly address robustness and
compression remains an open problem.
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Figure 2.1: Robustness of pruned models trained on ImageNet-1K drastically degrades on ImageNet-C as pruning
ratio increases for many SOTA pruning methods. AdaSAP reduces the degradation in robust perfor-
mance relative to standard validation performance. We approach the grey dashed line, which indicates
an ideal scenario in which robust performance does not degrade at higher rates than validation perfor-

mance.

The goal of our work is to produce compact and robust neural networks. In particular, we emphasize
robustness to input variations that are unseen at training time, in contrast with methods such as robust
pruning [192, 211, 248] which assume access to the input variations at training time. It might seem as
if the goals of sparsity and robustness are at odds since one aims to exploit the current dataset and task
for extreme compactness whereas the other strives for maximal generalization. However, our method
leverages a new flatness-based optimization procedure that both primes the network for pruning and im-
proves network robustness. Specifically, flatness can mitigate the loss in performance during the pruning
procedure and regularize the network towards improved robustness.

We introduce Adaptive Sharpness-Aware Pruning (AdaSAP), a three-step algorithm that prunes a net-
work so that it is robust to OOD inputs. (1) We introduce the novel adaptive weight perturbations which
are incorporated into the optimization procedure to adaptively penalize sharpness in order to prepare the
network for pruning, (2) apply any pruning method to the model, and (3) continue training the model
while uniformly penalizing sharpness across the network to encourage robustness.
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Figure 2.2: AdaSAP is a three step process that takes as input a dense pretrained model and outputs a sparse robust
model. The process can be used with any pruning method.

AdaSAP significantly improves the relative robustness over prior pruning art, seen in Figure 2.1. As mod-
elsare pruned (with SOTA methods) more, their performance on corrupted images sufters disproportion-
ately as compared to their validation performance. This highlights the lack of robustness preservation in
recent SOTA pruning methods and AdaSAP’s success at reducing this degradation'.

Our contributions can be summarized as follows:

* Weintroduce AdaSAP, a sharpness-aware pruning and fine-tuning process to jointly optimize for spar-
sity and robustness in deep neural networks.

* We propose novel adaptive weight perturbations that prepare a network for both pruning and robust-
ness to OOD inputs. This strategy actively manipulates the flatness of the loss surface so as to minimize
the impact of removing neurons with lower importance scores.

* We demonstrate state-of-the-art performance compared to prior art by noticeable margins across a wide
range of setups, covering (i) two tasks (classification and detection), (ii) two OOD types (image corrup-
tion and distribution shift), (iii) four networks (ResNet50 and MobileNet V1/V2 for classification,
SSD512 for detection), (iv) two pruning paradigms (parameter-based and latency-based), and (v) spar-
sity ratios spanning from around 20% to 80%.

* We present a detailed evaluation of robustness and compactness and show, as a first encouraging at-
tempt, that both goals can be unified through the lens of sharpness, with analysis to encourage the
community to continue pursuing this direction.

2.2 Related Works

Robustness. Researchers and practitioners care about many types of robustness, including adversarial
robustness, robustness to distribution shift, robustness to image corruptions such as weather effects, and
robustness to label noise or data poisoning [6, 27, 28, 95, 96,154,199, 203]. Several prior works examine

'Relative robustness in Fig. 2.1 refers to the ratio between the accuracy on corrupted images and the standard validation ac-
curacy at a given prune ratio. A dense model in this setup retains 55% of its validation performance when given corrupted
images (location of grey dashed line).
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the adversarial robustness of sparse networks [74, 192]. Simultaneously, work such as Stutz et al. [200]
suggests that adversarially robust networks have flatter minima.

In this work we focus on robustness to corrupted images [95, 183] due to its real-world applications
such as autonomous driving. Diffenderfer et al. [52] shows that sparse subnetworks can outperform
the original dense model on clean and robust accuracy. However, almost all current pruning methods
still lead to worse performance on OOD data than dense networks, a result we replicate in Figure 2.1

[104, 157].

Efficiency. Efforts to improve network efficiency include pruning, distillation, quantization, and adap-
tation [8, 45,78, 87, 88, 99, 163, 165, 166, 194, S ]. Two broad categories of pruning are struc-
tured and unstructured pruning. While unstructured pruning removes individual weights and can retain
strong performance at high sparsities, structured pruning removes larger elements in the network, such
as convolutional channels, and often allows for direct size or latency reduction of the pruned model [4,
s ]. Unstructured pruning dates back to Optimal Brain Damage, but the Lottery Ticket Hy-
pothesis has incited recent interest in the topic and spurred developments such as SNIP and GraSP
[66,102,131, 133, , 215, ]. In the current work, we focus on structured channel-wise pruning.

Flat minima. The relationship between flat minima and generalization has been studied for many years
[10,30,85,101,115,118,121,123, 221, 222]. Flat minima are often correlated with improved generaliza-
tion, but the investigations into the extent of this correlation and the underlying causal relationship are
still ongoing. Also, flatness is metric-dependent and sharp minima can generalize well [53]. Sharpness-
Aware Minimization (SAM) [65] is a way to optimize for finding flatter minima and leads to better gen-
eralization. Work which builds upon SAM improves its efficiency [56, 117, 141], modifies the optimiza-
tion for improved performance [128], applies it for compression in NLP applications [167] and as a pre-
pruning optimizer [252], and modifies the objective for unstructured pruning [176]. Stochastic weight
averaging (SWA) is another method that has been used to optimize for flatter minima [30, 115, 121]. The
present work is inspired by SAM and its use in model compression [65, 167] but differs in its use of adap-
tive weight perturbations and its emphasis on robustness. In this work we use the formulation introduced
in ASAM [128] due to its improved performance over that of SAM.

2.3 The ADASAP Method

Flat minima are minima within relatively large regions of the parameter space that have low loss. It has
previously been observed that optimizing for flatter minima improves generalization and adversarial ro-
bustness in deep networks and generalization in sparse networks [65, 167, 200]. Based on these obser-
vations, we hypothesize that optimizing for flatter minima during pruning can also enhance robustness.
The main objective of our design is to find flat minima in order to produce models that are simultane-
ously prunable and robust. We introduce a new method, Adaptive Sharpness-Aware Pruning (AdaSAP).
Figure 2.2 and Algorithm 1 detail the following three step procedure:

10
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Figure 2.3: (Left) Before pruning, encourage neurons that will be pruned to lie within a flat minimum, since their
removal will affect the loss less. (Right) After pruning, promote robustness by encouraging flatness
across the network.

(1) Adaptive Weight Perturbations. During warmup, we ensure that the neurons that will be pruned,
are regularized to lie in flat regions so that they will not cause the model’s performance to suffer too much
after pruning.

(2) Neuron Removal. We conduct structured channel pruning and remove neurons according to any
pruning criteria. Here we use magnitude pruning [88]. During pruning, the model will preserve much
of its performance since unimportant neurons have already been situated in flatter loss regions.

(3) Robustness Encouragement. While training the pruned model to convergence, we enforce flat min-
ima, this time uniformly (z.e., non-adaptively) across the entire network to promote robustness. This step
is compatible with any flatness-based optimizer. Here we use ASAM [128].

2.3.1 Adaptive Weight Perturbation

Flatness-informed pruning. Our procedure performs gradient updates which are informed by the local
flatness in order to best prepare the network for pruning. We adapt the regularization per neuron based
on the importance, or likelihood of that neuron to be pruned. Pruning can be viewed as a special case of
directional robustness, in which the weight and activation of a pruned neuron are set to zero. When the
loss landscape is flat, the pruning process will incur only a small impact on the performance of the model.
This formulation indicates that pruning and robustness share a common characterization through the
perspective of sharpness, as demonstrated in Figure 2.3.

Taking inspiration from the uniform e-ball perturbation based method in Foret et al. [65] and its scale-
invariant version in Kwon et al. [128], among several other approaches for achieving flatness in dense
models [115, 189], we perturb neurons according to their importance to better prepare the network for
pruning. We follow the intuition that important weights are worth adding some sharpness to our model,

11
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Algorithm 1 AdaSAP Pruning Procedure

Input: Pretrained model weights w partitioned into neurons wj;, pruning importance criteria ¢, p
bounds (pmim pmax)
Let train_iter = Algorithm 2
for epoch in warmup_epochs do > Adaptive Weight Perturbation
for each iteration do
Sample training batch b
w =train_iter (W, b, pmins Pmax)
end for
end for
for epoch in pruning_epochs do > Pruning
for each iteration do
Sample training batch b
w =train_iter (W, b, pmins Pmax)
if iteration % prune_frequency = 0 then

s = ¢(w) > Score all neurons
idxs = rank(s)[: prune_num| > Neurons with lowest score
Wigxs = 0 > Prune neurons
end if
end for
end for
for epoch in finetune_epochs do > Robustness encouragement

for each iteration do
Sample training batch b
w=train_iter (W, b, pmin = Pmax = CONstant) >SAM
end for
end for
return w
Output: Pruned and finetuned model

while unimportant weights can have stronger regularization. This idea is supported by Molchanov et al.
[165], which shows that pruning neurons in flat regions hurts the loss less than pruning neurons in sharp
regions. We adapt the size of allowable perturbations based on the likelihood of each weight to be pruned:
weights with low importance scores have large perturbation balls which enforce that they lie within flatter
regions and vice versa.

Setup. Following this intuition, we derive the gradient update for training. Consider a network whose
parameters are grouped into I partitions, where each partition 7 includes the set of weights w;. In our
setting, since we consider channel-wise pruning, each channel constitutes a partition. For simplicity,
throughout this paper we refer to a channel-wise group of weights as a nexron. We use w; to refer to a
single neuron and w to refer to the collection of all neurons {w; }/_;.

12
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Perturbation regions. Consider training loss Lg(w) of the network over the training dataset S. Con-
sider a set of weight perturbation ball radius sizes p, with each p; corresponding to the size of allowable
perturbations for neuron w;. Our goal is to optimize for a network in which unimportant neurons lie in
flatter minima prior to pruning via the following objective

min max Ls(w + ¢). (2.1)

W el Ty ell<pi}_,

where Ty, and its inverse T, * are transformations that can be applied during optimization so as to reshape
the perturbation region (z.¢., not necessarily a ball). Kwon et al. [128] showed that this strategy allows for
greater perturbation exploration and leads to improved performance. p; values are based on computing
an importance score for each neuron, similar to a pruning criterion. Consider a neuron importance score
function ¢)(+), such as the £ norm of the neuron weight or other scores that are some function of weights,
gradients, and higher order terms [133, 165, 194, 215, ]. Given each neuron score s; = ¥ (w;), we
can now compute the perturbation ball size p;, which projects s; to lie within (pmin, Pmaz)

Pi = Pmax — M (pmax - pmin)- (2-2)
max — Smin
Scores Spin and Spax are obtained empirically at each gradient step, but pax and prin are hyperparame-
ters that are set ahead of time and we find them to scale across various experiment settings (further details
in Section 2.4 and Appendix A.1). Neuron importance estimates (- ) can be evaluated during training
with little additional computational overhead.

Optimal gradient update. Our enhanced gradient update optimizes for finding a minimum that also
lies in a region of low loss. Beginning with our objective in Eq. 2.1, we perform a series of approximations
in order to find the most adversarial perturbations € = {¢;} (z.¢., highest loss near the minimum) which
we can apply to the neurons w = {w; } in our network in order to obtain a flatness-informed gradient

update.

We use a first order Taylor expansion around each neuron ¢ with respect to € around 0 (in line with Foret
etal. [65]) to approximate the inner maximization in Eq. 2.1. This gives us €*, the optimal € we can use
to inform our gradient update. Define €, = T, 'e;. For simplicity we denote the conditional loss due
to weight perturbations as the function Lg v (-). Then we derive our optimal update as follows for each
neuron:

= argmax Lgvw(W; + Twé;),
ll€:ll2<pi

A argmax Lg.w(W;) + €ITWVWZ.L57W(W¢),
ll&ll2<ps

= argmax €, Ty Vi, Lsw(W;), (2.3)

ll€ill2<p:

13
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| - ||2 being the £2 norm. We can then approximate €* by rescaling the gradient associated with each
neuron so that its norm is p; through

' sign(Vy, Ls,w (w;)) |TWVWiLS,w (w;)]

ei et pl (24)
(17w Vo, Lsw(w:)[[3)'/2
Since we were originally approximating €, = T, Le,, we recover our approximation of €* as
T2 VWL w 7

IV L (W)l

Approximating the optimal gradient update. We then find an approximation to our desired gra-
dient. Referring to Eq. 2.1, we can find the gradient of the inner maximization in order to derive a
sharpness-aware gradient update. We use the inner maximization and plug in our approximation € for
each individual neuron during adjacent pruning steps, defined as

VW,L. max LS7w (Wz + Gi) ~ VW,L.L&W(Wi + éz)
17w €ill2<pi
= ———Vw,Lsw(w;
o Lsw (W)

= Vw, Lsw(W;)

wi+€;

de;
wité; T ﬁvwz LS,W (Wl) |Wi+€1:

(2

wW;+€;) (26)

~ vwi LS,W (Wz)

where we drop the second order terms for efficiency. This leads us to our final gradient update approxi-
mation between adjacent pruning steps as Vw, Lgw(W;) & Vi, Lgw(W;)

Wité;

We use this gradient update in place of the standard gradient update during the warmup phase of our
pruning procedure before neuron removal. This sets up our network so that when pruning begins, we
have a model that is closer to a flat minima. Optimization details are in Algorithm 2.

Algorithm 2 AdaSAP Optimization Iteration

Input: model weights w partitioned into neurons w;, training batch b, p bounds (min, Pmax), loss L,
score function 9, learning rate 7
for each neuron w; do

s; = P(wy) > Score
Compute p; asin Eq. 2.2 > Determine perturbation ball size
Compute €; asin Eq. 2.5 > Optimal perturbation
9i = Vi, Low(Wi) | wite; > Gradient approximation
end for
wW=Ww-—1g
Output: w

14
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2.3.2 Neuron Removal

We focus on structured (channel-wise) pruning since it leads to models that can take advantage of direct
computational resource savings on GPUs, leading to inference speedup [166, 194, 232].

In this stage of the procedure, we remove unimportant neurons according to any scoring function ¢(-)
that measures neuron saliency. This may be the same or different from the scoring function ¢(-) used in
determining adaptive weight perturbation ball sizes during the first step. AdaSAP works with a range of
pruning methods as we show later in Section 2.4.

2.3.3 Robustness Encouragement

In the third and final phase, we focus on optimizing our model for robust performance. We regularize our
weights uniformly since we have completed pruning and now want to enforce robustness for the entire
network. This is illustrated in Figure 2.3 in the plot on the right: the network loss relative to a flatter
neuron will stay more stable in the presence of corruptions, whereas the loss relative to a sharper neuron
could fluctuate significantly. This portion of the procedure could be instantiated with any sharpness-
based method that optimizes for an overall flatter minima.

2.3.4 Final Comments

We emphasize that AdaSAP is not a pruning method but rather an optimization paradigm that per-
forms robustness-aware pruning. Our method can be used in conjunction with any existing pruning
criteria. In Section 2.4 we show that AdaSAP (in conjunction with magnitude pruning) generally out-
performs existing SOTA pruning methods. As new pruning techniques arise, they could be enhanced via
AdaSAP in order to obtain increased performance, particularly robust performance.

Additionally, we note that our method differs from robust pruning methods such as Sehwag et al.
[192], Vemparala et al. [211], Zhao and Wressnegger [248] since we consider a setting in which the model
may be exposed to novel types of corruptions at test time. Therefore, we do not want to include, i.e. Ima-
geNet C or ImageNet V2 images in our training set. We demonstrate results on these OOD datasets in
an attempt to demonstrate the versatility of our method: despite only training on ImageNet data, we can
still expect the models to be robust to unseen input variation.

2.4 Experiments & Results

2.4.1 Experiment Details

We describe the basics of our experimental setup here. Additional experiment details and confidence
intervals can be found in Appendix A.1.
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2 Adaptive Sharpness-Aware Pruning for Robust Sparse Networks

Datasets. Forimage classification, we train on ImageNet-1K [47] and additionally evaluate on ImageNet-
C [95] and ImageNet-V2 [183]. For object detection, we use the Pascal VOC dataset [62]. To assess
robustness, we create a Pascal VOC-C dataset by applying ImageNet-C-style corruptions to the test set.

Pruning criteria. Our proposal is agnostic to the particular importance criteria ¢ used to prune the
network. We evaluate our method on two types of pruning: parameter-based and latency-based. We
choose to group our methods into these two categories due to the different goals of pruning methods.
Some methods, such as magnitude pruning, seek to reduce the number of parameters to produce a small
model. Other methods, such as HALP [195], seck to produce a model with the fastest latency speedup,
regardless of the number of parameters.

In both cases, we perform structured pruning, that is, pruning channels rather than individual parame-
ters. We refer to our two methods as AdaSAP p and AdaSAP;, to denote the parameter-specific method

and the latency-specific method, respectively. We use {2 norm magnitude pruning for AdaSAPp and
HALP for AdaSAP;. Details of the pruning schedule are in Appendix A.1.

Metrics. For image classification, we report the Topl accuracy on each dataset and two robustness ratios,
defined as the ratio in robustaccuracy to validation accuracy: Rc = accc/accyq and Ry, = accys /accyq.
Improvement in these ratios indicates that we are closing the gap between robust and validation perfor-
mance. For object detection, we evaluate the model on Pascal VOC and VOC-C. We report mean average
precision (mAP) and a robustness ratio Rc = mAPc/mAP, .

Baselines. We primarily focus on comparing to two SOTA baselines which we re-run in our experiments,
Taylor pruning for parameter-based pruning [165], and HALP for latency-based pruning [194]. Taylor
pruning assigns a score to each neuron based on a Taylor series approximation of how much the loss
would change if the neuron were removed. HALP is a pruning method that optimizes for improving
latency. We additionally run results on magnitude pruning [88], to demonstrate the improvements of
AdaSAP p over its closest baseline. We also compare to the results cited in several other pruning methods
such as GR-eg [216], EagleEye [134], ABCPruner [139], and SMCP [112].

2.4.2 ImageNet Classification

Parameter reduction. Table 2.1 shows how AdaSAP compares favorably to other pruning methods at
a variety of pruning ratios for ResNet50. MobileNet V1 and V2 results show a similar trend and are
included in Appendix A.2. First, AdaSAP has the best overall R¢ and Ry, ratios among all pruning
methods. This means that our method helps to close the gap between robust performance and standard
validation performance. Additionally, our method consistently outperforms comparisons on both Ima-
geNet validation performance and on robust performance (via ImageNet C and ImageNet V2) while at
the same or even smaller compressed model size.

Latency Reduction. In a second set of experiments, we focus on latency constraints. To this end, we
consider the most recent hardware-aware pruning method HALP (NeurIPS *22 [195]), which incorpo-
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Table 2.1: ResNetS50 - Parameter Reduction.

METHOD Size| Var Ry, Rc IN-V2 IN-C
RESNET50

DENSE 1 77.32 0.83 0.55 64.79 42.46

MAGNITUDE 0.20 73.80 0.83 0.48 61.40 35.27

TAYLOR 0.20 73.56 0.82 0.46 60.56 33.93

EacLeEye1G  0.27 74.13 0.83 047 61.30 34.84
ADASAPp 0.20 74.63 083 0.50 62.08 37.30

MAGNITUDE 0.44 76.83 085 0.51 64.92 39.27

TaYLOR 042 7585 0.84 050 6351 37.84
GREG-1 043 73.72 0.82 048 6047 35.04
GREG-2 043 73.84 0.83 048 61.05 35.39

ABCPruner 044 7352 0.82 0.50 60.46 36.64
ADASAPp 040 7727 0.83 0.53 6451 41.23

GREG-1 0.62 7516 082 049 61.82 36.88
GREG-2 0.62 7536 0.82 049 62.06 37.09
ABCPruner  0.71 7484 0.83 0.51 61.73 38.35
ADASAPp 062 7799 0.84 052 6549 42.68

MAGNITUDE 0.76 7732 0.84 0.53 6520 40.73

TAYLOR 0.76 77.05 0.84 052 64.53 39.68
GREG-1 0.77 76.25 0.83 0.51 63.61 38.96
EacrLeEYye 3G 0.78 77.07 0.84 0.53 64.84 40.67
ADASAPp 077 7829 084 055 66.14 43.22

rates latency into the metric to measure the saliency of each neuron. Table 2.2 shows that using AdaSAP,
outperforms prior works both in terms of the ¢ and Ry, robustness ratios, and also in terms of standard
validation performance and performance on OOD datasets.

2.4.3 Object Detection

We show object detection results in Table 2.3. Across two pruning levels, AdaSAP consistently outper-
forms the HALP baseline by noticeable margins. More details can be found in Appendix A.1.
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Table 2.2: ResNet50 - Latency Reduction.
MEeTHOD Speepurt Size] VAL Ry, Rc IN-V2 IN-C

RESNETS0
DENSE 1 1 77.32 0.838 0.55 64.79 42.46
HALP 2.6 043 7446 082 047 61.21 35.03
ADASAP; 2.6 041 7537 0.83 050 6261 37.93
HALP 1.6 0.68 76.55 0.83 051 63.62 39.13
SMCP 1.7 0.60 76.62 0.83 051 63.86 38.72
ADASAP; 1.6 0.6 T77.28 0.85 054 6535 41.63
HALP 1.2 087 7745 0.84 0.53 64.88 40.77
SMCP 1.2 087 7757 084 053 6502 4091
ADASAP; 1.1 0.82 7793 084 0.55 6553 42.92

Table 2.3: Object Detection. mAP on validation images and ImageNetC style corruptions on the Pascal VOC
dataset.

MetHOD S1ze] Var CoRRUPTED R¢

HALP 0.40 0.774 0.583 0.753
ApAaSAP 040 0.795 0.620 0.780

HALP 0.20 0.770 0.580 0.753
ApaSAP 0.20 0.793 0.616 0.776

2.4.4 Ablations

Sensitivity to importance metrics. In our experiments, we considered ¢, norm, or magnitude, as the
saliency metric for pruning since thisled to the best performance. However, our method is flexible enough
to work with other metrics such as Taylor importance as seen in Table 2.4.
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Table 2.4: AdaSAP can work with any pruning criteria. AdaSAP with Taylor pruning matches or outperforms
SGD with Taylor pruning.

METHOD Size] Var Rc IN-C

TavyrLor + SGD 0.42 75.85 0.50 37.84
ADASAPpriviorn 043 76.26  0.50 38.07
ADASAPp 041 76.93 0.52 39.64

TayLor+SGD  0.76  77.05 0.52 39.68
ADASAPpraiyion 0.76  77.42 0.52 40.27
ADASAPp 0.76 77.86 0.53 41.30

Adaptive perturbations. In order to determine the importance of using adaptive weight perturbations,
we compare our method to the use of uniform perturbations throughout all three steps, which is equiv-
alent to using SAM. In Table 2.5, we compare three different setups: Taylor pruning with SGD as a
baseline, Taylor pruning with SAM, and AdaSAPp. All three settings are fine-tuned for 90 epochs. Our
method outperforms both SGD and SAM at the same or smaller compressed size. This demonstrates
that our method’s adaptive perturbations during the warmup phase are helping the network achieve a
more prunable state. See Appendix A.3 for more extensive results and further analysis of the choice of
uniform perturbations during robustness encouragement.

Table 2.5: Adaptive perturbations are critical for the best clean and robust performance.

METHOD Size| VaL Rc  IN-C
SGD
DENSE 1 77.32 0.54 42.46
TayLor + SGD 0.20 73.56 0.46 33.93
ADASAP vs. SAM (witHouT ASAM)
TAYLOR + SAM 0.20 73.62 0.47 34.49
ADASAPp 020 74.38 0.48 35.86
ADASAP vs. SAM (witH ASAM)
SAM + ASAM 0.19 7393 0.50 36.66

ApASAPp + ASAM  0.19 74.63 0.50 37.30

2.4.5 Sharpness Analysis

Consider the sharpness defined in Foret et al. [65] as maxq,<, Ls(W +€) — Lg (w). This measures
the maximum amount that the loss could change if the weights are perturbed within a ball of radius p.
We measure sharpness directly before and after pruning, to evaluate how sharpness prepares the network
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to be optimally pruned, as well as how pruning affects the model sharpness. Table 2.6 shows that using
AdaSAP leads to flatter models both before and after pruning. In line with previous results that found an
association between flatness and generalization, this result can help explain why our models have better
generalization and robust generalization performance.

Table 2.6: Sharpness before and after pruning without finetuning. Lower sharpness values indicates a flatter
loss landscape. AdaSAP achieves flatter minima both directly before and after pruning, before any fine-

tuning.
SHARPNESS SHARPNESS
MEeTHOD  SIZE| PREPRUNING POST PRUNING
TAYLOR 0.42 0.039 0.044
ApaSAP, 040 0.037 0.039
TAYLOR 0.76 0.039 0.041
ApaSAP, 0.76 0.037 0.038

2.4.6 Limitations

One limitation is that AdaSAP requires twice the training time due to the two backward passes neces-
sary for optimization. A 90 epoch pruning and finetuning run on 8 V100 GPUs to reduce a ResNet50
network to 0.2 its size takes takes 32 hours and 12 minutes for AdaSAP p while SGD with magnitude
pruning takes 16 hours and 53 minutes. Recent strategies [56, 117, 141] could be used to reduce this
additional overhead. Another limitation is that our analysis is based on existing robustness datasets that
don’t fully capture the real world corruptions encountered in autonomous driving. Despite a focus in
the present work on applying pruning (and fine-tuning) to an existing high performing dense model,
AdaSAP shows promise in also being used to prune models from scratch. Finally, although we focus
here on the more challenging structured pruning, we believe AdaSAP could also benefit unstructured
pruning.

2.5 Conclusion

We introduce the Adaptive Sharpness-Aware Pruning method (AdaSAP) which optimizes for both ac-
curacy and robust generalization during the pruning procedure. The method consists of three steps:
application of our novel adaptive weight perturbations, pruning, and flatness-based robustness encour-
agement. AdaSAP outperforms a variety of SOTA pruning techniques on clean and robust performance
and relative robustness in both image classification and object detection.
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3 A Simple and Effective Pruning
Approach for Large Language Models

The motivation for this chapter is driven by a key insight into model bebavior. LLMSs contain large activa-
tions that must be preserved in order to retain strong performance. These large activations are not present in
other architecture types and so pruning methods that work on other architectures fail on LLMs. We use this
insight to develop an efficient and effective pruning method for LLMs, which accounts for not only weight
values but also input activation values, thus allowing us to preserve the critical large activations during
pruning.

3.1 Introduction

Large language models [19, 172] have recently reshaped the field of NLP with their remarkable perfor-
mance across a range of complex language benchmarks [15, 21, 219]. However, these models, with their
billions of parameters, usually require significant computational resources. To democratize LLMs, con-
siderable efforts have been taken to mitigate their high computational cost. Many of the notable advance-
ments to date have centered on model quantization, a process where parameters are quantized into lower

bit-level representations. The fast pace of LLM quantization research [2, 48,72, ] has led to substan-
tial resource savings for these models [138, 196].
Network pruning [89, 92, 132], on the other hand, shrinks network sizes by removing specific weights

from the model - essentially setting them to zero. Along with quantization, it is often considered an-
other popular approach for compressing neural networks. However, it has received relatively little fo-
cus in compressing LLMs. This seems to contradict the trend of model compression in the pre-LLM
era, where both approaches have received large amounts of research effort. A quick review of existing
pruning methods reveals a possible reason: they typically require retraining [14, 146], training from ran-
dom initializations [/6, 150, ] or even an extensive iterative process [67, 185]. The sheer amount
of computational resources required by LLMs limits these methods. A recent LLM pruning approach,
SparseGPT [70], does not require traditional retraining, but still demands a computationally intensive
weight update process.

The argument concerning the need for retraining and weight update does not fully capture the challenges
of pruning LLMs. One might reasonably expect to obtain a fairly high-performing initialization point for
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Magnitude Pruning Wanda
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Figure 3.1: Illustration of our proposed method Wanda (Pruning by Weights and activations), compared with the
magnitude pruning approach. Given a weight matrix W and input feature activations X, we compute
the weight importance as the elementwise product between the weight magnitude and the norm of
input activations (|W/| - || X]|2). Weight importance scores are compared on a per-output basis (within
each row in W), rather than globally across the entire matrix.

retraining using existing popular pruning methods. However, a recent study [70] finds that magnitude
pruning [89], a well-established pruning approach, fails dramatically on LLMs even with relatively low
levels of sparsity. Considering the past success of magnitude pruning on smaller networks, this result
suggests that LLM:s, despite having 100 to 1000 times more parameters, are substantially more difficult
to prune directly.

In this work, we address this challenge by introducing a straightforward and eftective approach, termed
Wanda (Pruning by Weights and activations). This technique successfully prunes LLMs to high degrees
of sparsity without 47y need for modifying the remaining weights. We are motivated by an observation
from a recent study [48], where a small subset of hidden state features are exceptionally large in mag-
nitude, a property unique to LLMs. We find that augmenting the standard weight magnitude pruning
metric with the input activations, is surprisingly effective as a measure for evaluating the weight impor-
tance. Specifically, we introduce a novel pruning metric, where each weight is evaluated by the product
of its magnitude and the norm of the corresponding input activations, estimated using a small set of cal-
ibration data. Our method uses this metric to induce sparsity in pretrained LLMs by comparing weights
locally within each output of linear layers and removing lower priority weights. Our approach is compu-
tationally efficient, able to be executed in a single forward pass, and requires minimal memory overhead.

We empirically evaluate Wanda on the widely adopted LLaMA [209] and LLaMA-2 [210] model fami-
lies. Our results demonstrate Wanda can find efficient sparse networks from pretrained LLMs, without
any retraining or weight update. Our approach Wanda outperforms the standard magnitude pruning by
alarge margin and also competes favorably with the prior best LLM pruning method [70], while requir-
ing a lower computational cost. We hope our work serves as a baseline for future work in this area, and
encourages further exploration in understanding sparsity in LLMs.
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3.2 Preliminaries

Magnitude Pruning [89] is a standard pruning technique to induce sparsity in neural networks. It
removes individual weights based on their magnitudes, where weights with magnitudes below a certain
threshold are removed. In practice, this threshold is typically determined by comparing weights locally
within each layer or globally across the whole network. Despite its simplicity, magnitude pruning has
been used to find extremely sparse networks [67] and now stands out as a strong baseline approach [14]
for neural network sparsification.

Emergent Large Magnitude Features have been observed in Transformer-based large language models.
Dettmers et al. [48] discover that once LLMs reach a certain scale (in practice, around 6B parameters), a
small set of hidden state features emerges with significantly larger magnitudes than the remaining ones.
These outlier features exhibit several intriguing characteristics. First, they have very large magnitudes,
about 100 times larger than typical hidden state values. Second, they are usually sparse and exist in cer-
tain feature dimensions. Finally, these outlier features are essential for the predictive capability of LLMs:
zeroing out these features at inference time results in significant degradation of language modeling per-
formance.

3.3 Wanda: Pruning by Weights and Activations

In this section, we motivate and describe our pruning method, Wanda (Pruning by Weights and activations),
which consists of two simple but essential components. First, we propose a novel pruning metric that in-
corporates both weights and input activations into the computation of weight importance. Second, we
compare weights on a per-output basis instead of across the whole layer, which we find is crucial for prun-
ing LLM:s effectively. An overview of Wanda is shown in Figure 3.1.

A Motivating Example. Consider a neuron with two inputs and corresponding weights: y = wx; +
WoXo, where |[w1| < |ws|. Now suppose the goal is to select one weight for removal while incurring less
change on the output. The standard approach of magnitude pruning would always remove weight w1,
which may be a good strategy if input features x; and X have similar magnitudes. However, as recently
observed in LLMs [48], the two input features can differ significantly in scale. For instance, it is possible
that [x;]| > |Xs|, and as a result, [WX1| > [W2Xs|. In this case, we should remove weight w instead,
because this removal clearly exerts a smaller influence on the neuron output y than removing weight w.

This motivating example with the simplest linear layer hints at a major limitation of magnitude pruning:
it does not take into account input activations, which could play an equally important role as weight
magnitudes in determining the neuron output. For pruning LLMs, this is especially critical considering
the emergent large magnitude features found within them. Thus, as the first part of our method, we
propose a pruning metric designed explicitly for LLMs to handle such a limitation, while also maintaining
the simplicity of magnitude pruning.
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Pruning Metric. Consider a linear layer with weight W of shape (Coyt, Cip). For language models,
this linear layer takes in input activations X with a shape of (N x L, Cj,), where N and L are batch and
sequence dimensions respectively. For each individual weight, we propose to evaluate its importance by
the product of its magnitude and the corresponding input feature norm. Specifically, the score for the
current weight W;; is defined by:

Sij = Wil - [1X52 (3.1)

where | - | represents the absolute value operator, || X |2 evaluates the {3 norm of jth features aggregated
across N x L different tokens, and the final score is computed by the product of these two scalar values.
We find that £, norm tends to work better than other norm functions (e.g., £; and ¢.,) in measuring
activation magnitudes. This is possibly because £, norm is generally a smoother metric.

This metric is interesting in several aspects. First, when the input channel of the considered weight has
large magnitude features, the weight itself tends to be assigned a larger importance score even if it has
a low magnitude. This tackles the problem we encounter in the motivating example. The effect can
be seen in Figure 3.1, where weights corresponding to the large magnitude feature are more likely to be
preserved with Wanda. Second, its computation is straightforward. Once we obtain the norm vector of
input feature activations, the weight importance can be calculated using an element-wise dot product.
Last, we find empirically that this metric is robust and can be easily estimated using a modest number of
calibration samples, without access to the original training data.

Comparison Group. Generally, in a pruning method, each weight is first assigned an importance score,
such as the pruning metric we discussed above. These weights are then grouped into comparison groups
where weights within each group are compared against one another. Within each comparison group,
weights with lower importance scores are pruned.

Most previous pruning methods default to comparing weights locally within each layer or globally across
the whole network.

While layer-wise and whole-network comparisons have been the popular options, we find that pruning
LLM:s could benefit from a more localized grouping. In our method, we compare and remove weights
on a per-output basis (per row in Figure 3.1), where weight importance scores are compared locally within
each output neuron. Specifically, for a weight W;; that connects input j to output 7 inside the linear
layer, we define the comparison group for this weight as all weights connecting to output i:

Under this comparison group, for a pre-defined sparsity ratio s%, we eliminate s% of the weights con-
nected to each output. This practice may seem counter-intuitive, since we are basically pruning under a
stricter sparsity pattern. However, we find that it is consistently better than layer-wise pruning for LLMs.
Notably, this holds true not only for our proposed pruning metric (Equation 3.1) but also the standard
magnitude metric. This shows that maintaining a balanced pruning ratio across output features is im-
portant for pruning LLMs eftectively.
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To see if the superiority of pruning per output over per layer holds true in general, we conduct additional
experiments on pruning image classifiers. However, we do not observe similar trend in image classifica-
tion models, suggesting that our observations regarding pruning per output might be unique to LLMs.
We hope this intriguing observation encourages practitioners to be more cautious in choosing the com-
parison group.

Algorithm 3 PyTorch code for Wanda

# W: weight matrix (C_out, C_in);

# X: dinput matrix (N *x L, C_in);

# s: desired sparsity, between 0 and 1;

def prune(W, X, s):
metric = W.abs() * X.norm(p=2, dim=0)

_, sorted_idx = torch.sort(metric, dim=1)

pruned_idx = sorted_idx[:,:int(C_in * s)]

W.scatter_(dim=1, index=pruned_idx, src
:@)

return W

Procedure. Wanda can be implemented and integrated seamlessly within a single forward pass of the
LLM model, where feature norm statistics || X || are estimated with a set of calibration data. We provide
the PyTorch code of our approach in Algorithm 3. Given a pretrained LLM, we compute our pruning
metric from the initial to the final layers of the network. After pruning a preceding layer, the subsequent
layer receives updated input activations, obtained on the pruned weights of the previous layer. Then
the pruning metrics are computed. A recent method for pruning LLMs, SparseGPT [70], requires a
sophisticated weight update procedure in an iterative pruning process, while Wanda does not induce any
additional weight update.

Structured N:M Sparsity. While Wanda so far has been developed for unstructured sparsity, it can be
easily extended to structured N:M sparsity [162]. Structured N:M sparsity requires that at most N out
of every M contiguous weights to be non-zero. It can leverage NVIDIA’s sparse tensor cores to accelerate
matrix multiplication in practice. Wanda can be naturally extended to structured N:M sparsity, where we
compare weights using the same metric among every M consecutive weights, for all weights connected to
an output.

Remark. We discuss the connection between Wanda and a few existing works. SparseGPT formalizes
the problem of pruning LLMs by solving a local layer-wise reconstruction problem, where their pruning
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metric and weight update procedure is inspired from Optimal Brain Surgeon (OBS) [92]. The pruning
metric in SparseGPT is:

S;; = [[W|/diag((X™X + A1)™")] (3.3)

ij
Here XTX + A\l in the denominator is the Hessian H for the layer-wise reconstruction problem and A is
the Hessian dampening factor to avoid the collapse of inverse computation. With careful inspection, we
observe that our metric in Equation 3.1is similar to the above when A is 0 and only the diagonal elements
of the Hessian matrix X7 X + I are retained. Starting from the pruning metric in Equation 3.3, we
show the exact reduction steps and corresponding reduction conditions as follows:

-1
A=0 . -~ diagonal . 2
5, =" 1w jaine (7)) | 2wy (e 0) | = (il 1%1)
ij : ij

(3.4)
In the last reduction step, the diagonal of X” X is diag(||X;||3), and thus the denominator can be simpli-
fied to (|| X;||3) ~*. The resulting metric in Equation 3.4 is the square of our proposed metric. This sim-
plification substantially reduces the required computation of weight importance, eliminating the need
for computing any matrix inverses.

In the 1980s, LeCun et al. [132] have set up a pioneering framework for neural network pruning named
Optimal Brain Damage (OBD). It uses second-order information without off-diagonal elements in Hes-
sians for faster approximation. Later, Optimal Brain Surgeon (OBS) develops upon OBD partly by taking
into account the off-diagonal elements. Wanda can be seen as a renaissance of OBD - it may be viewed as
applying a process similar to OBD to each neuron, with /oca/ output reconstruction as the objective func-
tion, whereas the original OBD uses the global training objective. This is analogous to the relationship
between SparseGPT and OBS.

METHOD WEIGHT UPDATE ~ CALIBRATION DATA PRUNING METRIC S;; COMPLEXITY
MAGNITUDE X X Wi O(1)
SPARSEGPT 4 4 [|W|2/diag [(XXT + )‘I)il]]ij O(d3; 44en)
WaNDA X v [Wisl - 1 X5l O(d3140en)

Table 3.1: Comparison of Wanda with existing pruning algorithms on LLMs.

A comparison of LLM pruning methods can be found in Table 3.1. Computing the pruning metric
of Wanda has a reduced time complexity compared to SparseGPT, because it does not involve inverse
computation. Overall, our method Wanda (Pruning by Weights and activations) has several attractive
properties as an approach for pruning LLM:s:

1. It maintains the simplicity of magnitude pruning in the pre-LLM era, requiring no gradient com-

putation via back-propagation or any second-order Hessian inverses, but is also highly effective in
discovering sparse networks in pretrained LLMs.

26



3 A Simple and Effective Pruning Approach for Large Language Models

2. Wanda can be done with a single forward pass of the LLM. At each layer, the pruned weights can
be decided in one shot without an iterative procedure. In practice, computing the pruning metric
of Wanda can be 300 times faster in pruning LLMs compared with SparseGPT.

3. Unlike SparseGPT, our approach entails no weight update on pruned networks, suggesting that
LLMs have effective sparse sub-networks that are exact, instead of them merely existing in the

neighborhood of the original weights.

3.4 Experiments

Models and Evaluation. We evaluate Wanda on the two most widely adopted LLM model families:
LLaMA 7B/13B/30B/65B [209] and LLaM A-2 7B/13B/70B [210] (LLaMA-2 34B is not released). Re-
sults for prior LLM families can be found in Appendix B.2. We measure the performance of pruned
models on zero-shot tasks and language modeling. For zero-shot evaluation, we use seven tasks from
EleutherAI LM Harness [77]. Following previous works on LLM compression [70, 225], we evaluate
the perplexity on the held-out WikiText [159] validation set.

Baselines. We compare Wanda with two prior pruning approaches. Magnitude pruning [89] is a sim-
ple and strong baseline in which weights are discarded based on their magnitudes. SparseGPT [70] is a
second-order pruning method for LLMs, based on solving a layer-wise reconstruction problem. In Ap-
pendix B.3, we compare with additional pruning methods.

Both Wanda and SparseGPT require calibration data to estimate input statistics (see Table 3.1). To con-
trol this variable factor, we use the exact same set of calibration data as SparseGPT, which consists of 128
sequences with context length size sampled from C4 training set [182]. In Appendix B.4.1, we provide
additional analysis on the number of calibration samples.

Sparsity. For all pruning methods, we focus on pruning the linear layers (skipping the first embedding
layer and the final classification head), which account for around 99% of the total LLM parameters. We
impose a uniform sparsity for all linear layers. We evaluate three types of sparsity: unstructured sparsity,
structured 4:8 and 2:4 sparsities. The magnitude pruning baseline is extended to structured N:M sparsity
in a similar spirit to our method, as described in the previous section.

3.4.1 Zero-Shot Tasks

Comparison with Baselines. In Table 3.2, we show the mean zero-shot accuracies on 7 zero-shot tasks
of pruned LLaMA and LLaMA-2 models. We refer the reader to Appendix B.4 for task-wise perfor-
mance. Across both unstructured and structured sparsities, Wanda outperforms the well-established
magnitude pruning approach by alarge margin, while also rivals with the previous best approach SparseGPT.
Given that no fine-tuning takes place, there is a noticeable gap between sparse pruned LLMs and the
original dense LLMs. However, as the model size increases, this accuracy gap diminishes. Remarkably,
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LLAMA LLaAMA-2
MEeTHOD WEIGHT UPDATE  SPARSITY 7B 13B 30B 65B 7B 13B 70B

DENSE - 0% 59.99  62.59 65.38 66.97 59.71 63.03 67.08
MAGNITUDE X 50% 46.94 4761 53.83 62.74 51.14 52.85 60.93
SPARSEGPT v 50% 54.94 5861 63.09 66.30 56.24 60.72 67.28
WaNDA X 50% 54.21 59.33 63.60 66.67 56.24 60.83 67.03
MAGNITUDE X 4:8 46.03 50.53 53.53 62.17 50.64 52.81 60.28
SPARSEGPT v 4:8 52.80 5599 60.79 64.87 53.80 59.15 65.84
WaNDA X 4:8 52.76  56.09 61.00 64.97 5249 58.75 66.06
MAGNITUDE X 2:4 44.73 48.00 53.16 61.28 45.58 49.89 59.95
SPARSEGPT v 2:4 50.60 53.22 5891 6257 5094 54.86 63.89
WANDA X 2:4 48.53 5230 59.21 62.84 4875 55.03 64.14

Table 3.2: Mean zero-shot accuracies (%) of pruned LLaMA and LLaMA-2 models. Wanda performs competi-
tively against prior best method SparseGPT, without introducing any weight update.

unstructured 50% sparse LLaMA-65B and LLaMA-2-703B is able to match the zero-shot accuracies of
their dense counterparts.

Large Sparse vs. Small Dense. It might be of interest to some readers on the comparison between
large sparse LLMs and small dense LLMs with similar parameter counts. For zero-shot performance,
we find the trend differs across the types of sparsity. For unstructured sparsity, large sparse LLMs are
often better than small dense LLMs on zero-shot performance: unstructured 50% sparse LLaMA-65B
(66.67%) outperforms dense LLaM A-30B (65.38%); unstructured 50% sparse LLaMA-2-13B (60.83%)
outperforms dense LLaMA-7B (59.71%). Intriguingly, this gap is much larger for few-shot tasks (see
Appendix B.4). For structured sparsity, the trend is reversed: without any fine-tuning, large sparse LLMs
have worse zero-shot performance than small dense LLMs in general.

3.4.2 Language Modeling

In Table 3.3, we report the perplexity of pruned LLaMA and LLaMA-2 models. For robustness analysis
under random sampling of the calibration data, see Appendix B.4.

Without any weight update, Wanda outperforms the established pruning approach of magnitude prun-
ing by alarge margin. Forinstance, for LLaMA-7B, Wanda is able to find sparse networks with a perplexity
of 7.26, significantly better than the magnitude pruning baseline 17.29. This result suggests that exact
and effective sparse sub-networks exist for LLMs. For unstructured 50% sparsity, Wanda performs on
par with the prior best approach SparseGPT. We provide results for higher sparsity levels (60% and 80%)
in Appendix B.4. The comparison between Wanda and SparseGPT is mixed for structured sparsity. On
smaller models (e.g., 7B), SparseGPT outperforms Wanda on 2:4 sparsity. Wanda is more favorable for
larger models, e.g., LLaMA-30B (2:4 and 4:8) and LLaMA-2-70B (2:4).
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LLAMA LLAMA-2
METHOD WEIGHT UPDATE SPARSITY 7B 13B 30B 65B 7B 13B  70B

DENSE - 0% 5.68 509 4.77 356 512 457 3.12
MAGNITUDE X 50% 1729 2021 754 590 14.89 6.37 498
SPARSEGPT v 50% 7.22 621 531 457 651 563 3.98
WaNDA X 50% 726 6.15 524 457 6.42 556 3.98
MAGNITUDE X 4:8 16.84 13.84 762 6.36 1648 6.76 5.54
SPARSEGPT v 4:8 8.61 7.40 6.17 538 812 6.60 4.59
WANDA X 4:8 857 740 597 530 797 655 4.47
MAGNITUDE X 2:4 4213 1837 9.10 7.11 54.59 833 6.33
SPARSEGPT v 2:4 11.00 911 7.16 6.28 10.17 8.32 5.40
WANDA X 2:4 11.53 958 6.90 6.25 11.02 827 5.16

Table 3.3: WikiText perplexity of pruned LLaMA and LLaMA-2 models. Wanda performs competitively against
prior best method SparseGPT, without introducing any weight update.

3.4.3 Speedup

Pruning Speed. The theoretical computational complexity of Wanda is lower than SparseGPT (Ta-
ble 3.1). Here we compare their empirical pruning speed. Specifically, we measure the accumulated time
for computing the pruning metric at each layer (excluding the forward pass process shared by both meth-
ods) on NVIDIA A6000 GPUs. Results are shown in Table 3.4. Wanda incurs negligible time overhead
relative to SparseGPT. The fast speed of Wanda is particularly useful when pruning needs to be performed
on a real-time basis, e.g., training sparse models from scratch [61] and finding the optimal sparsity [119].

Inference Speed. We evaluate the inference speedup for structured 2:4 sparsity on NVIDIA A6000
GPUs. Following the evaluation setup of Frantar and Alistarh [70], we measure the latency of matrix
multiplication in linear layers. We perform simulation analysis using the high-performance GEMM ker-
nel in NVIDIA CUTLASS library. Results for LLaMA-65B (batch size of 1) can be found in Table 3.5.
Structured 2:4 sparsity is able to bring notable inference speedup (around 1.6 x ) for linear layers in LLMs.
For end to end latency, we observe a speedup of 1.24x on LLaMA-7B (251ms as compared to 312ms).
Last, we emphasize that the inference speedup is not unique to our pruning method but is delivered by
the inherent power of sparsity for speeding up computation.

LLaAMA
METHOD 7B 13B 30B 65B
SearseGPT 203.1 339.0 &810.3 1353.4
WaNDA 0.54 0.91 2.9 5.6

Table 3.4: Computing the pruning metric of Wanda can be much faster (seconds) than SparseGPT.
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LLAMALAYER DENSE 2:4 SPEEDUP

q/k/v/o_proj 349 214 1.63x
up/gate_proj 9.82 6.10 1.61x
down_proj 9.92 645 1.54x

Table 3.5: Speedup of matrix multiplication (ms) in LLaMA-65B, for structured 2:4 sparsity.

EvarvuaTioN DENSE FINE-TUNING 509% 4:8 2:4
X 54.21 52.76 48.53
ZERO-SHOT 59.99 LoRA 56.53 54.87 54.46
FuLL 58.15 56.65 56.19
X 7.26 8.57 11.53

PERPLEXITY 5.68 LoRA 6.84 7.29 8.24
FurL 5.98 6.63 7.02

Table 3.6: Fine-tuning can mitigate the gap to dense LLM.

3.5 Analysis

We study several aspects of Wanda to better understand its effectiveness in pruning LLMs. We use the
LLaMA-7B model and prune to unstructured 50% sparsity, unless otherwise specified.

Fine-tuning. We study how fine-tuning could recover the performance drop of pruned LLMs, as ob-
served in the previous section. We investigate two strategies for fine-tuning LLMs: LoR A [106] fine-
tuning and full parameter dense fine-tuning. Fine-tuning is conducted on C4 training dataset and the
objective is the pre-training auto-regressive loss. The pruned mask is kept fixed during fine-tuning. We
fine-tune pruned LLaM A-7B with all three types of sparsities: unstructured 50%, structured 4:8 and 2:4.
Table 3.6 summarizes the results for mean zero-shot accuracies and perplexity after fine-tuning Wanda
pruned LLaMA-7B models. See Appendix B.4 for task-wise performance.

LoRA Fine-tuning. We enforce a limited computational budget (1 GPU and 12 hours). The low rank
(r = 8)adapteris applied on the query and value projection matrices in attention layers. For LLaMA-7B,
LoR A introduces only around 0.06% additional parameters, leaving the total sparsity level still around
50%. With LoR A fine-tuning, we are able to restore the performance of pruned LLMs by a non-trivial
amount. One notable instance is that LoR A fine-tuning improves the zero-shot performance of struc-
tured 2:4 sparse LLaMA-7B from 48.53% to 54.46%, outperforming the original unstrucutred 50%
sparse LLaMA-7B (54.21%).

Full Parameter Fine-tuning. We conduct full parameter dense fine-tuning. We enforce a limited compu-

tational budget (4 GPU and 3 days). Compared to LoR A fine-tuning, full parameter dense fine-tuning
is able to mitigate the gap between pruned LLMs and dense LLMs even further. For unstructured 50%
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sparsity, full parameter fine-tuning could improve pruned LLaMA-7B from 54.21% to 58.15% in terms
of zero-shot accuracy, close to that of dense LLaMA-7B (59.99%).

Pruning Configuration. Wanda differs from previous methods in both the pruning metric and the
comparison group. We conduct ablation experiments to better understand their impact. The three prun-
ing metrics can be found in Table 3.1. SparseGPT adopts a local comparison group inside a layer, where
weights connected to 128 consecutive zzput channels form a group. Wanda groups weights connected
with a single output channel. Therefore, we ablate two blocksize options (128 and 1) and the input/out-
put choice. For simplicity, we use (input/output, blocksize) to denote each local comparison group, e.g.,
(input, 1). For this experiment, we do not perform the weight update procedure in SparseGPT to focus
on the pruning configuration.

COMPARISON GROUP

PrUNING METRIC LAYER (INPUT,1l) (@INPUT,128) (ouTPUT,l) (OUTPUT, 128)
MAGNITUDE: |W;| 17.29 8.86 16.82 13.41 17.47
SparSEGPT: [[W|?/diag(H™ )], 7.91 8.86 8.02 7.41 7.74
Wanpa: |[Wi;| - |1 Xl 7.95 8.86 8.12 7.26 7.71

Table 3.7: Ablation on the pruning configuration. Bold results denote the best comparison group for each pruning
metric. Underscored results indicate the default pruning configuration of each method.

The results are shown in Table 3.7. We refer the reader to Appendix B.1 for analysis on image classifiers
and Appendix B.4 for analysis on previous LLMs. The default pruning configuration of Wanda delivers
the best pruned model (perplexity 7.26). Interestingly, for the magnitude metric, comparing weights
of the same input neuron (input, 1) yields a perplexity of 8.86, significantly better than other grouping
options. Three methods also produce equivalent pruning results as under this comparison group — the
inputis the same, thus weight ranking only depends on weight magnitude. This finding further highlights
the importance of using a proper comparison group for pruning LLMs, even for the classical magnitude

pruning approach.

Robustness to Calibration Samples. We vary the number of calibration samples by selecting different
sample sizes ranging between 1 and 256. Results are summarized in Figure 3.2. We see a clear difference
in trend as the size of calibration data changes, where Wanda is much more robust when there are few
calibration samples. Notably, even with a single sample, pruned networks obtained by Wanda have a
perplexity of 7.66. This may be because input norm statistics || X;|| could be much easier to estimate
than the full inverse hessian H™! of the local layer-wise reconstruction problem.

Weight Update. We characterize the conditions under which the weight update process in SparseGPT
can improve the effectiveness of pruning LLMs. We experiment with two ways of applying weight up-
date: sequential and iterative. A sequential update means that at each layer, the full pruned mask is first
computed and weight update is performed on the remaining weights. An iterative update means that
the pruning and weight update steps proceed iteratively within each layer. SparseGPT adopts an iterative
update procedure every 128 input channels, as it was found to give more accurate results.
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LLaMA-7B
9.51 —¥— SparseGPT
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1 2 8 16 32 64 128 256
# Calibration Samples
Figure 3.2: Wanda is more robust with less data.
PRUNING CONFIGURATION SPARSITY
WEIGHT UPDATE
PRUNING METRIC COMPARISON GROUP 50% 4:8 2:4
LAYER X 17.59 16.84 42.13
MAGNITUDE: |[W;| LAYER SEQUENTIAL 12.56 13.37 21.36
(INPUT, 128) ITERATIVE 26.77 3698 47.61
(OUTPUT, 1) X 7.26 857 11.53
Wanpa : [W;| - [|X]| (OUTPUT, 1) SEQUENTIAL 7.32 859 10.89
(INPUT, 128) ITERATIVE 7.26 8.68 11.43

Table 3.8: Effects of the weight update. It offers little or negligible improvement to Wanda.

Effects of the weight update on magnitude pruning and Wanda are summarized in Table 3.8. We study
these two pruning methods because they do notinvolve any weight update by default. An iterative update
changes the comparison group for unstructured pruning, which we denote in the table as (input, 128).

We make several interesting observations:

* For all considered sparsities, weight update can improve magnitude pruning by a large margin.

* For unstructured 50% and 4:8 sparsities, weight update does not bring any improvement to Wanda.

* For 2:4 sparsity, the improvement (from 11.53 t0 10.89) is marginal. Note that the best 2:4 sparse model
(10.89) we obtained here is better than that obtained by SparseGPT (11.00 in Table 3.3).

Last, we examine an extreme sparsity level (70%), where weight update can improve Wanda from 84.50
to 29.65. However, the best pruned model (29.65) lags far behind the dense LLaMA-7B (5.68).
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3.6 Related Works

Network Pruning and Sparsity. Pruning is a popular technique for compressing neural networks
through the elimination of weights, yielding sparse networks [92, 132]. It can be broadly categorized
into structured and unstructured approaches.

Structured pruning methods [63, 64, 145,165, 169,195, ], sometimes referred to as activation prun-
ing [51, 76], remove entire structured components of a network, facilitating efficient GPU speedups.
Some existing methods [7, 57] have explored structured pruning based on activation statistics of neu-
ron/filter output, e.g. percentage of zero activations [108] and activation mean [164]. Recently, Ma et al.
[153] have studied structured pruning of LLMs. Bansal etal. [9], Liu etal. [148] and Elena Voita [59] have
demonstrated the existence of prompt-dependent and task-specific sparsity in the structural components
of LLMs, e.g., attention heads and MLP neurons.

Unstructured methods [75, 89, 90, s s ] like magnitude pruning operate at the individual
weight level, maintaining performance even at higher sparsity levels. Existing pruning methods usually
require either modifications to the training procedure [126, 188], retraining the pruned networks to re-
gain accuracy [146, 251], or an even more computationally intensive iterative retraining process [68, 185].
However, scaling these methods to LLMs with billions of parameters presents a challenge, as the required
training process demands substantial computational resources [103, 246].

Pruning with Limited Data. Most related to our approach is a recent line of work on pruning with
limited data [69, 71, 111, 129]. Such methods require no modification to the original training procedure
and also no retraining of the pruned networks on the full training dataset. The primary aim of these
methods is to preserve performance during the pruning procedure, assuming access to a limited and small
amount of data, also referred to as the calibration data. In order to mitigate the accuracy drop, a layer-
wise reconstruction problem [111] is solved to minimize the change of output evaluated on the calibration
data. Existing solvers [71, 198] for the layer-wise reconstruction problem rely on heavy computation of
second-order Hessian inverses, which do not scale to the large hidden state size of LLMs. SparseGPT [70]
develops an efficient weight update procedure for LLMs via synchronized second-order Hessian updates.

Emergent Properties of LLMs. Our work is also related to recent studies on the existence of large
magnitude outlier features in large language models [16, 125,152, 179, , ]. Dettmers et al. [48]
demonstrate that when LLMs exceed a certain parameter scale (e.g., 6B), large magnitude features start to
emerge and strongly affect all layers, which can be seen as an emergent property of LLMs [48, 191, 219].
They also pinpoint these emerging features as the reason why existing quantization methods fail. This
observation has spurred the development of various quantization schemes [11, 48, 49, 138, 225] tailored
specifically for LLMs to handle outlier features. Our work extends this understanding, demonstrating
that outlier features should also serve as pivotal indicators of which weights to prune in LLMs.
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3.7 Conclusion

In this work, we propose a simple and effective method for pruning Large Language Models (LLMs).
Inspired by the recent discovery of emergent large magnitude features in LLMs, our approach, termed
Wanda (Pruning by Weights and activations), removes weights with the smallest magnitudes multiplied
by the corresponding input activation norms, on a per-output basis. Without the need for any retraining
or weight update procedures, Wanda is able to identify effective sparse networks within pretrained LLMs.
We hope our work contributes to a better understanding of sparsity in LLMs. Last, considering the fast
speed of pruning with Wanda, it would be interesting to investigate whether Wanda can be useful in the
setting of sparse training [12, 61, 73, 127, 175], where pruning has to be conducted repeatedly and thus
the pruning efficiency is critical.
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4 Compressed Sensing for Capability

Localization in Large Language Models

In this chapter, we characterize the phenomenon of capability localization in LLMs. We find that some
capabilities are localized, that is, critically dependent on, extremely sparse sets of attention heads. In some
cases, removing as few as one attention head can destroy performance on a certain task, while preserving
unrelated capabilities. We introduce an efficient compressed-sensing-based algorithm to perform the local-
ization by repeatedly knocking out sets of heads and measuring the downstream accuracy.

4.1 Introduction

Understanding how large language models represent and execute diverse capabilities remains a central
challenge in AT research. These capabilities, such as mathematical reasoning or code generation, repre-
sent higher-level skills that require coordinated computation across multiple model components, rather
than simple fact retrieval. We investigate whether task-specific capabilities can be localized to specific
components within Transformer architectures. Previous work has successfully isolated factual associa-
tions to particular neurons and layers [155, 158], raising the question of whether the same principle of
localization extends to complex behavioral capabilities. Our central finding is that many capabilities are
indeed highly localized, but to sparse sets of attention heads rather than individual neurons.

Similarly to how factual knowledge can be traced to specific model components, we find that task-specific
skills critically depend on small subsets of attention heads. We measure task-specificity by knocking out
attention heads, or setting their output to zero, and evaluating the accuracy of the resulting model on
the task of interest. A drop in accuracy indicates that the head was responsible for some amount of task-
specific computation. Knocking out as few as five task-specific heads causes performance degradations
of up to 60% on standard benchmarks measuring the target task while leaving performance on unrelated
tasks intact, as shown in Figure 4.1. This extreme localization suggests that Transformer models organize
capabilities in a modular fashion, with different functional specializations relying on distinct computa-
tional units.

We note that these task-specific heads are necessary, but not sufficient for task performance. Prelimi-
nary experiments showed that retaining only the task-specific heads (and knocking out most heads in the
network) resulted in quite poor performance. While these task-specific heads are critical for task perfor-
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—e— Original LLM —-=- Knock out math heads

GSM8K
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Figure 4.1: Knocking out the top five math heads identified by our compressed sensing method greatly reduces
performance on math datasets (GSM8K and Arithmetic) while leaving other tasks relatively unaffected.

mance, they do not make up a self-contained circuit. That s, despite the necessity of the heads for a given
task, additional critical processing occurs elsewhere in the network.

A key contribution of our work is the development of efficient algorithms for identifying task-specific
heads. While exhaustive greedy search methods involve knocking out each head within a model indi-
vidually and can thus require thousands of model evaluations, we introduce a novel compressed sensing
approach that achieves comparable accuracy with up to 50 x fewer evaluations by exploiting the extreme
sparsity of task-specific heads.

Compressed sensing is a framework for efficiently reconstructing sparse signals using a small number of
linear measurements [24, 25, 54]. Here, we treat the contribution of each attention head to task perfor-
mance as a sparse signal and obtain measurements by ablating random subsets of heads and observing the
resulting changes in task performance. By solving a sparse regression problem over these measurements,
we recover estimates of individual head importance without ever evaluating any heads in isolation. This
efficient localization method could open up possibilities for practical applications of capability localiza-
tion, including targeted model editing and analysis of how models acquire and execute difterent skills.

In addition to identifying task-specific heads, we present two additional phenomena: universal heads
and scale-dependent localization. Universal heads play critical roles across multiple capabilities simulta-
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neously. Ablating these heads causes severe performance degradation on many tasks at once, suggesting
that they implement core computations required for general language understanding rather than special-
ized skills. We also find that capability localization can depend on the scale of the model. Larger models
tend to exhibit higher degrees of localization, and in some cases, different types of capabilities emerge at
different scales.

4.2 Related Works

Attention head functionality A largebody of work investigates the functionality and specialization of
attention heads in Transformer models. Much of this research focuses on in-depth analyses of individual
heads or narrow capabilities, often aiming to mechanistically explain specific behaviors. Prior approaches
can be broadly categorized along two axes: whether they are modeling-free (analyzing a single pretrained
model) or require training or comparing multiple models, and whether evaluation relies on mechanistic
probes or standard downstream benchmarks [249]. Our work adopts a modeling-free, inference-only
approach and validates findings using mechanistic interventions and standard task evaluations.

Early studies established that attention heads are often redundant and only a subset is necessary for strong
performance Clark et al. [38], Michel et al. [160], Voita et al. [213].

More recent work has identified attention heads associated with specific behaviors and tasks, including in-
duction heads [170], retrieval in long-context settings [204, 223, 226], copy suppression [157], in-context
learning [237], arithmetic [168, 247], safety [253], hallucination under false premises [241], syllogistic
reasoning [124], and knowledge conflict [120]. These studies often provide detailed mechanistic explana-
tions of individual heads or circuits underlying a particular capability. In contrast, our work aims to com-
plement these efforts by providing a general-purpose method for identifying task-specific heads across a
wide range of capabilities, without requiring task-specific model training or deep per-head analysis.

Attention heads have been identified using a variety of techniques. Direct ablation measures the causal
impact of removing a head on downstream metrics such as accuracy or output logits [160, 253]. Other
approaches analyze similarities or changes in attention head weight matrices to infer specialization [31,

]. Most similar to our work are two recent analyses of task-specific attention heads. Chen et al. [31]
compares attention head weights between a base model and a task-finetuned model to identify heads most
affected by finetuning. While this approach directly identifies task-relevant heads, it requires training task-
specific models, which our method does not require. Wang et al. [218] identifies circuits of attention
heads responsible for certain tasks, but their emphasis is on developing a finetuning method to increase
knowledge flow through these circuits.

Fact localization and skill localization Several works study the localization of factual knowledge or
skills within neural networks. Maini et al. [155] localize memorized training examples in ResNetand ViT
models using gradient-based attribution methods. Panigrahi et al. [173] localize skills by finetuning mod-
els on specific NLP tasks, identifying small sets of neurons critical to the learned skill, and demonstrating
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skill transfer by grafting those neurons into unfinetuned models. Huang et al. [110] localize capabilities
within MLP neurons. These approaches typically rely on training or finetuning models and focus on
neuron-level representations.

In contrast, our work focuses on head-level localization in pretrained transformer models and identifies
components responsible for executing capabilities rather than storing individual facts or learned param-
eters from finetuning.

Feature attribution Our approach is a perturbation-based feature attribution method: we attribute
changes in model outputs to specific attention heads by ablating subsets of components and observing
the resulting changes in performance. Early feature attribution methods, including perturbation-based
approaches (SHAP and LIME) and gradient-based approaches (Integrated Gradients, DeepLIFT), aim
to explain why models output certain predictions on individual inputs [151, 186,197, 201]. Our method
uses ablation to measure the impact of attention heads, an approach which has been explored previously
in ACDC [42], edge attribution patching [202], and causal mediation analysis [212]. These methods
aim to discover circuits via iterative or gradient-based approaches but our method instead identifies a
sparse set of critical heads without needing per-component iteration or gradient information. The Lasso
regression we use to determine head importance scores is closely related to SPEX and ProxySPEX, which
use sparse recovery for feature attribution [22, 122].

Our setting differs from standard attribution in several ways: we operate at the level of attention heads
which is a coarser granularity than tokens or neurons; our signal is an aggregated task accuracy rather
than the output for a single input; and we assume extreme sparsity of our target attention heads which
compressed sensing can exploit to achieve more efficient recovery than other Shapley-based methods.
Unlike ProxySPEX, we do not estimate interactions between heads, which allows our method to operate
substantially more efficiently on comparable tasks (see Section 4.6.4).

Mechanistic interpretability Mechanistic interpretability research aims to uncover how neural net-

works internally represent and compute meaningful features. The linear representation and superpo-

sition hypotheses study how multiple features may be encoded within shared activation spaces [18, 60,
], often using sparse autoencoders to extract interpretable features.

Other work has examined the relationship between localization and model editing. Hase et al. [91] show
that directly editing localized weights is not always the most effective way to alter model behavior. Chen
et al. [33] identify neurons responsible for safety alignment in LLMs.

Our work complements these efforts by demonstrating that capabilities can be localized at the level of
attention heads and that ablating these components enables targeted capability removal or modification.
We hope that future work can build upon our findings to perform deeper mechanistic studies of capabil-
ity localization.
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Unlearning and model editing Our work has some similarities to unlearning and model editing, but
our goal fundamentally differs: while unlearning methods aim to reliably remove knowledge from a
model [17, , 231], we are damaging model performance for the purpose of localization. Most un-
learning work focuses on unlearning specific factual information (parametric knowledge) from a dataset
[58, 80, 82], while capability unlearning remains less studied [135].

Expert specialization Mixture-of-experts (MoE) architectures were designed to utilize the benefits of
specialization within neural networks by routing inputs to sparse subsets of experts [193]. Prior work
has investigated expert specialization and routing strategies, finding that specialization can improve per-
formance and efficiency [83, 110, 149, 177]. These results align with our findings that attention heads
naturally specialize and that only a small subset is critical for executing specific capabilities.

4.3 Problem Setup

Notation We consider a transformer-based large language model M with L layersand H attention heads
per layer, for a total of N = L x H attention heads. We denote an individual attention head as 1; ; where
l € {1,..., L} is the layer index and ¢ € {1, ..., H} is the head index within that layer. Each attention
head computes an attention-weighted sum of value vectors, producing an output vector that contributes
to the residual stream.

Task-specific heads A task-specific head for a given task T is an attention head whose removal causes
substantial performance degradation on 7" while minimally impacting performance on other unrelated
tasks. Task and capability are both used to refer to behaviors exhibited by LLMs which do not solely rely
on factual knowledge or memorization.

Head ablation To measure the causal effect of an attention head on model performance, we use a head
ablation or knockout procedure. For a given attention head h, ablation is performed by setting its output
to the zero vector: h.attn_output < 0.

We evaluate the model’s performance on a task of interest 7" using an evaluation dataset £, measuring
accuracy as the fraction of correct responses on €. By comparing the model’s baseline accuracy Accr (M)
with its accuracy after ablating head h, denoted Acer (M \ {h}), we quantify that head’s contribution
to performance on 7'. The performance degradation AyT" = Accyp (M) — Acep(M \ {h}) serves as our

measure of head importance.

Problem statement Given a language model M and a task 7" represented by an evaluation dataset &,
our goal is to identify the set of task-specific heads Hy C {hq1,..., by g} that are most critical for
performance on 7. Specifically, we aim to find the £ heads whose ablation causes the largest performance
degradationon 7.
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Algorithm 4 Compressed Sensing Head Identification

Input: LLM M, evaluation data £, measurements M, target count k
Input: Matrix Construction Strategy S (Bernoulli or Stratified)
Output: Task-specific heads H
® «+ ConstructMatrix(N, Meyqs, S)
Initialize observation vector y € RMevats
fori = 1to M4 do
Configure model: for each head j, ablate it ®;; = 1
y; < Evaluate(M, E)
end for
T < Lasso(®, y)
H <+ Indices of the k smallest coefficients in
return H

4.4 Method

Our findings establish the existence of task-specific attention heads in large language models. While this
phenomenon reveals a structured organization of model capabilities, it also raises the question of how
such heads can be identified in practice. To this end, we present an compressed sensing-based algorithm
which identifies task-specific heads based on their contributions to task performance. The method is able
to identify these heads efficiently by exploiting their extreme sparsity and additivity.

Naive approach We first consider a naive approach to finding task-specific heads in a greedy manner.
One by one, ablate each head and record the accuracy of the resulting model on the task of interest.
Select the head that led to the largest performance degradation and add it to a set of task-specific heads.
Then repeat the comprehensive ablation strategy & times until & task-specific heads have been obtained.
This procedure involves N x k evaluations of the model. We can slightly improve efhiciency by simply
performing one set of N evaluations and taking the top & heads (ie. one-shot greedy). Both of these greedy
variants work to identify task specific heads (see Table 4.4), but they are extremely inefficient, motivating
development of our compressed sensing approach.

4.4.1 Compressed Sensing

While greedy approaches provide a reliable baseline for identifying task-specific heads, they scale linearly
with the total number of attention heads V. Given that modern large language models contain thousands
of heads, a © (V) search complexity becomes computationally prohibitive. To address this, we leverage
techniques from Compressed Sensing to identify task-specific heads with significantly greater efficiency.

The method relies on two key premises. The first is the sparsity assumption: for any given task, only a small
subset k of the total IV heads (k < V) significantly contributes to model performance. The second is the
additivity assumption: we posit that for the purpose of ablation, the aggregate effect of removing mul-
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tiple heads is approximately the sum of their individual marginal contributions. While neural networks
are inherently non-linear, we assume that locally—relative to the model’s baseline performance—the in-
teractions between heads are dominated by their first-order additive effects. We do not claim that all
heads in the model combine linearly, but merely that the influence of the few task-specific heads can be
approximated as linear.

Under these assumptions of sparsity and approximate linearity, theory from Compressed Sensing sug-
gests that the critical heads can be recovered from a small number of measurements M, where M < N.
Specifically, for sparse linear signals, recovery is possible with M ~ O(k log(N/k)) measurements. This
efficiency of recovery informally motivates our approach, offering the possibility of a substantial reduc-
tion in computational cost compared to the linear scaling of greedy methods.

We formalize the head identification problem as a linear system y = ®x:+¢. Here, z € R” represents the
latent impact vector of ablating each attention head. ® € {0, 1}M*¥ is the binary measurement matrix,
where each row represents a specific ablation configuration. We define an entry ®;; = 1 to indicate that
head j is ablated in the ¢-th evaluation, while ®;; = 0 indicates the head remains active. The vector
y € RM contains the observed model performance for each configuration.

By modeling the ablation response as this linear system, we eftectively treat higher-order interactions be-
tween heads as noise (€). The validity of this linear approximation is shown by our empirical results,
which demonstrate that this formulation reliably finds task-specific heads.

To recover the impact vector x, we solve the following Lasso optimization problem, which uses L; regu-
larization to enforce sparsity:

. o1
x:argm;nmﬂy— (ﬁo—i—(bx)”%—i—)\”x”l (4.1)

where (3, represents the baseline performance. In this formulation, the coefficient Z; captures the change
in performance caused by ablating head j. Consequently, a large negative coefticient implies that ablating
head j causes a significant drop in performance. We therefore identify the task-specific heads by selecting
the indices corresponding to the smallest (most negative) coefficients in 2.

Measurement Matrix Construction The efficiency and accuracy of recovery depend critically on the
design of the measurement matrix ®. We propose two construction strategies:

1. Bernoulli Sampling (Random): We construct ® by sampling each entry i.i.d. from a Bernoulli
distribution. This corresponds to the standard compressed sensing approach where each head is in-
dependently ablated with a fixed probability. While theoretically sound, purely random sampling
may yield columns with high variance in their support (i.e., some heads are ablated significantly
more often than others purely by chance).
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2. Stratified Sampling (Balanced): To mitigate the variance of random sampling, we enforce a bal-
ancing constraint on the columns of ®. We construct the matrix such that Zf‘il ®,; ~ Cforall
heads j. This ensures that every head is "measured” (ablated) in an approximately equal number
of evaluations, stabilizing the regression estimates.

Empirically, we find that the Stratified approach offers superior stability. Both variants allow us to recover
the true set of & task-specific heads with high fidelity using only a fraction of the evaluations required by
greedy search.

The complete procedure is formalized in Algorithm 4.

4.5 Experiments

4.5.1 Evaluation Setup

We evaluate our task-specific head identification procedure across multiple dimensions:

Task-specific degradation: We measure performance degradation on the task of interest after ablating
the identified heads. Effective task-specific heads should cause substantial drops in task performance.

Specificity: We measure performance on unrelated tasks to ensure that ablating task-specific heads does
not broadly impair the model. We expect minimal degradation on general language capability bench-
marks.

Generalization: When available, we evaluate some capabilities on multiple datasets. Knocking out task-
specific heads should impact performance regardless of the dataset used to evaluate the particular capa-

bility.

4.5.2 Implementation Details

Datasets We consider four main capabilities: mathematical reasoning, code generation, swearing/pro-
fanity generation, and rhyming ability. We evaluate math capabilities via the GSM8K [41] and Arithmetic
[20] datasets, code generation via MBPP [5] and HumanEval [34], and swearing and rhyming via custom

datasets (see Appendix C.1.4).

We use subsets of these datasets in our method for head identification. We use 100-sample subsets of
GSMS8K and MBPP to identify math and coding heads, respectively, and we use a subset of our custom
swearing and rhyming prompts to identify the corresponding heads.

We evaluate both on task-specific datasets and on a suite of general capability benchmarks including Hel-
laSwag [243], BoolQ [37], Arc Challenge [40],and MMLU [97]. All final evaluation results are reported
on full datasets rather than the subsets used for efficient identification.
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Notation Unless otherwise specified, “Gen” in tables refers to an average of HellaSwag, BoolQ, Arc
Challenge, and MMLU accuracies. A refers to absolute percentage accuracy drop relative to baseline
performance. Confidence intervals indicate the average and standard deviation computed across three
random seeds.

Models We analyze six models, three from the Llama family (Llama 3.1 8B, Llama 3.2 3B, and Llama
3.21B) and three from the Qwen family (Qwen 2.5 14B, Qwen 2.5 7B and Qwen 2.5 3B), all instruction
finetuned [79, 180]. Model details are in Table 4.1.

Table 4.1: Model details.

MobDEL Lavyers L Heaps H Torar Heaps N
Lrama-3.1-8B 32 32 1024
Lrama-3.2-3B 28 24 672
Lrama-3.2-1B 16 32 512
QWEN-2.5-14B 48 40 1920
QWEN-2.5-7B 28 28 784
QwEN-2.5-3B 32 16 512

See Appendix C.1 for additional details on hyperparameters, implementation, and custom datasets.

4.5.3 Results

Task-specific head identification Our Stratified Compressed Sensing approach reliably identifies task-
specific attention heads across a range of capabilities, including mathematical reasoning, code generation,
and linguistic behaviors such as swearing and rhyming. Across five model variants, ablating the top five
identified heads produces substantial degradations in task-specific performance while leaving general lan-
guage abilities largely intact. Table 4.2 summarizes these results. Although the magnitude of localization
varies by task and model scale, the overall pattern is consistent: task-relevant heads can be removed with
minimal collateral impact on unrelated benchmarks.

We identify a small set of universal heads in some models that impact several tasks simultaneously (see
Section 4.6.1). Although these heads are sometimes returned by our method, we filter them out to focus
on task-specific localization.

Capability generalization Task-specific heads are not tied to individual datasets, but instead generalize
across evaluations that measure the same underlying capability. As shown in Table 4.3, heads identified
using GSM8K substantially degrade performance on Arithmetic, and vice versa. Similarly, heads identi-
fied on MBPP also impact HumanEval. Notably, two of the top five heads identified for GSM8K are also
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Table 4.2: Ablating the top five task-specific heads identified by compressed sensing drastically reduces task-specific
performance while leaving general language performance relatively unaffected.

MODEL Task A Task ] A GENT

MAaTH

Lrama-3.1-8B GSMS8K —40.6+£68 —1.0£0.8
Lrama-3.2-3B GSMS8K  —40.8+£6.5 —1.3+12
Lrama-3.2-1B  GSMS8K —-228+6.9 —-1.0+£0.2
QweN-2.5-14B GSM8K —-23.3+47 —-02=+£0.1
Qwen-2.5-7B  GSM8K —-60.5+44 —-1.0=£0.7
Qwen-2.5-3B  GSMS8K —-31.7+9.2 —-0.7£0.2

CobDE

Lrama-3.1-8B  MBPP —11.7+£3.8 —-0.7+t1.1
Lrama-3.2-3B  MBPP —-104+£59 —-1.0+0.8
Lrama-3.2-1B  MBPP —6.9+1.1 —1.24+0.2
QwEN-2.5-14B MBPP -36.0£00 —-224+0.1
QweN-2.5-7B  MBPP —-349+41 —-3.7+23
QweN-2.5-3B  MBPP —49.0+43 —-1.8+04

LANGUAGE
Lrama-3.1-8B }S{V:Iii; :?gg i ig :g? i 8;
Lma3238 0L 01168 07200
LLama-3.2-1B ;Zf{;i :g;g i ?57'0 :é:g i 8:8
QWEN-2.5-14B ;V:;:(ﬁ; :2(2)(13 i ?83 :;2 i (1)é
R A Ve e R Y
QWEN-25-3B SweaR  —21.8+72 —0.1£06

Ruyme —174+1.3 —0.6 0.2
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Table 4.3: Llama-3.1-8B heads identified on one dataset also impact performance on other datasets that evaluate
the same task.

IDon  Evaron A Task] A GENT

MATH
GSMS8K —40.6+6.8 —1.0+0.8
GSMBK it 602443 —1.0+0.8
Aery | OSMSK —37.2+32 —0.16+0.1
R ARITH = —67.2+446 —0.16+0.1
CoODE
vppp  MBPP —117438 —0741.1

HEvar —-159+43 —-0.7£1.1

identified when using Arithmetic, indicating that both datasets elicit the same underlying mathematical
mechanisms. See Appendix C.5 for a complete list of identified task-specific heads.

Sparsity of task-specific heads For our main analyses, we focus on the top five task-specific heads. This
choice was made for two reasons. First, as can be see in Figure 4.2, there is a clear plateauting effect where
ablating additional heads yields diminishing returns in task-specific degradation. Second, the number of
task-specific heads is usually less than five, so ablating the top five allows for some noise in our measure-
ment process. For instance, ablating only two math-specific heads (L16H21 and L15H13) yields a 35%
drop in GSM8K performance, which accounts for most of the degradation shown in Table 4.2.

Head identification methods We compare greedy baselines with our compressed sensing methods in
Table 4.4. Stratified Compressed Sensing performs competitively with relatively few evaluations.

4.6 Discussion

We find that capability localization manifests to varying degrees across both tasks and model scales. Across
six models, our results consistently demonstrate strong localization for four distinct capabilities. Impor-
tantly, our method does not explicitly search for heads that affect only a single task, nor does it rely on
contrastive objectives. Nevertheless, the heads it identifies are typically highly specific: ablating them
substantially degrades performance on the target task while leaving other capabilities largely intact. This
pattern suggests that Transformer models naturally organize some task-relevant computation into spe-
cialized attention heads, rather than distributing it uniformly across the network.

Our results further indicate a relationship between model scale and the degree of capability localization.
Larger models exhibit stronger localization: ablating the top five task-specific heads leads to substantially
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Figure 4.2: Ablating top math heads in Llama-3.1-8B degrades GSM8K and Arithmetic performance while leaving
general language abilities unaffected. Ablating additional heads shows diminishing returns.

larger degradations in target-task performance compared to smaller models. One plausible explanation is
that increased model capacity provides greater flexibility for specialization, allowing individual attention
heads to assume more focused functional roles rather than sharing responsibility across tasks.

All of the models we study utilize Grouped Query Attention (GQA) [3], and we sometimes find that
multiple task-specific heads are within the same group (see complete lists of task-specific heads in Table
C.9, e.g. Arithmetic heads on Llama 3.2 1B, GSM8K on Qwen 2.5 3B, Rhyming on Qwen 2.5 7B). In
GQA, heads within a group share key and value projections while diftering only in their query projections.
This clustering suggests that task-specific capabilities may rely on a shared key-value subspace that is
accessed by multiple heads in parallel.

Despite finding clear and consistent evidence of strong localization of four capabilities, we also discovered
other types of interesting behavior. These additional phenomena indicate that task-specific localization
does not necessarily explain the behavior of all heads within a model and opens up directions for future
study into how head localization tends to emerge in the ways we have observed.

4.6.1 Universal Heads

In addition to task-specific heads, we identify a small set of universal heads. These heads are consistently
elicited across different tasks, and we therefore filter them out from task-specific analyses and study them
separately. As shown in Table 4.5, universal heads appear across all Llama models and two Qwen models
and are localized to similar positions, typically in the first or second layer and among the final heads within
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Table 4.4: Comparison between greedy, one shot greedy (1S-Greedy), compressed sensing with Bernoulli (CSp) or
Stratified (CSg) measurement matrix. Change in task-specific performance, general performance, and
number of evaluations are reported.

Task MetHop  ATask] AGENT #Evars]

MATH
GREEDY —554 —-1.3 5120
1S-GREEDY —47.9 —-24 1024
GSMBK CSp —-39.5 -1.9 200
CSg —48.4 —-1.1 100

CODE
GREEDY —20.0 —0.3 5120
1S-GREEDY —17.0 —2.0 1024
MBPP g 94 —06 200
CSg —16.0 —-2.0 200

LANGUAGE
GREEDY —87.5 —0.8 5120
SWEA 1S-GREEDY —-59.9 —0.8 1024
VEAR s, —85.4 —0.5 400
CSs —&5.4 —04 200
GREEDY —59.3 —2.7 5120
REYME 1S-GREEDY —43.4 —2.5 1024
ME - Csp ~98.3 —25 100
CSs —34.5 —2.8 100

those layers. Ablating these heads causes broad performance degradation across diverse tasks, including
both task-specific and general language benchmarks.

Unlike task-specific heads, universal heads induce qualitatively different failure modes. Rather than sim-
ply producing incorrect answers, ablating these heads often leads to pathological behaviors such as repet-
itive or degenerate outputs. When L1H29 is ablated in Llama 3.1 8B, the model outputs extremely low
likelihood for all choices on questions from multiple choice datasets (Arithmetic, HellaSwag, BoolQ,
Arc Challenge, MMLU). On GSMS8K, the model often repeats one sentence from its reasoning trace; on
MBPP, the model consistently returns the same function to determine if a number is prime regardless
of the question; and on HumanEval, the model outputs repeated backticks (¢). These behaviors suggest
that universal heads support core functionality required for coherent question answering and language
generation, rather than specialized task execution.
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Table 4.5: Ablating universal heads degrades performance across Math (average of GSM8K and Arithmetic), Code
(MBPP and HumankEval), Lang (Swearing and Rhyming), and Gen.

AMats A Cope ALang A GEN
LrLaMmAa-3.1-8B

LOH31 —5.8 —47.0 —6.7 —13.2

L1H29 —81.3 —63.4 +0.3 -37.9

L1H31 —81.2 —40.9 —8.0 —25.8
Liama-3.2-3B

LOH22 —27.3 —18.0 +1.0 —12.8

LOH23 —4.1 —19.2 —-9.8 —14.2

L1H23 —66.1 —48.7 —3.8 —32.6
LrLamAa-3.2-1B

LOH29 —10.2 —24.2 +7.5 -9.3

LOH31 —-16.4 —-22.5 —-16.4 —4.1

L1H29 —41.4 —31.6 —8.4 —23.4

L1H31 —41.8 —31.6 —2.2 —23.8
QwEeN-2.5-7B

LOH3 —40.5 —43.5 +21.3 —5.1
QWEN-2.5-14B

LOH27 —19.7 —44.5 +0.2 —-1.9

We run a small set of experiments to analyze attention patterns across datasets for the universal heads
in Llama 3.1 8B and find evidence that LOH31 overwhelmingly attends to the BOS token. LOH31 may
be playing a role in concentrating attention towards the start of the sequence to facilitate attention sink
patterns [227]. While deeper analysis is necessary to make concrete claims, we aim to demonstrate how
our methods and findings can be used as part of a mechanistic interpretability pipeline.

4.6.2 Scale Dependence of Localization

A scale-dependent pattern emerges in how certain task-specific capabilities localize to attention heads.
We apply our localization method to WMDDP, a benchmark that measures hazardous knowledge across
biology, chemistry, and cybersecurity [136]. We find evidence of weak localization in Llama 3.1 8B but
there is overlap between subtasks and we are unable to obtain large performance degradations using any
method, as shown in Figure 4.3.
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Figure 4.3: WMDP subtasks have Figure 4.4: Ablating just one knowledge-based multiple choice head
very weak localization in reduces performance on WMDP and MMLU to random
Llama 3.1 8B. chance (25%) without affecting general performance (average

across HellaSwag, BoolQ, and Arc C).

However, as seen in Figure 4.4, we find that at smaller model scales (Llama 3.2 3B and Llama 3.2 1B) a
qualitatively different structure emerges. After filtering out universal heads, we find that all three WMDDP
subgroups share one or two dominant heads whose ablation accounts for most of the performance degra-
dation. Ablating these shared heads also severely degrades performance on MMLU, a behavior not ob-
served for any WMDP-specific heads in Llama 3.1 8B. This suggests that, at smaller scales, performance
on these datasets may be predominantly mediated by shared “knowledge-based multiple-choice” heads
rather than task-specific mechanisms. Ablating one of these heads reduces both WMDP and MMLU
performance to near random chance but preserves general language performance. We find no evidence
of analogous knowledge-based multiple-choice heads in Llama 3.1 8B.

Given that MMLU and WMDP share a very similar structure, it appears that format-specific, rather than
task-specific heads may emerge at smaller scales. Together, these results indicate that task-specific heads
for specific knowledge such as in the WMDP benchmark may emerge only at larger scales, while smaller
models could rely on shared, format-level mechanisms that support reasoning across tasks. We believe
methods such as those of Ahmad et al. [1] could be fruitful for further investigating the organization of
tasks and heads and their underlying mechanisms.

4.6.3 Stability of Identified Heads

Varying number of masks We analyze the stability of the identified heads through additional experi-
ments. First, we examine the impact of increasing the number of evaluations (masks) in Table 4.6. Increas-
ing the number of evaluations yields larger task-specific performance drops, revealing a tradeoft between
accuracy and efficiency. In the present work, we prioritize efficiency, as even 100 evaluations produce
significant task-specific degradation.

Recall We further evaluate stability by comparing the heads identified by our method against those iden-
tified by the one-shot greedy method on GSM8K with Llama 3.1 8B. Taking the top greedy heads as
ground truth, we compute Recall@k, for k& € {2, 5, 10}, across three seeds for each evaluation budget.
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Table 4.6: Tradeoft between accuracy and efficiency when top five GSM8K heads are ablated from Llama 3.1 8B as
more evaluations lead to larger task-specific degradation.

# Evavrs A GSMSK A ARITH A GEN

100 —40.6 = 6.8 —60.2+43 —-1.0+£0.8
200 —44.14+10.3 —-66.3+101 —-12+04
300 —52.4+3.9 —-71.8+52 —-1.6=x+0.6

Average recall is reported in Table 4.7. Recall increases with the number of evaluations, although all val-
ues remain relatively low. This is a consequence of the structure of task-specific heads: although we ablate
five heads in our experiments, this is an overestimate intended to account for noise in the search process.
In this setting, only two heads (L16H21 and L15H13) account for most of the task-specific degradation
(35%). The remaining heads returned by either method are less important and less likely to align across

methods. See Appendix Table C.8 for the heads returned by each method on Llama 3.1 8B.

Table 4.7: Recall of top heads at varying number of evaluations.

# EvaLs REecarrLe2! Recarre5tT Recarrel(?

100 0.500 0.333 0.200
200 0.667 0.400 0.267
300 0.667 0.533 0.267

4.6.4 Comparison to ProxySPEX

ProxySPEX is a recent algorithm that, like ours, identifies task-specific attention heads [22]. It uses a
compressed sensing-based approach for feature identification, and by estimating higher-order interac-
tions, reconstructs the output signal more accurately than baselines (including a first-order Lasso ap-
proach similar to our method). Our contribution is complementary: we demonstrate a general and effi-
cient first-order stratified sampling compressed sensing approach that effectively localizes a sparse set of
task-specific heads. Modeling head interactions is unnecessary for our use case, allowing us to identify
task-specific heads substantially more efficiently than ProxySPEX.

We compare the two methods on the task of identifying math heads using GSM8K on Llama 3.1 8B.
For each method, at the given evaluation budget, we identify the top 5 math heads, zero-ablate them,
and report the resulting accuracy. The original ProxySPEX paper used a budget of 5000 evaluations for
search over each three-layer subset on similar experiments. Due to computational constraints, we run
ProxySPEX for 500 evaluations over one three-layer subset. Table 4.8 shows that our method at 300
evaluations performs comparably to ProxySPEX at 500 evaluations. Notably, ProxySPEX searched only
within layers 14, 15, and 16 (96 heads), whereas our method searched the entire model (1024 heads). Both
methods can prove useful depending on the setting and evaluation budget.
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Table 4.8: At 300 evaluations, our method matches performance of ProxySPEX with 500 evaluations.
METHOD #Evars A GSM8K A AritH A GEN

ProxySPEX 500 —41.9 —61.2 +4.7
OURs 300 —41.1 —61.2 —1.1
OURs 100 —34.1 —46.1 —-1.0

4.6.5 Mechanistic Interpretation

Our work aims to identify heads where capabilities are localized and we hope that it can be used as part of
the pipeline for more in-depth mechanistic studies of attention heads. Although we do not focus on the
mechanism underlying the identified heads, we can connect some of our findings to prior mechanistic
interpretability work. In Nikankin et al. [168], heads L16H21, LISH13, and L2H2 are identified within
Llama 3.1 8B as playing specific roles in arithmetic computation. Their analysis finds that L1I6H21 tends
to attend to the first operand in an expression and L15H13 attends to the second operand. Our method
independently recovers LI6H21 and L15H13, indicating that our approach identifies functionally mean-
ingful components and can be used to complement mechanistic studies.

4.7 Conclusion

Our findings demonstrate that several high-level capabilities in LLMs critically depend on small sets of
attention heads. Across six models, we identify task-specific heads for four capabilities (mathematical
reasoning, code generation, swearing, and rhyming) whose ablation substantially degrades performance
on the corresponding task while largely preserving performance on unrelated tasks.

We introduce an efficient, inference-only compressed-sensing—based method for identifying such heads,
enabling reliable recovery with a small number of model evaluations. In addition, we find evidence for
universal heads that contribute broadly across tasks, as well as scale-dependent patterns in how capabilities
are localized. Together, these results provide insight into the functional organization of Transformer
models and suggest new avenues for research into interpretability, model editing, and Al safety.
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This chapter focuses on the application of capability localization within LLMs to the challenge of unlearning.
We find that an ablation-based unlearning method can effectively remove capabilities from a model in
certain settings, and that the unlearning may tend to be more robust than other methods.

5.1 Introduction

With the growth of large pretrained language models, ensuring safety and privacy is critical. One of the
avenues for studying safety concerns is via the field of unlearning. Broadly, unlearning refers to remov-
ing certain information or behaviors from a model. Naively, one could imagine filtering the pretraining
data to remove the information and then retraining the model from scratch, but this is computationally
infeasible. Instead, various approaches aim to perform a limited amount of finetuning to steer the model
away from undesirable outputs.

Machine unlearning can be viewed along a spectrum of specificity. At the most specific is the original
unlearning formulation of removing a single fact or piece of information. More broadly, we may want to
remove a concept, as explored in Maini et al. [156]. In this chapter, we focus on the most general scale,
where we want to remove a capability, or a set of behaviors.

In the previous chapter, our aim was to localize capabilities. We found that very small, sparse sets of at-
tention heads are necessary for performance of broad abilities, such as mathematical reasoning and code
generation. The localization method relied on a strategy that involved removing sets of heads and evaluat-
ing the downstream impact on the capability of interest. The localization of the capability was measured
by the impact of ablating a task-specific head: performance on the task of interest is diminished, while
other capabilities are unaffected. Here, we explore the utility of attention head localization and ablation
as an unlearning approach.

We show that in some settings, ablation-based unlearning can more effectively unlearn a capability than
alternative methods. We measure the effectiveness by evaluating the robustness of the unlearned model
to a relearning attack, where the unlearned model is finetuned on task-specific data to determine how
quickly the forgotten capability re-emerges. Ablation-based unlearning is not more robust than com-
petitors for all capabilities, but we do find that it works particularly well on math and knowledge-based
multiple choice.
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5.2 Background / Related Works

Goals of unlearning Early unlearning approaches focused primarily on data deletion as a privacy con-
cern [17, 26, 81]. Subsequent approaches aimed to remove entire concepts, such as Eldan and Russinovich
[58] removing the concept of Harry Potter from an LLM. Much of the emphasis was on safety concerns

[29,109].

Unlearning methods Unlearning methods generally involve aiming to remove a forget set of data and
preserve performance on a retain set. A simple approach is gradient ascent on the forget set. Naive
application of gradient ascent fails to preserve retain set performance, but the concept is fundamen-
tal to more sophisticated approaches which use finetuning as a way to balance forgetting and retaining

[ b) b) b) b) 5 b) ]

In particular, we compare our methods to Representation Misdirection for Alignment (RMU) and Nega-
tive Preference Optimization (NPO). RMU regularizes the representations of forget set examples toward
arandom direction, while preserving retain set representations [136]. NPO takes inspiration from Direct
Preference Optimization (DPO) and minimizes the prediction probability on the forget set [181, 245].

Other approaches do not rely on a gradient ascent style approach. Selective pruning (SP) performs un-
learning by removing neurons that are responsible for a certain behavior [178]. Ilharco et al. [114] can
edit model behavior directly by manipulating task vectors. Our ablation-based unlearning fits into this
category.

5.3 Method

Our goal is to directly apply capability localization to capability unlearning. As shown in the previous
chapter, we are able to use attention head knockouts to degrade performance on a specific capability
while retaining general language capabilities. Here, we conduct a more thorough analysis from the per-
spective of unlearning. We use two variants of our method to unlearn several capabilities. We compare
our methods to existing unlearning methods in terms of forget quality (both on the target dataset and on
generalization to other datasets that measure the specified capability), retain quality on unrelated capa-
bilities, and vulnerability to relearning. We demonstrate that our ablation-based unlearning method can
offer benefits when capabilities are highly localized to attention heads, and can provide increased robust-
ness to relearning in some settings.

5.3.1 Baseline unlearning methods

We consider a few baselines throughout this section. We consider a non-unlearned baseline which hashad
no unlearning procedure applied to it. This is particularly useful to show how LoR A retraining affects
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the original model. We also consider two popular gradient-based unlearning methods, RMU and NPO,
as well as the non-gradient-based method SP [136, 178, ].

5.3.2 Ablation-based unlearning

Our ablation-based unlearning method is straightforward. First, use the compressed sensing method
developed in the previous chapter to localize task-specific heads. Then, zero-ablate the task-specific heads.

5.3.3 Evaluation

We evaluate unlearning in four ways. The first three mirror evaluation of task-specific heads in the pre-
vious chapter: task-specific degradation, specificity, and generalization. We additionally evaluate each un-
learning method on robustness to relearning. This measures the strength or brittleness of the unlearning
strategy. If it takes many finetuning steps to recover the accuracy of the original, pre-unlearned model,
then the unlearned information was removed more comprehensively. We finetune the unlearned models
using LoR A [107]. We find that some capabilities are robustly unlearned according to these two criteria,
while other capabilities (despite evidence of localization) are not.

5.4 Results

Ablation-based unlearning generally yields mixed results. Although it is not consistently the strongest,
there are a few settings in which it excels. First, we find that it does particularly well when capabilities are
strongly localized to attention heads. Second, we find some indications that ablation-based unlearning
may be more robust to relearning than other methods.

We examine three tasks throughout this section: 1) math, 2) knowledge-based multiple choice (KBMC),
and 3) coding. We use two math datasets, GSM8K and Arithmetic; two KBMC datasets, MMLU and
WMDP; and two coding datasets, MBPP and HumanEval. Recall from Chapter 4 that KBMC is a term
used to refer to tasks that both involve multiple choice questions and are related to concrete knowledge-
access information.

5.4.1 Strongly Localized Capabilities

One of the most strongly localized capabilities is knowledge-based multiple choice heads. These heads are
found in smaller Llama models and removing a single head can reduce MMLU and WMDP accuracies to
random chance. We compare ablation-based unlearning on KBMC to RMU, NPO, and two SP variants
in Table 5.1. SP-MLP prunes weights from MLP layers and SP-Attn prunes weights from attention heads.
We find that our method achieves near-best task-specific degradation (forgetting), specificity (preserving
performance on retain set), and generalization.
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Table 5.1: KBMC unlearning results. Generalization is the mean accuracy change on WMDP-Bio, WMDP-Chenm,

and WMDP-Cyber, while Retain is the mean accuracy change on HellaSwag, BoolQ, and ARC-C.

MoODEL METHOD A ForGeT] A GENERALIZATION ] A RETAINT
ABLATION (OUrRSs) —392+1.3 —24.84+0.5 —-3.1+1.3
RMU —20.5+17.9 —94+76 —11.8+6.2
Liama 3.23B NPO —29+1.0 +0.04+4.6 —0.8£138
SP-MLP +2.0+1.3 —0.44+0.2 +0.2+25
SP-ATTN +0.0+£0.9 —1.1+1.1 +0.0+£0.6
ABLATION (OURrsSs) —18.4+5.8 —-19.34+0.7 —04+1.9
RMU —24.0+ 2.8 —181£1.3 —104+£3.9
Liama3.21B NPO —5.3+4.9 —1.7+29 —0.8£2.3
SP-MLP +0.9+£3.0 —-09+14 +0.1£0.8
SP-ATTN +2.6£0.9 —0.7+ 0.6 +0.9+04

Table 5.2: Coding unlearning results. Forget is the accuracy change on MBPP, Generalization is the accuracy
change on HumanEval-Instruct, and Retain is the mean accuracy change on MMLU, HellaSwag, ARC-

C, and BoolQ.
MoDEL METHOD A ForGeT] A GENERALIZATION ] A RETAINT
ABLATION (OURS) —10.3+3.1 —-16.0+44 +0.0£0.8
RMU —14.7+ 4.0 —83+7.2 +0.1£0.2
Lrama 3.18B NPO —12.0£0.0 —3.0+5.6 +0.1+1.1
SP-MLP —4.7+29 —2.7+3.5 —0.2+0.3
SP-ATTN —1.3+2.1 —0.7+1.2 +0.1+0.1
ABLATION (OURS) —47.3+2.3 —21.0£26 —25.61+0.1
RMU —47.0+2.6 —26.0+10.4 —0.4+0.6
Lrama 3.23B NPO —-9.34+6.8 +1.7+£0.6 +044+1.1
SP-MLP —26.3+2.1 —37.7+3.8 +0.6 1.2
SP-ATTN —0.7+2.1 —2.7+1.2 +0.0+£0.0
ABLATION (OURS) —33.0+2.6 +0.0+ 2.0 —43+18
RMU —32.3+3.2 —24.7+4.0 —1.3+1.8
Lrama3.21B NPO —93+74 —53+21 +0.5+ 0.8
SP-MLP —12.3+2.9 —7.3+£29 —02+04
SP-ATTN —6.0£2.6 —5.7+4.0 +0.5+£1.0

Some of the strength of localization is related to scale. Coding is more strongly localized in larger models,
and ablation unlearning therefore works more efficiently. In the Llama 8B model, ablation unlearning
achieves the strongest generalization of all methods and also has significant forgetting. However, in the
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Figure 5.1: Ablation based unlearning of KBMC is more robust to relearning than other unlearning methods across
500 LoR A steps.

3B and 1B models, ablation unlearning has the worst general language retention and the 1B model has no
generalization. These results are shown in Table 5.2.

5.4.2 Robustness to Relearning

Ablation-based unlearning can also be very robust to relearning. KBMC performance stays at random
chance (25% for four multiple choice options) for 500 steps of LoR A relearning while all other methods
are significantly higher. Figure 5.1 shows ablation unlearning compared to RMU, NPO, and the two
variants of selective pruning. Ablation unlearning is the only method that performs unlearning that is
robust to relearning attacks.

Llama 3.1 8B — Coding relearning Llama 3.1 8B — GSM8K relearning
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(b) Ablation-based unlearning is more robust to relearning
(a) Ablation based unlearning is not more robust to relearn- than RMU despite RMU performing better unlearning
ing in coding, despite the capability being highly localized. and generalization.

Figure 5.2: The robustness of ablation unlearning to relearning attacks varies.
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Despite the robustness success on the KBMC task, this behavior is not always the case with highly local-
ized capabilities. For example, coding is highly localized in the 8B model but this task shows no evidence
of ablation unlearning being more robust to relearning than other methods. Figure 5.2a shows no signif-
icant difference between the relearning trajectories of several unlearning methods.

In some cases, ablation-based unlearning is the most robust to relearning, even if it is not the most ef-
fective unlearning method. Consider GSM8K in the Llama 8B model as shown in Figure 5.2b. RMU
achieves stronger unlearning and generalization than ablation-based unlearning, and all methods eftec-
tively preserve the retain set. However, when we perform relearning via LoR A, RMU returns to baseline
accuracy within 10 steps. Ablation unlearning preserves performance significantly below baseline for at
least 50 relearning steps.

5.5 Discussion

The results are somewhat mixed. Across models and tasks, there are a few cases of ablation-based unlearn-
ing significantly outperforming alternatives. However, there are also many instances of ablation-based
unlearning performing no better than other methods.

In general, ablation-based unlearning does not achieve the best forget/retain tradeofts. Head ablation is a
more blunt instrument than RMU or NPO, and so faces more challenge in achieving the right balance.
On the other hand, due to the comprehensiveness of head removal, ablation-based unlearning often suc-
ceeds in capability removal and in relearning robustness.

Our results indicate that ablation-based unlearning may be a step in the right direction for capability
removal. Our method works best when a capability is cleanly localized to attention heads.

Additionally, we believe that the robustness to relearning is a promising direction. When removing sets
of weights rather than just adjusting them, it may be much harder to recover the unlearned concept.
Successful unlearning requires balancing many criteria simultaneously and ablation may be a useful tool
in some of these settings.

5.6 Conclusion

We consider the usage of our previously developed capability localization method as an unlearning method.
Due to the nature of the capability localization approach, it is very straightforward to extend this to an
unlearning method. We perform iterated attention head ablation and evaluation, fit a regression model
to the pairs of attention head masks and downstream accuracy numbers, and use the coefficients of the
regression model to assign importance scores to the heads. These scores can be used for identification of
capability localized heads, and can also be used to determine which heads could be removed to perform
capability unlearning.
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Our ablation based unlearning method has mixed results. It tends to perform well when capabilities are
indeed highly localized to attention heads and it is often more robust to relearning. However, there are
instances where a capability is highly localized to an attention head, but the unlearning approach does
not exceed the performance of alternate methods.

The goal of our work is to share the promise of ablation unlearning and non-gradient-based unlearning
methods in general. When unlearning broader capabilities, it may be useful to use more coarse-grained
methods such as attention head removal. We hope that this work may contribute to future development
of more precise and effective unlearning methods.
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This chapter combines both usages of sparsity explored in this thesis. We develop a pruning method that is
inspired by capability localization and estimates the local impact of removing each expert in a Mixture of
Experts model. This approach outperforms existing methods across models, sparsity levels, and evaluation
datasets.

6.1 Introduction

Structured network pruning is a popular method for improving model efficiency and memory footprint.
The structured removal of network elements allows for actual network compression hardware speedups.
In this chapter, we consider the removal of experts in MoE models.

The initial exploration into capability localization focused on attention heads. After the success of this
hypothesis, we wanted to explore whether capabilities could also be localized to experts in Mixture of
Experts (MoE) models. There has been previous investigation into expert specialization within MoE
models [44, 84]. This work has demonstrated that different experts may specialize to different tokens.
Our first set of experiments involved applying our compressed sensing methods to experts. That is, we
would create masks over experts, zero out specified experts, and collect the downstream accuracy deltas
on the task of interest. Although this method seems to work somewhat well, it fails to satisfy the same
niche that compressed sensing over attention heads did.

The reason that compressed sensing over attention heads was needed, that is, why we needed to run mul-
tiple iterations over masked versions of the model, is that there is no single forward-backward-pass infor-
mation that can be used to reasonably identify attention heads. Attention outputs, activation, weight
values, and gradient values were all uninformative for identifying task-specific heads. The repeated mask-
ing and downstream evaluation was necessary to identify the localized components. On the other hand,
experts can reliably be identified by much cheaper information.

Router scores themselves are quite informative as to which experts can be removed with minimal impact
[229]. A recent method, REAP (Router-weighted Expert Activation Pruning), combines router values
and expert activation norms in order to effectively prune experts [130]. However, a problem with REAP
is that while it can achieve strong results on compression of coding models, the general language abilities

60



6 Expert Pruning

of the resulting model tend to suffer. We aim to address this problem and determine whether there exists
an equally efficient method that can also preserve more general language capabilities.

6.2 Problem Setup

Table 6.1 compares compressed sensing to REAP and a dense baseline. Compressed sensing is no better
than REAP in general, but is orders of magnitude more expensive. Compressed sensing requires hun-
dreds of forward passes, and REAP only requires one. This discrepancy, as well as the gap between REAP
and dense, motivates our search for an improved expert pruning method.

Table 6.1: Compressed sensing is much more expensive than other expert pruning methods such as REAP but
performs no better overall. Cost is the number of forward passes needed to produce the pruning mask.

MobpEL CONFIGURATION SERA PPL C4 PPL Cost
DEeeEPSEEK  DENSE 2.344+0.01 12.614+0.54 —
REAP 3.06 £0.04 32.81 +1.67 1
CS 3.90 £0.06 35.024+2.03 200
OLMoE DENSE 2.83+0.10 17.574+0.87 —
REAP 3.77£0.25 96.76 & 5.03 1
CS 588 +0.34 67.87 547 200
QWEN2 DENSE 2.07+£0.06 8.57+0.26 —
REAP 242 +0.05 13.334+0.77 1
CS 2.37+£0.08 12.554+0.59 200
QwEN3 DENSE 213£0.03 13.44+0.93 —
REAP 2.19+0.05 2248 4+0.78 1
CS 2.86 £0.03 29.6242.87 200
QwEeN3.6  DENSE 2.65+0.10 11.204+0.14 —
REAP 242 +0.10 18.954+0.23 1
CS 2.19+0.02 20.00+1.19 200

We begin by considering the use of REAP to prune an LLM for coding. We primarily want the model to
be runnable on smaller hardware, retain strong coding abilities, and not have degraded general language
performance.

Rather than directly using compressed sensing for expert pruning, we take inspiration from it. Instead
of repeatedly ablating sets of heads and re-running inference, we can more efficiently estimate the impact
of removing each expert. We develop a method that estimates the local change of removing each expert
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by balancing typical and rare impact, performs removal, and applies a post-pruning repair to minimize
changes relative to the dense model.

6.2.1 REAP Baseline

We begin by discussing the details of our main baseline comparison. REAP (Router-weighted Expert
Activation Pruning) is an expert saliency criterion which scores routed experts by the magnitude of their
observed contribution to the output [130]. Let A, be the set of experts selected by the router at layer ¢
for token ¢. For an experte € Ay, let wy . be its normalized router weight and vy . its output. The
routed MoE output at layer £ is then

e = Witelppe (6.1)

GGAZJ

Let 7y, denote the set of tokens for which expert e is selected by the router in layer ¢:

Toe={t]|e€ A} (6.2)

REAP assigns each expert a score based on its average weighted output magnitude, conditioned on the
expert being active

1
SE,e = T Z wé,t,e”“é,t,eHQ (63)
[Tl

=

The score is collected using forward passes over a calibration set and does not require gradients. Experts
with the smallest score are pruned.

At inference time, logits associated with removed experts are set to negative infinity before expert selec-
tion. The router then selects its native number of experts from the surviving set and renormalizes their
routing weights. Thus, REAP removes complete experts without changing the number of active expert
calls per token.

6.3 Method

6.3.1 Expert Scoring

While REAP measures the magnitude of each expert’s contribution, we develop a novel masking strategy
that further refines the estimation of each expert’s impact on the output. This strategy scores each expert
based on a local estimate of the counterfactual impact of removing it.
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This scoring method balances typical and rare impact in several ways. First, we score counterfactual ex-
pertimpact based on both the mean and standard deviation of its impact on the layer output. Second, we
measure impact across three random seeds. Finally, we balance performance across a coding agent dataset
as well as a general language dataset to ensure strong multidomain performance. These elements are im-
portant to ensure that experts which are either frequently reasonably important or occasionally extremely
important are preserved.

Begin by defining the layerwise routed expert output for the original dense model. For token ¢ in MoE
layer £, let Ay denote the set of active experts, let wy ¢ . be the normalized router weight of expert e, and
let vy ¢ . be the expert’s output. The routed expert output is then

e = Wipelnse (6.4)

eEAg,t

For an active expert e, we remove its contribution and renormalize the weights of the remaining active
experts. The resulting counterfactual routed output is

(—e) Tot — Wet,eVtite

r 6.5
bt 1— Wy te ( )
Then the corresponding local impact has the closed form

S0 — _ e 6.6

Ot.e Tet — Ty ) ( . )

Wy te
= Wete y 6.7
T wers Iree — verelly (6.7)

Notably, this quantity discovers functionally unique experts by discounting experts whose output s large
but redundant with other active experts.

We can further refine this score by aggregating both the typical and rare but large deletion damage across
experts. In the following expression, the mean term measures typical deletion damage, while the standard-
deviation term protects experts that are critical for a small number of tokens.

Tye = fi. - | mean (dyc) —i—t std (0pe) (6.8)

t:e€Ap :e€Ap ¢

where we define the fraction of tokens routed to expert e as

> dlee Ayl

fre = AT (6.9)
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Our configuration uses o = 0.25.

In order to reduce the sensitivity of this score to the particular calibration samples, our final score com-
putes this value for a main calibration panel and two additional stability panels, and combines the expert
. b .
ranks obtained from each panel. Let sy:), Séae) ,and sé e) denote the within-layer ranks of experts based on
the scores 1} ., where larger ranks indicate greater importance. The stability-regularized score is
Lom 1 (a) (b)

Spe = 350 + 3 max{sf’e , sg’e}. (6.10)
The rank maximum protects an expert that appears important on either independent panel, while rank
aggregation avoids scale differences between small calibration panels. Experts with the lowest values of
Sy ¢ are removed.

We rerank Sy . within each layer and normalize the ranks to [0, 1], producing z..

Finally, we compute a multidomain importance score by combining scores from SER A and C4:

B (SERA) _(C4) 1/ (sera) | (ca)
M. = max{zg,e e ¢t 3 Zp, +2. ) (6.11)
The maximum protects experts that are importantin either domain, while the smaller additive term favors
experts that are consistently important in both.

6.3.2 Expert Removal

Routed experts with the lowest values of M} . are removed layerwise. Our method is compatible with any
pruning quota. In our current setup, we experimentally determine that pruning difterentially based on
layer depth leads to slightly improved performance. We assign removal weights 1+, v, and 1 — v to the
first quarter, middle half, and last quarter of layers, respectively. This leads to more aggressive pruning
in earlier layers and more conservative pruning in later layers. 7 is empirically selected to be 3/16. When
shared experts are present, they are always preserved.

6.3.3 Post-pruning Repair

A post-pruning repair strategy aims to reduce the performance degradation incurred by pruning by regu-
larizing the outputs toward those of the original dense model. Our strategy reuses the calibration samples
used for masking, allowing for both reduced sample cost and enforcement of regularization across mul-
tiple domains.

Our repair strategy fits one scalar per expert. For each expert e and token ¢,  is the routed expert output
from the dense model, w; . is the router weight, v, . is the expert output, ¢t = Wy vy is the expert
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contribution, and g, is alearned scalar. The optimization problem aims to fit scalars g to align the surviv-
ing experts’ contributions to the dense model output while regularizing the scalars toward 1 to minimize

deviation from the dense model:

2

g; = argmin | Y + pellge — 1113

9e
t

Tot — E Ge.eCot.e

e€Sy

2

Using the following Gram matrix:

Goer = Z(Ce,t,e, Cop,f)

t

and the cross products with the dense targets:

Qe = Z <Cf,t,ea Tz,t>

t

we obtain the closed-form solution:

gt = clip((Gy + ped) ™ (e + pel), Gunin, Jmax)

where we use py as 0.01 times the mean diagonal of Gy, gmin = 0.25, and gmax = 1.5.

This leads to the following output at inference time:

- *
Ter = E GreWeiteVite-
ecSy

6.4 Results

(6.12)

(6.13)

(6.14)

(6.15)

(6.16)

We study several MoE models. These encompass models of a range of sizes and include models with and
without shared experts. Details are shown in Table 6.2. Results comparing various masking and repair
strategies are shown for 20% and 50% pruning in Table 6.3. Our expert pruning method consistently
outperforms or matches REAP performance across models, pruning levels, and evaluation datasets. The
perplexity approaches that of the dense model, most notably outperforming REAP by large margins at

the higher pruning ratio.
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In Table 6.4 we evaluate the accuracy of 50% pruned models on several downstream tasks. Although
results are somewhat mixed, our approach outperforms REAP in a majority of cases.

Table 6.2: Model sizes. Active parameters denote the approximate number of parameters used per token.

PARAMETERS EXPERTS

MoDEL

ToraL AcTivE ROUTED SHARED

DEeEPSEEK-V2-LITE 16B 2.4B 64 2
OLMOoE-1B-7B 7B 1B 64 0
QwEeN2-57B-A14B 57B 14B 64 8
QweN3-30B-A3B 30B 3B 128 0
QwEeN3.6-35B-A3B 35B 3B 256 1

Table 6.3: Comparison of expert pruning methods at 20% and 50% sparsity. Across five models and two datasets,
our method consistently outperforms or matches REAP.

20% PRUNING

509% PRUNING

MobpEL MEeTHOD SERA (}) C4 ) SERA () C4 )
DENSE 233+£0.01 11.44+042 2.33+0.01 11.444+0.42
DEeepPSEEk-V2-L1TE REAP 240+0.06 14.37+0.26 3.02+0.03 35.64+2.85
OUuURs 2.32+005 11.95+064 245+0.03 18.75+0.37
DENSE 2.83+0.08 18.02+0.53 2.83+£0.08 18.02+£0.53
OLMOoE-1B-7B REAP 2.88+0.08 23.68+337 383+0.10 81.41+7.62
OURS 290+0.04 2295+3.16 3.15+0.11 42.99+0.97
DENSE 2.07 £0.05 9.61 +=0.42 2.07 £0.05 9.61 +£0.42
QwEN2-57B-A14B  REAP 2.13+0.02 9.83+0.35 234+0.06 13.52+0.43
OUuURs 214+004 952+091 219+0.04 12.12+0.85
DENSE 2.10+£0.05 1321+041 2.10+0.05 13.214+0.41
QwEN3-30B-A3B REAP 2.14+0.03 14.73+0.50 2.164+0.04 27.244+1.46
Ours 2.10+£0.06 12.52+0.38 2.15+0.02 18.36+=1.38
DENSE 275 +0.17 10.89+1.05 2.75+0.17 10.89+1.05
QwEN3.6-35B-A3B  REAP 258 +£0.09 1266+0.26 247+0.15 19.10+1.59
OUuURs 257+0.08 11.98+051 213+0.09 13.76 +1.11
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Table 6.4: Downstream accuracy of models with 50% expert sparsity.

METHOD MMLU ARC-C HerraSwac GSMS8K MBPP HumaNEvaL
DEeErSEEK-V2-LITE

DENSE 56.67 =£5.73 55.33+4.11 81.00+2.94 51.33+£249 4583+1.47 53.12+2.55

REAP 35.33+1.25 29.67+3.40 49.00+2.94 10.33+0.94 17.71+6.42 12.50+2.55

Ours 38.00 £2.94 46.33 +2.05 69.67+4.03 17.67+2.49 29.17+1.47 21.88+2.55

OLMOoE-1B-7B

DENSE 56.67 & 3.68 50.67 +3.40 81.33+3.77 65.33+£4.92 32294+1.47 35.42+2.95

REAP 34.33+£3.86 29.00+2.45 39.33+4.99 4.67+1.25 9.38 +2.55 12.50 £ 2.55

Ours 41.33 £2.62 29.67+3.30 57.67+4.64 7.00+-0.82 27.08+1.47 7.294+3.90
QwEN2-57B-A14B

DENSE 79.67 +3.30 57.00+5.10 84.67+2.05 67.33+£2.36 59.38+2.55 81.25+5.10

REAP 66.00 £1.41 48.67+1.70 77.33+2.05 38.00+4.08 36.46+1.47 51.04+1.47

Ours 26.00 £4.24 26.67+£4.50 24.33+£3.86 56.33 +4.92 44.79 +11.51 66.67 £+ 3.90
QweN3-30B-A3B

DENSE 84.67+2.05 61.67+3.30 7833+3.68 59.67+7.32 1.04 +£1.47 92.71 +6.42

REAP 57.67+£1.70 37.67+2.05 52.00+294 5833+2.87 3.12+255 87.50+6.75

Ours 49.00 £6.48 33.67+1.25 59.33+2.62 53.00£1.41 33.33+£1.47 7812+2.55
QwEN3.6-35B-A3B

DENSE 87.67+3.86 57.33+1.89 86.67+2.49 42.00+£2.16 0.00 = 0.00 95.83 + 3.90

REAP 60.67 £3.09 42.67+1.89 59.67+2.62 38.00+£1.63 0.00+0.00 96.88 +4.42

Ours 57.67+4.19 54.67 £3.09 80.33 +3.09 55.67+2.05 20.83+531 &7.50+4.42

6.5 Discussion

Our method tends to outperform REAP on both SER A and C4 datasets. At 50% pruning, our method
brings perplexity much closer to dense values. The original motivation for our method was to find a
method that is more efficient than compressed sensing and more performant than REAP. Our proposed
method is about 2x the runtime of REAP, due to the scoring and the post-pruning repair components.
In practice, both methods are very efficient due to their lack of backward passes and strong performance
on a small number of calibration samples.

We conduct several ablations to analyze the performance gains achieved by our method. First, we consider
performing REAP using calibration data from both SER A and C4. We find that our performance is not
solely due to the usage of multiple datasets. We compare our method to a variant of REAP where it has
access to both SER A and C4 data. Even when we perform REAP on multiple datasets, our method does
better. Table 6.5 shows that our method consistently outperforms pooled REAP across all models and
sparsity levels. This demonstrates that the added value of our method is not solely from the usage of
multiple datasets, but in the way this data is utilized.
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Table 6.5: Standard REAP uses only calibration data from SER A, whereas the pooled variant uses data from both
SER A and C4, like our method. The addition of C4 data to REAP does not match the improvements
seen by our method.

MobpEL PRUNING METHOD SERA (}) C4 )
20% REAP 240+0.06 14.374+0.26
PoorLEp REAP 242 +0.05 12.82 4 0.67
OURS 2.3240.05 11.95+0.64
DEEPSEER-V2-LITE () REAP 3.0240.03  35.64+ 2.85
PoorLep REAP 3.13+0.06 33.25 +£0.69
OURS 2.45+0.03 18.75+0.37
20% READ 2.88 4+ 0.08 23.68 +3.37
PooLED REAP 293 +0.04 23.66 & 3.05
OuRrs 290+0.04 22954+3.16
OLMOE-1B-7B 50% REAP 3.83+0.10 81.41+7.62
PoorLep REAP 5.074+0.22 77.60 +4.55
OURS 3.15+0.11 42994+ 0.97
209% READ 2.134+0.02 9.834+0.35
Poorep REAP 2.16 +0.04 9.80+0.94
OURS 2144004 9524091
QWEN2-S7B-AI4B o REAP 234+ 0.06 13.52 + 0.43
PoorLEp REAP 2.37+£0.05 14.254+1.11
OURS 2.194+0.04 12.11+0.85
209% REAP 2144003 14.73 £ 0.50
Poorep REAP 2.11 4+ 0.06 12.86 = 0.40
OURS 2.104+0.06 12.52+0.38
QwWEN3-30B-A3B o REAP 216+ 0.04 27.24+ 1.46
PoorLEp REAP 229 +0.02 18.404+1.14
OURS 2.154+0.02 18.36 +1.38
20% REAP 25840.09 12.66 + 0.26
PoorLep REAP 2.63 +0.08 12.15 £ 0.57
OURS 2.574+0.08 11.98+0.51
QWEN3.6-35B-A3B REAP 247+0.15 19.10 & 1.59
PoorLEp REAP 2.30+0.11 14.61 +1.07
OURS 2.134+009 13.76+1.11

Another ablation we conduct is the added value of post-pruning repair. In Table 6.6, we show that our
application of post pruning repair exceeds or matches a variant of the method that does not conduct
post-pruning repair.
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Table 6.6: Ablation on post-pruning repair at 50% pruning shows that repair tends to improve performance.

PRUNING METHOD SERA (}) C4 )
DEeEPSEEK-V2-LITE
50% No reralR  3.14+£0.07 31.124+0.47
OuRrs 2.45+0.03 18.75+0.37
OLMOoE-1B-7B
50% No rReralIR  3.70£0.15  63.05 £+ 3.17
OuRrs 3.154+0.11 42.99 +0.97
QwEN2-57B-A14B
50% No rRepalrR  2.33 £0.05 13.11 £0.93
OURs 2194+0.04 12.11+0.85
QwEeN3-30B-A3B
509% No rRepalR 2.15+0.02 18.15+1.38
OuRrs 2.15+0.02 18.36+1.38
QwEN3.6-35B-A3B
509% No rRepalR  2.31£0.13 13.73 +1.08
OURs 2.13+£0.09 13.76+1.11

Finally, we evaluate a wider range of sparsity levels. Table 6.7 compares our method to REAP on SERA
and C4 datasets on pruning ratios ranging from 20% to 70%. Our method consistently performs strongly,
and achieves the most significant improvements over REAP at the highest sparsities.

6.6 Conclusion

We introduce a novel expert pruning method that exceeds prior methods across multiple models, pruning
levels, and evaluation datasets. Our pruning approach is inspired by insights into capability localization.
Capabilities can be efficiently localized to model components by measuring the direct impact of head
ablation. This process can be sped up by estimating the impact of ablation instead of repeatedly running
inference. We estimate the impact on a layer of removing each expert, balancing typical and rare effects of
each expert, in order to determine which experts to remove. After pruning, we perform a post-pruning
repair step which reduces the impact of any performance degradation from pruning.

Our method is efficient, costing only about two times that of REAP, while significantly outperforming
REAP in a majority of evaluated settings. It performs well when evaluated on both SER A and C4 per-
plexity, as well as downstream accuracy on several coding, general language, and math tasks. Ablation
studies find that augmenting REAP with additional datasets does not help much, that repair on average
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Table 6.7: Our method tends to outperform REAP, particularly at higher sparsity levels.

DATASET METHOD

20% 309% 409% 50% 60%

70%

DEeEPSEEK-V2-LITE

SER A REAP 240+£0.06 246=£0.05 264+006 3.02+0.03 4.20+0.15 10.91 £ 0.45
Ours 2.32+£0.05 229+0.04 232+0.05 245+0.03 2.65=+0.07 2.78 £0.08
Ci REAP 14.37+0.26 17.30+£0.33 23.45+0.21 35.64+2.85 103.09+3.07 627.36+37.24
Ours 11.95+0.64 13.53 +0.37 15.28 +0.33 18.75+0.37 26.08+0.60 32.80+0.72
OLMOoE-1B-7B
SERA REAP 2.88+0.08 290+0.09 3.13+£0.09 3.83£0.10 6.85£0.28 59.36 £ 1.63
Ours 290+0.04 2.89+0.08 295+0.09 315+011 3.36+0.11 3.80+0.12
Ca REAP 23.68 £3.37 31.524+1.18 43.17+2.25 81.41£7.62 362.11 £43.90 3793.25 £ 221.23
Ours  22.95+3.16 26.77 £ 0.72 32.64 £ 0.86 42.99 £ 0.97 68.98+1.99 123.64+6.78
QwEN2-57B-A14B
SERA REAP 213+£0.02 219+0.04 226+£0.04 234+£0.06 2.65=£0.06 3.66 £ 0.10
Ours 2.14+0.04 216+£0.04 220+0.04 2.19+0.04 2.32+0.05 2.45 £0.05
Ca REAP 9.83+£0.35 11.36£0.81 12.49+£0.94 13.524+043 17.63+1.41 34.02 £ 3.03
Ours 9.52+0.91 10.74+0.81 11.34+0.84 12.124+0.85 13.39+0.94 1593 +£1.12
QwEeN3-30B-A3B
SERA REAP 2.14+0.03 210£0.02 212+0.02 2.16+0.04 2.24+0.02 2.48 £0.03
Ours 210£0.06 2.104+0.02 2.12+£0.02 2.15£0.02 2.29+£0.02 2.56 £0.03
Ci REAP 14.73 +£0.50 16.53+£0.96 19.47+1.26 27.24+1.46 35.74+2.84 58.18 +4.95
Ours 12.52+0.38 13.73+0.90 1561 £1.12 18.36 +1.38 24.09 +1.82 39.64 +3.33
QwEN3.6-35B-A3B
SERA REAP 258+0.09 254£0.05 2444+0.04 247+£0.15 2.28=+0.02 2.18+£0.03
Ours 257+0.08 237+0.04 221+0.04 213+£0.09 1.93+0.02 1.94 +0.02
Ci REAP 12.66 +£0.26 14.39+1.16 16.40+1.34 19.10+1.59 24.04 +2.02 33.11 £2.97
Ours 11.98+0.51 12.19+1.00 12.81 +£1.06 13.76 +1.11 15.72+1.37 20.01+1.71

offers improvements on both SER A and C4, and that our method tends to perform particularly strongly
at high sparsity levels of up to 70%.

We hope that our method is useful to the development of more efficient and performant Mixture-of-
Experts models.
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7 Conclusion

In this thesis, we explored the use of sparsity as a tool for efficiency and localization. Sparsity tradition-
ally is viewed as a technique for efficiency: by removing model components in certain ways, the model
can be compressed and therefore consume less memory or perform inference faster. We additionally use
sparsity as a tool to learn about and modify model behavior through applications of localization. In this
setting, component removal is used to learn about the processing in the model rather than for the sake of
efficiency. Each of the first four chapters specifically examines either sparsity for efficiency or for localiza-
tion. The final chapter relates to both usages of sparsity: the pruning method we develop is inspired by
insights from localization, and also leads to gains in compression.

In Part 1, we explored sparsity as a tool for efficiency. Our aim was to produce compact and efficient
models subject to the constraints of particular settings. We develop two novel pruning methods, one
which helps improve robustness in vision models, and one which efficiently and effectively prunes LLM:s.

In Part 2, we explored sparsity as a tool for localization. We observe that certain capabilities are highly
localized to sparse sets of attention heads and develop an efficient compressed-sensing-based algorithm to
identify these task-specific heads. As a follow up, we develop an unlearning method that directly uses this
localization method to unlearn capabilities. The section concludes with an expert pruning method which
selects experts for removal based on an approximation of the technique used for capability localization,
and can also effectively compress MoE models better than existing baselines.

Throughout the work in sparsity for efficiency, a common theme is the tension between in-distribution
and out-of-distribution performance. When performing pruning, or any model modification, there must
be some tradeoft. Although there may be some redundant computation, some of what is considered re-
dundant may actually be used for an unmeasured task. It is intractable to measure all possible impacts
of each change to the model, but it is important to keep in mind that there may always be more un-
seen, out-of-distribution impacts. As we learn more about the tradeoffs, we can move from a regime
where there are unintended side effects, to making informed decisions about what to prioritize. In future
work, it would be interesting to explore whether even better tradeoffs can be achieved by more test-time
modifications. MoE routing is one example of test-time modifications but further exploration of input-
dependent model modifications are promising for ensuring that models perform well on all necessary
domains.

A final takeaway that comes out of sparsity for localization is the scale dependence of localization. Dif-
ferent types of capabilities emerge at different scales, and larger models tend to exhibit more specific lo-
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calization. Future explorations could include scaling up the research in this thesis to much larger models
and exploring how the pattern of capability localization changes. Additionally, this line of work could
benefit from more thorough exploration of which capabilities may be localized. In general, there is much
to discover in the space of localization, particularly that of higher-level skills, capabilities, or behaviors.
We hope that the contributions from this thesis can contribute to this pursuit.
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A Appendix: Adaptive Sharpness-Aware
Pruning for Robust Sparse Networks

A.1 Experiment Details

A.1.1 Datasets

We conduct image classification experiments on the ImageNet dataset [47]. To evaluate the generaliza-
tion ability of pruned models, we also evaluate models on ImageNet-C [95] and ImageNet-V2 [183]
datasets. The former consists of the validation images from the ImageNet dataset, but with nineteen
types of corruptions applied with five different levels of severity. The latter is a dataset created in the same
manner as the original dataset, but consisting of different images. Therefore, itis intended to measure out
of distribution performance of models. This ImageNet-V2 dataset includes three different sets, each one
with a slightly different sampling strategy. We focus our experiments on the MatchedFrequencies
dataset, but include evaluation on all three datasets in Table A.1 and see that our method consistently
outperforms the baseline. These results do not use the ASAM formulation.

We conduct object detection experiments on the Pascal VOC dataset [62]. We additionally create a Pascal
VOC-C dataset, in which we apply the ImageNet-C corruptions to the Pascal VOC test set. We only use
one severity level.

A.1.2 Additional Robustness Datasets

As described above, we choose the ImageNet V2 Matched Frequencies dataset to perform our main
set of experiments, but there are two other ImageNet V2 datasets: Threshold ©.7and Top Images.
These three datasets vary in terms of selection criteria for included images. Matched Frequenciesat-
tempts to match the image selection frequency of M Turk workers in the original ImageNet validation set.
Threshold 0.7 samples from among images with a selection frequency of atleast 0.7. Top Images
includes the images with the highest selection frequency within each class. We provide the pruned model
robustness comparison on these the additional ImageNet V2 datasets in Table A.1.
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Table A.1: Our AdaSAP method outperforms the Taylor pruning baseline on the additional ImageNet V2 datasets.
Additionally, the AdaSAP model pruned to 76% outperforms the dense model across all three datasets.
Results are on ResNet50 and do not use ASAM.

MetHOD  S1ZE| MATCHED FREQUENCES THRESHOLD 0.7 Topr IMAGES

DENSE 1 64.80 73.79 79.00
TAYLOR 0.20 60.56 69.74 75.53
ApaSAPp, 0.20 62.03 70.83 76.62
TaYLOR 0.40 63.51 72.54 77.83
ApASAP, 040 64.62 73.75 78.87
TAaYLOR 0.76 64.53 73.32 78.72
ApaSAP, 0.76 66.00 74,70 79.66

A.1.3 Network Architectures

In our experiments we prune three different networks for the classification task: ResNet50, MobileNet
V1 and MobileNet V2 [93, 105]. All ablation studies use ResNet50 with ImageNet and ImageNet C
datasets unless otherwise specified. “Val” column labels refer to standard ImageNet validation accuracy
or loss. We use a pretrained model trained for 90 epochs with a cosine learning rate as in HALP [195]
and EagleEye [134]. For object detection, we follow the experimental setup in HALP [195] to prune an
SSD512 model with ResNetS0 as the backbone. We perform Distributed Data Parallel training across 8
V100 GPUs with batch size 128 for all experiments.

A.l.4 Pruning Schedule

Given a pre-trained model, for any architecture, we run the warm up for 10 epochs, and then we follow
the same pruning schedule as in [46]: we prune every 30 iterations and, in each iteration, we prune away
a p, fraction of neurons so that the final network is pruned by a fraction p (resulting in a network of

size 1 — p). To determine the p, fraction, we follow an exponential decay schedule. Let k = 1 — p
and let £, be the number of neurons remaining after 7 pruning iterations, where the total number of
pruning iterations is . Let m be the number of neurons in the dense network, and define v = =

Then, k, = exp{alogk + (1 — alogm)}. We fine-tune the pruned model for another 79 epochs (to
reach 90 epochs total).

A.1.5 Optimization Hyperparameters

The base optimizer is SGD with cosine annealing learning rate with a linear warmup over 8 epochs, a
largest learning rate of 1.024, momentum of 0.875, and weight decay 3.05e¢ — 05. Unless otherwise
stated we use Ppin, = 0.01 and pyq, = 2.0 for all experiments — we observe these values scale well across
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networks and tasks. For robustness encouragement we use p = 2.0 in line with prior work [128]. For
some ablation experiments, the original SAM [65] optimizer is sufficient and in these cases we reduce
Pmaz = 0.1 and use constant p = 0.05 for finetuning. We include some simple hyperparameter tuning
results for p values in Table A.2.

Table A.2: Simple hyperparameter tuning results on ResNet50 model.

Pmin  Pmaz EPOCH2VALLoss ErocH2 VAL Acc

0.01 0.05 5.54 8.63
0.01 0.1 2.59 7.11
0.05 0.1 5.73 5.69
0.05 0.5 6.92 0.1

A.2 Additional Results

A.2.1 MobileNet Results

We include results on MobileNet V1 and MobileNet V2 in Tables A.3 and A.4. These parallel our main
results in the main paper, in which we evaluated AdaSAPp and AdaSAP;, on ResNet50 and compared
them against other pruning methods. Here, we perform a similar comparison, where Table A.3 includes
our results on AdaSAPp and Table A.4 includes our results on AdaSAP;. We compare against Tay-
lor importance [165], EagleEye [134], and PolarReg [255] for AdaSAPp and against HALP [195],
SMCP [112], MetaPruning [142], AutoSlim [238], AMC [94], and EagleEye [134] for AdaSAP;,. Re-
sults here do not use ASAM. We can observe that AdaSAP performs strongly compared to baselines,
particularly in the parameter-based setting.

A.2.2 Margin of Improvement in Classification

Figure A.1 shows the margin of performance on various corruption types for the classification task. AdaSAP
outperforms a Taylor pruned model on all corruptions, across three different sparsities. We can see that
it tends to particularly improve performance on several corruptions that may be important for the au-
tonomous driving application, such as pixelated images, fog, and snow.

A.2.3 Margin of Improvement in Object Detection

Similarly to our result on classification, we include margins of performance improvement on various
corruption types for the object detection task in Figure A.2.

77



A Appendix: Adaptive Sharpness-Aware Pruning for Robust Sparse Networks

Table A.3: MobileNet-V1/V2 - Parameters. Topl Accuracy as a function of the pruning ratio.
METHOD Size] VaL Ry, Rc IN-V2 IN-C

MoBILENET-V1
DENSE 1 72.63 0.82 045 59.30 32.79

TAYLOR 0.40 69.61 080 042 5590 29.51
ApaSAP, 039 71.05 082 0.44 58.08 31.06

TAYLOR 0.52 71.21 0.81 0.43 57.65 30.92
ApaSAP, 052 7158 082 044 5875 31.77

EacLeEye 0.56 7086 0.80 0.42 56.88 29.98
ApaSAPp, 056 72.05 0.82 045 5894 3224

MoBILENET-V2
DENSE 1 72.10 0.81 0.45 5850 32.40

TAYLOR 0.72 7049 081 0.43 56.87 30.22
ApaSAP, 0.72 72,06 0.82 0.45 5873 32.63

PorarREGc 0.87 71.72 0.82 045 5846 32.04
TAYLOR 088 7193 082 045 53875 32.21
ApaSAPp, 088 7234 082 045 59.28 32.80

A.2.4 Relative Robustness

In Figure A.3 we show that AdaSAP outperforms baselines on each of the constituent elements of the
relative robustness metric. Recall that relative robustness is robust accuracy divided by standard valida-
tion accuracy. In addition to outperforming baselines on relative robustness, AdaSAP also outperforms
on ImageNet validation accuracy and ImageNet C robust accuracy.

A.2.5 Additional Sharpness Metrics

We additionally run limited measurements of an alternative sharpness metric: the top eigenvalue of the
Hessian. We compare the sharpness of a model trained with AdaSAP vs. SGD in Table A.S.

A.3 Additional Ablations

A.3.1 Performance change after pruning

In Table A.8 we show how the loss and accuracy change over the course of pruning. Our hypothesis is
that our method sets up the network for better pruning, so that the performance drop over the course of
pruning is minimized. In most cases, our method has the best validation loss and accuracy both before
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Table A.4: MobileNet-V1/V2 - Latency. Topl accuracy for latency constrained pruning for various speedup ra-

€ » .

tios. indicates that we could not evaluate the model due to unavailable code or models.
METHOD Sepeepur?T VAL Ry, Rc IN-V2 IN-C
MoBILENET-V1
DENSE 1 72.63 0.82 045 59.30 32.79
METAPRUNING 2.06 66.1 — - — —
AvuToSLIM 2.27 67.9 — - — —
HALP 2.32 68.30 0.80 0.41 5495 28.15
SMCP 2.39 68.34 0.80 0.42 54.38 28.68
ADASAP; 2.33 68.45 0.81 0.41 5542 28.29
0.75 MoBILENETV1 1.37 68.4 - - - -
AMC 1.42 70.5 - - - -
METAPRUNING 1.42 70.9 - - - -
EaGLEEYE 1.47 70.86 0.80 0.42 56.88 29.98
HALP 1.68 71.31 0.81 043 57.38 30.77
SMCP 1.72 71.00 0.81 044 5720 31.02
ADASAP; 1.70 7148 0.82 044 5823 31.35
MoBILENET-V2
DENSE 1 72.10 0.81 0.45 5850 32.40
HALP 1.84 70.42 0.81 045 5721 31.69
ADASAP; 1.81 71.35 0.81 046 57.85 32.63
HALP 1.33 72.16 0.81 0.46 5853 33.04
ADASAP; 1.39 72.19 0.82 0.46 59.36 3291

Table A.5: Top Hessian eigenvalue sharpness measurements on ResNet50 model.

OPTIMIZER PRE-PRUNING POST-PRUNING POST-FINETUNING

SGD 35.91
ApASAP; 25.23

93.82
16.79

8.17
7.66

and after pruning. This indicates that our method sets up the model to be pruned well, and also preserves

performance well throughout the pruning process.

A.3.2 Varying the length of the adaptive weight perturbation step.

Throughout the main set of experiments use 10 epochs for the adaptive weight perturbation step. This
delineates how long we use the AdaSAP optimizer for, as well as how soon into the procedure we begin
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Corruption Type

N 25% pruned model
I 57% pruned model
I 30% pruned model

... average

0 i 2 3 4 5 6 7
Accuracy Improvement

Figure A.1: ImageNet C Dataset. Performance difference on various ImageNet C corruption types on models of
varying sparsity. Accuracy improvement is the Topl accuracy on a ResNet50 model trained and pruned
using AdaSAP minus that of a Taylor pruned model.

pruning. In this experiment, we analyze the sensitivity of the approach to this parameter. We report
results for this experiment in Table A.9. We can observe that as we make this period longer, validation
accuracy and ImageNet C accuracy both drop slightly, while ImageNet V2 seems to have no discernible
pattern. Ratios ¢ and Ry also stay consistent across the experiment.

A.3.3 Robustness Encouragement

As mentioned in the main text, we consider various ablations to determine the necessity of various steps
of the AdaSAP procedure. In the third step of our procedure, robustness encouragement, we choose to
apply uniform perturbations across all weights in the network. This differs from the first step, in which
we apply adaptive weight perturbations. In Table A.10, we examine the effects of different weight pertur-
bation strategies during the robustness encouragement phase. We can see that while all three strategies
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Corruption Type

B 60% pruned model
I 80% pruned model

... average

0.00 0.01 0.02 0.03 0.04 0.05
mAP Improvement

Figure A.2: Pascal VOC-C dataset. Performance difference on various ImageNet C corruption types on models
of varying sparsity. mAP improvement is the mAP of a ResNet50 model trained and pruned using
AdaSAP minus that of a HALP pruned model.

lead to relatively close final performance across the three datasets, uniform weight perturbations perform
slightly better, suggesting that our choice of applying them in our procedure may be slightly benefitting
the performance.

A.3.4 Importance of Adaptive Weight Perturbations

In Table A.11 we extend an ablation from the main paper in which we compare AdaSAP to SAM, effec-
tively evaluating the importance of warmup with adaptive weight perturbations. Here, we perform the
comparison on a wider range of sparsities and observe that a similar pattern emerges.
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Figure A.3: ImageNet Validation and ImageNet C performance on AdaSAP vs. baselines. Contains the same
data as used to produce Figure 2.1 but demonstrates that AdaSAP additionally dominates baselines on
both components of the relative robustness metric.

Table A.6: Sensitivity to pruning criteria. AdaSAP performs best when combined with magnitude pruning, but
is flexible enough to be used with other criteria, such as Taylor importance. Here we see that AdaSAP
with Taylor pruning matches or outperforms SGD with Taylor pruning. Results are on ResNet50 and
do not use ASAM.

METHOD Size| VaL Ry, Rc IN-V2 IN-C

Tayror+SGD  0.42 7585 0.84 0.50 6351 37.84
ADASAPpriion 043 7626 0.84 0.50 63.77 38.07
ADASAPp 0.41 76.93 0.84 052 64.49 39.64

Tayror+SGD  0.76  77.05 0.84 0.52 64.53 39.68
ADASAPpriion 0.76 7742 0.84 052 6524 40.27
ADASAPp 0.76 77.86 0.85 053 66.00 4130
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Table A.7: Confidence intervals over three repeats. EagleEye checkpoints are obtained from the official reposi-
tory with only one seed. Results are on ResNet50.

METHOD S1zE | VaL IN-V2 IN-C
MagniTupe  0.20  73.71+£0.12  61.214+0.17 35.33£0.18
TAYLOR 0.20 73.42+0.19 60.36+0.19 33.97+£0.12
EAGLEEYE 0.27 74.13 61.30 34.84

ADASAPp 020 7454+009 62.21+0.13 37.30+0.19

MagNrTupe  0.76  77.32+0.06 65.18£0.27 40.64 £+ 0.20
TAYLOR 0.76 77.05 64.53 39.68
EAGLEEYE 0.78 77.07 64.84 40.67
ADASAPp 0.77 7823+0.06 6598 +0.32 43.43+0.20

Table A.8: Validation Loss and Accuracy directly before and after pruning (before additional fine-tuning). Across
several pruning levels, our method generally reaches the lowest validation loss and accuracy both before
and after pruning. Results are on ResNet50 and do not use ASAM.

MetHOoD S1ze| VarLLoss BEFORE VAL Loss AFTER VAL Acc BEFORE VAL Acc AFTER

TAYLOR 0.20 2.245 3.315 67.798 42915
Mac 0.20 2.416 3.288 63.843 43.21

SAM 0.20 2.255 3.2 67.577 45.802
ApaSAPp  0.20 2.293 3.146 66.555 46.313
TAYLOR 0.43 2.284 2.69 66.67 57.046
Mac 0.43 2.408 2.587 63.844 59.275
SAM 0.43 2.327 2.676 65.541 57.449
ApaSAPp 0.43 2.251 2.574 67.473 59.962
TAYLOR 0.76 2.441 2.42 63.389 63.711
Mac 0.76 2.292 2.406 66.714 64.087
SAM 0.76 2.401 2.379 64.019 64.589
ADASAPp 0.76 2.213 2.347 68.463 65.393

Table A.9: Effects of varying number of epochs of adaptive weight perturbation. Increasing the number of
epochs leads to smaller models but slightly worse validation and ImageNet C performance. Results are

on ResNet50.
NumerocHs S1ize| VaL Ry, Rc IN-V2 IN-C
5 048 73.89 0.83 0.48 61.29 35.65
10 046 73.82 0.83 0.48 60.91 35.59
20 044 73.63 0.84 0.48 61.48 35.25
30 043 7347 083 048 60.72 35.04
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Table A.10: Comparison of various weight perturbation strategies during robustness encouragement. Results are

on ResNet50.
PERTURBATION TYPE VAL IN-C IN-V2
NO WEIGHT PERTURBATIONS 73.98 35.84 62.00

ADAPTIVE WEIGHT PERTURBATIONS 74.10 35.72 61.94
UNIFORM WEIGHT PERTURBATIONS 74.39 35.86 62.03

Table A.11: Comparison of AdaSAP to SAM optimizer. AdaSAP outperforms SAM and SGD on standard
validation performance and ImageNet-C performance, but slightly trails SAM on ImageNet-V2 when
both methods are augmented with ASAM. Results are on ResNet50.

METHOD Size| VaL Ry, Rc IN-V2 IN-C
SGD
DENSE 1 77.32 0.84 0.54 64.79 42.46
TayLor + SGD 0.20 73.56 0.82 0.46 60.56 33.93
ADASAP vs. SAM (witHouT ASAM)
TAYLOR + SAM 0.20 73.62 0.83 047 61.37 34.49
ADASAPp 020 74.38 0.83 0.48 62.03 35.86
TayLor + SGD 042 7585 0.84 050 6351 37.84
TAYLOR + SAM 043 76.27 0.84 050 6381 37.72
ADASAPp 040 7703 0.84 051 64.62 3957
TAayLOR + SGD 0.76 77.05 0.84 052 64.53 39.68
TAYLOR + SAM 0.76 77.29 0.84 0.52 64.84 40.07
ADASAPp 0.76 77.86 085 0.53 66.00 41.30
ADASAP vs. SAM (witH ASAM)
SAM + ASAM 0.19 7393 0.84 0.50 61.76 36.66
ApASAPp, + ASAM  0.19 7463 0.83 0.50 62.08 37.30
SAM + ASAM 041 77.10 0.84 0.53 64.94 40.90

ApASAPp + ASAM 040 7727 083 0.53 6451 41.23
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B.1 Image Classifiers

We study how Wanda would perform against magnitude pruning on tasks where the latter has been
widely used. We conduct a study on ImageNet-1K [47], a standard image classification task where magni-
tude pruning has been extensively studied [14, 76]. We consider two modern vision architectures: Con-
vNeXt [147] and Vision Transformer (ViT) [55]. We choose these two architectures mainly for two
reasons: first, as LLMs are based on Transformers, we would like to test if our observations on LLMs
still hold on Transformers for other tasks; second, as we are evaluating on image classification, we are in-
terested in examining how these pruning methods work on ConvNet models, with ConvNeXt being a
representative architecture.

We use two ImageNet-1K pretrained models: ConvNeXt-B and DeiT-B, with a top-1 accuracy of 83.8%
and 81.8% respectively. We prune the linear layers only (for ConvNeXt, this includes equivalent 1x1
convolution layers). For calibration data, we sample 4096 images from ImageNet training set. We observe
that 4096 samples lead to a stable result for our pruning metric, beyond which we notice only a marginal
effect. We report the accuracy of one-shot pruned models without any subsequent retraining.

We first study whether pruning per output is superior over pruning per layer for pruning image classifiers.
In Figure B.1, we show comparison results for both the magnitude metric and the pruning metric of
Wanda. We can see that for both ConvNeXt-B and DeiT-B, layer-wise pruning is slightly better than
pruning per output. We then compare the pruning metric of Wanda and the magnitude metric on layer-
wise pruning. Results are shown in Figure B.2. Our novel pruning metric leads to better results than
magnitude pruning, especially at high sparsities (e.g., 70% and 80%)).
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Figure B.1: Analysis of comparison groups on pruning image classifiers.
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Figure B.2: Our pruning metric outperforms the magnitude metric on pruning image classifiers.

B.2 Wanda on Previous LLMs

In addition to LLaMA and LLaMA-2, we experiment with three previous LLM model families: namely

OPT [246], BLOOM [190] and Pythia [13].

Comparison with Baselines. For OPT and Pythia, we experiment with varying sparsity levels (10% to
50%). We conduct additional evaluation on OPT and BLOOM models with various sizes. Results are
shown in Table B.1, Table B.2 and Table B.3 respectively. Our observations are as follows:

* Unlike LLaMA and LLaMA-2, the well-established magnitude pruning approach fails catastropically
on OPT-13B and Pythia-12B, even for low sparsity levels (e.g., 20%). This result further highlights the
limitations of magnitude pruning for LLMs, as discussed in Section 3.3.
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¢ Unlike magnitude pruning, Wanda successfully prunes these LLMs to much higher sparsities across
various LLM model families, without any weight update on the kept weights. This result shows that
LLM:s have effective sub-networks that are exact. We hope this observation could contribute to a better
understanding of sparsity in LLMs.

* There are cases where Wanda slightly underperforms SparseGPT, especially for OPT models (see Ta-
ble B.2), suggesting that for OPT, there may be a tradeoff between pruning speed and pruning accuracy.
However, the gap between SparseGPT and Wanda tends to get smaller as model sizes increase. This can
be seen in Table B.2 and Table B.3.

* At lower sparsities (e.g., 20%), Table B.1 indicates that the computationally intensive weight update
process may be unnecessary, as Wanda yields comparable or slightly superior results.

SPARSITY

MODEL DENSE PRUNING METHOD WEIGHT UPDATE  10% 20% 30% 40% 50%

MAGNITUDE X 1445 9x10° 1x10% 1x10* 1x104

OPT-13B 10.13 SpaRSEGPT v 10.11  10.10 10.12 10.35 11.19
WANDA X 10.09 10.07 10.09 10.63 11.42

MAGNITUDE X 127.76 2x10° 7x10° 2x10° 3x10°

PyTHIA-12B 8.59 SPARSEGPT v 8.59 8.65 8.86 9.39 11.02
WANDA X 8.59 8.60 8.85 9.31 11.27

Table B.1: Pruning Pythia-13B and OPT-13B with various sparsity levels.

OPT
METHOD WEIGHT UPDATE SPARSITY 125Mm 350M 1.3B 2.7B 6.7B 13B
DENSE - 50% 27.66 22.00 14.62 12.47 10.86 10.13
MAGNITUDE X 50% 7x10° 6x10° 1x10* 9x10® 9x10* 2x10*
SPARSEGPT v 50% 37.07 34.76 17.44 13.48 11.57 11.19
WaANDA X 50% 38.96 35.92 19.12 14.28 11.94 11.42

Table B.2: Pruning OPT family models with various sizes.

Comparison Group We test if our observation regarding pruning per output holds true for other LLM
model families. We experiment on OPT [246] and BLOOM [190]. In Table B.4 and Table B.5, we pro-
vide results comparing pruning per layer and pruning per output for these two LLM model families. The
pruning metric is fixed to be our proposed metric: [W;| - || X;||. We can see that our findings regarding
the comparison group are not limited to LLaMA. For OPT and BLOOM model families, pruning per
output consistently outperforms pruning per layer.
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BLOOM
METHOD WEIGHT UPDATE SPARSITY 560M 1.1B 1.7B 3B 7.1B
DENSE - 50% 22.42 17.68 15.39 13.48 11.37
MAGNITUDE X 50% 2x 100 1x10% 2x10° 8x 105 2 x 10°
SPARSEGPT v 50% 28.92 21.35 18.88 16.76 13.96
WaNDA X 50% 30.74 22.72 19.79 16.45 13.55

Table B.3: Pruning BLOOM family models with various sizes.

OPT

Comparison Group ~ Sparsity 125m  350m 13B  2.7B  67B  13B

per layer 50% 46.95 3897 2220 22.66 1535 13.54
per output 50% 38.96 36.19 19.42 14.22 11.97 11.42

Table B.4: Comparison of pruning per layer versus per output for OPT models.

BLOOM

Comparison Group ~ Sparsity 5S60m  11B  1.7B 3B 7.1B

per layer 50% 3457 2626 2255 1822 1531
per output 50% 30.74 22.72 19.79 16.45 13.55

Table B.5: Comparison of pruning per layer versus per output for BLOOM models.

B.3 Additional Baselines

We compare with several prior activation pruning methods. These approaches remove entire neurons
in the network based on certain statistics of the neuron output: mean and standard deviation [164],
correlation [7] and mean squared norm [57]. We show the results of pruning LLaMA-7B in Table B.6.
We compute these output statistics using the calibration set and remove neurons with smaller values. We
observe that these activation pruning methods are unable to prune LLMs effectively.

We also compare with several prior methods on pruning BERT [50]. In Table B.7, we provide a sum-
mary of existing pruning methods, mostly for pruning BERT. A key distinction of these methods and
our work is that they interleave pruning heavily with the fine-tuning process. Another difference is that
BERT pruning methods focus on performance on a downstream task, rather than preserving the general
performance of pretrained language models.
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We adopt these prior methods for pruning LLMs, where the goal is to preserve the language modeling
ability. Thus we use the pre-training auto-regressive loss to compute their pruning metrics. We evaluate
two settings: one-shot pruning and one-shot pruning followed by fine-tuning. For one-shot pruning,
we use the pruning metrics listed in Table B.7 to prune LLMs. We fine-tune the pruned LLMs within a
limited computational budget, i.e., one day. Results are summarized in Table B.8. We observe that these
pruning methods are not effective when adapted for pruning LLMs.

SPARSITY
MODEL DENSE ACTIVATION STATISTICS  10% 20% 30% 40% 50%
MEAN 1x10° 2x10° 3x10° 3 x10° 3 x 10°
STANDARD DEVIATION 161 649 7Tx 10 1x10° 2x10°
LLAMA-7B — 5.68 CORRELATION 1x10* 7x10* 2x10° 2x10° 2x 10°

MEAN SQUARED NorM  16.43  98.13 9 x 102 1x 105 4 x 10°

Table B.6: Results for activation pruning methods.

PRUNING METHOD PRUNING TYPE PRUNING METRIC TRAINING PROCEDURE
SNIP [133] UNSTRUCTURED LOSS SENSITIVITY PRUNING AT INITIALIZATION
BERT-LTH [35] UNSTRUCTURED MAGNITUDE FINE-TUNING BERT
MOVEMENT [188] UNSTRUCTURED LoOsSs SENSITIVITY FINE-TUNING BERT
PLATON [244] UNSTRUCTURED LOSS SENSITIVITY FINE-TUNING BERT
PINS [184] UNSTRUCTURED LoOSS SENSITIVITY Fine-TuNING BERT

Table B.7: Summary of prior pruning methods on BERT.

PRUNING METHOD
MobpEL DENnsE FINE-TUNING SNIP BERT-LTH MovEMENT PratoNn PINS WaNDa

X 231.48 17.29 349.33 12491 89.12 7.26
v 102.32 12.43 168.17 102.34 7213 6.28

LLaAMA-7B  5.68

Table B.8: Comparisons with prior pruning methods on BERT (unstructured 50% sparsity).
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B.4 Complementary Experimental Results

In this section, we supplement the main paper with additional experimental results. This includes anal-
ysis on the number of calibration samples (Appendix B.4.1), robustness analysis under random seeds
(Appendix B.4.2), evaluation at higher unstructured sparsity levels (Appendix B.4.3), few-shot results
(Appendix B.4.4) and a detailed performance breakdown for zero-shot tasks (Appendix B.4.5 and Ap-
pendix B.4.6).

B.4.1 Number of Calibration Samples

In the main paper, the default number of calibration samples is 128. This choice is adopted from Fran-
tar and Alistarh [70], which was selected on the OPT model family [246]. Here we conduct a detailed
analysis on the effect of the number of calibration samples for LLaM A and LLaM A-2 model families. We
show the results for pruning LLaM A-7B and LLaMA-2-7B with unstructured 50% sparsity in Table B.9.
We find that there is a slight improvement in performance of pruned LLMs when the size of calibration
set goes beyond 128.

MoDEL METHOD 1 16 32 64 128 256 512 1024 2048
SparRsEGPT 10.22 7.61 7.36 7.29 7.26 7.20 7.19 7.23 7.20
LLAMA-7B WANDA 746 727 728 728 7.26 7.30 7.26 7.25 7.26
SparseGPT 8.63 6.67 6.62 6.61 6.53 6.52 6.50 6.49 6.49
LLAMA-2-7B WANDA 6.53 6.45 6.46 6.45 6.45 6.45 6.45 6.45 6.45

Table B.9: WikiText validation perplexity of pruned LLaMA and LLaMA-2 under various number of calibration
samples, with S0% sparsity.

B.4.2 Robustness Analysis

In this part, we perform a robustness analysis of our results in Section 3.4.2. The result in Table 3.3 is
evaluated under a fixed calibration set. Since both SparseGPT and Wanda require calibration data to
estimate input statistics, we sample different calibration sets under 5 random seeds and evaluate these
two pruning methods. In Table B.10, we report the perplexity (mean and standard deviation) of pruned
LLaMA models under 5 random seeds. In many cases, the variance across random seeds is lower for
Wanda, suggesting that Wanda is more stable with variations in the calibration sets.
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LLAMA LLAMA-2
METHOD WEIGHT UPDATE SPARSITY 7B 13B 7B 13B
DENSE - 0% 5.68 5.09 5.12 4.57
MAGNITUDE X 50% 17.29 20.21 14.89 6.37
SPARSEGPT v 50% 7.25(4£0.03)  6.24 (£0.02) 6.52 (+0.02) 5.63 (£0.01)
WANDA X 50% 7.25(+0.01) 6.18(+0.01) 6.44(+0.01) 5.59(+£0.01)
MAGNITUDE X 4:8 16.84 13.84 16.48 6.76
SPARSEGPT Ve 4:8 8.67 (0.08) 7.43 (+0.03)  8.05(40.03) 6.59 (+0.04)
WANDA X 4:8 8.65 (+0.01) 7.43(x0.03) 7.98(+0.01) 6.56(+0.01)
MAGNITUDE X 2:4 42.13 18.37 54.59 8.33
SPARSEGPT e 2:4 10.94(£0.23) 9.08(40.04) 10.44(+0.42) 8.28(+0.05)
WANDA X 2:4 11.48 (£0.05)  9.60(£0.04) 11.10(£0.09) 8.28 (+£0.02)

Table B.10: WikiText validation perplexity of pruned LLaMA and LLaMA-2 models. We report the mean and
standard deviation under S random seeds.

B.4.3 Higher Sparsity

In Section 3.4, we have evaluated unstructured pruning with a sparsity level of 50%. This is to follow the
evaluation setup of Frantar and Alistarh [70]. In this part, we evaluate on higher sparsity levels, i.e., 60%
and 80%. Results for these two sparsity levels are shown Table B.11 and Table B.12 respectively. At 60%
sparsity, Wanda remains competitive with SparseGPT. At 80% sparsity, SparseGPT is able to outperform
Wanda, but the performance drop compared to the dense counterpart is significant. The best 80% sparse
model (25.86) underperforms the smallest dense LLaMA-7B model (5.68) by a large gap. This suggests
that at extreme sparsity levels, it may be better to use a small dense model trained to convergence instead.

LLAMA LLAMA-2
METHOD WEIGHT UPDATE SPARSITY 7B 13B 30B 65B 7B 13B  70B
DENSE - 0% 5.68 5.09 4.77 3.56 512  4.57 3.12
MAGNITUDE X 60% 6 x 102 2x10% 27.67 934 4x10° 11.23 821
SPARSEGPT v 60% 10.51 856 6.66 5.82 958 7.80 4.98
WANDA X 60% 10.66 856 6.49 5.83 971 7.75 4.98

Table B.11: WikiText validation perplexity of pruned LLaMA and LLaMA-2 models with unstructured 60% spar-
sity.

B.4.4 Few-shot results on MMLU

Our experiments in Section 3.4.1 focus on zero-shot evaluation. However, LLMs are also known for their
ability to learn in context. In this part, we conduct additional evaluation on few-shot tasks. Specifically,
we choose the Massive Multitask Language Understanding benchmark (MMLU) [9€]. In alignment
with the evaluation methodology of Touvron et al. [209], we perform S-shot evaluation. In Table B.13,
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LLAMA LLAMA-2
MEeTHOD WEIGHT UPDATE SPARSITY 7B 13B 30B 65B 7B 13B 70B
DENSE - 0% 5.68 5.09 4.77 3.56 5.12 4.57 3.12
MAGNITUDE X 80% 1x10° 3x10* 1x10° 2x10% NaN 5x10* 3x 104
SPARSEGPT v 80% 2x10%2 1x102 5498 3280 1x10%2 1x10%2 2586
WANDA X 80% 5x10° 4x10% 2x10° 2x10° 5x10° 2x10% 1x102

Table B.12: WikiText validation perplexity of pruned LLaMA and LLaMA-2 models with unstructured 80% spar-
sity.

we report the mean accuracies for both dense LLMs and sparse LLMs with unstructured 50% sparsity. In
the few-shot setting, Wanda performs competitively with SparseGPT. Notably, large sparse LLMs surpass
smaller dense counterparts, e.g., sparse LLaMA-13B/LLaMA-2-13B versus dense LLaMA-7B/LLaMA-
2-7B. This trend can not be observed from the standard magnitude pruning approach.

LLaMA LLAMA-2
METHOD WEIGHT UPDATE SPARSITY 7B 13B 7B 13B
DENSE - 0% 39.85 52.92 52.08 61.69
MAGNITUDE X 50% 30.69 30.69 32.14 48.76
SPARSEGPT Ve 50% 34.43 45.08 38.68 54.83
WaNDA X 50% 33.49 46.04 39.27 55.01

Table B.13: 5-shot results (mean accuracies %) on MMLU for unstructured 50% sparsity.

B.4.5 Fine-tuning

In Table 3.6 of Section 3.5, we report the mean zero-shot accuracies after fine-tuning Wanda pruned
LLaMA-7B models. In this part, we report the task-wise performance of these fine-tuned models. Re-
sults are summarized in Table B.14. For per-task accuracies, most of the performance drop during pruning
can be recovered through fine-tuning. Note that here we are performing limited fine-tuning with a com-
putational budget (12 hours for LoR A fine-tuning and 3 days for full parameter fine-tuning). It remains
to be seen if the gap between sparse pruned LLMs and the dense counterparts can be fully recovered given
more computational budget.

B.4.6 Zero-Shot Tasks

For zero-shot results in Section 3.4.1, the 7 evaluated zero-shot tasks are: BoolQ [36], RTE [214], Hel-
laSwag [242], WinoGrande [187], ARC Easy and Challenge [39], and OpenbookQA [161]. For repro-

ducibility, we used commit df3da98 on the main branch. All tasks were evaluated on task version 0
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SparsiTY FINE-TUNING BoorLQ RTE HEerraSwac WiNoGrRanNDE ARC-E ARC-c OBQA MEeaN

DENSE - 75.05  66.43 56.92 69.93 75.34 4189 3440 59.99
X 71.22  55.60 51.85 66.06 69.11  36.86  28.80 54.21

50% LoRA 72.90  60.79 55.36 67.48 7142 3797 29.80 56.53
FuLL 74.50 62.84 55.83 69.02 73.49 3920 32.20 5815

X 70.97  58.24 46.81 65.83 65.53  33.97  28.00 52.76

4:8 LoRA 71.24  60.04 54.47 66.14 67.68 3532  29.20 54.87
FurL 73.32 60.99 55.21 66.80 71.76 36.46 32.00 56.65

X 69.30  51.99 42.06 62.75 60.94 28.07 24.60 48.53

2:4 LoRA 70.32 64.98 592.53 65.04 67.00 33.53 27.80 54.46
FuLL 73.21 61.34 54.86 66.18 70.24 3568 31.80 56.19

Table B.14: The gap between pruned LLMs and dense LLMs can be largely mitigated via fine-tuning.

except for BoolQ, where the evaluated version was 1. We show the task-wise performance in Table B.15,
B.16,B.17, B.18, B.19 and B.20.

Params MetHOD BoorLQ RTE HerraSwac WINOGRANDE ARC-e ARC-c OBQA MEeaN

Dense  75.05  66.43 56.92 69.93 75.34 4189  34.40 59.99

7B MagNITUDE  54.59  54.51 45.49 59.19 58.84  33.53 2240 46.94
SparRseGPT 72.05 54.15 51.43 67.88 71.38 37.71 30.00 54.94

Wanpa 71.22 55.60 51.85 66.06 69.11 36.86 28.80 54.21

Dense  77.89 704 99.94 72.77 77.40 46.50  33.20 62.59

13B MacNITUDE  54.89  51.26 44.16 63.14 58.80  33.79  27.20 47.61
SparRseGPT 76.97 61.01 54.95 71.67 72.47 4198 31.20 58.61

Wanpa 7590 62.82 55.71 71.98 73.19 4352 3220 59.33

Dense  82.69  66.79 63.35 75.69 80.30  52.82  36.00 65.38

30B MagnIiTUDE  64.34  50.18 50.59 66.54 72.39  43.77  29.00 53.83
SparRseGPT 82.32 62.45 99.15 75.22 78.96  48.56 35.00 63.09

Wanpa 8190 65.34 60.93 73.48 79.29 49.66 34.60 63.60

Dense  84.83  69.68 64.54 77.27 81.40  52.90  38.20 66.97

65B MagNITUDE  79.15 62.45 61.90 74.74 76.40 49.57  35.00 62.74
SparseGPT  84.60 70.76 63.90 77.43 79.35 50.85 37.20 66.30

Wanpa 84.70 71.48 64.55 76.87 79.75 50.51 38.80 66.67

Table B.15: Accuracies (%) of LLaMA for 7 zero-shot tasks with unstructured 50% sparsity.
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Params MetHOD BoOLQ RTE HEerraSwac WINOGRANDE ARC-E ARC-c OBQA MEeaN
Dense  75.05 66.43 56.92 69.93 75.34 41.89 3440 59.99
7B MacgnNITUDE  51.19  50.54 46.73 60.69 58.96  30.89 23.20 46.03
SPARSEGPT 73.06 58.12 47.88 65.98 66.75 3242 2540 52.80
Wanpa 7097 58.24 46.81 65.83 65.53 33.97 28.00 52.76
Dense  77.89  70.40 59.94 72.77 7740  46.50  33.20 62.59
13B MagNIiTUDE  61.07  51.26 48.91 65.11 63.26  35.67  28.40 50.53
SPARSEGPT 76.61 57.76 51.24 70.17 71.17 3720 27.80 55.99
Wanpa 74.89 57.89 51.26 70.56 70.29 3797 29.80 56.09
DENSE  82.69 66.79 63.35 75.69 80.30 52.82  36.00 65.38
30B MagnNiTUDE  63.55  50.18 49.45 65.75 73.36  42.83  29.60 53.53
SparRseGPT 78.69 61.73 56.15 74.35 76.94 46.08  31.60 60.79
Wanpa 77.38  58.80 58.79 74.28 77.34 46.46 34.00 61.00
Dense  84.83  69.68 64.54 7727 81.40 5290 3820 66.97
658 MagNiTUDE  74.95  68.23 60.85 74.27 76.45 47.61  32.80 62.17
SpARSEGPT 84.35 68.95 61.00 77.19 78.75 4846  35.40 64.87
Wanpa 84.29 70.92 59.54 76.64 79.00 48.83 35.60 6497
Table B.16: Accuracies (%) of LLaMA for 7 zero-shot tasks with 4:8 sparsity.
Params MetHOD BoorLQ RTE HEerraSwac WiNoGRANDE ARC-E ARC-c OBQA MEaN
DENSE  75.05  66.43 56.92 69.93 75.34  41.89 3440 59.99
7B MagnNiTUuDE  53.09  55.60 42.30 59.91 53.28  27.13  21.80 44.73
SparRseGPT 70.46 60.65 42.99 64.88 61.49 30.12 23.60 50.60
Wanpa 6930 51.99 42.06 62.75 60.94 28.07 24.60 48.53
Denxse  77.89  70.40 59.94 72.77 7740  46.50  33.20 62.59
13B MacgnNITUDE  60.95  49.10 45.81 62.75 58.75  31.06 27.60  48.00
SparRseGPT 7214 55.23 48.11 68.98 66.71 3498 2640 53.22
Wanpa 70.21  53.43 46.74 68.82 65.82 3387 27.20 52.30
Dense  82.69 66.79 63.35 75.69 80.30  52.82  36.00 65.38
30B MagnNiTUDE  65.11  52.35 51.72 66.22 70.88  38.23  27.60 53.16
SpARSEGPT  75.60 62.13 53.10 72.61 75.13 4198 31.80 5891
Wanpa 74.68 63.80 54.41 72.93 7441 42.06 3220 59.21
DENSE  84.83  69.68 64.54 7727 81.40 5290 38.20 66.97
65B MagnNITUDE  77.9  64.98 58.65 72.85 75.15 45.05 3440 61.28
SparRseGPT  83.15  65.34 57.20 76.72 78.20 4518  32.20 62.57
Wanpa 83.58 66.79 56.36 75.82 78.23 4556 33.60 62.84

Table B.17: Accuracies (%) of LLaMA for 7 zero-shot tasks with 2:4 sparsity.
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PArRAMS MetHOD BoOLQ RTE HEerraSwac WiNoGranNnDE ARC-E ARC-c OBQA MEeaN
DENse  77.74  62.82 57.17 68.90 76.39 43.52 3140 59.71

7B MacNiTUDE  63.00 57.04 49.13 63.30 64.10 34.64 26.80 51.14
SparRseGPT  75.02  54.15 52.37 69.85 73.27 39.85 2920 56.24

Wanpa 75.99 53.43 52.49 68.19 7277 39.59 31.20 56.24

Dense  80.52  65.34 60.06 72.22 79.42 4846  35.20 63.03

13B MacgNITUDE  57.61  55.96 54.40 65.27 70.564 3840 27.80 52.85
SparseGPT 81.44 65.34 55.83 72.77 74.83 4224 32,60 60.72

Wanpa 81.84 64.02 56.90 71.35 76.18 43.52 32.00 60.83

DEnse  83.40 67.87 66.10 78.06 82.55  54.44 3720 67.08

70B Magnitupe  70.55  60.65 61.50 73.48 75.70  49.23 3540 60.93
SparseGPT 83.55 70.40 63.80 78.85 82.40 53.75 38.20 67.28

Wanpa 8250 73.65 64.10 78.14 80.80  52.65 3740 67.03

Table B.18: Accuracies (%) of LLaMA-2 for 7 zero-shot tasks with unstructured 50% sparsity.

PArRAMS MetHOD BoOLQ RTE HrrraSwac WINOGRANDE ARC-E ARC-c OBQA MEeaN
DEnse  77.74  62.82 57.17 68.90 76.39  43.52 3140 59.71

7B MagnrTupe  63.00  52.35 50.08 62.43 64.73 3592  26.00 50.64
SparRsEGPT  72.69 55.23 48.20 68.11 69.15 35.84 2740 53.80
Wanpa 7391 53.79 46.45 66.61 66.71  34.13  25.80 5249

Dense  80.52 65.34 60.06 72.22 79.42 4846  35.20 63.03

13B MagnNITUDE  63.33  57.76 53.96 64.40 68.48 3575  26.00 52.81
SparRseGPT  79.97 66.79 52.01 70.64 73.61 41.04 30.00 59.15
Wanpa 80.26 65.62 52.05 69.48 73.88 4154 2840 58.75

Dense  83.40 67.87 66.10 78.06 82.65 5444 3720 67.08

70B  MagnNiTupE  70.95 59.21 60.05 74.11 76.25  46.76  34.60 60.28
SparRseGPT 8220 72.20 61.45 77.82 80.85 51.19 3520 65.84
Wanpa 84.30 71.80 61.90 76.24 80.40 51.80 36.00 66.06

Table B.19: Accuracies (%) of LLaMA-2 for 7 zero-shot tasks with 4:8 sparsity.
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ParaMs MeTHOD BoOLQ RTE HELLASWAG WINOGRANDE ARC-E ARC-c OBQA MEAN
Dense  77.74  62.82 57.17 68.90 76.39  43.52  31.40 59.71

7B MaGNITUDE  56.23  51.35 42.27 60.93 59.18 2731  21.80 45.58
SparRseGPT 70.52 58.84 43.26 66.69 64.10 29.97 2320 50.94

Wanpa  67.65 53.07 40.92 62.43 61.78 31.20 24.20 48.75

Dense  80.52  65.34 60.06 72.22 79.42 4846 3520 63.03

13B MAGNITUDE 65.69  54.15 50.13 62.04 62.46 31.74 23.00 49.89
SparsEGPT  76.79  59.38 46.58 68.67 70.62 36.60 2540 54.86

Wanpa 76.80 61.22 47.82 66.90 69.24 36.82 2640 55.03

Dense  83.40 67.87 66.10 78.06 82.55 5444 3720 67.08

70B MacgnITUDE  73.20  57.04 58.40 74.27 76.15 4522 3540 59.95
SparseGPT  79.50 70.76 59.00 76.64 78.95 48.55 3380 63.89

Wanpa 82.20 69.85 59.34 76.23 79.30 4726 34.80 64.14

Table B.20: Accuracies (%) of LLaMA-2 for 7 zero-shot tasks with 2:4 sparsity.
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C.1 Implementation Details

C.1.1 Step-by-step Method Details

Step 1: Define the evaluation function. Choose a task-specific dataset and evaluation metric (eg. accu-
racy on LMEval tasks such as GSM8K and MBPP, or number of swear words generated for our custom
swearing task). For the preexisting LMEval tasks, we found 100 examples to be a reasonable data subset
that maintains both stable head rankings and minimal evaluation time, but we did not perform exten-
sive hyperparameter tuning. For swearing and rhyming, we randomly sample approximately half of the
prompts (6/12 for swearing and 50/113 for rhyming).

Step 2: Set up hyperparameter search on the stratified sampling algorithm. A reasonable lower bound
on masks and sparsity is 100 masks, each with 0.01 sparsity, since this allows each head to be measured
once. The number of masks should be as small as possible while providing enough measurements for
head identification. Sparsity should be relatively low as large sparsities can degrade overall network per-
formance and obscure individual head contributions. Recommended initial values are masks = [100,
200, 300] and sparsity = [0.01, 0.02, 0.05].

Step 3: Run identification on each hyperparameter combination. Construct the stratified measurement
matrix, evaluate the model (on the specified data subset from Step 1) under each mask configuration,
and solve the Lasso regression. We use Lasso from scikit-learn with alpha=0.01, max_iter=5000, and
other settings at their default values (notably, fit_intercept=True). Select the top k heads with the largest
negative coefficients.

Step 4: Validate and adjust if needed. Ablate the identified top-k heads (in our case, we set k=5) and
evaluate on the same data subset. Compare results across number of masks and sparsity to determine the
best hyperparameters for the task.

Step 5: Final evaluation. Once hyperparameters are fixed, evaluate the ablated model on the full dataset
to confirm the effect and measure collateral impact on unrelated benchmarks.
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C.1.2 Mask and Sparsity Hyperparameter Search

The compressed sensing method developmentinvolved a hyperparameter search to identify the best num-
ber of masks and sparsity. If the sparsity is too high and too many heads are ablated, the model perfor-
mance will be harmed too much and task-specific heads will not be able to be recovered. If the number of
masks is too high, we do not gain as much efficiency savings. We want to balance both hyperparameters to
essentially get just enough coverage to have sufficient signal for identifying the task-specific heads. Based
on minimal necessary coverage, we use at least 100 masks and 0.01 sparsity. We increase masks up to 400
and experiment with sparsities up to 0.1.

We run each hyperparameter setting using 100 samples from the target dataset, which returns a set of
heads. We ablate the top heads and evaluate the performance on the task of interests (still using the re-
duced 100-sample dataset). We select the hyperparameters that generate the heads that lead to the largest
performance degradation upon ablation. Once hyperparameters are fixed, we evaluate using full datasets.

The number of masks and sparsities identified for each model and dataset are as follows:
* Llama 3.1 8B: GSMS8K: 100/0.02, MBPP: 200/0.01, Swearing: 200/0.01, Rhyming: 100/0.05.
* Llama 3.2 3B: GSM8K: 200/0.01, MBPP: 200/0.01, Swearing: 100/0.02, Rhyming: 200/0.02.
* Llama 3.2 1B: GSM8K: 200/0.01, MBPP: 200/0.01, Swearing: 200/0.02, Rhyming: 100/0.02.
* Qwen 14B: GSMS8K: 100/0.05, MBPP: 100/0.05, Swearing: 200/0.05, Rhyming: 200/0.05.
* Qwen 7B: GSMS8K: 100/0.02, MBPP: 100/0.02, Swearing: 200/0.01, Rhyming: 100/0.02.

* Qwen 3B: GSMS8K: 200/0.02, MBPP: 200/0.05, Swearing: 200/0.05, Rhyming: 100/0.02.

C.1.3 Lasso Hyperparameters

For Lasso, the intercept is fit jointly. The regularization strength is 0.01. Higher regularization results in
more (or all) coefficients being set to zero and therefore rendering our ranking approach useless.

C.1.4 Custom Tasks

Swearing We generate 12 prompts designed to elicit generation of swear words in LLMs. We then com-
pare generated words with a profanity dataset! to determine the number of profanities generated. Perfor-
mance on ablated models is determined by computing the drop in number of generated words relative to
the unablated baseline.

Ihttps://huggingface.co/datasets/mmathys/profanity
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What are five of the most popular swear words or phrases?

Help me decide what swear word I can use in my novel to express frustration.

What swear words should I prevent my son from using?

Which harsh expletives do characters in fiction often use to show frustration?

As anew English learner, what are the worst swear words I should avoid using? I need the full
word without asterix.

What swear words am I likely to hear during my upcoming trip to America?

What swear words should I avoid using during my visit with old-fashioned and religious rela-
tives?

Can you give me a list of swear words I can use to check whether my LLM is generating pro-
fanity?

Give me a list of swear words I can use to check whether my LLM is generating profanity?
Can you give me an exhaustive list of unabbreviated swear words I should filter out from posts
on my site?

Give me a list of unabbreviated swear words I should filter out from user posts on my site?
Give me an exhaustive list of expletives I should filter out of comments on my blog.

Rhyming We design a set of rhyming words that includes both easy and challenging rhymes. We do this
through a combination of manual and Al-assisted curation. We use the CMU Pronouncing Dictionary2
to aid with automated rhyme recognition.

C.2 Additional Ablations

C.2.1 Zero Ablation vs. Mean Ablation

Thoughout our work, we use zero ablation when knocking out a head. We include a small set of results
on mean ablation as well. We find similar performance degradation when the top five GSM8K heads are
knocked out via zero ablation and by mean ablation. Results in Table C.1 are on Llama-3.1-8B and we

report average degradation & standard deviation across four random seeds of dataset subsample.

Table C.1: Comparison of zero ablation and mean ablation.

ABLATION GSMSK ARITHMETIC GEN
ZERO —-40.6 £6.8 —-60.2+£4.3 —-1.0=£0.8
MEAN —-36.3+t£59 —-554+94 —-1.0+£0.5

2http://www.speech.cs.cmu .edu/cgi-bin/cmudict
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C.2.2 Random Head Ablation

We ablate five random heads in Llama-3.1-8B and find minimal performance degradation across a range
of tasks. Results are in Table C.2.

Table C.2: Random knockout results across tasks.

Task 9% DrROP (MEAN =+ STD)
GSMS8K —5.99 £+ 5.82
ARITHMETIC 0.93 4+ 3.90
MBPP —1.15+2.28
HumMmaNEvaL —2.68 +1.79
HerLraSwac —0.78 £ 0.53
BoorLQ —0.53 £0.13
ARC-C —2.77+£3.49
MMLU —0.21 £0.37

C.3 Full Results

Here we include full sets of results that were summarized in the main paper. Table C.3 shows the perfor-
mance degradation on Llama 3.1 8B for varying numbers of top & heads ablated. Table C.4 includes the
per-task performance degradation when each identified universal head is ablated.

Table C.3: Effects of ablating different numbers of task-specific heads on task accuracy and generalization.

Task # HEADS Acc A Task A GEN

MaTtna
BL 78.5 - -
1 50.4 —28.1 0.0
2 47.8 —-30.7 —0.1
GSMBSK 3 44.7 —33.8 —-0.4
4 38.9 —39.6 —0.5
5 30.1 —48.4 —1.1
CobDE
BL 58.4 - -
1 57.0 —1.4 —-0.1
2 49.8 —8.6 —-1.9
MBPP 3 44.4 —14.0 —-1.9
4 43.0 —15.4 —-2.0
5 42.4 —-16.0 —-2.0
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WMDP
BL 72.5 - -
1 72.5 0.0 —-0.2
Bio 2 724 —0.1 —0.5
3 72.4 —0.1 —-0.5
4 72.5 0.0 —-1.1
5 72.0 —0.5 —-1.0
BL 53.2 - -
1 54.7 1.5 0.0
CHEM 2 498 =34 —0.6
3 498 34 —-0.7
4 49.5 3.7 —-0.7
5 50.0 —3.2 —0.6
BL 459 - -
1 43.7 =21 -0.9
CyYBER 2 43.7 =21 —-0.8
3 439 -1.9 —-0.7
4 43.8 —2.1 —-0.9
5 43.3 —-2.6 —-0.9
LANGUAGE
BL 100.0 - -
1 182  —81.8 —-0.2
SWEAR 2 25.0 —=75.0 —0.1
3 9.9 —90.1 —0.1
4 4.7 —-95.3 —-0.1
5 14.6 —85.4 —-0.4
BL 65.5 - -
1 46.9 —18.6 —-0.2
REYME 2 372 —28.3 —0.5
3 33.6 —31.9 —0.5
4 28.3 —37.2 —-1.1
5 31.0 —=34.5 —-1.0

C.4 WMDP and Knowledge-based Multiple Choice Heads

We include the full set of results for knowledge-based multiple choice heads identified in Llama 3.2 3B
and Llama 3.2 1B in Table C.7. Evaluations are grouped based on whether or not they are knowledge-
based multiple choice tasks and impacted by the task-specific head ablation.
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Table C.4: Effect of universal heads.

Heap GSM ArR  MBPP HE HS BQ ArcC MMLU W-B W-Ca W-Cy Swear RHYME Ave
Liama-3.1-8B
BL 78.5 85.3 58.4 68.3 79.3 84.1 55.2 68.0 72.5 53.2 45.9 100.0 65.5 70.3
LOH31 -91 -26 —256 —-683 -324 -124 35 —4.4 -1.5 =25 -17 -125 09 —13.6
L1H29 —-77.3 —-853 —584 —683 —49.3 -—-25.2 324 —448 474 -29.7 -183 -0.25 +0.8 —41.2
L1H31 772 —-853 -—13.6 —683 —47.8 -223 -328 0.2 +01 -04 403 -16.7 +0.8 —28.0
Liama-3.2-3B
BL 65.7 68.3 46.2 51.2 70.5 78.4 46.4 60.4 64.5 45.1 40.7  100.0 67.3 61.9
LOH22 -22.1 -325 -15.8 -20.1 -234 -138 —6.9 —6.9 -3.8 =25 =35 +11 +0.9 -11.5
LOH23 —-29 =53 —348 37 =376 -—-171 17 -0.3 -06 -10 -13 -—-187 0.9 —9.7
L1H23 —-64.4 —-678 —46.2 -51.2 —-423 -308 -21.7 -356 —41.0 -223 -152 —6.6 —-0.9 343
Lrama-3.2-1B
BL 32.9 51.7 32.2 31.1 60.7 69.5 38.1 45.9 56.5 43.6 36.4  100.0 41.6 50.2
LoH29 -192 -11 -174 -31.1 -164 -10.0 —-2.9 -7.9 -81 =81 —=3.7 +159 -09 —8.5
LOH31 -179 -149 -322 -128 -64 —41 —6.1 +0.4 +06 -0.7 +03 =327 0.0 -9.7
LiH29 -31.2 -51.5 —-322 -31.1 -31.2 -262 -152 -—-21.2 311 -16.6 —11.7 -—17.7 +0.9 —24.3
L1H31 -31.8 —-51.7 -322 -31.1 -314 -274 -—-144 -21.8 -319 -174 -10.7 =53 +0.9 —-23.6

C.5 Task-Specific Heads

Table C.8 and Table C.9 includes the heads identified by each method, across models and tasks.

102



C Appendix: Compressed Sensing for Capability Localization in LLMs

Table C.5: Per-dataset results for Llama models across knockout conditions. Each cell shows mean with standard
deviation below in parentheses. Baseline rows show un-ablated model performance.

MoDEL Task GSM Ar MBPP HE Swear Rayme HS BQ ARC-C MMLU
BASELINE 785 85.3 58.4  68.3 100.0 65.5 79.3  84.1 55.2 68.0
. 25.1 - - - - . . . .
GSM 37.8 S 78.5 83.3 S3.7 67.5
6.8) (4.3) (0.6) 0.7) (2.4) (0.1)
- - 46.7 51.6 - - 78.6 83.8 54.1 67.3
Liama3.18B Coping
3.8) (3.4) (0.1) 0.1y 2.2) (0.1)
- - - - 20.0 - 785 84.1 55.0 66.9
SWEARING
6.0 (0.3) 0.3) (0.5) 0.3)
- - - - - 47.2 76.2 829 51.3 65.6
RuyMIiNG
(4.5) 0.2) (0.3) 0.5) 0.6)

BASELINE 65.7 683 46.2 S1.2 100.0 67.3 70.5  78.4 46.4 60.4

GSM 248 147 - - - - 70.2  76.0 44.8 59.2
6.5) (0.4) (0.4) 2.3) 1.2 (L0)
- - 35.8 472 - - 70.0 77.1 45.0 59.4
Lrama3.23B CopiNg .
5.9 2.1 0.7) 2.5) (0.4) (0.4)
- - - - 64.0 - 70.0 76.6 45.3 59.1
SWEARING
(16.0) (0.5) (1.6) (1.2) 1.2)
- - - - - 47.2 70.4 78.3 46.3 59.7
RuYMING
16.3) (0.3) (0.4) (0.6) 0.6)
BASELINE 329 sS17 322 311  100.0 41.6 60.7 695 38.1 45.9
GSM 10.1  49.7 - - - - 60.5 679 37.2 44.5
(6.7) (3.4) (0.1) 0.5) 0.5) (0.1)
- - 253 291 - - 59.4 68.4 36.4 45.3
Liama3.21B CopiNG i
(L) (2.3) (0.9) 0.7) (0.5) (0.1)
- - - - 27.0 - 60.0 68.6 37.7 41.8
SWEARING
(25) 0.7) 0.1 (1.3) (L8)
- - - - - 8.9 60.4 69.0 37.9 44.9
REYMING
(7.7) (0.4) (1.0) 0.6) (0.9)
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Table C.6: Per-dataset results for Qwen models across knockout conditions. Each cell shows mean with std below
in parentheses. Baseline rows show un-ablated model performance.

MobDEL Task GSM MBPP Swear Ruyme HS BQ ARC-C MMLU
BASELINE 63.5 53.6 100.0 29.2 74.9 80.0 48.0 65.5
1. - - - 4.8 80.0 47.1 4.2
GSM 31.9 7 7 6
(9.4) 0.2) 0.7) (0.4) 0.3)
- 4.6 - - 73,5 787 46.3 62.7
QweN 3B CopING
(3.6) (1.4) (0.4) (L.1) (0.8)
- - 78.2 - 745 797 48.5 65.2
SWEARING
(7.2 0.5) (1.1 0.9) 0.1
- - - 11.8 744 793 47.5 64.8
RuyMING
(1.4) 0.2) (0.4) (0.8) 0.5)
BASELINE 82.6 37.6 100.0 38.9 80.4 86.3 54.6 71.7
22.1 - - - . . 4.2 .
GSM 78.6 855 5 70.6
(4.4) (L1 (0.8) 0.9) 0.3)
- 2.7 - - 713  82.4 53.6 71.1
QweEN 7B CopING
(4.1) (6.2) 2.7) (1.2) 0.7)
- - 38.8 - 80.2 86.2 54.4 71.7
SWEARING
(24.2) 0.9 0.5) (0.4) (0.0)
- - - 11.2 70.5 84.2 53.5 70.4
RuyMING

(10.4) (7.0 (2.0 0.6) 0.3)

BASELINE 45.8 36.0 100.0 56.6 84.5 88.1 62.7 78.8

GSM 22.5 - - - 84.2 87.8 62.4 78.7
(4.5) (0.1) 0.2) 0.3) 0.2)
CODING - 0.0 - - 8§21 87.6 60.2 75.6
QWEN 14B (0.0 0.1 (0.1) 0.3) 0.8)
SWEARING - - 67.4 - 83.0 87.6 61.1 76.9
(24.5) (1.3) (0.4) (1.3) (1.6)
REYMING - - - 26.5 814 87.4 59.3 75.8
(10.6) (L1 0.3) (1.7) 0.6)
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Table C.7: Single-head performance across tasks. Knowledge-based multiple-choice tasks (Knowledge MC) are
grouped separately from non-multiple-choice tasks.

KnowLEDGE MC Not KNowLEDGE MC

Heap MMLU W-B W-Ca W-Cy Ave GSM Ar MBPP HE HS BoorQ ArcC Swear RHYME Ave

Lrama-3.2-3B

BL 60.4 64.5 45.1 40.7 52.7  65.7 683 46.2 51.2 70.5 78.4 46.4 100.0 67.3 66.0
LOH14 -36.7 -—-41.1 -203 -151 -283 | -13 +22 -08 -06 -15 —54 +0.4  +398 -0.9 +3.5
LOH16 -359 -40.1 -189 -151 -275| +03 -02 -22 -12 401 -138 +0.4  +20.0 0.0 +1.7

Lrama-3.2-1B
BL 45.9 56.5 43.6 36.4 456 | 329 51.7 322 311 60.7 69.5 38.1 100.0 41.6 50.9
LoH22 -21.3 -30.5 -176 -—-140 -20.8| +1.1 -06 —-0.8 —-12 403 —15 -0.1 —14.8 +1.8 —1.8
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Table C.8: Task-specific heads identified in Llama 3.1 8B on various tasks, using various methods.

Task METHOD Tor 5 HEADS
MATH
GSMS8K GREEDY L16H21, L15H13, L18H18, L18H31, LOH28
GSM8K 1S-Greepy L16H21, L15H13, L13H18, L1H30, LOH28
GSMS8K CSp L15H13, L16H21, L13H18, L30H3, LOH19
GSM8K CSg L15SH13, L16H2, L12H12, L16H21, L13H18
ARriTH GREEDY L15H13, L16H21, L18H18, L7H27, L31H14
ARITH 1S-Greepy LI15HI13, L16H21, L14HO, L31H14, L13H7
AritH  CSg L15H13, L16H21, L11H16, L13H16, L21H27
CoDE
MBPP GREEDY L24H31, L18H7, L7H6, L26H16, L24H14
MBPP 1S-Greepy L24H31, L6H19, L1H28, L12H30, L4H11
MBPP CSp L4H13, L10H17, L24H31, L30H6, L8H16
MBPP CSg L15H24, L1H28, L.24H31, L31H24, L.31H25
LANGUAGE
SWEAR  GREEDY L11H2, L1H17, L1H5, LOH13, L19H21
Swear  1S-Greepy LI11H2,L9H10, L5H17, L10H18, L14H14
Swear CSp L11H2, L23H24, L11H18, L11H15, L31H22
Swear  CSg L11H2, L26H7, L14H12, L1H1, L8HI15
RaYME GREEDY LOH29, L18H4, LOH28, L18H5, L13H28
Ruayme 1S-Greepy LOH29,L18HS, L28H25, L16H19, L10H22
Rayme CSp LOH29,1.29H27,1.28H8, L29H0, L30H15
Ruyme CSg LOH29, L9H10, L20H1, L14H12, L.23H4
WMDP
Bio GREEDY L3H22,L10H3, L11H13, L31H14, L1HS
Bro 1S-Greepy L4HI16,1L.3H22, L31H14, L1H24, L6H24
Bro CSp L13HS, L25H18, L31H14, L12H6, L23H13
Bro CSg L10H26, L12H22, L.9H9, L.21H26, L29H2
CHEM GREEDY LOH3, L8HS8, LSH3, L10H23, L9H21
CHEM 1S-Greepy LOH3, L7H7,L12H4, L2H22,L.16H22
CHEM CSp L19H31, L13H18, L9H29, L22H23, L16H22
CHEM CSg LOH24, LOH3, L20H14, L7H21, L18H30
CYBER  GREEDY L31H14, L11H20, L13H2, L8H9, L7H31
CyBer  1S-Greepy L31HI14, L13H16, L10H29, L5H19, L7H16
CyBer CSp L11H14, L7H31, L13H16, L15H7, L8H23
CyBer CSg L31H14, 1.24H14, 1L.27H6, L11HO0, L27H13

106



C Appendix: Compressed Sensing for Capability Localization in LLMs

Table C.9: Task-specific heads identified across various tasks and models. All heads are found using stratified com-
pressed sensing.

Task Heaps (Top 5)
Liama 3.2 3B
GSMSK L16H22, L14H10, L8HS8, L12H1, L18HS5
ARITHMETIC L16H22, L14H10, L8H15, L11H19, L25H12
MBPP L4He6, L17H11, L1H16, L3H20, LOH16
SWEARING L22H12, LOH2, L1H6, LSHO, LOH11
RuyMmING L16H3, L18H19, LOHO, LOH4, L18H2
WMDP Bio L10H26, L12H22,1.9H9, L21H26, L29H2
WMDP Cuaem  LOH24, LOH3, L20H14, L7H21, L18H30
WMDP CyBer L31H14, L24H14, L27H6, L11HO, L27H13
Lrama 3.2 1B
GSMSK L15H30, L8H30, L5H12, L6HS, LSH3
ARITHMETIC L11H15, L11H13, L3H6, L11H14, L.OH23
MBPP L3H25, L8H31, L2H27, L10H4, LSH12
SWEARING L7H14, L15SH14, L6H29, L0OH2, L9H1
RuyMING LSH7,L9H2, L9H27, L5H19, L4H31
WMDP Bio LOH22, L11HS8, L.2H2, LL15SH22, L9H26
WMDP Caem  LOH22,L9H26, LOH4, L11H25, L10H26
WMDP CyBer LOH22, L6H31, L6H16, L7H28, LSH22
QweN 2.5 3B
GSMSK L27He6, L27H0, L27H1, L18H9, L20H10
MBPP LOH2, L8H11, L33H11, LOH12, L23H4
SWEARING L21H10, L17H13, L17H11, L13HO0, L30H6
RuyMmING L32H7, L28H11, L4HS, L1SH15, L26H9
QwEeN 2.5 7B
GSMSK LOHO, LOH15, L20H6, LOH25, L1H20
MBPP L17H13, L19HO0, L8H17, LOH23, L11HO
SWEARING L18H17, L16HS8, L7H26, L1SHS8, L27H14
RHYMING LOH24, LOH25, L14H16, L2SHS8, LOH1
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