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Abstract

Large language models (LLMs) have achieved remarkable performance across a wide range

of tasks; however, their behaviors emerge from billions of parameters whose individual roles

are unclear. When an LLM exhibits undesirable behaviors, such as high sensitivity to mi-

nor prompt variations, it is difficult for researchers to diagnose or correct the underlying

issues. This thesis addresses these challenges through component attribution, a mechanistic

interpretability approach that traces the causal effect of individual model units on a tar-

get behavior. By attributing model outputs to specific neurons, attention heads, or layers,

component attribution opens the LLM black box by decomposing the model into analyzable

units, enabling more precise and effective model interventions.

This thesis presents four studies, approaching different research problems through com-

ponent analysis. First, we introduce two benchmarks for evaluating whether existing com-

ponent attribution methods can truly identify the LLM components responsible for ver-

batim memorization. Our benchmarks reveal that network pruning methods achieve the

strongest localization, yet even the best methods identify neurons that are shared across

memorized sequences, making precise unlearning of a single sequence an open challenge.

Second, we decompose LLM outputs into individual component contributions to understand

in-context learning, discovering good-performing components that individually outperform

the full model and bad-performing components that hurt accuracy. This finding motivates

component reweighting, a lightweight method that re-scales component activations from a

handful of labeled examples, improving over standard 24-shot in-context learning by up to

6% accuracy points. Third, we analyze why certain inputs suffer disproportionately large

errors under 3–4 bit quantization, showing that small residual stream magnitudes cause pro-

gressive error amplification through RMS LayerNorm, and that MLP gate outputs are the

most critical components for preserving model quality. Finally, we work on KV cache com-

xi



pression methods for reasoning models to improve inference-time efficiency in both memory

and throughput, treating each KV pair as a component. We identify that a small fraction of

value states have abnormally large magnitudes, and evicting them causes catastrophic failure

where models enter repetitive reasoning loops. Based on these findings, we propose Value-

aware Stochastic KV Cache Eviction, a training-free recipe that protects large-magnitude

value states and promotes diverse eviction decisions. Across six reasoning tasks, our method

on Qwen3 models improves over SOTA eviction methods by 5% on average.

In summary, this work establishes component attribution as a fundamental technique to

trace the causal effect of the internal model units on a model behavior, enabling actionable

insights that improve model reliability and performance.
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Chapter 1

Introduction

1.1 Recent Successes in Large Language Models

The past decade has witnessed a remarkable transformation in natural language processing,

driven by the scaling of language models [1, 2, 3, 4, 5]. The introduction of the Transformer

architecture [6] established self-attention as a powerful mechanism for capturing long-range

dependencies in text. Building on this foundation, GPT-3 [5] demonstrated that a large

language model (LLM) trained on a diverse web corpus could achieve strong accuracy across

a wide range of language tasks simply by framing them as text completion problems, with-

out any task-specific fine-tuning. The model can generalize to new tasks at test time by

providing a handful of examples as demonstrations in the input prompt, a paradigm known

as in-context learning (ICL) [5]. The open-source release of the model weights [7, 8, 9]

democratized access to strong LLMs, enabling widespread research and deployment.

As LLMs grow in size and capability, deploying them efficiently has become an important

practical concern. Weight quantization reduces the effective model size by lowering the

precision of model weights, making it possible to run large models on consumer hardware [10,

11, 12]. KV cache compression [13, 14, 15] condenses the stored keys and values of previous

tokens, allowing faster inference and longer conversation contexts without exhausting GPU

memory. Taken together, these advances have made it practical to deploy powerful models

1



that were unimaginable just a few years ago, and they have unlocked applications ranging

from question answering to code generation and scientific discovery.

1.2 Open Problems in LLM Behavior

Despite their impressive capabilities, LLMs are still largely a black box to the community.

Their behaviors are determined by billions of floating-point parameters updated during train-

ing on web-scale corpora, and there is no systematic account of how these parameters collec-

tively produce a given output. This lack of understanding gives rise to several undesirable

behaviors that are difficult to predict, diagnose, or correct. Our thesis addresses four research

problems that demand model interpretability:

Verbatim memorization of training data [16]. LLMs can memorize specific se-

quences from their pretraining corpora verbatim [17, 18, 19]. Carlini et al. [20] show that

an adversary can extract verbatim training examples from GPT-2, including private contact

information. Because training data often contains copyrighted text, personally identifiable

information, and sensitive content, this memorization behavior poses real privacy and legal

risks. Ideally, one could surgically remove a specific piece of memorized information from a

deployed model, a goal known as machine unlearning [21, 22]. Achieving this requires first

knowing which components of the model are responsible for the memorized content. Unfor-

tunately, prior localization methods that identify the weights storing factual knowledge [23,

24] have not been evaluated in a controlled setting where the ground truth components are

known, making their reliability for unlearning unclear.

Fragility of in-context learning [25]. ICL empowers LLMs to perform classification

and reasoning tasks with only a few labeled demonstrations in the prompt. However, its

behavior is sometimes unintuitive and brittle. Min et al. [26] show that swapping in random

labels for the demonstrations barely hurts accuracy, suggesting the model may not actually

learn from the label semantics. More strikingly, prior work [27, 28] finds that adding a single

2



space or newline to a prompt can cause large swings in accuracy, even for instruction-tuned

or very large models. Most prior work addresses this problem by changing the input prompts

[29, 30, 31], while the fundamental internal mechanism driving these sensitivity phenomena

is poorly understood.

Input-dependent quantization failures [32]. Quantization reduces model size by

representing weights in lower bit-width formats. While 4-bit weight-only quantization gen-

erally preserves model quality on standard benchmarks [33], at 3 bits LLMs begin to exhibit

noticeable accuracy degradation [34]. Critically, this degradation is not uniform: certain

inputs suffer from far larger quantization errors than others, even when state-of-the-art

methods that address weight outliers are applied [35, 36]. Which properties of an input

make it vulnerable to quantization errors? Which components of the model give rise to

the largest errors? The answers to these questions are understudied, limiting our ability to

design better quantization methods or to identify inputs for which quantized models should

not be trusted.

Long reasoning traces [37]. Reasoning models [38, 39, 40] leverage test-time com-

pute [41] to improve accuracy by generating extended chains of thought before producing

a final answer. While this approach yields high accuracy on complex tasks, it introduces

an efficiency bottleneck at test time because the reasoning models tend to overthink and

generate unnecessarily long outputs. KV cache eviction methods [13, 42] solve this problem

by permanently discarding low-importance KV pairs once the cache reaches a fixed budget.

However, without careful designs, eviction methods can yield catastrophic degradation to

the model, causing it to generate nonsensical outputs or be stuck in a repetitive loop. We

treat key-value pairs as natural components in KV cache eviction, aiming to improve method

performance by deeply analyzing the attributes of these components.

These four phenomena share a common root: without understanding the internal com-

putations of an LLM, we cannot explain why the model behaves as it does, predict when it

will fail, or intervene to improve it.

3



1.3 From Interpretability to Action

Mechanistic interpretability [43, 44, 45] aims to reverse-engineer the algorithms implemented

by the model, moving beyond correlational observations about inputs and outputs to causal

accounts of how specific model components produce specific behaviors.

Component attribution characterizes each model unit (such as an individual neuron, an

attention head, or a layer), reflecting its contribution to a target behavior. For example,

Olsson et al. [44] identify attention heads that implement a simple copy-and-complete algo-

rithm underlying ICL. FFN layers are characterized as key-value memories that store factual

associations [46, 47]. Activation patching and causal tracing [24] are proposed to identify

the layers and token positions that are responsible for factual recall.

We believe that a mechanistic understanding of model behavior is most valuable when

it leads to actionable consequences. If the neurons responsible for memorizing a specific

training sequence can be identified, they can be selectively pruned to make the model forget

that sequence without affecting unrelated behavior, enabling targeted machine unlearning

(Chapter 3). If the attention heads that are responsible for solving a classification task can

be separated from those that introduce noise, they can be up-weighted to improve accuracy

(Chapter 4). If the quantized weights that yield large quantization errors can be pinpointed,

quantization methods can be redesigned to target those components (Chapter 5). If the value

states that drive a model’s reasoning progress can be distinguished from those that are safe

to discard, we can greatly improve the accuracy of KV cache eviction methods (Chapter 6).

This thesis advances mechanistic interpretability along diverse axes. By developing rig-

orous benchmarks to evaluate component attribution, by conducting fine-grained causal

analyses of four undesirable LLM behaviors, and by translating each analysis into a concrete

method or recommendation, this work demonstrates that component attribution is a useful

tool for understanding and improving LLMs.
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Chapter 2

Background

This chapter provides the conceptual and technical foundations for the studies in this dis-

sertation. We begin with the Transformer architecture that underlies modern LLMs, then

survey mechanistic interpretability techniques that can attribute model behaviors to specific

Transformer components. We then introduce the three application domains this disserta-

tion addresses, i.e., machine unlearning, in-context learning, and model quantization, and

describe how we leverage interpretability techniques to yield actionable insights in each.

2.1 Transformer Architecture

The Transformer [6] is the universal building block of modern LLMs. A Transformer of L

layers processes an input sequence of token embeddings through L repeated blocks, each

consisting of a multi-head attention (MHA) sublayer and a feed-forward network (FFN)

sublayer, connected by residual connections and layer normalization.

2.1.1 Self-Attention

The self-attention mechanism allows each token position to gather information from all

other positions in the sequence. Multi-head attention runs n attention heads in parallel,
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each attending to different subspaces of the input. The output of MHA at layer l is:

A(l) = WO · Concat
(
[head

(l)
1 , . . . , head(l)

n ]
)
, (2.1)

where WO ∈ Rd×ndhead is the output projection matrix. Each head computes attention-

weighted value vectors from the input. A key insight from Elhage et al. [43] is that the

output projection WO can be factored into n per-head matrices Woi ∈ Rd×dhead , so the MHA

output decomposes into a sum of independent head outputs:

A(l) =
n∑

i=1

W (l)
oi
· head(l)

i . (2.2)

Each head thus contributes an additive term directly to the residual stream. This decompo-

sition makes individual attention heads first-class model components and is the foundation

of the output decomposition used in Chapter 4.

2.1.2 Feed-Forward Networks

Each Transformer layer also contains a feed-forward network (FFN), sometimes called the

MLP sublayer. A two-layer FFN applies a pointwise nonlinearity σ between two linear maps:

hl = σ(W lxl), (2.3)

ol = V lhl, (2.4)

where xl ∈ Rd1 is the FFN input, W l ∈ Rd2×d1 and V l ∈ Rd1×d2 are weight matrices, hl ∈ Rd2

is the intermediate hidden state, and ol ∈ Rd1 is the output. The individual entries of hl are

called neurons. Rewriting Eq. 2.4 as a linear combination of the columns of V l:

ol =

d2∑
i=1

hl
i · vl

i, (2.5)
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reveals that each neuron activation hl
i scales the contribution of the corresponding value

vector vl
i to the output. This formulation connects to the key-value memory view of FFNs

discussed in Section 2.3, and motivates searching for which neurons are responsible for specific

model behaviors in Chapter 3.

Many recent LLMs, including the LLaMA family [7], use a gated FFN variant (SwiGLU)

that multiplies the up projection element-wise with a gate projection before passing the result

to the down projection. The gate modulates how much each dimension of the intermediate

representation flows through, and its outputs play a critical role in information preservation

under quantization, as analyzed in Chapter 5.

2.1.3 Residual Stream

Transformer layers are connected by residual connections. The hidden state evolves as:

H(l) = H(l−1) + A(l) +M (l), (2.6)

where A(l) and M (l) are the MHA and FFN outputs at layer l. Unrolling this recurrence,

the final hidden state is:

H(L) = H(0) +
L∑
l=1

(
A(l) +M (l)

)
. (2.7)

The residual stream therefore accumulates a sum of contributions from all components at

all layers, and each component adds its term directly without going through subsequent

layers. This additive structure is the basis for the exact logit decomposition in Chapter 4:

the output logits can be written as a sum of per-component terms, allowing us to measure

the direct contribution of individual components to the outputs.
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2.2 Large Language Models

Large language models (LLMs) are trained to model the probability distribution over se-

quences of tokens drawn from large text corpora. Training proceeds via a next-token pre-

diction objective: given a sequence [x1, x2, . . . , xT ], the model minimizes the negative log-

likelihood of the data:

−
T∑
t=1

log pθ(xt | x1, . . . , xt−1), (2.8)

where θ denotes the model parameters. Applying this loss term at scale (training on hundreds

of billions of tokens and with billions of model parameters) yields models with broad linguistic

and factual knowledge [5].

Modern LLMs are built on the Transformer architecture [6]. Notable model families

include GPT [5], Pythia [48], and LLaMA [7]. These models can be adapted to downstream

tasks through natural language instructions or demonstrations at inference time, without

any gradient updates to the model parameters.

2.3 Mechanistic Interpretability

Mechanistic interpretability is the study of the internal computations of neural networks,

with the goal of attributing observed model behaviors to specific components [43]. For

LLMs, the primary components of interest are neurons (individual entries of FFN hidden

states), attention heads, and MLP blocks as a whole. All three studies in this dissertation

are grounded in mechanistic interpretability: each uses internal model analysis to explain or

improve LLM behavior.

2.3.1 FFNs as Parametric Memories

Geva et al. [46] propose viewing the FFN sublayer as a key-value memory store. In this

view, the rows of the first weight matrix W l serve as keys that pattern-match against the
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input, and the columns of the second weight matrix V l serve as values that encode human-

interpretable concepts and world knowledge. When a key matches an input pattern (i.e., the

corresponding neuron activation hl
i is large), the associated value vector vl

i is promoted in

the output (Eq. 2.5). Geva et al. [47] extend this view by decoding individual value vectors

through the output embedding matrix, showing that each vector corresponds to a coherent

cluster of related tokens in the vocabulary.

Dai et al. [23] identify knowledge neurons, i.e., FFN neurons whose activations are strongly

associated with specific factual relations. Suppressing a knowledge neuron significantly re-

duces the model’s probability of expressing the associated fact. Meng et al. [24] localize

factual associations to specific MLP layers using causal interventions, and propose ROME,

a method that edits the weight matrix V l at those layers to update stored facts.

2.3.2 Attention Head Roles

Attention heads serve specialized roles beyond generic information aggregation. Olsson et

al. [44] identify induction heads, i.e., attention heads that copy patterns from earlier in

the context by attending to the token that followed a similar token previously, as a key

mechanistic substrate for in-context learning. Beyond induction heads, different attention

heads have been found to specialize in syntactic relations, coreference, positional patterns,

and other structured functions. This functional heterogeneity is precisely what makes the

component decomposition in Chapter 4 revealing: rather than treating all heads as equally

contributing to the prediction, the decomposition shows that some heads are strong task

solvers while others actively hurt performance.

2.4 Localization and Attribution Methods

Attributing model behavior to specific components (“localization”) requires methods that es-

timate each component’s importance. Several complementary approaches are used through-
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out this dissertation:

2.4.1 Activation Analysis

The simplest approach assigns importance to neurons based on their activation magnitudes

[47]. High activation values are interpreted as evidence that the corresponding neuron is

active for the behavior of interest. Activation-based attribution is computationally cheap

but does not directly measure causal importance.

2.4.2 Network Pruning

Traditionally used to reduce model size, network pruning [49] is employed here as an occlusion-

based attribution method. We identify key model components by measuring the change in

loss following their removal as a proxy for their importance. Specifically, we learn sparse

masks over neurons to identify a minimal subset of neurons sufficient for reproducing a target

behavior. Chapter 3 adapts two pruning methods, network slimming [50] and hard concrete

masking [51], to localize memorized sequences and demonstrates their effectiveness.

2.4.3 Activation Patching

Activation patching [24, 45] identifies causal components by replacing the activations at a

specific layer and position in one model run with those from a reference run, and measuring

the effect on output. A large effect indicates that the patched component is causally impor-

tant for the behavior of interest. Chapter 5 adapts cross-model activation patching to the

quantization setting, restoring specific activations in a quantized model to their full-precision

counterparts to identify which components drive large quantization errors.
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2.4.4 Logit Lens (Early Exit)

Logit lens [52], a.k.a early exit and early decoding, projects intermediate hidden states

through the final output embedding matrix to obtain token-level interpretations at each

layer. This technique, extended by Geva et al. [47], can also be applied to other component

activations, providing a vocabulary-space view of what each component is contributing.

Chapter 4 uses logit lens as the basis of its component decomposition, which can compute

the individual accuracy of each attention head on downstream tasks.

2.5 LLM Memorization

LLMs trained on large corpora tend to memorize portions of their training data. Given a

prefix from a training document, an LLM may reproduce the corresponding suffix nearly

verbatim using greedy decoding, a phenomenon called verbatim memorization [17]. Mem-

orization raises important privacy and security concerns: sensitive personal information,

medical records, and copyrighted text present in training data may be extractable through

targeted queries [20]. These risks motivate research into machine unlearning [21, 22], the

task of making a model selectively forget specific training examples after the fact.

One promising approach to machine unlearning is to first identify which model compo-

nents are responsible for storing a given memorized sequence, and then surgically modify or

suppress only those components, leaving the rest of the model intact. Chapter 3 addresses the

foundational question underlying this approach: do existing localization methods actually

identify the right components, and how can we rigorously evaluate them?

2.6 In-Context Learning

In-context learning (ICL) [5] is a prompting paradigm that enables LLMs to adapt to new

tasks using a small number of labeled demonstrations provided in the context, without any
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parameter updates. Given a sequence ofK input-label demonstration pairs [x1, y1, . . . , xK , yK ]

and a test input xtest, the model predicts:

ŷ = argmax
y∈Y

P (y | x1, y1, . . . , xK , yK , xtest), (2.9)

where Y is the set of possible label words. Because ICL requires no gradient updates, it

enables rapid deployment across diverse tasks using only a single pretrained model.

Despite its impressive capabilities, ICL is surprisingly sensitive to superficial prompt

choices. The order of demonstrations, the choice of label words, and minor formatting

differences can cause dramatic swings in accuracy [29, 53]. This sensitivity is puzzling

from a task-inference perspective: if the model were simply inferring the task from the

demonstrations, these surface-level variations should not matter. The sensitivity instead

suggests that ICL performance is governed by specific internal components that respond

heterogeneously to different prompt formats, with some robustly extracting the task signal

and others introducing noise or bias. Chapter 4 directly investigates this hypothesis by

decomposing the ICL output logits into individual attention head and MLP contributions,

revealing a rich internal structure that standard LLM evaluation misses.

2.7 LLM Quantization

As LLMs scale to billions of parameters, loading and running them requires substantial mem-

ory. Quantization reduces the memory footprint by representing model parameters in lower

bit precision. Weight-only quantization retains full-precision (16-bit) activations while quan-

tizing model weights to 3–4 bits [10], achieving significant memory savings and maintaining

reasonable performance on standard benchmarks. Chapter 5 leverages interpretability tools

to provide mechanistic insights on why model quantization disproportionately affects certain

examples and how to mitigate the quantization errors.
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Chapter 3

Do Localization Methods Actually Lo-

calize Memorized Data in LLMs? A

Tale of Two Benchmarks

3.1 Introduction

Large language models (LLMs) memorize many sequences from their pretraining corpora [17,

18, 19]. For example, Carlini et al. [20] show that GPT2 [4] can leak some private contact

information verbatim. This paper studies whether we can localize a piece of memorized data,

i.e., identify components in LLMs responsible for generating a sequence (near) verbatim.

Successful localization may inform further work in machine unlearning [21, 22]; for instance,

one could apply “neural surgery” to the located components to make the LLM forget a piece

of sensitive information.

Prior work on knowledge editing suggests that we can locate a small set of LLM param-

eters that store factual knowledge [23, 24]. These works demonstrate localization success by

showing knowledge editing success when updating only the located LLM parameters. How-

ever, Hase et al. [54] argue that editing success and localization are actually uncorrelated.

Similarly, prior methods that identify subnetworks in LLMs [55, 56] usually focus on the
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performance of downstream classification tasks, lacking direct evaluation on localization per

se. Hence, the degree of existing methods’ localization success remains unclear.

This paper studies the open question, “Do localization methods actually localize mem-

orized data in LLMs?” We first propose decoupling localization success from downstream

success in our INJ Benchmark. Our key insight is to actively create the ground-truth

weights responsible for data memorization. Specifically, we force LLMs to use a small set

of pre-decided weights to memorize a piece of new information unseen during pretraining.

Therefore, we have the ground-truth locations where the new information is injected. We

can then directly evaluate how well different localization methods recall the indices of the

injected weights.

We further apply the localization methods to a real-world scenario: identifying a small

set of neurons in an LLM responsible for memorizing a pretrained sequence. In this set-

ting, evaluating localization success is more challenging because the ground-truth “location”

of each memorized sequence is unknown. We propose the DEL Benchmark, inspired by

knockouts [44], a reverse-engineering approach that removes a set of nodes from the compu-

tation graph to observe their importance for specific model behavior. We first collect a set

of memorized sequences, and for each sequence, we drop out the located neurons to mea-

sure their importance to memorizing that target sequence. A successful localization should

cleanly erase the target sequence from an LLM without hurting the memorization of the

other sequences in the set after dropout. Our two benchmarks complement each other: the

INJ Benchmark provides a direct evaluation of localization methods under a well-controlled

setup, while DEL Benchmark answers if the methods can localize pretrained sequences that

LLMs have already memorized.

We systematically evaluate five methods on our two benchmarks, including existing lo-

calization methods (Activations, [47]; IG, [23]), a brute-force method that searches for

the most important neurons (Zero-Out), and two methods we adapt from network pruning

[57, 49], Slimming and Hard Concrete. Our two benchmarks rank the five methods in
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Figure 3.1: Left: INJ Benchmark updates a small set of LLM weights to store the new piece
of data, where the fine-tuned weight vectors and the corresponding neurons are filled with
blue. The neurons predicted by a localization method are circled with black. denotes
true-positive, false-positive, and false-negative neurons. Right: DEL Benchmark
drops out the predicted neurons on a memorized pretrained sequence. A large change in
Levenshtein distance after dropout indicates that were important for LLM f to retrieve
the memorized sequence.

the same order, showing especially strong localization ability for Hard Concrete. For

example, dropping out only 0.5% of neurons in Pythia-6.9B [48] identified by Hard Con-

crete makes the model forget 57.7% of the target memorized tokens on average. On the

other hand, the DEL Benchmark shows all methods struggle to balance between erasing the

target sequence and retaining other memorized data, indicating that the identified neurons

are also relevant for memorizing some other sequences. Overall, both benchmarks agree all

evaluated localization methods are promising, but precise localization of a single sequence

remains difficult.
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3.2 Terminology

A Transformer layer [6] consists of multi-head self-attention and a feed-forward network

(FFN). Prior work shows that LLMs use their FFNs rather than self-attention as “memories”

to store knowledge [46, 47, 24]. Here, an FFN has two fully connected layers with a non-linear

activation function σ:

hl = σ(W l xl) (3.1)

ol = V l hl, (3.2)

where xl ∈ Rd1 is the input hidden states to the l-th FFN layer, W l ∈ Rd2×d1 , V l ∈ Rd1×d2

are the weights, hl ∈ Rd2 the intermediate hidden states, and ol ∈ Rd1 the output hidden

states. Geva et al. [47] rewrite Eq. 3.2 as a linear combination of columns of V l. Let vl
i ∈ Rd1

be the i-th column of V l and hl
i ∈ R be the i-th neuron activation of hl ∈ Rd2 . We have:

ol = V l hl =

d2∑
i=1

hl
i · vl

i (3.3)

They show that different concepts are stored in different vl
i, and that we can view each

activation hl
i as a memory coefficient to retrieve a concept.

Neurons. Dai et al. [23] observe the existence of knowledge neurons, a small set of neurons

in FFN hidden states hl that corresponds to a relational fact, where a neuron means a

component of the vector hl. For example, given the input “The capital of Ireland is ”,

they can increase the model probability on the correct token “Dublin” by amplifying the

activation hl
i of the identified knowledge neurons. With Eq. 3.3, we can view increasing

activation hl
i as promoting the concept stored in vl

i.

In this work, we only search for neurons in FFNs responsible for memorizing a sequence,

following Dai et al. [23]. In the INJ Benchmark, we ensure that FFNs act as neural memories
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by only updating a set of weight vectors vl
i to memorize the new information. As each vl

i

corresponds to a neuron in hl, locating the updated weights is equivalent to locating the

corresponding neurons. In the rest of the paper, we refer to neurons as the neurons in

{hl}Ll=1, where L is the number of layers.

Dropout. Different from Srivastava et al. [58], we drop out located neurons at test time

to erase a memorized sequence from the LLM. We can view dropping out the i-th neuron in

hl as excluding the contribution of vl
i from the output ol in Eq. 3.3.

Memorized Sequences. Consider a sequence x = (p, s) that consists of a prefix p and a

suffix s. Given the prefix as the prompt, if an LLM is able to nearly reconstruct the suffix

with greedy decoding, we say x is a memorized sequence by the LLM. We discuss in 3.3.2

our criteria on suffix reconstruction, where we tolerate near-verbatim memorization; we also

ensure every sequence has a non-trivial suffix.

Localization. Hase et al. [54] provides a general definition of localization: identifying

components of a model responsible for a certain behavior. Under this definition, we consider

components as a small set of neurons and behavior as the LLM’s generation of a memorized

sequence. Although some components are necessary for generation, e.g., the input and

output token embeddings, we do not consider them as they are not specific to any target

sequence.

Localization Methods. Given an LLM, a memorized sequence x, and a fixed number

k, a localization method outputs k% of neurons at each layer as the predictions to localize

sequence x in the LLM.

17



3.3 Two Localization Benchmarks

How do we know whether a method is successful in localization? We propose two benchmark-

ing approaches: one injects a new piece of information into specific parameters in LLMs,

while another deletes an existing memorized sequence from LLMs via dropout. A successful

localization method should do well on both benchmarks.

3.3.1 The INJ Benchmark

A principal challenge in evaluating localization methods is the lack of ground-truth location.

We propose the INJ Benchmark, which first creates ground truth by actively injecting a piece

of unseen information into a small subset of LLM weights. We can then directly evaluate

the correctness of a localization method in predicting the indices of those injected weights.

Data. The ECBD-2021 dataset [59] contains 156 definition sentences of new entities that

rose to popularity during the year 2021, e.g., “Gamma variant, also known as lineage P.1...”.

Since all LLMs we use are trained on corpora released before 2021, the injected weights are

the only parameters in the LLMs responsible for memorizing each new definition sequence

x.

Information Injection. For each new sequence xi in the dataset, we randomly sample r%

of the weight vectors {vl
1, . . . ,v

l
d2
}Ll=1 across all L layers, and fine-tune them to memorize x.

We keep the rest of the model parameters frozen. To simulate how LLMs learn data during

pretraining, we fine-tune with the normal language modeling loss on xi (Eq. 1). To ensure

the entire sequence is well memorized, we keep fine-tuning until we reach a loss < 0.05;

therefore, we can simply set the first token as the prefix p, and the rest of the sequence as

the suffix s. Note we sample a different set of weight vectors ϕi for each sequence xi and

fine-tune a separate model θ̃i. Algo. 1 shows the exact injection process.
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Evaluation. For each model θ̃i injected with a sequence xi, a localization method predicts

k% of neurons at each layer and we calculate Recall@k%. Specifically, given the set of

ground-truth neurons corresponding to all the injected weight vectors across layers, Γi, and

the set of all predicted neurons, Γ̂i, the recall is |Γi∩Γ̂i|
|Γi| . Finally, we average the recall scores

across sequences, and thus average over different choices of weights ϕi for injection.

Algorithm 1 Information Injection

Input: The set of new sequences XECBD = {xi}Ni=1; pretrained LLM θ with L layers; injection
ratio r
Output: The set of fine-tuned LLMsM = {θ̃i}Ni=1

InitializeM← ∅.
for i← 1 to N do

θ̃i ← θ // Initialize from pretrained weights.
Retrieve all the FFN weight vectors Φi = {vl

1, . . . ,v
l
d2
}Ll=1 from layers l of θ̃i.

Set the random seed to i.
ϕi ← Randomly sample r% of weight vectors from Φi. // ϕi ⊂ Φi ⊂ θ̃i
Fine-tune ϕi with the language modeling loss on xi (Eq. 1) with remaining weights θ̃i \ ϕi

frozen.
M←M∪ θ̃i.

end for
returnM

3.3.2 The DEL Benchmark

The DEL Benchmark studies whether we can localize a naturally memorized sequence af-

ter pretraining, which is not answered by the INJ Benchmark. We first collect a set of

memorized pretrained sequences, and then apply localization methods to identify the re-

sponsible neurons for each sequence. Without ground-truth neurons, we adopt knockouts

[60, 44, 61] for evaluation, which measures the importance of model components based on

the effect of removing them. We drop out the located neurons to observe how much they

account for memorizing a sequence. We quantify memorization with two scores: Accuracy

and Levenshtein distance.

Accuracy. Recall that a sequence x = (p, s) consists of a prefix p and suffix s. Accuracy

calculates the percentage of correct suffix tokens generated by teacher-forcing and argmax
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decoding. Formally,

ŝt =argmax
w∈Voc

Pθ(w|p, s<t), t = 1, . . . , T (3.4)

Accuracy =
1

T

T∑
t=1

1{ŝt = st}, (3.5)

where T denotes the suffix sequence length, st the t-th true suffix token, s<t = [s1, . . . , st−1],

ŝt the t-th generated token, Pθ the probability distribution of the LLM parameterized by θ,

and Voc the vocabulary. Higher Accuracy indicates better memorization of the sequence.

Levenshtein distance. While Accuracy is defined at a token level, we note tokens often

contain several characters, e.g., “159”. For sequences like “3.14159265”, every character is

important; thus, we also define a memorization score at the character level. With Eq. 3.4,

we have ŝ = [ŝ1, . . . , ŝT ]. We calculate Levenshtein distance between the generated suffix ŝ

and the true suffix s. Lower Levenshtein distance indicates better memorization.

Data. We collect a set of sequences memorized by each LLM, including Pythia-deduped-

2.8B, Pythia-deduped-6.9B, and GPT2-XL. For Pythia models, the pretraining corpus the

Pile-dedupe [62] is open-sourced, and we use the following criteria to determine which se-

quences are memorized. For each candidate sequence x, we set the first 32 tokens as the prefix

p to prompt the LLM to reconstruct the suffix s of 48 tokens. First, we filter out sequences

with Accuracy (Eq. 3.4, 3.5) lower than 0.9. Second, we use greedy decoding to generate the

suffix, filtering out those with a Levenshtein distance greater than 20 characters to the true

suffix. Third, we discard sequences with repetitive tokens (less than 16 distinct tokens in

the suffix). Finally, we deduplicate the remaining sequences based on n-gram Jaccard index.

We obtain 505 memorized sequences for each Pythia model. For GPT2-XL, we do not have

access to its pretraining corpus and find very few memorized sequences from several public

corpora with our criteria. Thus, we actively search for potentially memorized sequences,

discovering 105 memorized sequences and categorizing them manually (Table 3.1). See A.8
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for details and example sequences.

We sample 5 sequences as the dev set to tune the hyperparameters of different methods

(see A.9), using the rest of the collected sequences as the test set. We quantify the memo-

rization of LLMs on the collected test sets. Table A.4 in the appendix shows that all LLMs

have a high average Accuracy (∼ 100%) and a low Levenshtein distance (∼ 1 character) to

the true suffix, suggesting that the sequences we collect are indeed well memorized.

Evaluation. When we evaluate one sequence x in the collected test set X , we consider the

rest of the memorized sequences, X \ {x}, as negative examples. A successful localization

method should make LLMs forget the target sequence (large changes in memorization scores),

but still remember the other negative examples (small changes in memorization scores) after

dropping out the predicted k% of neurons at each layer.1 We also calculate the absolute

change in perplexity on a batch of 2048 sequences sampled from the Pile-dedupe, D, to

evaluate whether the general language modeling ability remains intact after dropout.

1We do not drop out neurons in the bottommost layer, as it hurts LLMs’ overall memorization indiscrim-
inately (3.5.4).

Category Examples Count

Quotes Churchill, Steve Jobs, Trump 17
Quotes (Book) Dune, 1984, Bible 14
Ordered items Zodiac Signs, US Presidents 11
Terms of use MIT License 10
Poems The Second Coming 9
Code GitHub 9
Contact Info A journalist’s email 7
URLs Reddit, file link 5

Others
long COINBASE ID, meme,
Bill of Rights, Pi digits

23

Table 3.1: Collected sequences memorized by GPT2-XL.
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Despite similarities to the evaluation of model editing [63, 64], we can better reflect

localization success. Unlike Meng et al. [24] that edit the located weights with gradients, we

restrict our operation to neuron dropout. Because dropout has limited freedom in changing

LLMs behavior, successful deletion via dropout requires successful localization; in contrast,

gradient-based editing could succeed even without good localization [54].

3.4 Localization Methods

We benchmark five localization methods. Each method assigns an attribution score Al(i) to

each neuron nl
i, the i-th neuron in the l-th layer, representing its importance in memorizing

a sequence x. At test time, we select the top-k% of neurons in each layer for each method

in terms of attribution scores as the located neurons for x by that method.

Several methods involve calculating the language modeling loss of an LLM θ on the

suffix of the target sequence x = (p, s). We denote the loss as memorization loss, ℓmem
θ (x).

Formally,

ℓmem
θ (x) =

1

T

T∑
t=1

− logPθ(st|p, s<t) (3.6)

Zero-Out. We introduce an exhaustive method that drops out neurons one by one and

uses the resulting change in memorization loss on x as the attribution score to each neuron

nl
i:

Al(i) = ℓmem
θ\nl

i
(x)− ℓmem

θ (x) (3.7)

We denote ℓmem
θ\nl

i
as the memorization loss of the LLM θ after dropping out a neuron nl

i. The

larger the change in the loss, the more important the neuron is for memorization. Zero-Out

is closely related to the occlusion-based attribution method [65].

Activations. We can view the neuron activation hl
i as the memory coefficients (3.2). Thus,

similar to Geva et al. [47], we set the attribution Al(i) as the absolute value of hl
i multiplied
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by the vector norm of vl
i, averaged across the suffix length T :

Al(i) =
1

T

T∑
t=1

|hl
i,t| ∥vl

i∥, (3.8)

where hl
i,t denotes the activation value at the t-th timestep, when the input consists of all

the tokens before st, i.e., [p, s<t].

Integrated Gradients (IG). We benchmark integrated gradients [66], an attribution

method that has been used to identify knowledge neurons and privacy neurons [23, 67]. IG

cumulates the gradients at all points along the path from a zero vector to the original hidden

state hl. See A.2 for more details.

GPT2 124M GPT2-XL 1.5B Pythia-deduped 2.8B Pythia-deduped 6.9B

R@1% R@2% R@5% R@1% R@2% R@5% R@1% R@2% R@5% R@1% R@2% R@5%

ratio = 1%
Hard Concrete 49.5 0.48 70.2 0.54 87.4 0.33 29.7 0.47 37.1 0.49 48.1 0.46 34.3 0.33 50.1 0.43 72.1 0.47 36.8 0.45 55.1 0.51 76.4 0.41

Slimming 48.1 0.64 66.7 0.69 80.7 0.54 19.3 0.49 29.2 0.59 41.1 0.59 37.0 0.43 50.7 0.47 61.5 0.44 39.9 0.38 55.1 0.38 66.5 0.35

Zero-Out 24.9 0.78 37.5 1.05 53.8 1.24 4.1 0.13 7.2 0.23 13.7 0.42 10.6 0.20 15.0 0.24 21.4 0.30 - - -
IG 20.5 0.55 32.1 0.80 49.9 0.99 4.3 0.13 7.2 0.21 13.3 0.37 11.6 0.22 16.9 0.28 23.9 0.34 12.8 0.23 18.7 0.29 27.2 0.35

Activations 3.0 0.09 5.2 0.13 13.3 0.32 2.1 0.05 5.0 0.10 12.0 0.16 7.8 0.11 12.8 0.20 30.5 0.53 7.9 0.11 12.4 0.17 27.3 0.43

Random 1.0 0.04 2.1 0.06 5.0 0.09 1.0 0.01 2.0 0.02 5.0 0.03 1.0 0.01 2.0 0.02 5.0 0.03 1.0 0.01 2.0 0.02 5.0 0.02

ratio = 0.1% @0.1% @0.2% @0.5% @0.1% @0.2% @0.5% @0.1% @0.2% @0.5% @0.1% @0.2% @0.5%

Hard Concrete 56.4 0.83 79.6 0.89 93.7 0.52 47.5 0.40 59.1 0.47 68.0 0.46 48.5 0.49 67.3 0.50 86.7 0.34 46.4 0.60 66.3 0.71 82.3 0.48

Slimming 58.9 0.59 83.5 0.68 94.4 0.49 35.4 0.56 55.9 0.64 69.5 0.55 48.3 0.43 63.5 0.46 73.9 0.43 48.5 0.57 60.9 0.60 71.0 0.71

Zero-Out 54.1 0.68 77.8 0.78 90.9 0.70 14.3 0.62 21.8 0.94 31.9 1.27 16.5 0.48 21.1 0.57 26.6 0.66 - - -
IG 53.5 0.78 74.1 0.92 84.8 0.80 13.8 0.53 20.3 0.79 29.7 1.06 18.0 0.49 23.3 0.60 30.2 0.68 29.3 1.03 34.4 1.02 39.6 0.97

Activations 11.1 0.43 26.5 0.84 51.5 1.06 7.5 0.35 15.9 0.61 30.6 0.76 21.6 0.72 34.6 0.98 52.5 1.07 34.0 1.03 45.9 1.02 59.5 0.97

Random 0.1 0.03 0.2 0.06 0.5 0.07 0.1 0.01 0.2 0.02 0.5 0.03 0.1 0.01 0.2 0.02 0.5 0.03 0.1 0.01 0.2 0.02 0.5 0.02

Table 3.2: The INJ Benchmark. We experiment with injection ratio at 1% (Top) and 0.1%
(Bottom) and report the Recall@k% and standard errors of different localization methods
averaged across the sequences in ECBD-2021.

Slimming. We introduce Slimming, a localization method adapted from prior work [50,

68] on network pruning. Pruning aims to reduce the model size by finding a subnetwork

that can achieve a low loss on the task, e.g., sentiment analysis. In our setting, we find a

small set of neurons that are crucial for maintaining a low memorization loss ℓmem
θ (x) on one

target sequence x (Eq. 3.6). Specifically, Slimming minimizes the memorization loss while
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learning a sparse mask ml ∈ Rd2 on the hidden state hl in every layer, with mask value ml
i

on neuron nl
i. At each layer, we transform hl to hl ⊙ ml before computing further layers,

where ⊙ denotes element-wise multiplication. The sparse mask encourages the LLM to use

only a small set of neurons to recall a piece of memory. All the weights of the LLM are kept

frozen during the training; only the mask ml is learnable. Formally,

min
ml

l=1,...,L

ℓmem
θ (x) + λ

L∑
l=1

∥ml∥1, (3.9)

where λ is the hyperparameter to balance the memorization loss and the L1 sparsity regu-

larization on the mask. After training, we set the attribution score Al(i) = ml
i, as m

l
i learns

the importance of the existence of a neuron to the memorization loss.

Hard Concrete. The limitation of Slimming is that it tends to assign mask values ml
i

between 0 and 1 on most neurons, creating a mismatch between training and testing. In

particular, at inference time we either activate (equivalent to setting ml
i = 1) or drop out

(ml
i = 0) a neuron. Thus, we adapt another pruning method Hard Concrete [51, 69]

for localization, which improves over Slimming by encouraging mask values ml
i to be ap-

proximately binary. Similar to Slimming, Hard Concrete learns parameters ml ∈ Rd2 in

every layer. But instead of directly using ml as the mask, the mask m̄l in Hard Concrete

is a random variable (r.v.) that depends on ml. Specifically, Hard Concrete derives

the mask value m̄l
i from a binary concrete [70, 71] random variable, m̂l

i. A binary concrete

distribution m̂l
i ∼ Concrete(ml

i, β) is parameterized by the location ml
i and temperature β.

When the hyperparameter β → 0, sampling from the binary concrete distribution is identical

to sampling from a Bernoulli distribution but loses the differentiable property. With β > 0,

we allow gradient-based optimization of parameter ml
i through the reparametrization trick.

24



Formally,

ui ∼ U (0, 1) , (3.10)

m̂l
i = σ

(
1

β
(log

ui

1− ui

+ logml
i)

)
, (3.11)

where σ denotes the sigmoid function and ui is a r.v. sampled from uniform distribution

U (0, 1). We describe the details about how Louizos, Welling, and Kingma [51] extend a

hard concrete r.v. m̄l from the binary concrete r.v. m̂l
i and use L0 regularization R(m̄l) to

encourage sparsity in A.4.

To learn the parameters ml, we freeze the LLM weights θ and simultaneously optimize

the memorization loss on the target sequence x and the sparsity loss R(m̄l). Formally,

min
ml

l=1,...,L

ℓmem
θ (x) + λ

L∑
l=1

R(m̄l) (3.12)

At test time, m̂l
i can be estimated as σ

(
logml

i

)
[51]; thus, we set the attribution score

Al(i) = σ
(
logml

i

)
.

3.5 Experiments

3.5.1 INJ Benchmark Results

Table 3.2 shows the average Recall@k% and standard errors of different localization methods

on four LLMs under our INJ Benchmark evaluation. When the injection ratio is 1% (Ta-

ble 3.2; Top), there are 1% of weight vectors injected with each new sequence, yielding 1%

of ground truth neurons, and every method predicts k = {1, 2, 5}% of neurons at each layer.

When the injection ratio is 0.1% (Table 3.2; Bottom), every method predicts {0.1, 0.2, 0.5}%

of neurons at each layer. We also study the alternative that predicts top-k neurons across

layers in A.11, which shows results consistent with Table 3.2 but with lower recall overall.
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∆ Self-Acc ↓ ∆ Self-Dist ↑ ∆ Neg-Acc ↑ ∆ Neg-Dist ↓ ∆ Rand-PPL ↓
dropout ratio = 0.1% 0.5% 0.1% 0.5% 0.1% 0.5% 0.1% 0.5% 0.1% 0.5%

GPT2-XL 1.5B
Hard Concrete -34.6% -57.1% 42.9 74.0 -2.4% -4.8% 2.5 5.4 0.03 0.11
Slimming -30.5% -57.8% 37.7 75.4 -3.5% -6.4% 4.1 7.5 0.02 0.17
Zero-Out -29.8% -46.1% 33.0 55.2 -3.1% -4.8% 3.5 5.5 0.03 0.09
IG -25.8% -40.8% 27.0 46.0 -2.2% -3.4% 2.3 3.7 0.01 0.05
Activations -14.8% -29.5% 16.9 36.4 -3.0% -4.7% 3.1 5.4 0.11 0.16
Random -0.2% -0.5% 0.2 0.4 -0.2% -0.5% 0.1 0.4 0.00 0.03

Pythia-deduped 2.8B
Hard Concrete -29.0% -53.2% 55.3 99.8 -3.7% -10.5% 7.7 22.1 0.23 0.56
Slimming -17.4% -45.1% 32.9 80.8 -3.3% -7.0% 6.6 13.9 0.26 0.49
Zero-Out -14.8% -25.9% 26.4 45.2 -1.1% -2.5% 2.1 5.0 0.21 0.35
IG -16.7% -30.3% 29.1 52.5 -0.9% -2.1% 1.8 4.4 0.09 0.18
Activations -13.0% -25.5% 27.5 52.2 -3.1% -6.1% 6.6 12.9 0.11 0.20
Random -0.1% -0.3% 0.1 0.5 -0.1% -0.3% 0.2 0.5 0.00 0.02

Pythia-deduped 6.9B
Hard Concrete -29.2% -57.7% 58.5 109.9 -3.8% -14.7% 8.7 32.6 0.16 0.52
Slimming -24.1% -48.7% 48.8 92.1 -4.2% -11.3% 9.1 23.6 0.23 0.58
IG -16.9% -32.3% 31.4 57.8 -2.3% -4.9% 5.3 11.5 0.27 0.37
Activations -11.5% -26.8% 25.5 51.5 -2.5% -8.1% 5.5 17.2 0.12 0.45
Random -0.1% -0.2% 0.1 0.4 -0.1% -0.2% 0.1 0.3 0.00 0.02

Table 3.3: The DEL Benchmark. Hard Concrete is the most effective method in erasing
the target sequence (Self), while IG can best maintain the LLM performance on unrelated
sequences (Neg and Rand) after dropout.

All methods can do localization. First, all five localization methods greatly outperform

Random, which randomly predicts the same number of neurons at each layer. Interestingly,

when the injection ratio is lower (0.1%), all localization methods achieve higher recall, pos-

sibly because the information is more concentrated in the injected weights and thus easier

to identify.

Pruning-based methods perform the best. Slimming and Hard Concrete, the

methods based on network pruning, substantially outperform the other methods across all

setups. Specifically, Hard Concrete achieves Recall@0.5% higher than 80 in three out

of four LLMs. Zero-Out and IG perform similarly and outperform the simple method

Activations overall, but are much more computationally expensive than the other methods

(see comparisons in A.7).
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Our results hold under more data and different random seeds. In the appendix, we

show that our conclusions hold when expanding the INJ Benchmark to the newly released

ECBD 2022, 2023 dataset [72] (A.5), and they are robust to the choice of random seed,

which controls the choice of injected weights (A.6).

3.5.2 DEL Benchmark Results

Table 3.3 shows to what extent dropping out k = {0.1, 0.5}% of neurons predicted by different

methods makes LLMs forget the target sequence x (Self), while still memorizing the other

sequences X \ {x} (Neg), and keeping the perplexity on the random batch D (Rand-PPL)

intact. We evaluate one target sequence at a time and report the average absolute changes

(∆) in Accuracy (Acc), Levenshtein distance (Dist), and perplexity after dropout.

All methods show evidence of localization. Randomly dropping out the same number

of neurons (Random) barely changes the LLM behavior. In comparison, all five localization

methods successfully identify neurons that contribute much more to memorizing the target

sequence than to negative examples, showing evidence of their localization ability on real-

world memorized data.

Methods trade off between ∆ Self and ∆ Neg. We find Slimming and Hard Con-

crete much more effective than other methods in erasing the target sequence itself. How-

ever, they are worse at preserving LLM memorization of the negative examples and the

perplexity of randomly sampled sequences. For example, dropping out 0.5% of GPT2 neu-

rons predicted by Slimming decreases Accuracy by 57.8% and increases 75.4 characters in

Levenshtein distance on the target sequence, but it also hurts the Accuracy on negative ex-

amples by 6.4% and increases Levenshtein distance by 7.5 on average. On the other hand, IG

best maintains the performance on negative examples and perplexity, but is not as successful

in erasing the target sequence itself. Interestingly, although Zero-Out assigns the attri-

bution scores with a leave-one-out approach, it does not perform the best on either target
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sequences or negative examples, implying that the individual neuron dropout effect does not

reliably predict the collective effect of dropping out many neurons at the same time. Overall,

it is challenging for methods to effectively and specifically locate the target sequence at the

same time.

Which negative examples are forgotten? We analyze how the negative examples af-

fected by dropout are related to the target sequence. Figure 3.2 is the confusion matrix on a

representative subset of GPT2 memorized data, Y ⊂ X , where each row shows how dropping

out 0.5% of the neurons predicted by Hard Concrete on a target sequence changes the

Accuracy of every sequence in Y . We group sequences under the same category (see Table

3.1) in adjacent rows. We find Hard Concrete sometimes confuses related data; for ex-

ample, in the Address category consisting of mailing addresses, dropping out the neurons

of an address sequence also causes substantial Accuracy drops on other addresses. We also

find confusion across the Poems, Shakespeare, and Bible categories of literary sequences.

Qualitatively, we found several web pages containing famous quotes from different poems

and books; such co-occurrences may also appear multiple times in GPT2’s pretraining cor-

pus and may explain why in Figure 3.2, a small set of neurons affect quotes from different

sources. While these findings could suggest that Hard Concrete struggles to pinpoint

neurons that are specific to a target sequence, it may also be that LLMs actually use a

shared set of neurons to memorize several related sequences. Figure A.2 in A.8 shows the

confusion matrices of other methods and Figure A.3 is the matrix of the entire dataset X .

Both figures share patterns similar to Figure 3.2.

3.5.3 Concurrence of the two benchmarks

This section studies if the two benchmarks rank the methods similarly [73] and whether the

differences between methods are significant.
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Figure 3.2: The confusion matrix of Hard Concrete on a subset of data memorized by
GPT2-XL.

Rankings of localization methods. The INJ Benchmark, which solely evaluates the

injected target sequences,2 and the Self- part of the DEL Benchmark show consistent rank-

ings: Hard Concrete performs slightly better than Slimming, followed by Zero-Out

and IG;Activations performs the worst but still substantially outperformsRandom. This

2INJ Benchmark does not have negative examples, since we do not have ground-truth neurons of pre-
trained sequences.
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consistency suggests that despite the differences in data and setups, the two benchmarks re-

flect the same underlying localization abilities of different methods. We believe the reason

pruning methods perform better is that they learn to mask multiple neurons simultaneously,

therefore consider the collective effect of different components, while other methods only

consider the importance of each neuron individually.

Tests of significance. We run t-tests to test if pruning-based methods outperform IG

significantly. For the INJ Benchmark, each method has 24 Recall@k% scores in Table 3.2;

we run 24 one-tailed paired t-tests accordingly. With Bonferroni correction, we set the

significance level α = 0.05
24

. Table A.7 in the appendix shows that for Hard Concrete vs.

IG and Slimming vs. IG, respectively, there are 23/24 and 24/24 tests that have p-values

< α. Similarly, in the DEL Benchmark, each method has 6 ∆ Self-Acc scores in Table

3.3; thus, we run 6 paired t-tests. Table A.8 shows that 5/6 and 6/6 tests have p-values

< 0.05
6
, for Slimming vs. IG and Hard Concrete vs. IG, respectively. Notably, for both

benchmarks, most tests have p-values < 10−10. Overall, these results support our claims

that the difference between pruning-based methods and IG is significant.

3.5.4 Is the memory of a piece of information distributed over

layers?

To understand the individual effect of each layer on memorization, we study the alternative

that drops out the same number of neurons in a single layer. In 3.5.2, a method predicts

top-0.1% of neurons in every layer after the bottommost layer; thus, we have a “budget” of

N = 0.1%× 6400× (48− 1) neurons for GPT2-XL. Here, the alternative strategy drops out

the top-N neurons in a single layer in terms of the attribution scores assigned by a method.

Using the attribution assigned by IG, Figure 3.3 compares the two dropout strategies,

illustrating their ∆ Self-Acc and ∆ Neg-Acc scores (see more methods in A.10). First, we find

dropping out neurons in multiple layers much more efficient in erasing the target sequence,
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as the horizontal blue line shows a greater decrease in Self-Acc than the solid blue line,

suggesting that memorized information is stored in a distributed fashion over many layers,

not concentrated in a single layer. The only exception is dropping out neurons in Layer 1;

however, it also greatly hurts Neg-Acc. The large memorization decreases on all sequences

may imply that the bottom layers of LLMs mainly work on processing basic and general

information [74], instead of focusing on a specific sequence.

3.6 Related Work and Discussion

Localization identifies function-specific components, including neurons [75, 76], layers [77],

or subnetworks [78, 79, 80]. For example, Dai et al. [23] find knowledge neurons for each

relational fact. Meng et al. [24] locate relational facts to middle FFNs, specifically when

LLMs process the last token of the subject. Bayazit et al. [81] discover sparse knowledge

subnetworks in GPT2 with a differentiable weight masking method. However, there is no

standard approach to evaluate the effectiveness of localization methods. We are the first to

systematically and directly compare different methods on LLMs of different sizes.

We take the view that LLM memorization of a sequence is different from learning a

type of knowledge. Memorization is reproducing a long sequence (near) verbatim. In con-

trast, knowledge, often represented as a ¡subject, relation, object¿ triplet, occurs in variable

contexts, where paraphrases are treated as equivalent expressions of the same knowledge.

Localization of verbatim memorization helps unlearn private or copyrighted data, for exam-

ple, Wu et al. [67] apply IG to localize and then erase private data from a BERT fine-tuned

on Enron Email dataset [82]. Our DEL Benchmark differs from Wu et al. [67] in two main

ways: (1) we delete sequences that LLMs have naturally memorized during pretraining,

(2) we locate neurons for each sequence independently, rather than finding a shared set of

neurons, as our collected datasets cover diverse sequences. Localization can also prevent

overfitting: Maini et al. [83] drop out pre-allocated neurons tied to memorizing mislabeled
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Figure 3.3: Dropout in one layer vs. multiple layers.

examples. In contrast with these works, we focus on benchmarking localization ability, since

successful localization is the basis of its downstream applications.

3.7 Conclusion

We propose two benchmarking approaches to define the success of LLM localization, focus-

ing on locating a small set of neurons in an LLM that are responsible for memorizing a

sequence. The INJ Benchmark enables a direct evaluation of localization methods, while

the DEL Benchmark evaluates methods on naturally memorized sequences, using dropout

to measure localization success. The two benchmarks complement each other and show

consistent rankings of methods. We find promising localization ability of all five methods

we evaluate, especially for Hard Concrete. Meanwhile, all methods confuse memorized

sequences in the same or related categories. This finding suggests a need for better localiza-

tion methods and poses the open question of whether LLMs use a shared set of neurons to

memorize related sequences such that perfect localization is not possible.
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Chapter 4

When Parts Are Greater Than Sums:

Individual LLM Components Can Out-

perform Full Models

4.1 Introduction

The rapid progress in large language models (LLMs) has popularized prompting, which

guides LLMs to perform tasks with instructions or examples. Notably, in-context learning

(ICL; [5]) adapts LLMs to a new task using only a few labeled examples without parameter

updates. However, how LLMs react to the in-context examples is sometimes unintuitive

[26]. Recently, Sclar et al. [27] and Voronov, Wolf, and Ryabinin [28] find that even for

instruction-tuned [84] or very large models, adding a space or newline in prompts can greatly

affect accuracy.

We look into the LLM internals to understand what causes the surprising behavior across

various ICL settings. Our work stands in contrast to prior studies, which often treat LLMs

as black boxes and alter either the input [31, 85] or output [29, 30]. We introduce a new view

of ICL by decomposing the output of an LLM into the sum of individual contributions of

MLPs and attention heads, denoted “components.” Figure 4.1 reveals three types of curious
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components: good-performing ones (blue) that individually perform well or even outperform

the full model, bad-performing ones (red) that perform below chance, and label-biased ones

(green) that predict the same label on the entire test set. We observe these three classes of

components on Llama-2-7B, Llama-2-13B [86], Llama-3-8B [87], and Mistral-Instruct-7B [8]

across 8 classification tasks.

We study the sensitivity of LLM components to multiple prompts formed by different

demonstrations and templates. We also construct contrast sets of templates, pairs of similar

templates that yield large differences in ICL accuracy. Despite large variance in full-model

accuracy, we find that component accuracies correlate well across different demonstrations

(r = 0.80 on average) and contrast set templates (r = 0.57). The top-performing components

in contrast set pairs overlap and achieve decent accuracy even when the full model performs

near random (Figure 4.2). Nonetheless, the component accuracies of two sampled templates

are less correlated (r = 0.34). Further, good-performing components generalize well to

out-of-distribution test sets. For instance, the top-1 component for MNLI outperforms the

full Llama-2-13B model by 9.1% on MedNLI; Figure 4.1 also shows that components are

transferrable from SST2 to Yelp. We conclude that components are relatively consistent in

their behavior across prompts and datasets.

Inspired by our findings, we propose component reweighting. Compared to prior work

that selects prompts from a large pool of labeled data to improve ICL accuracy [88], com-

ponent reweighting softly selects components by learning weights from few-shot examples

to scale component activations. Training these weights only involves learning a linear layer,

which takes less than a minute on one CPU. Overall, component reweighting better utilizes

the same labeled examples, improving over 24-shot ICL by 6.0%, 2.2%, 5.1%, 1.6% on Llama-

2-7B, Llama-2-13B, Mistral-Instruct-7B, and Llama-3-8B, respectively. At the same time, it

enjoys similar inference speed as 4-shot ICL.

Finally, we study the training dynamics of components using the Pythia pretraining

checkpoints [48]. During pretraining, good-performing components emerge well before the
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full model performs well. These findings suggest that LLMs acquire the internal ability to

perform in-context learning early in training, but this ability only surfaces in the full model’s

behavior later on.

Overall, our work conducts extensive analysis of LLM internals, which motivates a prac-

tical method to improve ICL. We hope to inspire future work that further sheds light

on LLM internals in order to improve performance. Our implementation is available at

https://github.com/terarachang/LLMDecomp.

4.2 Decomposing the Transformer in ICL

We introduce a new view of in-context learning by decomposing the Transformer architecture

[6]. Our decomposition is exact, a mathematically equivalent formula for the model’s outputs,

and enables us to analyze model internals without training additional parameters (unlike,

e.g., probing). We first discuss what our new view offers over the standard view of ICL, and

then walk through the mathematical details.

4.2.1 A New View of In-Context Learning

Standard view. An LLM performs in-context learning (ICL) on a task based on a few

demonstrations without training, where each demonstration is a templated example (x, y)

consisting of an input x and a label word y. We refer to a sequence of K demonstrations

[x1, y1, . . . , xK , yK ] as a prompt. The LLM makes predictions on a test input xtest conditioned

on the prompt, denoted by argmaxy∈YP (y|prompt, xtest), where Y is the set of possible label

words in a classification task.

Our view. The residual stream of an LLM directly carries the information of the ini-

tial hidden state, every attention head, and every MLP, collectively named “components,”
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towards the output layer. We view this information as the direct contributions1 of com-

ponents to the output logits, and derive a formula for logits,
∑

j gj, where gj is the direct

contribution of the component indexed by j. We can obtain the predictions of component

j with argmaxy∈Y gj, and then calculate its individual ICL accuracy. Specifically, we de-

rive gj = U · Cj in Eq. 4.8 below, where U is the output embedding matrix and Cj is the

post-layernorm activations of component j. We name the operation (Cj 7→ U · Cj) as early

decode, sharing the same spirit as nostalgebraist [89] and Geva et al. [47], which interpret

hidden representations by decoding through U . Compared to the standard view, we can

directly study the behavior of individual components (Figure 4.2), characterizing them and

scaling their contributions to the model output.

4.2.2 A Walkthrough of the Decomposition

A Transformer of L layers consists of a multi-headed attention (MHA) and MLP in every

layer. Let a(l) ∈ Rd andm(l) ∈ Rd be the output of the MHA and MLP at layer l, respectively.

Due to residual connections, the hidden state x(l) ∈ Rd is:

x(l) = x(l−1) + a(l) +m(l), (4.1)

x(L) = x(0) +
L∑
l=1

(
a(l) +m(l)

)
. (4.2)

Note that GPT2-like LLMs apply layernorm before MHA and MLP [4]; thus, layernorm

is already taken into account as part of the formula for computing a(l) and m(l) (see Ap-

pendix B.3).

An MHA a(l) is composed of n attention heads:

a(l) = W (l)
o · Concat([h

(l)
1 , . . . , h(l)

n ]) (4.3)

1In comparison, a component has indirect contributions to the output by affecting other components in
later layers [45]. This paper focuses on direction contributions.
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SST2 BoolQ QQP WiC RTE MNLI AGNews ARC-Easy Avg.
L
la
m
a
2

7
B

Full 75.8 18.1 69.2 12.0 61.3 9.9 52.4 3.0 68.9 3.2 34.4 1.7 70.0 19.9 57.5 14.4 61.2
Oracle-T1 91.7 0.9 69.7 7.7 67.8 4.3 57.8 1.1 64.6 2.7 46.3 3.3 80.8 5.2 54.5 10.1 66.6
Oracle-B1 12.1 2.7 34.1 7.3 32.5 3.9 42.9 1.2 34.7 2.8 24.1 2.4 3.0 1.1 12.7 4.2 24.5

L
la
m
a
2

1
3
B

Full 89.0 5.3 77.6 6.8 71.0 6.8 55.0 3.8 75.1 2.3 45.7 7.9 70.8 20.6 73.2 13.7 69.7
Oracle-T1 92.5 0.6 77.5 6.0 73.5 2.9 60.4 1.2 75.7 2.3 56.4 4.7 84.6 3.6 73.1 7.9 74.2
Oracle-B1 8.2 1.0 27.1 9.7 31.8 3.4 39.5 1.6 27.9 2.8 18.6 2.6 1.8 0.9 5.4 3.5 20.0

M
is
tr
a
l

In
s
7
B Full 90.1 2.9 81.3 2.1 70.9 7.2 58.5 4.2 80.5 1.7 56.1 5.0 83.0 5.7 79.8 1.4 75.0

Oracle-T1 91.9 0.7 80.8 2.0 75.6 2.6 60.6 2.2 81.3 0.8 61.5 3.3 83.7 4.3 78.5 2.2 76.7
Oracle-B1 8.1 0.9 19.5 2.5 25.8 4.1 39.3 2.8 20.0 1.7 14.6 2.9 1.8 0.7 4.6 1.3 16.7

L
la
m
a
3

8
B

Full 91.4 1.7 79.2 7.2 74.0 8.0 58.7 4.7 76.5 2.2 59.4 3.7 84.0 6.6 87.4 5.5 76.3
Oracle-T1 92.3 1.0 77.4 7.3 77.4 3.7 64.5 2.7 76.3 2.9 60.7 1.5 81.4 5.7 86.0 5.9 77.0
Oracle-B1 9.0 0.9 22.5 7.4 23.5 3.9 36.7 3.3 23.4 2.1 10.0 4.2 1.4 0.6 1.9 0.9 16.0

Random 50.0 50.0 50.0 50.0 50.0 33.3 25.0 25.0 41.7

Table 4.1: {3, 4}-shot ICL accuracy of 8 tasks and the average accuracy (Avg.). We run
15 prompts for each task (see Section 4.3) and report the mean accuracy and standard
deviation. We show the existence of good components (Oracle-T1) inside LLMs that
individually perform on par with the full model (Full) on diverse tasks. Similarly, there
exist bad components (Oracle-B1) that perform substantially below chance (Random).

for h
(l)
i ∈ Rdhead a head and W

(l)
o ∈ Rd×ndhead the output projection in MHA aggregating all

heads. Elhage et al. [43] rewrite Eq. 4.3 by segmenting W
(l)
o into n matrices W

(l)
oi ∈ Rd×dhead :

a(l) =
n∑

i=1

(
W (l)

oi
· h(l)

i

)
=

n∑
i=1

h̃
(l)
i , (4.4)

where [W (l)
o1
, . . . ,W (l)

on ] = W (l)
o (4.5)

Thus, we can treat each head as a single component adding h̃
(l)
i = W

(l)
oi · h

(l)
i to the residual

stream.

Finally, through the output embedding matrix U ∈ R|Vocab|×d, the output logits are:

logits = U · LN(x(L))

= U · LN

(
x(0) +

L∑
l=1

n∑
i=1

h̃
(l)
i +

L∑
l=1

m(l)

)

= U · LN

(
1+L×n+L∑

j=1

zj

)
, (4.6)
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where z = [x(0), h̃
(1)
1 , . . . , h̃

(L)
n ,m(1), . . . ,m(L)] in Eq. 4.6 and we index every term in the

summation with j. LN(·) denotes the final layernorm, specifically, RMSNorm [90] for LLMs

in our paper (see Appendix B.3). In Eq. 4.6, LN(
∑

j zj) =
∑

j zj

RMS(
∑

j zj)
⊙ γ, where RMS

denotes root mean square, ⊙ denotes element-wise multiplication, and γ ∈ Rd is the affine

parameters. By pre-computing γ̂ = γ
RMS(

∑
j zj)

, we have:

logits = U ·

(∑
j

zj ⊙ γ̂

)
(4.7)

=
∑
j

U · Cj, where Cj = zj ⊙ γ̂ (4.8)

We refer to all Cj ∈ Rd as the component activations, which include the activations of

attention heads and MLPs after the final layernorm.2 Now that we have broken down

the Transformer output into simple additions in Eq. 4.8, we can easily analyze the direct

contribution of each component to the logits through the residual stream, gj = U · Cj.

In ICL, we only need to do the decomposition when LLMs start to generate, i.e, when

processing the last token of the input. The computations on the other tokens are the same as

the standard ICL. In all our experiments, we use single-token label words. We use multiple

templates from Bach et al. [91] that cover diverse label words for each task.

4.3 Characterizing Components for ICL

We conduct in-context learning across 8 classification tasks on 4 LLMs: Llama-2-7B, Llama-

2-13B, Mistral-Instruct-7B, and Llama-3-8B. ICL is sensitive to prompts, so we randomly

sample 5 disjoint sets of demonstrations formatted with 3 templates and report the standard

deviation across the 15 runs. To avoid majority and recency biases [29], each prompt consists

of the same number of demonstrations from every class in shuffled order. We use K = 3

2Empirically, we find that x(0) has near-random ICL accuracy on all the tasks, so we omit it in the rest
of the paper.
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demonstrations for 3-way classification tasks and K = 4 for the other tasks. Except for

Section 4.5.1, we refer to K = {3, 4} without further notice. We sample 2000 examples with

balanced labels as the test set for every task. Please see Appendix B.1 for details about the

tasks and templates.

4.3.1 Good and Bad-Performing Components

Across all the tasks and LLMs, we observe good-performing components that perform well or

even outperform the full model, and bad-performing components that individually perform

much worse than chance (blue and red dots in Figure 4.1, respectively). Table 4.1 compares

the full model (Full) with the top-1 (Oracle-T1) and bottom-1 (Oracle-B1) compo-

nents selected on the test set. On average, Oracle-T1 outperforms Full by 5.4%, 4.5%,

1.7%, 0.7% on Llama-2-7B, Llama-2-13B, Mistral-Instruct-7B, and Llama-3-8B, respectively;

Oracle-B1 underperforms random guessing (Random) by 17.2%, 20.7%, 25.0%, 25.7%.

4.3.2 Label-Biased Components

Besides good and bad-performing components, we also observe label-biased components,

which predict a certain label on the entire test set (the green dots in Figure 4.1). These com-

ponents exist in all the tasks and LLMs we study, accounting for 29.1%, 26.4%, 22.8%, 29.7%

of components on average in Llama-2-7B, Llama-2-13B, Mistral-Instruct-7B, and Llama-3-

8B, respectively (Table B.13). In Appendix B.2, we show that even when we prompt the

model with all demonstrations of positive labels, the most biased component still insists on

predicting “negative” on the entire test set, and vice versa.

4.3.3 Mechanistic Understanding of Bad-Performing Heads

Prior work studies the mechanism of certain components in LLMs, showing that there are

negative mover attention heads that write in the opposite direction of the expected answer
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[45] and copy suppression heads that suppress the prediction of a prior token in the context

[92]. Inspired by them, we investigate the mechanism behind bad-performing heads identified

by our decomposition. We focus on label tokens in the context, as Wang et al. [93] show

that label words serve as anchors in ICL.

We conduct a case study on Llama-2-7B with 4-shot balanced in-context examples from

SST2. We examine the bottom-5 attention heads that have the worst ICL accuracy on

SST2. We find that three of these heads, L19H15, L15H14, and L18H9, assign top attention

probabilities to all 4 label tokens of the 4-shot in-context examples when predicting test

examples. Furthermore, despite their poor ICL accuracy, these heads actually assign higher

attention to the correct in-context label tokens than the incorrect ones most of the time

(> 70% of the test examples). In other words, when a test example has a positive label,

these heads assign higher attention3 to the tokens “positive” in the context than the tokens

“negative”. We also observe that the more the heads attend to “positive” in the context, the

lower the inner product between the head and the output embedding of the token “positive”,

with the correlation r = −0.97,−0.96,−0.89 for L19H15, L15H14, and L18H9, respectively.

In summary, we show that some bad-performing heads attend highly to prior label tokens

and decrease the output probability of the correct one, which shares similarities with the

copy suppression heads and negative mover heads [92, 45]. However, we do not observe

similar behavior in other tasks, where the bad-performing heads usually attend to “¡s¿”,

“?”, or “\n”. We invite future work to further analyze how bad-performing heads function

in general.

4.4 Transferability of Components

We observe moderate to high component transferability across demonstrations, minimally

contrastive templates, and data distributions, whereas there is little transferability across

3We average the attention probabilities of the same label tokens and then compare the average ones of
the two labels.
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SST2 BoolQ QQP AGNews ARC
C
o
rr

(1) Demo 0.81 0.84 0.60 0.89 0.88
(2) Temp 0.40 0.16 0.03 0.68 0.44
(3) Cst T 0.72 0.63 0.23 0.82 0.46

Io
U

(1) Demo 0.36 0.74 0.27 0.63 0.70
(2) Temp 0.12 0.01 0.01 0.20 0.20
(3) Cst T 0.40 0.23 0.02 0.36 0.45

Table 4.2: The average correlation and IoU between (1) two random sets of demonstrations,
(2) two random templates, and (3) two minimally contrastive templates.

randomly sampled templates. Our decomposition uncovers hidden abilities of individual

components when the full model performs poorly.

4.4.1 Transfer across Prompt Variants

We first measure the agreement in component accuracies between (1) two disjoint sets

of demonstrations with a fixed template, (2) two randomly sampled templates with fixed

demonstrations, and (3) two minimally-contrastive templates with fixed demonstrations.

Recall that we have 5 sets of demonstrations and 3 templates in total (Section 4.3); here,

we calculate the average agreement between every pair. For (3), we construct contrast sets

[94] by minimally editing the worst-performing template out of the 3 templates into a good

template, which yields at least 10% improvement in average accuracy. Our edits include

adding a space, removing a newline, or changing label words (see Table B.12). We use two

metrics to measure the agreement between each pair: Pearson correlation of the accuracies

of all components and the intersection over union (IoU) on the sets of top-5 components,

which measures whether the top-performing components of the pair overlap.

Table 4.2 summarizes the results on Llama-2-7B; Appendix B.6 shows similar findings on

other models. (1) The accuracies of the internal components are highly consistent across dif-

41



ferent choices of demonstrations, having strong correlations and an average of 0.54 IoU. (2)

The components have much weaker agreement across randomly sampled templates, having

a near 0 IoU on BoolQ and QQP. (3) Nevertheless, there is agreement between minimally

contrastive templates (Cst T), with an average correlation of 0.57 across tasks, despite con-

trasting full-model accuracy. For example, Figure 4.2 demonstrates that full-model accuracy

changes dramatically (39% vs 89%) in a minimal pair of templates, but internal components

have a high correlation of 0.81 and the pair shares top-performing components. Combining

(2) and (3) suggests components behave similarly on similar templates, but this similarity

decreases as the templates diverge.

4.4.2 Transfer to Out-of-Distribution Test Sets

We further study whether the best component selected on the test set can still perform well on

an out-of-distribution (OOD) test set. We name this method, which uses a single component

to make predictions, as Transfer-1. Specifically, we study component transferability from

SST2 to Yelp-polarity, MNLI to MedNLI, and BoolQ to BoolQ Contrast Set. We compare

Transfer-1 with using the full model (Full) on the OOD test sets. To understand the

best possible Transfer-1 accuracy, we also report the best component accuracy directly

selected on the OOD set, Oracle-1.

Table 4.3 shows thatTransfer-1 closely matchesOracle-1 overall, suggesting that the

top-performing components are transferable across data distribution. Moreover, Transfer-

1 sometimes outperforms Full, especially on Llama2 models, showing the hidden abilities

of the internal components.

4.4.3 Transfer between Two Opposite Tasks

We conduct a case study of component transferability across instructions using Task069 and

Task070 of Super-NaturalInstructions [95], both of which are binary abductive NLI tasks

[96]. The instruction for Task069 asks for correct answers, while Task070 asks for incorrect
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ones (“pick the one that makes less sense;” see Figure B.4 for the full instructions). Examples

in the two tasks are not parallel.

We find that Mistral-Instruct-7B achieves good accuracy across 15 runs on Task069

(76.8 ± 2.4), but below chance on Task070 (40.6 ± 5.4). We observe a strong negative

correlation, r = −0.60 on average, between the component accuracies of the two tasks. The

worst-performing components in Task069 become the top-performing in Task070 and vice

versa. The correlation suggests that the model has the ability to solve Task070, but mis-

understands negation. Thus, we apply the Transfer-1 method (Section 4.4.2) but select

the worst-performing component from Task069 and then calculate its individual accuracy on

Task070. Transfer-1 achieves 58.7 ± 4.8 accuracy across the 15 runs, an improvement

of 18.1% over the full model. These results suggest that components behave consistently

even across tasks with opposite instructions, as the active components in Task069 are also

active in Task070.

4.5 Component Reweighting

4.5.1 Proposed Method

Our findings in Section 4.4 show the promising direction of selecting internal components

to improve ICL. Therefore, we propose a method that reweights components by learning a

weight wj ∈ R on every component activation Cj. Reweighting is a soft version of selection,

which can be learned by gradient descent on very few examples.

Given K labeled examples, instead of using all of them as ICL demonstrations, we divide

them into a demonstration set Ddemo and a training set Dtrain. We first randomly sample

K ′ = {3, 4} examples with balanced labels as demonstrations and use the remaining examples

as Dtrain to train the component weights. Specifically, we can rewrite Eq. 4.8 as logits =∑
j wj(U ·Cj), where wj = 1 for all j. Because of the existence of good and bad-performing

components, weighing all components equally may not be optimal. Therefore, we tune the
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Yelp-polarity MedNLI BoolQ Cst
L
la
m
a
2

7
B

Full 84.7 15.4 34.3 1.7 64.9 9.8

Transfer-1 94.9 3.1 42.6 4.7 64.3 7.9

Oracle-1 96.9 0.7 48.8 2.3 66.2 5.7

L
la
m
a
2

1
3
B

Full 95.9 1.4 46.8 9.6 72.0 7.6

Transfer-1 96.0 1.8 55.9 4.0 72.3 6.5

Oracle-1 97.1 0.4 57.0 3.7 73.0 6.1

M
is
tr
a
l

In
s
7
B Full 97.0 0.5 57.3 5.7 74.6 3.5

Transfer-1 95.6 1.6 61.9 4.8 73.7 3.7

Oracle-1 97.1 0.4 62.7 4.1 74.5 3.6

L
la
m
a
3

8
B

Full 97.8 0.4 61.0 2.2 77.3 7.5

Transfer-1 95.9 4.4 61.3 0.8 73.9 8.4

Oracle-1 97.9 0.5 61.6 0.6 74.8 8.9

Table 4.3: The average ICL accuracy and standard deviation on OOD test sets. The com-
ponents selected on the in-distribution test sets (Transfer-1) can transfer to OOD sets,
performing similarly to the oracle components (Oracle-1) directly selected on the OOD
sets.

weights w ∈ RN of N components on Dtrain with cross-entropy loss and L1 regularization,

while keeping the LLM frozen:

L =
∑

(x,y)∈Dtrain

− logPrw(y|x) + λ∥w∥1, (4.9)

Prw(y|x) = softmax

(
N∑
j=1

wj (UY · Cj)

)
y

,

where UY ∈ R|Y|×d is a submatrix of U that comprises the output embeddings of label words,

Prw is the probability distribution of the LLM after reweighting, and λ is the hyperparameter

of the L1 loss to encourage sparsity on the component weights. We obtain the activations

{Cj}Nj=1 of all components in one K ′-shot forward pass, computed on the prompt derived
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Algorithm 2 Component Reweighting

1: Input: K labeled examples, a test set Dtest, a set of label words Y, an LLMM, the number
of components N

2: Output: Z, the predictions ofM on Dtest

3: Split K examples into a prompt consists of K ′ demonstrations and a training set Dtrain of
K −K ′ examples

4: UY ← concatenate the output embeddings of Y inM
5: Initialize Gtrain ← ∅
6: for (x, y) ∈ Dtrain do
7: {Cj}Nj=1 ← M(prompt, x) ▷ K ′-shot ICL
8: for j ← 1 to N do
9: Gtrain ← Gtrain ∪ (UY · Cj) ▷ early decode
10: end for
11: end for
12: Initialize w ← [1, . . . , 1] ∈ RN

13: Train the weights w on Gtrain with Eq. 4.9
14: Initialize Z ← ∅ ▷ Start Inference
15: for (x, y) ∈ Dtest do
16: {Cj}Nj=1 ← M(prompt, x) ▷ K ′-shot ICL

17: Initialize g← [0, . . . , 0] ∈ R|Y|

18: for j ← 1 to N do ▷ Test-Time Overhead
19: g← g + wj(UY · Cj) ▷ early decode
20: end for
21: ŷ ← argmaxy∈Y g
22: Z ← Z ∪ ŷ
23: end for
24: return Z

from Ddemo, followed by x. Our method scales each component’s direct contributions to

the logits (UY · Cj ∈ R|Y|) by wj. In practice, we cache these contributions on the entire

training set as input features to the linear layer w, which allows us to discard the entire

LLM while training w (line 9 and 13 in Algorithm 2), saving tremendous training time and

GPU memory. The cache only requires O(|Y| ×N × |Dtrain|) space. At inference time, the

computation overhead of our method over K ′-shot ICL is to early decode N components and

apply the learned weights, i.e.,
∑N

j=1wj (UY · Cj). As both |Y| and N are small (N < 2000

for all LLMs in this paper), the overhead is negligible compared to the computation of the

backbone LLM itself.
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4.5.2 Baselines

Standard ICL. The simplest baseline is to use all the K labeled examples as demonstra-

tions. Since the other methods use K ′ examples as demonstrations, we report the accuracy

of standard K ′-shot ICL using the same Ddemo for reference.

Prompt Selection. Liu et al. [88] improve ICL accuracy by selecting demonstrations

from a pool of labeled data for each test example. Here, we select from the given K labeled

examples. Following Rubin, Herzig, and Berant [97], we use SBERT [98] to encode examples

into sentence embeddings and select theK ′ = {3, 4} nearest neighbors under cosine similarity

as the demonstrations for each test example.

Calibration. As LLMs tend to predict a certain class over others, Zhao et al. [29] reweight

the output class probabilities. They use context-free inputs, such as “N/A”, to calibrate the

probability distribution. However, Fei et al. [99] and Zhou et al. [100] find context-free

inputs sometimes ineffective, because in-domain context is important for calibration. Thus,

we introduce Calib+, which calibrates the original probabilities p ∈ R|Y| with a training

set of in-distribution labeled examples, Dtrain. We train the calibration weights v ∈ R|Y|

on Dtrain with cross-entropy loss and obtain the calibrated probabilities p̂ = softmax(v · p).

For direct comparisons, we split the K examples into the same Ddemo and Dtrain sets as

component reweighting for Calib+, where |Ddemo| = K ′. We include the training details of

both methods in Appendix B.8.

4.5.3 Results

We setK = {12, 24}. Table 4.4 compares our component reweighting (CompRW) with stan-

dard ICL (Standard), prompt selection (PromptS), and calibration (Calib+). First, we

find that simply increasing the number of demonstrations from 4 to 24 has limited improve-

ments in ICL accuracy, while the longer prompt greatly increases the inference time. For
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SST2 BoolQ QQP WiC RTE MNLI AGNews ARC-Easy Avg.
L
la
m
a
-2
-7
B

Standard 3, 4 75.8 18.1 69.2 12.0 61.3 9.9 52.4 3.0 68.9 3.2 34.4 1.7 70.0 19.9 57.5 14.4 61.2

Standard 12 77.8 19.6 71.6 8.0 63.6 7.8 52.5 2.4 71.1 2.1 37.0 2.8 69.0 20.8 59.6 13.9 62.8
PromptS 12 73.8 19.2 69.4 10.5 62.2 6.1 53.1 2.7 65.5 1.8 35.5 1.6 59.1 28.7 58.7 11.9 59.7
Calib+ 12 85.1 6.0 69.2 13.6 73.6 6.1 55.1 5.1 70.3 2.7 45.5 7.8 77.8 12.2 58.6 14.6 66.9
CompRW 12 88.5 2.8 70.4 11.2 71.4 5.4 56.3 3.4 70.0 2.8 48.3 4.8 87.4 2.3 58.3 13.6 68.8

Standard 24 77.8 19.5 71.6 7.3 66.4 5.0 53.2 3.3 71.9 1.5 39.9 3.6 71.1 20.0 58.3 16.2 63.8
PromptS 24 74.2 20.4 68.9 10.2 62.1 4.9 53.6 1.9 64.8 0.9 36.4 1.5 57.5 30.2 58.0 12.5 59.4
Calib+ 24 87.6 5.0 70.3 11.9 73.4 5.5 55.8 4.9 70.4 2.7 46.4 6.7 78.4 11.8 59.2 14.4 67.7
CompRW 24 90.6 1.7 71.7 9.4 71.9 4.4 57.1 3.0 70.0 4.1 49.8 4.0 88.1 2.1 58.8 13.6 69.8

L
la
m
a
-2
-1
3
B

Standard 3, 4 89.0 5.3 77.6 6.8 71.0 6.8 55.0 3.8 75.1 2.3 45.7 7.9 70.8 20.6 73.2 13.7 69.7

Standard 12 91.3 1.9 78.1 7.4 70.5 7.3 59.6 2.4 74.4 3.5 55.1 6.2 84.7 7.8 71.2 16.4 73.1
PromptS 12 83.8 10.2 74.9 6.6 64.6 5.7 57.0 2.1 69.5 3.5 48.1 5.4 64.4 29.6 74.2 9.3 67.1
Calib+ 12 89.4 3.2 78.4 6.1 72.1 4.1 58.1 5.1 75.3 1.9 57.3 4.5 81.5 8.7 74.7 9.3 73.3
CompRW 12 89.1 3.2 77.7 6.7 72.7 3.3 58.7 4.0 76.2 2.0 60.2 3.7 88.1 1.7 76.2 6.8 74.9

Standard 24 91.9 0.6 77.7 8.2 69.5 8.5 60.6 1.6 74.7 3.3 58.2 7.0 85.8 4.4 69.1 17.7 73.5
PromptS 24 81.9 13.2 75.1 5.7 64.9 4.8 57.3 1.8 69.5 1.7 49.8 5.1 65.2 28.9 74.2 9.4 67.2
Calib+ 24 90.7 2.1 78.6 6.2 73.1 4.3 59.5 3.2 75.9 1.9 58.4 2.8 82.0 8.4 75.2 9.1 74.2
CompRW 24 91.0 1.8 78.2 6.4 74.2 3.1 58.5 4.1 77.1 1.8 62.0 3.7 88.8 1.4 76.1 7.2 75.7

M
is
tr
a
l-
In

st
ru

ct
-7
B

Standard 3, 4 90.1 2.9 81.3 2.1 70.9 7.2 58.5 4.2 80.5 1.7 56.1 5.0 83.0 5.7 79.8 1.4 75.0

Standard 12 91.4 0.9 81.2 2.2 67.9 8.7 57.7 2.8 79.1 1.6 57.2 3.6 85.4 3.6 77.7 5.6 74.7
PromptS 12 90.3 2.5 81.1 1.9 68.7 5.8 57.1 2.7 79.1 1.6 56.7 3.2 84.9 3.0 79.0 3.0 74.6
Calib+ 12 91.5 1.6 81.3 1.8 75.8 2.6 58.3 6.6 81.0 1.3 61.9 4.7 85.4 4.0 79.6 1.6 76.9
CompRW 12 89.9 2.7 80.7 2.7 75.1 2.9 60.0 4.9 81.1 1.3 64.7 4.6 87.6 2.1 79.2 1.2 77.3

Standard 24 91.2 1.0 80.8 2.3 65.3 8.4 57.4 4.0 75.6 1.7 56.6 6.5 85.8 4.3 68.8 16.9 72.7
PromptS 24 90.5 2.6 81.3 2.0 68.9 5.6 57.1 2.1 79.1 1.7 57.4 3.1 86.0 2.1 78.7 3.3 74.9
Calib+ 24 91.6 1.5 80.9 2.0 76.1 2.4 59.5 5.4 81.2 0.9 62.7 4.3 85.9 3.7 80.1 1.2 77.2
CompRW 24 90.8 1.8 80.6 2.1 76.4 1.7 60.7 4.4 81.6 1.0 65.3 3.4 88.0 1.8 79.0 1.6 77.8

L
la
m
a
-3
-8
B

Standard 3, 4 91.4 1.7 79.2 7.2 74.0 8.0 58.7 4.7 76.5 2.2 59.4 3.7 84.0 6.6 87.4 5.5 76.3

Standard 12 92.2 0.6 79.6 6.9 73.1 5.0 63.3 2.4 77.5 2.2 62.7 3.8 87.7 2.0 82.1 18.1 77.3
Calib+ 12 91.1 1.5 79.2 5.8 77.9 3.3 60.5 9.3 77.3 2.1 65.2 3.2 86.4 4.7 87.7 4.0 78.2
CompRW 12 90.7 2.0 78.3 6.7 77.2 2.9 61.8 6.4 78.0 1.8 66.9 2.4 89.1 1.0 87.4 3.8 78.7

Standard 24 92.2 0.8 78.2 7.2 78.0 2.0 63.8 1.8 76.2 3.0 66.4 2.3 87.9 1.9 80.6 18.9 77.9
Calib+ 24 91.7 1.4 80.0 6.1 78.3 3.4 63.8 2.9 78.1 1.7 66.0 2.4 86.7 4.9 87.7 3.8 79.0
CompRW 24 91.6 1.7 79.1 6.9 78.8 2.7 63.7 3.3 78.5 1.4 67.4 2.6 89.5 1.1 87.4 3.2 79.5

Table 4.4: ICL accuracy of 8 classification tasks and the average accuracy (Avg.). The
number after a method denotes the number of labeled data used. We run 15 prompts for
each task (5 disjoint sets of K labeled data and 3 templates) and report the mean accuracy
and standard deviation. CompRW achieves the best average accuracy in all setups.

example, on Llama-2-7B, Standard 24 only improves the average accuracy by 2.6% over

Standard 3, 4 and the accuracy even decreases on Mistral-Instruct. Second, PromptS

performs the worst in most setups, likely because it is hard to find similar examples from a

small pool of K examples, and a bad selection induces majority label biases. Third, both
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calibration (Calib+) and component reweighting (CompRW) achieve substantially better

accuracy than Standard 3, 4 with little test-time overhead. Overall, CompRW achieves

the best average accuracy in all setups, outperforming Standard 12 by 6.0%, 1.8%, 2.6%, 1.4

on Llama-2-7B, Llama-2-13B, Mistral-Instruct-7B, and Llama-3-8B, respectively, and out-

performing Standard 24 by 6.0%, 2.2%, 5.1%, 1.6%, respectively. We run one-tailed paired

t-tests comparing CompRW with Calib+ and find that p-values < 0.05 in all 8 setups (see

Table B.14), showing that CompRW performs significantly better Calib+.

4.6 When Do Good Components Emerge?

We study the dynamics of components during pretraining by monitoring their accuracies on

32 checkpoints of Pythia-6.9B, uniformly spaced from the first to the last checkpoint. For

each checkpoint, we run 4-shot ICL on AGNews with 3 templates × 3 sets of demonstrations.

The demonstrations are balanced in labels with randomly shuffled orders. Figure 4.3 shows

the average accuracy of the 9 runs shaded by the standard deviation.

While the full model (green) fluctuates and has a large variance across prompts, the top-1

components (solid blue) achieve good accuracy at an early step and plateau quickly. We also

backtrack the top-1 components of different prompts at the last checkpoint (dashed blue),

monitoring how they perform on average during pretraining. We observe that they are not

the top components at the early stage (there are gaps between the two blue lines before

the 75k steps), but start to perform steadily well from the middle stage. Our findings also

hold on SST2 and Pythia-1.4B (see Figure B.6 in the appendix), suggesting that the model’s

ability to do a task emerges before it is apparent from the full model on these tasks.4

4On the other hand, Pythia models perform poorly on the other tasks over all checkpoints; thus, the
training dynamics of the model components on challenging tasks remain unclear.
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4.7 Related Work and Discussion

Improving ICL. Prior work shows that ICL performance varies greatly across different

choices of demonstrations and templates [29, 101]. Specifically, Sclar et al. [27] and Voronov,

Wolf, and Ryabinin [28] find no universally better prompt template that can transfer across

tasks and models, implying that it is not easy to explain ICL through prompt engineering.

While several approaches, such as prompt selection [88, 102, 103], prompt ensemble [104,

105, 28], and many-shot ICL [106], substantially improve accuracy, they treat LLMs like

black boxes without understanding the internals. Besides, they greatly increase inference

time or require a large set of labeled data, which deviates from true few-shot learning [107].

In comparison, our paper studies this problem by looking inside the LLMs. Rather than

selecting prompts, we select components in a soft, learnable way. Our method only requires

{12, 24} examples and has negligible computation overhead over 4-shot ICL at inference.

Components Interpretation. Components interpretation studies the function of differ-

ent components in a trained model [43, 108], where components could be neurons [75, 109,

76], attention heads [44], and MLPs [46]. To analyze the components, probing [110], knock-

out [111, 16, 112], patching [45, 113], and early decoding [89, 47] are widely used techniques.

For example, Li et al. [114] train a linear probe on every attention head to discover the truth-

ful heads inside LLMs. Michel, Levy, and Neubig [115] and Voita et al. [116] prune away a

large percentage of attention heads and show that only a few are critical to the performance.

Hendel, Geva, and Globerson [117], Liu et al. [118], Merullo, Eickhoff, and Pavlick [119], and

Todd et al. [120] view ICL as compressing demonstrations into function vectors, where they

remove the demonstrations and modify (patch) the LLM activations at certain layers with

the function vectors at test time. Early decoding interprets the investigated components in

the textual space by projecting them through the output embedding matrix [47]. Our model

decomposition is based on early decoding and we share some similarities with prior work
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[121, 122], especially in discovering individual components that perform well on a task. Our

contributions lie in providing a new view of in-context learning by decomposition, which

reveals the transferability of components across diverse ICL settings.

Our Method vs. Pruning. Our method caches the direct contributions of components to

the outputs through the residual stream, i.e., logits =
∑

j gj. Thus, removing gj, the direct

contribution of the component j, does not alter the contributions of the other components.

In comparison, pruning a component changes the activations of the other components in later

layers. In Appendix B.7, we show that pruning the good-performing components identified by

our method greatly hurts the accuracy, meaning that pruning also defines these components

as important [115].

4.8 Conclusion

We introduce a new perspective of ICL via decomposing the model output into the sum of

individual contributions of components. We then identify three types of component charac-

teristics across 3 LLMs and 8 classification tasks. Our extensive analyses reveal consistency

in component accuracy across prompts and suggest the promising direction of improving ICL

by selecting components. To this end, we propose component reweighting, which learns to

scale components differently on few-shot examples. Our method achieves the best average

accuracy compared to prior methods. We hope this work can deepen our grasp of LLMs

while motivating more methods for practical use.
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Figure 4.1: Each dot represents a component (attention head or MLP) under 4-shot ICL on
Llama-2-7B. The x-axis shows how often a component predicts “positive” on the test set.
Up: We discover good-performing (blue), bad-performing (red), and label-biased (green)
components. Down: Most components identified on SST2 show similar characteristics on
Yelp-polarity.
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Template 1 {text}\nIs this a piece of news regarding 
World, Sports, Business, or Technology?

Template 2 {text} Is this a piece of news regarding 
World, Sports, Business, or Technology?

Correlation = 0.81

Component ID Component ID
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Full Model Accuracy: 0.39 Full Model Accuracy: 0.89

Component ID Component ID

Figure 4.2: Left: Transformer decomposition. The components, MLPs and attention heads,
are filled with blue, and the blue lines show the flow of early decoding. Right: We can
calculate the individual accuracy of every component after decomposition. Although a pair
of templates that only differ slightly yield very different accuracies (0.39 vs 0.89 on AGNews
with Llama-2-7B), the accuracies of their internal components are highly correlated. The
top components for Template 1 overlap with the ones for Template 2 and achieve > 0.7
accuracy despite the poor full-model accuracy.
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Figure 4.3: The ICL accuracy of the full model (green) fluctuates greatly during pretraining.
However, good-performing components (T1) emerge in the early steps.
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Chapter 5

Why Do Some Inputs Break Low-Bit

LLM Quantization?

5.1 Introduction

Many large language models (LLMs; [123, 9, 124, 125]) use 16-bit precision to represent

each parameter by default, requiring substantial GPU memory for inference. Quantization

reduces memory usage by reducing the bit-precision of model weights or activations. Low-bit

weight-only quantization [10, 126, 127, 128], which quantizes model weights to ≤ 4 bits and

keeps the activations in 16 bits, greatly reduces the memory footprint while maintaining

reasonable performance across various benchmarks [33].

However, Dettmers and Zettlemoyer [34] find that at 3-bits, LLMs start to show no-

ticeable accuracy degradation. Kumar et al. [129] show that LLMs trained on more data

become harder to quantize. Prior efforts focus on outliers, the abnormally large activations

or weights that cause large errors in LLM quantization [12]. Quantization methods that

combat outliers lead to overall better performance [35, 130, 36, 131]; however, we observe

that some examples still suffer from large quantization errors under various methods. Why

does quantization disproportionately affect certain examples? What factors are indicative

of quantization errors? Which parts of the LLMs lead to large errors? We study these
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underexplored questions across diverse 3- and 4-bit weight-only quantization methods.

First, we observe that the quantization errors of various pairs of methods are highly

correlated (avg. ρ = 0.82) and that certain examples yield large errors across methods, where

we define errors as the increase in negative log-likelihoods on sampled pretraining documents

after quantization. A possible hypothesis is that the errors are largely predetermined by the

full-precision model. Since Lin et al. [11] show that activation outliers amplify the errors

in quantized weights, we examine whether the activation magnitudes of the full-precision

models are indicative of the future quantization errors.

Surprisingly, we find strong negative correlations between quantization errors and the

magnitudes of the residual stream. For instance, the correlations computed on the residuals

across the last 30 layers of Llama3-70B often exceed −0.6 and reach −0.8 in the final layer.

The strong correlations support our hypothesis that the full-precision model largely decides

the future quantization errors. Meanwhile, it is unexpected that smaller residual activations

are associated with large quantization errors. Our further analysis reveals that the RMS

LayerNorm [90] tends to reverse the relative activation magnitudes. These findings altogether

explain why certain examples have large quantization errors across methods: examples that

inherently have smaller residual magnitudes will have larger post-RMSNorm magnitudes over

multiple layers, which continually amplify the errors in the quantized weights and ultimately

result in large quantization errors in outputs.

We further apply LLM localization techniques to study where quantization errors arise

from. First, we use early exiting [132] to project the residual hidden states across layers to

the output probabilities. Early exiting reveals that examples with large quantization errors

rely heavily on later layers to adjust the model output distributions. However, restoring

the weights of later layers to 16 bits only marginally reduces perplexity, implying that the

problem lies with the accumulated errors in activations over layers. Next, we adapt cross-

model activation patching [133], which restores specific activations of the quantized model

to the clean counterparts from the full-precision model. We find that restoring the outputs
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of the MLP gate projection [134] can substantially reduce the perplexity.

Finally, we investigate what kinds of data tend to have large quantization errors. We

classify the large-error examples and find that they cover diverse topics. Because Ahia,

Kreutzer, and Hooker [135] and Marchisio et al. [136] show that model compression has a

disparate impact on long-tail examples, we also study the relationship between quantization

errors and long-tail examples. Surprisingly, our results on both FineWeb [137] and PopQA

[138] datasets suggest that quantization has a milder impact on long-tail examples and

that well-represented examples are not immune to large degradation in log-likelihood and

accuracy.

Our work centers on why, where, and what leads to large quantization errors, offering

systematic analyses across diverse methods. We provide a mechanistic explanation of why

certain examples suffer from large quantization errors and identify key model components

that are critical to maintaining the perplexity. Our study could motivate future methods to

reduce errors from MLP gate projections or to introduce LayerNorm scaling factors [139, 11]

that consider the reversal effects in RMSNorm.1

5.2 Quantization Methods

This section introduces the quantization methods in our study, covering diverse, widely-used

approaches for low-bit weight-only quantization.

5.2.1 GPTQ.

Frantar et al. [10] propose GPTQ, an approximate second-order method that quantizes one

weight at a time while updating not-yet-quantized weights to compensate for the quantization

loss. GPTQ minimizes the loss on a small calibration set of C4 [140] samples. We adopt

common GPTQ settings, using activation sorting and a Hessian damping coefficient of 0.01

1Code: https://github.com/terarachang/QError
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when not otherwise specified.

5.2.2 AWQ.

Lin et al. [11] observe that the activation outliers magnify the quantization errors in the

corresponding weight dimensions. They propose AWQ, which smoothes the activations by

introducing a scaling factor corresponding to each input dimension of weights. AWQ grid-

searches the scaling factors based on the activation magnitudes.

5.2.3 NormalFloat.

Dettmers et al. [141] propose NormalFloat (NF), a 4-bit data type that is optimal for nor-

mally distributed weights based on information theory. NF employs non-uniform quantiza-

tion with Gaussian quantiles and requires a lookup table. Guo et al. [142] accelerate the

lookup table operation and extend NF to lower bit precision.

5.2.4 EfficientQAT.

Chen et al. [143] propose EfficientQAT (EQAT), a lightweight quantization-aware fine-tuning

[144] method. EQAT applies straight-through estimator [145] for backpropagation.

5.2.5 LayerNorm in Quantization.

Kovaleva et al. [146] and Wei et al. [147] find that outliers in the LayerNorm parameters

of BERT [3] cause difficulties in model compression. Given the importance of LayerNorm,

all the quantization methods we discuss above leave LayerNorm unquantized. Specifically,
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LLMs in Llama [7], Mistral [8], and Qwen [148] families use RMSNorm [90]:

RMSNorm(z) =
z

RMS(z)
⊙ γ, (5.1)

RMS(z) =

√√√√1

d

d∑
i=1

z2i , (5.2)

where z is the d-dimensional input, ⊙ denotes element-wise multiplication, and γ ∈ Rd is

the unqauntized weights for affine transformation.

5.3 Problem Setups

5.3.1 Datasets

FineWeb. We create a dataset D of 10k examples sampled from the FineWeb corpus

[137], consisting of deduplicated English web documents. We evaluate the negative log-

likelihood (NLL) of different models on D. Formally, given a model θ and an example

x = [x0, x1, . . . , xT ] of T tokens, prepended with a start of sentence token x0, we define the

NLL of x as:

NLL(x; θ) =
1

T

T∑
t=1

− log pθ(xt|x<t), (5.3)

where pθ is the probability distribution of the model θ. We only sample from long documents

and truncate all the sampled documents to 512 tokens.

Quantization Errors. NLL is a common loss term for LLM pretraining, and prior quanti-

zation research uses perplexity (exponentiated average NLL) as a standard metric. Therefore,

we define the quantization error on a FineWeb example x as the increase in NLL. Formally,

given the full-precision LLM θ and its quantized counterpart θ̃, we define the quantization

error of θ̃ on x as:

e(x; θ̃) = NLL(x; θ̃)− NLL(x; θ) (5.4)
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Large-Error Set and Control Set. For fine-grained analyses, we create a large-error set

Dlarge ⊂ D, consisting of the top-10% (1k) examples by quantization errors and a control set

Dctrl of 1k examples sampled from the bottom-50%.2

PopQA. We use PopQA [137] to study how quantization affects LLMs’ factual knowledge

of entities under different popularity levels. PopQA contains 14k questions, each supple-

mented with the entity popularity. Following Penedo et al. [137], we use 15-shot prompting,

greedy decoding, and exact match accuracy.

5.3.2 Models and Quantization Methods

We study four LLMs: Qwen2.5-7B [149], Llama3-8B [123], Mistral-Nemo-12B,3 and Llama3-

70B. We study quantization methods in the 3–4 bit, weight-only quantization regime: GPTQ,

AWQ, NF, and EQAT (see Section 5.2). We follow original implementations and detail the

calibration sets, quantization configurations, and perplexity of each method in Section C.1.

5.4 Do Methods Fail on the Same Inputs?

First, we investigate whether diverse quantization methods cause large errors on the same

inputs. Recall that we define the example-level quantization error e(x(i); θ̃) ∈ R in Eq. 5.4.

Given a dataset D = {x(i)}Ni=1 of N examples, we define the errors of the quantized model θ̃

on the dataset D as:

E(D; θ̃) = [e(x(1); θ̃), . . . , e(x(N); θ̃)] ∈ RN ,

Let θ̃1 and θ̃2 be the quantized models of the same base LLM θ, produced using different

methods. We compute their quantization errors on the dataset, E1 ≜ E(D; θ̃1) and E2 ≜

2See Section C.2 for detailed dataset construction.
3https://mistral.ai/news/mistral-nemo
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E(D; θ̃2), respectively, and report the Pearson correlation between the errors, denoted as

ρ(E1, E2).

5.4.1 Strong Correlations Between Methods

Table 5.1 shows the correlations between the quantization errors of every two methods.

We include the results of Qwen2.5-7B and Llama3-8B in Table C.19 in appendix. Across

four LLMs, we observe high correlations, an average of ρ(E1, E2) = 0.82 over all 50 pairs of

methods, although Qwen2.5-7B has lower correlations (avg. 0.66) compared to other LLMs.

Model (Method1, Method2) ρ(E1, E2)

Mistral-12B ( AWQ4 , NF4 ) 0.78
( AWQ4 , GPTQ4 ) 0.86
( AWQ4 , NF3 ) 0.80
( AWQ4 , GPTQ3 ) 0.83
( AWQ3 , NF3 ) 0.90
( AWQ3 , GPTQ3 ) 0.95
( NF4 , GPTQ4 ) 0.82
( NF4 , AWQ3 ) 0.81
( NF4 , GPTQ3 ) 0.78
( NF3 , GPTQ3 ) 0.89
( GPTQ4, AWQ3 ) 0.90
( GPTQ4, NF3 ) 0.85

Llama3-70B ( AWQ4 , NF4 ) 0.80
( AWQ4 , GPTQ4 ) 0.96
( AWQ4 , GPTQ3 ) 0.86
( AWQ4 , EQAT3 ) 0.81
( AWQ3 , EQAT3 ) 0.85
( NF4 , GPTQ4 ) 0.81
( NF4 , GPTQ3 ) 0.80
( NF4 , AWQ3 ) 0.81
( NF4 , EQAT3 ) 0.75
( GPTQ4, AWQ3 ) 0.94
( GPTQ4, EQAT3 ) 0.83
( GPTQ3 , AWQ3 ) 0.96
( GPTQ3, EQAT3 ) 0.83

Table 5.1: The quantization errors of different methods are strongly correlated on the
FineWeb. The numbers in the method names denote 3- or 4-bit precision.
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The overall strong correlation indicates that diverse methods have a similar effect on LLMs’

likelihoods. We further find that the top-10% large-error examples of different methods on

the same LLMs are highly overlapped, with an average Jaccard similarity of 0.51, far above

the ∼ 0.05 expected values by chance.

Since the configurations of the GPTQ algorithm can greatly affect the quantization out-

comes [10, 150], we further examine correlations in quantization errors across different GPTQ

variants. We focus on two factors: (1) the damping coefficient that improves the numerical

stability of the inverse Hessian, varied over the range [0.005, 0.01, 0.02], and (2) whether

activation-based sorting is applied to change the weight quantization order. We find that

the 3-bit Qwen2.5-7B model variants produced by different GPTQ configurations show a

strong average correlation (0.93) in quantization errors on FineWeb (see Table C.20 in the

appendix).

5.5 Why Do Examples Have Large Errors?

We further explore why certain examples have large quantization errors across methods.

Inspired by Lin et al. [11], we first study whether the activation magnitudes from the full-

precision models are predictive of the quantization errors.

5.5.1 Notations

Formally, a Transformer layer [6] in modern LLMs consists of a multi-headed attention

(MHA), an MLP, and two Pre-LNs [151], LN1 and LN2:

r(l) = z(l−1) +MHA(l)
(
LN

(l)
1 (z(l−1))

)
, (5.5)

z(l) = r(l) +MLP(l)
(
LN

(l)
2 (r(l))

)
, (5.6)
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Figure 5.1: (a) The residual magnitudes of the large-error set Dlarge are smaller than those of
Dctrl across layers. (b) & (c) RMSNorm reverses the relative activation magnitudes. Before
RMSNorm (b), the residual magnitudes of Dlarge are smaller than Dctrl, as shown in (a). After
applying RMSNorm (c), the activation magnitudes of Dlarge become larger. We observe clear
reversal effects in the last 10 layers of the full-precision Llama3-70B.

where l is the layer index and z(0) ∈ Rd is the input to the first layer. We observe that the

representations after the residual operations, r(l) and z(l), are both indicative of quantization

errors. As r(l) shows clearer patterns, we name it as residual state and include the results of

z(l) in appendix. Note that all the studied methods quantize the weights in MHA and MLP,

but keep the weights γ in LN1 and LN2 in 16 bits (see Section 5.2).

Given an example x of T tokens, we quantify the magnitude of its residual states at layer

l by averaging the Euclidean norm of each token representation r
(l)
t ∈ Rd over all T tokens:

norm
(
x; r(l)

)
=

1

T

T∑
t=1

∥r(l)t ∥2 (5.7)

We name norm
(
x; r(l)

)
∈ R as the residual magnitude of example x at layer l. Given a

dataset D = {x(i)}Ni=1 of N examples, we compute norm
(
x; r(l)

)
for each example x(i) and

denote the residual magnitudes on D as S(D; θ; l) ∈ RN .

Finally, given an full-precision model θ with a layer index l, a quantized model θ̃, and a

dataset D of N examples, we calculate the Pearson correlation between the residual magni-

tudes S(D; θ; l) and the quantization errors E(D; θ̃), denoted as ρ (S(l), E). Note that E(D; θ̃)

measures the final errors of the quantized model and thus does not depend on the layer l.
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5.5.2 Residual Magnitudes From Full-Precision Models Indicates

Quantization Errors

We observe a strong negative correlation between the quantization error E(D; θ̃) and the

residual magnitudes S(D; θ; l) computed on the last few layers of the full-precision model,

where D is the FineWeb dataset of 10k examples. For example, let l := L be the last

Transformer layer, we report the correlation ρ (S(L), E) of different LLMs and quantiza-

tion methods in Table 5.2. The average correlation over 3-bit methods on Qwen2.5-7B,

Llama3-8B, Mistral-12B, and Llama3-70B are −0.66,−0.76,−0.78, and −0.80. As shown in

Section C.3, the correlations become increasingly negative in upper layers. The strong neg-

ative correlations suggest that (1) the full-precision LLMs can indicate an example’s future

quantization error, and (2) small residual magnitudes in upper layers are associated with

large quantization errors.

To further investigate the cause of large errors, we compare the large-error set Dlarge

with the control set Dctrl (Section 5.3.1). We compute the average residual magnitudes over

examples in Dlarge and Dctrl, respectively, and then compare their average magnitudes across

Model Method ρ (S(L), E)
Qwen2.5-7B AWQ3 -0.66

NF3 -0.58
GPTQ3 -0.74

Llama3-8B AWQ3 -0.76
NF3 -0.76
EQAT3 -0.75

Mistral-12B AWQ3 -0.80
NF3 -0.71
GPTQ3 -0.83

Llama3-70B AWQ3 -0.78
GPTQ3 -0.81

Table 5.2: The final-layer residual magnitudes from the full-precision model have a strong
negative correlation with the quantization errors of 3-bit methods.
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the upper half layers of Llama3-70B. In Fig. 5.1 (a), we find that for both datasets, the

average residual magnitudes increase over layers; however, the Dlarge (orange) consistently

has smaller magnitudes thanDctrl (blue). This implies that having a small residual magnitude

in the final layer is the cumulative result of continually having smaller residual magnitudes

over the upper layers. Our observation seems to contradict the previous belief that large

activations are detrimental to weight-only quantization [11]. We investigate the cause of this

discrepancy in the next section.

5.5.3 From Residuals to Errors

The reversal effect of RMSNorm. Why are smaller residual magnitudes in upper layers

associated with larger quantization errors? The RMSNorm applied to the residual states be-

fore MLP (Eq. 5.6), plays a crucial role. We observe a “reversal effect”, where the activations

with smaller magnitudes often end up with larger magnitudes after applying RMSNorm. For-

mally, we denote the hidden state after RMSNorm as h(l) = RMSNorm(l)(r(l)) . Following

Eq. 5.7, we can compute the magnitude of h(l), denoted as norm
(
x;h(l)

)
. Fig. 5.1 (b) &

(c) present the density of norm
(
x; r(l)

)
and norm

(
x;h(l)

)
, respectively. Initially, Dlarge has

smaller norm
(
x; r(l)

)
than Dctrl, but after RMSNorm, it has larger norm

(
x;h(l)

)
. We observe

the reversal effect in the upper layers of all four LLMs.

Activations amplify errors in weights. Since the hidden state after RMSNorm is the

immediate input to the quantized MLP (Eq. 5.6), we hypothesize that a larger norm
(
x;h(l)

)
leads to amplification of errors in the quantized weights. Let h(l) and h̃(l) be the inputs to

the l-th layer MLP in the full-precision and quantized models, respectively, and let o(l) and

õ(l) be the corresponding MLP outputs. We compute the mean squared error between o(l)

and õ(l) to quantify the layer-wise output error, denoted as MSE(l). We confirm that the

input magnitudes norm
(
x;h(l)

)
have positive correlations (> 0.6) with MSE(l) in most upper

layers.
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Full Hypothesis. Combining our findings above, we establish a full hypothesis: certain

examples inherently have smaller residual magnitudes over layers. Due to the reversal effect,

they tend to have larger activation magnitudes after RMSNorms. When the model is quan-

tized, large activations will amplify the quantization errors in the weights over multiple layers

and eventually result in large quantization errors. Both the residual states and errors are

cumulative over layers, which may explain why the final-layer residual magnitudes S(D; θ;L)

have the strongest correlation with the final errors E(D; θ̃).

Why does Dlarge have smaller residual magnitudes? We find that examples in the

large-error set have fewer/weaker outliers in the residual states r(l). Following Bondarenko,

Nagel, and Blankevoort [152] and Gong et al. [153], we use the Kurtosis value to quantify the

severity of outliers. We measure the Kurtosis value κ(l) of the l-th layer residual states r(l),

where κ(l) = E
[(

r(l)−µ
σ

)4]
. A large κ(l) indicates more outliers [154]. Fig. C.8 in appendix

shows that the Kurtosis values of Dlarge (orange) are smaller than those of Dctrl (blue) across

the upper layers of LLMs, suggesting that Dlarge has fewer outliers in the residual states.

Because outliers dominate the activation magnitudes, having fewer outliers leads to smaller

residual magnitudes.

How does RMSNorm reverse the relative magnitudes? We observe that the RM-

SNorm weights γ ∈ Rd suppress many outliers in the residual states by assigning smaller

weight values to the corresponding dimensions. Specifically, we rank the entries in γ by

Notation Definition

r(l) Rd layer l residual states (Eq. 5.5)

h(l) Rd RMSNorm(l)(r(l))

o(l) Rd MLP(l)(h(l))
γ Rd RMSNorm weights (Eq. 5.1)

norm
(
x; r(l)

)
R layer l residual magnitude of x

S(D; θ; l) RN layer l residual magnitudes of D

Table 5.3: Notation summary.
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their absolute values and find that in the last few layers, the largest outliers4 often have the

smallest RMSNorm weights across all four LLMs. We include the statistics and discussion

on other outlier dimensions in Section C.4. We summarize the mechanism behind the rever-

sal effect: a residual state r(l) with fewer outliers has a smaller magnitude, but RMSNorm

normalizes the magnitude and downweights outliers with γ, yielding a hidden state h(l) with

a relatively larger magnitude. Since Dlarge examples have smaller kurtosis values but larger

norm
(
x;h(l)

)
, the large quantization errors are driven by the overall larger activations in

h(l).

5.6 Where Do Errors Arise From?

We study which parts of LLMs lead to large quantization errors with localization techniques:

early exiting [132, 47] and activation patching [24].

5.6.1 Early Exiting

nostalgebraist [132] first introduces logit lens, an early exiting technique that projects hidden

representations into the vocabulary space using the LLMs’ output embeddings. We use early

exiting to measure the degree to which a residual state is ready for decoding. Formally, let

r(l) be the residual state at layer l and ϕ(·) be the final RMSNorm operation applied before

the output embedding matrix U . We define the probability distribution from decoding r(l):

p(l) = Softmax
(
U · ϕ(r(l))

)
Let p

(l)
θ and p

(l)

θ̃
be the early-exiting probabilities from the full-precision and quantized mod-

els. We use p
(l)
θ and p

(l)

θ̃
to compute the average negative log-likelihood (NLL) over dataset

D at each layer, denoted nll
(l)
θ (D) and nll

(l)

θ̃
(D), respecitvely. A nll

(l)
θ (D) value near the fi-

4The “most-activated” dimension in r(l) that has the highest average absolute activation over the FineWeb
dataset.
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Model Method 16-bit 3-bit Patch hdown Patch hgate Patch hup Patch hattn

Qwen2.5-7B AWQ3
9.42

12.26 (+2.84) 9.73 (+0.31) 10.20 (+0.78) 12.64 (+3.22) 11.12 (+1.70)

NF3 12.53 (+3.11) 9.66 (+0.24) 10.61 (+1.19) 12.97 (+3.55) 11.35 (+1.93)

Llama3-8B AWQ3
5.62

10.68 (+5.06) 5.95 (+0.33) 6.42 (+0.80) 9.97 (+4.35) 9.27 (+3.65)

NF3 11.02 (+5.40) 5.92 (+0.30) 6.43 (+0.81) 10.48 (+4.86) 9.49 (+3.87)

Mistral-12B AWQ3
5.60

8.67 (+3.07) 6.05 (+0.45) 6.13 (+0.53) 12.49 (+6.89) 7.61 (+2.01)

NF3 10.14 (+4.54) 5.92 (+0.32) 7.12 (+1.52) 13.75 (+8.15) 8.71 (+3.11)

Llama3-70B AWQ3 2.66 5.25 (+2.59) 2.73 (+0.07) 2.94 (+0.28) 3.24 (+0.58) 4.73 (+2.07)

Table 5.4: The perplexity (↓) on Dlarge before/after patching activations from 16-bit full-
precision models into 3-bit models, quantized with AWQ3 and NF3 methods, respectively.
Both patching the entire MLP outputs (hdown) and patching only the MLP gate outputs
(hgate) can substantially close the gap between the 3-bit and 16-bit models.

nal model NLL means that the residual state at layer l contains sufficient information for

decoding; otherwise, further layers are needed to refine the output probability.

We investigate two key questions: (1) Can we observe patterns from the early exiting

dynamics that distinguish Dlarge and Dctrl? (2) At which layer do nll
(l)
θ (D) and nll

(l)

θ̃
(D)

begin to diverge? To answer these questions, we perform four runs of early exiting, one for

each combination of model type (full-precision and quantized) and dataset split (Dlarge and

Dctrl). We then compute nll
(l)
θ (Dlarge), nll

(l)

θ̃
(Dlarge), nll

(l)
θ (Dctrl), and nll

(l)

θ̃
(Dctrl) across the

upper half layers.

Fig. 5.2 compares how the four NLL values evolve across the upper layers of Mistral-12B,

where the quantized model θ̃ is produced by AWQ3. We observe a clear distinction between

Dlarge and Dctrl on the full-precision model: Dlarge (purple) has higher NLLs than Dctrl

(green) until layer 36, around which its NLLs begin to decrease sharply. This observation

supports our claim in Section 5.5 that the properties of the full-precision model reflect the

future quantization errors. Moreover, the sharp NLL decrease in later layers suggests that

Dlarge heavily relies on these layers to make accurate predictions. This reliance requires

the quantized model to keep the residual states precise through to the later layers, which

is a challenging task because quantization errors propagate over layers. Otherwise, the

model cannot decode the noisy representations, resulting in large quantization errors. By
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rapidly decrease 
in late layers

🔍

large final errors

Figure 5.2: Early exiting across layers shows that the NLLs of Dlarge (purple and orange)
dramatically decrease in the late layers, suggesting that Dlarge heavily relies on the late layers
to adjust the output probabilities. Meanwhile, the quantized model (orange) does not show
obvious deviation from the full-precision one (purple) until layer 33.

comparison, Dctrl relies less on the later layers, and the quantized model (cyan) shows less

deviation from the full-precision one (green).

An alternative hypothesis is that the precision of weights in the later layers is crucial

to Dlarge. To test this hypothesis, we keep all the weights above layer 32 in full-precision,

because Fig. 5.2 shows that on Dlarge, the quantized model (orange) starts to diverge from

the full-precision model (purple) at layer 33. This experiment restores 7 layers (18%) from

3 bits to 16 bits. However, the perplexity on Dlarge only slightly decreases from 8.67 to

8.05, versus 5.60 for the full-precision model. We show similar results on other LLMs in
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Section C.5.

In summary, our early exiting experiment suggests that various methods struggle with

Dlarge because it requires the quantized models to maintain precise residual states up to

the late layers. We also find that leaving late layers unquantized has little effect on NLLs,

implying that the cumulative error in residual states, not the precision of upper-layer weights,

is the primary cause for large errors.

5.6.2 Cross-Model Activation Patching

Prakash et al. [133] introduce cross-model activation-patching (CMAP) to identify how fine-

tuned models improve over the pretrained ones. We adapt CMAP to track where the quan-

tized models differ from the full-precision ones, aiming to identify the sources of quantization

errors. For a given example from Dlarge, we first run a forward pass on the full-precision model

and cache its activations. We then run the same example through the quantized model, but

replace the activations of specific modules with those from the full-precision model. We

patch the outputs of MHA, denoted hattn, and the outputs of different modules in MLP.

Specifically, all LLMs we study implement MLP with Gated Linear Units [155]:

hgate = σ(Wgate h),

hup = Wup h,

hdown = Wdown (hgate ⊙ hup),

where h is the post-RMSNorm input to MLP, Wgate, Wup, and Wdown are the MLP weights,

hdown is the output of MLP, and σ(·) is the activation function. To trace quantization errors,

we perform four runs of CMAP, corresponding to patching hgate, hup, hdown, and hattn, in

the upper half layers of the models. Patching hdown is a much stronger intervention than

patching either hup or hdown, as it overrides the final outputs of MLPs.

We apply AWQ3 and NF3 methods and report the perplexity on Dlarge in Table 5.4.
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First, we find that patching the outputs of MLP hdown greatly narrows the perplexity gaps

between the 3-bit and 16-bit full-precision models, bringing the gaps below 0.5 across all

LLMs. In contrast, patching the outputs of MHA hattn only leads to marginal effects, sug-

gesting that the quantization errors from MLPs are dominating the results. We further find

that inside MLPs, patching hup alone is ineffective, but patching hgate results in substan-

tial perplexity reduction, approaching the effect of patching the entire MLP outputs hdown.

These results highlight the importance of having precise outputs from MLP gates, which

control the information passed on to subsequent layers.

We conduct two additional experiments to understand the source of quantization errors

in MLP gates: (1) only patching the inputs to Wgate, and (2) restoring all Wgate weights

to 16-bit precision. We find that patching the gates’ inputs (1) performs nearly as well as

patching the outputs, hgate, while restoring the weights (2) is ineffective. For instance, on

Llama-3-8B quantized with NF3, (1) achieves a perplexity of 6.53 compared to 10.45 for (2).

These results further support our conclusion in Section 5.6.1 that noisy activations are the

primary source of large quantization errors.

5.7 What Data Cause Large Errors?

Understanding what kinds of data lead to large quantization errors is crucial for future

improvement. This section studies whether examples in Dlarge cluster in certain domains or

are unusual, long-tail data.

5.7.1 Categorizing Examples in Dlarge

To better understand the distribution of Dlarge, we apply the topic classifier fromWettig et al.

[156], which categorizes web pre-training data into 24 topics.5 We find that the Dlarge sets of

both Mistral-12B and Llama3-70B cover all the 24 topics, and we plot the topic distributions

5https://huggingface.co/WebOrganizer/TopicClassifier-NoURL
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in Fig. 5.3. For both models, Entertainment, Finance & Business, Politics, and Health

are among the top five topics, although none account for more than 12% of the dataset. We

also manually inspect Dlarge examples and do not find them unusual.

5.7.2 Quantization Errors vs. Long-Tail Data

Ogueji et al. [157] and Marchisio et al. [136] show that model compression has a disparate

effect for long-tail data; thus, we explore the relationship between quantization errors and

data long-tailness.

FineWeb. We use the data likelihood assigned by a strong language model, Llama3-70B,

to estimate the long-tail characteristics of the examples. We call the FineWeb examples

that have small log-likelihoods (large NLLs) on the full-precision Llama3-70B as long-tail

examples. Fig. 5.4a shows that long-tail examples (x-axis ≥ 4) have small quantization

errors under both AWQ3 (avg. 0.14) and GPTQ3 (avg. 0.30) methods. On the other hand,

examples that suffer from large errors have widespread NLLs before quantization, and many

“head data” (small NLLs; x-axis ≤ 1) have large quantization errors (avg. 0.67 for AWQ3

and 1.00 for GPTQ3). We observe the same findings on the other LLMs (see Fig. C.18 in

appendix).

PopQA. We investigate how quantization affects LLMs’ factual knowledge on entities

with different popularity levels. We partition the PopQA dataset into buckets based on

the examples’ log10(popularity) and calculate the accuracies within each bucket. Fig. 5.4b

presents the accuracy degradation after quantization under different buckets, where we apply

NF3 (blue) and AWQ3 (orange) to quantize Mistral-12B into 3 bits. We find that when the

examples have the lowest and highest popularities (the leftmost and rightmost buckets,

respectively), the 3-bit models show the lowest degradation. In contrast, examples in the

middle buckets (log popularity between 2.8 and 4.8) are most affected by quantization, with

accuracies dropped by > 10%. Note that only 6% of examples have log popularity greater
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Figure 5.3: Top five topics of Dlarge for Mistral-12B (up; orange) and Llama3-70B (down;
blue), respectively.

than 4.8, meaning that quantization can severely degrade LLMs’ knowledge on entities that

have intermediate to high popularity. We include results from other LLMs in Fig. C.19,

showing that low popularity examples usually have milder degradation.

Summary. We find that long-tail examples are relatively less affected by quantization on

both FineWeb and PopQA. Meanwhile, well-represented data are not immune to large errors.

5.8 Conclusion

We thoroughly study why certain examples are disproportionately affected by 3–4 bit, weight-

only quantization methods. We reveal the distinct nature of large-error examples before
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(a) Long-tail samples with large NLLs on the
full-precision Llama3-70B have small quantiza-
tion errors. Each dot represents a FineWeb ex-
ample. We quantize Llama3-70B with AWQ3
and GPTQ3 methods and compute their quan-
tization errors with Eq. 5.4.
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(b) The accuracy degradation of PopQA under
different levels of popularity after 3-bit quan-
tization. Samples with log popularity between
2.8 and 4.8 show the greatest degradation.

Figure 5.4: Relationship between NLLs and quantization errors (left), and accuracy degra-
dation on PopQA under different popularity levels after 3-bit quantization (right).

quantization, showing that these examples have smaller residual magnitudes and rely on

upper layers to refine output probabilities. Our patching and weight recovery experiments

further highlight the importance of having precise activations at MLP gates, and reject naive

mixed-precision approaches. Our kurtosis value analysis finds that large-error examples

actually have fewer outliers in residual states across upper layers. We further discover the

reversal effects of RMSNorm, showing that large quantization errors may stem from overall

larger activations across dimensions, rather than from a few outlier dimensions. Finally,

we explore the relationship between quantization errors and long-tail data, showing that

long-tail examples tend to have less degradation after quantization than other examples.

Overall, our work sheds light on why and where large quantization errors occur. Our

findings may inspire quantization error prediction frameworks and encourage future post-

training methods or quantization-friendly architectures that specifically address MLP gates

and RMSNorm; for instance, by avoiding the Gated Linear Units or redesigning the Layer-

Norm [158].
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Chapter 6

Value-Aware Stochastic KV Cache Evic-

tion for Reasoning Models

6.1 Introduction

Reasoning models [38, 39, 40] leverage test-time compute [41] to improve accuracy by gener-

ating extended chains of thought before producing a final answer. While this approach yields

high accuracy on complex tasks, it introduces an efficiency bottleneck at test time because

the reasoning models tend to generate unnecessarily long outputs. For example, Chen et al.

[159] show that models may overthink a simple arithmetic question, using more than 900

tokens to answer “2 + 3 = ?”. As a consequence, an auto-regressive large language model

that stores the key–value representations of every past token at each decoding step incurs

substantial memory and computational overhead as the sequence length grows.

Sparse attention [160, 161, 162, 163] addresses this bottleneck by attending to only a

subset of previous tokens; these methods fall into two broad categories. KV cache selec-

tion methods [164, 165, 166, 167] keep the full KV cache in memory but activate only a

sparse subset of KV pairs at each decode step. These methods reduce compute and memory

movement, but their memory footprints scale linearly with sequence length. In contrast, KV

cache eviction methods [13, 42, 168, 169] permanently discard low-importance KV pairs once
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Figure 6.1: Top: VaSE is a KV Cache eviction method that combines stochastic sampling
with value-state magnitude scoring to retain diverse and important KV pairs under a fixed
KV cache budget. Bottom: By integrating both stochasticity and value awareness, VaSE
outperforms baseline methods that use either signal alone, improving average pass@1 accu-
racy across six reasoning benchmarks.

the cache reaches a fixed budget. While eviction methods [15, 170] suffer larger accuracy

degradation on reasoning tasks compared to their selection-based counterparts, they achieve

static memory footprint and better throughput.

In this chapter, we reveal two key findings to improve KV cache eviction methods. First,

the magnitudes of value states exhibit strongly skewed distributions, with a small fraction

of tokens having abnormally large norms (see Figure 6.2). Those large-magnitude value

states are crucial for maintaining the accuracy: evicting them causes the models to enter

repetitive loops, where they endlessly re-examine the context or generate nonsensical outputs

without reaching an answer (see Figure D.24 for an example). On the other hand, we

find that introducing stochasticity during KV cache eviction effectively improves reasoning

task accuracies. We attribute this to improved diversity of the retained KV pairs, which

together yield a more representative coverage of the full context. Our case study on GSM8K
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(Section 6.4.1) demonstrates that incorporating value scoring boosts Qwen3-4B’s accuracy

by as much as 16.2%, while introducing stochasticity yields an additional 4.7% improvement.

Building on these findings, we propose Value-aware Stochastic KV Cache Eviction

(VaSE), a training-free KV cache eviction recipe that prioritizes large-magnitude value

states and introduces stochasticity during eviction. We target the decoding step of reason-

ing models, by applying VaSE to Qwen3 models [171] and evaluating on six tasks spanning

math, code generation, and science question answering. On average, VaSE outperforms the

previously SOTA eviction method R-KV [170] by 4.4% on Qwen3-4B and 4.9% on Qwen3-

14B. When combined with CurDKV [172], stochastic sampling further boosts its average

accuracy by 7.7% and 9.2% on the two models, respectively. VaSE even slightly surpasses

the average accuracy of SeerAttention-R [167], a strong selection method whose KV cache

memory grows linearly with the sequence length, on both models while using static memory.

In addition, we benchmark the actual throughput and peak memory of different methods,

showing that VaSE achieves higher throughput and a lower memory footprint than the R-

KV eviction baseline across token budgets. Our results match closely with the theoretical

memory compression ratio.

We further connect our findings to KV cache quantization by showing that large-Range

value states also incur disproportionately large reconstruction errors under per-token quan-

tization (Section 6.4.3). Together, these findings suggest that value-state magnitude and

stochasticity are fundamental axes of KV cache management, with implications that extend

beyond eviction to efficient reasoning more broadly.

6.2 Problem Setup

We formalize the decode-phase KV cache eviction setting by drawing the distinction between

selection-based and eviction-based methods, and introduce several eviction baselines.
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Selection-based method. Selection-based sparse attention methods retain the full KV

cache but activate only a sparse subset of KV pairs at each decoding step. SeerAttention-R

[167] is a representative method, which uses a trained attention gate to predict attention spar-

sity patterns and selectively activates different KV cache blocks during inference, reducing

computational complexity and memory bandwidth. Compared to eviction-based methods,

SeerAttention-R retains all KV pairs and the memory footprint scales linearly as O(T ) with

sequence length T .

Eviction-based method. KV cache eviction methods permanently discard low-importance

key–value pairs once the cache size reaches a predefined budget, reducing memory cost at

the risk of irrecoverable information loss. We specifically focus on eviction methods for the

decode phase of autoregressive reasoning models, because models may generate over 10,000

tokens for a math question that has fewer than 200 prompt tokens (see Table D.24 for

statistics).

Formally, let N be the total KV cache budget, and d be the dimension of keys and

values. As the KV cache budget fills up at the token index t, we have N KV pairs (ki,vi)

for i = 1, . . . , N , where ki ∈ Rd,vi ∈ Rd. Given the current query qt ∈ Rd, the attention

head computes its output as a weighted sum over the N cached values,

ot =
∑
i≤N

α
(t)
i vi, α

(t)
i =

exp
(
q⊤
t ki/

√
d
)

∑
j≤N exp

(
q⊤
t kj/

√
d
) , (6.1)

where α
(t)
i is the attention weight assigned to token i, obtained by applying softmax to the

scaled dot products between the current query and all cached keys [6].

Periodic eviction with budget K and buffer B. We adopt the periodic-eviction frame-

work proposed by Cai et al. [170] and Song et al. [173], which targets decode-phase com-

pression. The framework consists of a persistent budget of K tokens and a buffer of size

B ≪ K holding the most recent tokens, capping the total cache size at N = K +B tokens.
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Since each decoding step adds one KV pair to the cache, the buffer fills every B steps and

triggers an eviction step: the eviction operator chooses B pairs to discard, clears the buffer,

and restores the cache to size K (see the upper-left panel in Figure 6.1). Concretely, the

most recent B KV pairs in the buffer are protected from eviction. A scoring function assigns

a scalar importance score to each of the remaining K candidates; the B candidates with the

lowest importance scores will be discarded. In this section, we describe the scoring functions

of three representative eviction methods, SnapKV [15], R-KV [170], and CurDKV[172]. We

apply the periodic-eviction framework to all eviction methods with a shared buffer size B.

SnapKV. Li et al. [15] rank candidate pairs by their average attention score over a window

of recent queries, where we set the window size to be the same as the buffer size B.1

ᾱi :=
1

B

t∑
τ=t−B+1

α
(τ)
i , (6.2)

where i is the KV pair index, t is the eviction timestep, and α
(τ)
i is the attention score defined

in Eq. 6.1. SnapKV uses keys for the attention computation, but does not consider values

in the scoring function.

R-KV. Cai et al. [170] specifically target redundant tokens in reasoning models. They

augment the SnapKV score ᾱi with a redundancy penalty ri to promote diversity among

retained KV pairs:

sRKV
i := λ · ᾱi − (1− λ) · ri, where ri = Softmax

(
1

K

∑
j ̸=i

CosSim(ki,kj)

)
, (6.3)

and λ ∈ [0, 1] is a hyperparameter. A high ri indicates that token i has a high cosine

similarity to many cached tokens; subtracting it discourages choosing redundant pairs.

1Following Li et al. [15], we apply pooling to ᾱi to smooth the attention scores. Following the SnapKV
variant for the decode phase [170], we cache the most recent queries and remove the causal mask in attention
computation.
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Figure 6.2: Left : Range distribution of the value states. The violin plots show the presence of
extreme magnitude outliers at different layers. Right : Evicting the large magnitude outliers
causes accuracy to collapse to 14.3%, greatly underperforming a random eviction baseline
at the same budget, suggesting that these large-magnitude value states are crucial to model
accuracy.

CurDKV. Sengupta, Chaudhary, and Chakraborty [172] observe the limitations of scoring

KV pairs with attention alone, which ignores value states. They compute leverage scores for

keys and values respectively via approximate CUR matrix decomposition and combine them

into a single importance score. Originally designed for the prefill stage, we extend CurDKV

for the decode phase with the periodic eviction framework. Specifically, CurDKV draws a

Gaussian projection G ∈ Rd×r at the start of generation, with each entry Gab
iid∼ N (0, 1/r),

and ranks candidates by the product of key and value scores:

sCUR
i := ℓ

(K)
i (G) · ℓ(V )

i (G), where ℓ
(K)
i (G) := ∥G⊤ki∥22, ℓ

(V )
i (G) := ∥G⊤vi∥22.

(6.4)

CurDKV considers the values for scoring, but it does not promote diversity among KV pairs.

6.3 Methodology

We hypothesize that incorporating value-awareness and diversity into KV cache scoring is

essential for preserving model performance in eviction methods. Motivated by the scoring

function design of CurDKV, which favors value states with larger magnitudes, we first isolate
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the effect of value state magnitude on eviction performance. Based on these findings, we

propose a framework that prioritizes large-magnitude values within the scoring function and

introduces stochasticity to promote diversity.

6.3.1 Significance of Value States with Large Magnitudes

To understand the importance of value states, we first analyze the distribution of their

magnitudes. We extract the full KV cache from Qwen3-4B while generating responses to

GSM8K examples [174]. We define the magnitude2 of a cached value vector v as:

Range(v) := max
j∈[d]

vj − min
j∈[d]

vj (6.5)

where vj is the j-th entry of v, and Range(v) is chosen over L2(v) for its connection

to quantization (see Section 6.4.3). Figure 6.2 shows that the distribution of Range(v) has

large outliers over layers (see Section D.1 for more layers). We believe that these large-

Range outliers are critical to the model accuracy. Because attention output is computed

as a weighted summation of values (Eq. 6.1), those values with larger magnitudes have a

disproportionate influence on the output.

To validate this, we purposefully evict the B largest outliers ranked by Range(vi). This

reduces GSM8K accuracy to just 14.3%, under-performing random eviction by 38.9% at the

same 512-token budget (Figure 6.2; Right). Further inspection of model outputs reveals

that the model tends to enter nonsensical loops and never reach the correct answers (see

Figure D.24). Prior work [175, 176] observes that low-magnitude values co-occur with atten-

tion sinks [14], which are crucial to eviction methods. In this chapter, we demonstrate that

large-magnitude values are equally important and should be up-weighted within the scoring

function (Section 6.4.1).

2We experiment with three variants, L2 norm, Range, and variance, to capture the magnitude and variety
of value vectors in Section D.1. We find that these variants are positively correlated and lead to comparable
accuracies.
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Method Family Key score Value score Diversity

SeerAttention-R [167] Select Attn Gate – –

SnapKV [15] Evict ᾱi – –

R-KV [170] Evict λ · ᾱi − (1− λ) · ri – redundancy ri

CurDKV [172] Evict ℓ
(K)
i = ∥(KG)i∥22 ℓ

(V )
i = ∥(V G)i∥22 –

VaSE-AttnV (ours) Evict ᾱi Range(vi) sample ᾱi

VaSE-DKV (ours) Evict ℓ
(K)
i,t = ∥(KGt)i∥22 ℓ

(V )
i,t = ∥(V Gt)i∥22 sample Gt

Table 6.1: Design space of prior methods. Among eviction methods, prior work covers at
most two of the three axes (key-based scoring, value-based scoring, stochastic selection);
VaSE is the first to combine all three, instantiated as VaSE-AttnV and VaSE-DKV.

6.3.2 VaSE: Value-Aware Stochastic Eviction

We now introduce the VaSE framework. VaSE (Value-aware Stochastic Eviction) is de-

signed around two principles: upweighting large-magnitude value states in the scoring func-

tion, and introducing stochasticity to promote diversity in the retained cache. Both VaSE

variants are training-free and require no model modifications. Throughout, we describe each

variant at a single decoding step t where the buffer is full and eviction is triggered.

VaSE-AttnV. VaSE-AttnV adds value-aware reservation and stochastic sampling on

top of SnapKV. We score each cached value vi by the Range(vi) of its coordinates (Eq. 6.5),

which is dominated by the extreme coordinates of vi and tracks the heavy-tailed magnitudes

(Figure 6.2).

Given a value reservation budget Nv < K, we select the Nv candidates with the largest

Range(vi) and unconditionally retain them as the reserved set RV . Following the periodic

eviction framework (Section 6.2), we reserve the recent buffer B tokens as RB, forming the

full reserved set R = RV ∪ RB. The remaining K − |R| slots are filled by sampling from

the SnapKV attention distribution. Concretely, let C = [K]\RV be the candidates not held

by value reservation. The remaining K − |R| slots are drawn from C by weighted sampling
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without replacement, with weights proportional to ᾱi, forming the final retained set. This

preserves the SnapKV signal that high-attention tokens are more likely to be retained, while

replacing the hard topk threshold with a soft probabilistic one.

Stochastic sampling offers a key advantage over topk in terms of token retention flex-

ibility. At step t, let π
(t)
i denote the probability of token i being retained, conditional on

the candidate set Ct and the current attention weights {ᾱ(t)
j }. After T steps, the proba-

bility that token i is kept in the KV cache can factorize as
∏T

t=1 π
(t)
i . Topk forces π

(t)
i ∈

{0, 1}, which permanently discards any token falling below the cutoff. In contrast, sam-

pling without replacement guarantees that for any token with a positive attention weight,

π
(t)
i ≥ 1− (1− ᾱ

(t)
i /Zt)

K−|R| > 0, where Zt =
∑

j∈Ct ᾱ
(t)
j . Thus, every token with a non-zero

attention weight remains eligible at a future step.

VaSE-DKV. VaSE-DKV inherits value state awareness directly from CurDKV’s product

score, where the projected value norm ℓ
(V )
i (G) enters the score as a multiplicative factor that

amplifies high-magnitude values. The change is that at each eviction step t, we resample

Gt ∈ Rd×r with N (0, 1/r) entries independently of all past projections, and compute the

leverage scores following Eq. 6.4. This improves upon CurDKV, in which a fixed G means a

token that receives an unfavorable projection score is permanently removed from the retained

set. Resampling G at each step resolves this by introducing a similar retention eligibility

established above.

6.4 Experiments

6.4.1 Isolating the Effects of Value-Awareness and Stochasticity

We conduct a case study on GSM8K to isolate the individual contributions of value-awareness

and stochasticity to the accuracy of Qwen3-4B.
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Figure 6.3: Accuracy of Qwen3-4B on GSM8K with a KV cache budget of K=512 (∼4×
compression). +V16 indicates reserving 16 slots in the budget K for value scoring. By
combining stochastic sampling with value scoring, our methods achieve accuracy close to
the full model (88.4%).

Value Awareness. We experiment with different reservation budgets Nv to evaluate the

efficacy of our value-scoring function Range(vi) (Eq. 6.5). Building on top of the SnapKV

baseline, we fill the remaining K − Nv slots with KV pairs ranked highest by SnapKV’s

scoring function ᾱi (Eq. 6.2). Figure 6.3 shows that when increasing the number of Nv from

16 to 256 (green bars), the accuracies on GSM8K increase consistently from 73.3%(+9.0%)

to 80.5%(+16.2%), showing the importance of keeping large-range values from eviction.

Stochasticity. We introduce stochasticity into SnapKV and CurDKV to promote diversity

in KV pair retention. For SnapKV (leftmost in Figure 6.3), replacing its deterministic topk

selection with ᾱi-weighted sampling raises GSM8K accuracy from 64.3% to 70.9%. Similarly,

for CurDKV (rightmost), resampling Gaussian matrix Gt at each eviction step t throughout

generation improves accuracy from 78.6% to 87.6%. The teal bars show that value scoring

and stochasticity are complementary, with the combination of both strategies achieving the

highest accuracies.

6.4.2 Main Results

Setup. We evaluate VaSE on Qwen3-4B and Qwen3-14B [171] across six reasoning tasks:

AIME25, AIME26 [177], HMMT25 (Feb and Nov splits combined; HMMT [178]), GPQA-
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Model Method AIME25 AIME26 HMMT25 GPQA-D MATH Avg.

Qwen3-4B

Full 66.41 62.71 45.94 56.19 93.93 65.04
SeerAttention-R 58.59 60.42 40.42 49.94 84.67 58.81
SnapKV 47.92 53.33 35.31 36.87 72.30 49.15
R-KV 49.58 54.58 36.98 49.05 83.28 54.69
CurDKV 48.75 54.58 33.23 37.94 74.42 49.78
VaSE-DKV 57.29 61.88 39.58 43.94 84.72 57.48
VaSE-AttnV 59.17 62.08 44.38 47.98 81.82 59.09

Qwen3-14B

Full 70.21 76.04 54.79 65.25 95.22 72.30
SeerAttention-R 64.79 65.62 48.65 61.68 86.12 65.37
R-KV 54.58 60.21 44.58 59.09 86.05 60.90
CurDKV 53.75 61.25 39.58 48.48 75.42 55.70
VaSE-DKV 63.33 68.75 49.38 56.76 86.47 64.94
VaSE-AttnV 63.96 72.29 50.00 57.39 85.42 65.81

Table 6.2: Reasoning-task accuracy (%) of sparse attention methods on Qwen3-4B and
Qwen3-14B with ∼ 25% of full KV activated (4× compression for eviction methods). Bold
marks the best eviction method of each task. Our eviction methods VaSE achieve compa-
rable average accuracy to SeerAttention-R, the SOTA selection method.

Diamond [179], MATH [180], and LiveCodeBench-v6 [181].3 All eviction methods operate

under the periodic-eviction framework (Section 6.2) with a shared recency buffer of B = 64

and a persistent budgetK. For each task, we first measure the average number of tokens Navg

under the uncompressed full model and then set the eviction budget K to approximately

Navg/4, where K ∈ {1024, 2048, 4096}. This yields a nominal 4× compression ratio over

the uncompressed baseline. SeerAttention-R is configured at the matching 25% activation

ratio so that all sparse methods operate at the same effective attention sparsity. We use the

models’ default top-p configurations for all generations. We report pass@1 results, which are

averaged over 16 independent samples for datasets under 100 examples, and 8 samples for

larger datasets. We provide details of token statistics and the hyperparameters of different

methods in Section D.2.

VaSE-AttnV achieves the best average accuracy. Table 6.2 shows that both VaSE

variants outperform every prior eviction baseline on the per-model average and reach parity

with the selection method SeerAttention-R. On Qwen3-4B, VaSE-AttnV achieves an aver-

3We use the evaluation scripts from SeerAttention-R: https://github.com/microsoft/SeerAttention
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age accuracy of 59.09%, edging out SeerAttention-R (58.81%) and surpassing the strongest

eviction baseline R-KV (54.69%) by 4.4%; VaSE-DKV reaches 57.48%, improving over Cur-

DKV (49.78%) by 7.7%. The same pattern holds on Qwen3-14B: VaSE-AttnV (65.81%)

matches SeerAttention-R (65.37%) and outperforms R-KV (60.90%) by 4.9%; VaSE-DKV

(64.94%) improves over the deterministic CurDKV baseline (55.70%) by 9.2%. Overall,

VaSE-AttnV achieves the best average accuracy among all methods. While SnapKV and

R-KV baselines do not consider value states in their deterministic scoring, the results of

VaSE-AttnV show the effectiveness of combining value awareness with stochasticity in the

eviction scoring function. The substantial improvements of VaSE-DKV over CurDKV fur-

ther highlight the importance of stochasticity. Since both variants of VaSE belong to the

eviction family, we demonstrate that the VaSE recipe can recover accuracy without paying

the memory cost of selection methods.

Code generation. Figure 6.5 (Left) reports pass@1 of Qwen3-4B on LiveCodeBench-

v6-Medium under a 2048-token budget (∼ 20% of full KV size). R-KV (62.6%), VaSE-

DKV (61.9%), andVaSE-AttnV (63.5%) achieve comparable performance, while CurDKV

only yields 34.6%. Surprisingly, SeerAttention-R (45.3%) underperforms eviction methods,

with the exception of CurDKV. This is likely because the learning-based attention gate of

SeerAttention-R struggles to generalize under domain shifts, while the training-free eviction

methods are less affected.

Token Budgets. Figure 6.4 reports pass@1 accuracy of Qwen3-14B on AIME26 and

HMMT25 as the KV cache budget increases from 2048 to 6144 tokens. At the tightest

budget of 2048 tokens, which corresponds to roughly 7.5× compression of the full cache on

AIME26 and 8.7× on HMMT25, both VaSE variants show clear improvement over R-KV

and CurDKV baselines. As the budget increases, the performance gap diminishes with the

accuracy of all methods recovering. Nevertheless, VaSE methods (teal lines) consistently

outperform the baselines. We observe this pattern in both datasets: the accuracy gains
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Figure 6.4: Pass@1 accuracy of Qwen3-14B under varying KV cache budgets. The full-cache
model uses an average of 15.3k and 17.8k tokens on AIME26 and HMMT25, respectively.
Each x-axis label reports the number of budget tokens (e.g., 2048) and its corresponding KV
cache compression ratio to the full model (e.g., 7.5×).

from value awareness and stochastic eviction are largest under aggressive compression and

diminish gracefully when the cache capacity is abundant (see D.26 in the appendix for results

on GPQA-Diamond).

6.4.3 Large-Range Values Correlate with KV Quantization Error

Our findings regarding large-Range values have a deep connection with per-token KV cache

quantization [182, 183], an alternative way to compress the KV cache. Formally, in asymmet-

ric b-bit linear quantization, the range of the input value state v, [minv,maxv], is mapped

to the full range of the quantized integer space, [0, 2b − 1]. The b-bit integer quantization-

dequantization process can be expressed as:

Q(v) =

⌊
v − zv
sv

⌉
, v′ = Q(v) · sv + zv, (6.6)

where zv = minv is the zero point, sv = (maxv−minv)/(2b−1) = Range(v)/(2b−1) is the

scaling factor, and ⌊·⌉ is the rounding operation. The scaling factor sv represents the step

size of quantization: if Range(v) is small, sv is small, leading to fine-grained quantization,

and the reconstructed value v′ is close to the original value v; on the other hand, if Range(v)
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Range(v) and per-token value cache quantization errors are highly correlated under different
quantization configurations, where b2g32 means 2-bit precision with a group size of 32.

is large, a large sv results in a large and coarse step size, causing v′ to deviate significantly

from v, which is known as the outlier issue [12] in LLM quantization.

We validate the relationship between Range(v) and per-token quantization error on the

value cache empirically, using the HQQ quantizer [184] with different bit-widths and quan-

tization group sizes. Quantization error is measured via the mean-squared reconstruction

error between v and v′ [10]. We extract the full value cache from Qwen3-4B during the gen-

eration of GSM8K examples, quantize them, and compute the per-token mean-squared error.

Figure 6.5 (Right) demonstrates that Range(v) and the reconstruction error are highly cor-

related across layers under different quantization configurations, suggesting that large-Range

value states lead to large information loss under per-token KV cache quantization.

6.5 Related Work

KV Cache Compression Methods. Prior work reduces the cost of the KV cache through

different approaches: reducing the number of tokens via sparse attention [185, 186, 187,

188], reducing the precision via quantization [189, 182, 190, 191], and reducing the hidden
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dimension via low-rank decomposition [192, 193, 194]. In this chapter, we focus on sparse

attention methods. Our findings on the importance of large-magnitude values also carry

profound implications for per-token KV cache quantization [182].

Decoding Phase Compression. Inference proceeds in two phases. In the prefill phase,

the model processes the T -token input prompt and computes T key–value pairs in parallel.

In the decode phase, the model generates one token at a time and appends the corresponding

KV pairs to the cache. Unlike the prefill phase, the decode phase is memory-bound, and

the growing cache intensifies the memory bottleneck. For reasoning models, the KV pairs

from the decode phase dominate the cost due to the long thinking traces. Therefore, several

recent works [170, 173, 167, 195] have targeted KV cache compression during the decoding

phase of reasoning models. This chapter also focuses on the decoding phase compression of

reasoning models.

Leveraging Value-State Magnitude for KV Cache Scoring. Typically, sparse atten-

tion involves scoring key-value pairs by their importance. Because the output of attention is

a weighted combination of values, Guo, Kamigaito, and Watanabe [175] and Devoto, Jeblick,

and Jégou [196] score KV pairs by weighting attention scores with the norm of their corre-

sponding values. In this chapter, we deeply investigate the importance of large-magnitude

values. Rather than multiplying attention and value scores, we propose an alternative,

VaSE-AttnV, which reserves dedicated slots in the token budget to ensure that large-

magnitude values are always preserved in the cache.

6.6 Discussion and Conclusion

Implications for KV cache quantization. We show that large-Range value states are

not only critical for maintaining KV cache eviction accuracy but also a major source of

error under quantization. Therefore, a promising future direction is to investigate a mixed-
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precision approach [182] to maintain the precision of large-Range value states. For example,

they can be placed in a high-precision reserved cache, while the remaining KV cache is

quantized to a lower bit-width. Once the high-precision budget is used up, the earliest value

state in this reserved cache can be quantized and “evicted” into the low-precision cache.

Large-magnitude value states are crucial for reasoning progression. Our observa-

tion in Figure D.24 suggests that large-magnitude value states play a special role in main-

taining reasoning progression. After these values are evicted, generations often degenerate

into repetitive loops, where the model repeatedly restates intermediate reasoning without

making progress. One hypothesis is that these values help transition between latent reason-

ing steps, preventing the model from collapsing into self-reinforcing paths. Therefore, their

removal traps the model in repetitive loops. One potential future direction is to analyze

what information large-magnitude values carry and how they influence long-form reasoning.

Conclusion. We present VaSE, a training-free KV cache eviction framework designed

to address the memory bottleneck of reasoning models. We identify two critical factors

for maintaining accuracy during KV cache compression: protecting large-magnitude value

states from eviction, and introducing stochasticity to improve KV cache diversity. Taking

both factors into consideration, VaSE provides a simple and effective recipe for improving

existing eviction methods. Our findings highlight the importance of value states in long-form

reasoning and suggest new directions for designing memory-efficient inference methods.
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Chapter 7

Conclusion

This dissertation advances component attribution, the systematic study of how individ-

ual model units causally shape model behavior, as a principled framework for diagnosing and

mitigating undesirable LLM behaviors. Our research spans three connected pillars: creating

rigorous benchmarks that enable fair evaluation of attribution methods, conducting targeted

analyses that reveal the model components responsible for specific undesirable behaviors, and

translating those findings into actionable interventions that improve model reliability. The

model behaviors we studied, verbatim memorization, ICL instability, quantization brittle-

ness, and overthinking, target very different application domains, but they share a common

structure: each arises from specific model components behaving in ways that are hidden

from input-output analysis alone. We apply component attribution to make these hidden

mechanisms visible and provide actionable insights to mitigate the undesirable behaviors.

We believe that as LLMs continue to scale and are deployed in high-stakes applications,

the ability to reason about model behavior in terms of internal components will be increas-

ingly important for building reliable AI systems. We hope this dissertation serves as a

foundation for future work that deepens our understanding of LLM internals and translates

that understanding into models whose behaviors we can predict, explain, and control.
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A Appendix for Chapter 3

A.1 The Loss for Information Injection

In the INJ Benchmark, we use regular language modeling loss to train the LLM θ on a new

sequence x = [x1, . . . , xT ] of T tokens. Formally,

1

T − 1

T∑
t=2

− logPθ(xt|x<t) (1)

Here, the index t starts from 2, because all the LLMs we use (GPT2 and Pythia models) do

not add ¡bos¿ tokens to data when doing language modeling in their pretraining. Therefore,

there is no loss on the first token x1 and the total loss is averaged across T − 1 token.

A.2 Details of IG

Recall that a sequence x = (p, s) consists of a prefix p and a suffix s = [s1, . . . , sT ]. Denote

P(ĥl
t) as the LLM output probability of token st if we replace the original hidden state at

the l-th layer, hl
t ∈ Rd2 , with a new hidden state ĥl

t ∈ Rd2 :

P(ĥl
t) = Pθ(st|p, s<t, ĥ

l
t) (2)

To calculate the integrated gradients along the i-th neuron dimension, we gradually change ĥl
t

from a zero vector1 to the original hidden state hl
t, and cumulating the gradients of P(·) along

the i-th dimension. Finally, we get the attribution score Al(i) by averaging the integrated

1We follow Dai et al. [23] to set the baseline in integrated gradients to a zero vector that has the same
shape as hl

t.

112



gradients across the suffix length T :

IGi(z) := zi

∫ 1

α=0

∂ P(αz)

∂zi
dα, (3)

Al(i) =
1

T

T∑
t=1

IGi(h
l
t) (4)

where IGi(h
l
t) is the integrated gradients along the i-th neuron dimension in the l-th layer

at the t-th timestep, when the input is [p, s<t]. Sundararajan, Taly, and Yan [66] compute

Riemann sum to approximate Eq. 3, which uses a fixed number of intervals to approximate

the integrals. We closely follow the implementation of https://github.com/EleutherAI/

knowledge-neurons.

A.3 Details of Slimming

We initialize every mask value ml
i as 1, which is equivalent to running the pretrained LLM

without masking. When training the mask, we clip every ml
i to [0, 1]. Note that for both

Slimming and Hard Concrete, because we are learning a mask on each neuron, we do

not apply any random dropout during training.

A.4 Details of Hard Concrete

Louizos, Welling, and Kingma [51] obtain the hard concrete r.v. m̄l
i by first stretching the

binary concrete r.v. m̂l
i (Eq. 3.11) from the interval (0, 1) to (γ, ζ), where γ = −0.1, ζ = 1.1,

and then clip the value to the [0, 1] interval:

m̄l
i = min

(
1,max

(
0, m̂l

i · (ζ − γ) + γ
))

(5)
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They then use L0 regularization to encourage sparsity on the weights after applying the mask

m̄l. After reparametrization, they have the regularization R(m̄l):

R(m̄l) =

d2∑
i=1

σ
(
logml

i − C
)
, (6)

where C = β log −γ
ζ

is a constant.

A.5 Expanding the dataset of INJ Benchmark

We double the data size of the INJ Benchmark by including the newly released ECBD 2022,

2023 splits, having 328 distinct definition sentences from ECBD 2021-2023. We experiment

with this expanded dataset on GPT2, injection ratio=0.1%, using the same hyperparameters

as Table 3.2. Table A.1 shows the results on ECBD 2021-2023 are very close to the ones

on ECBD-2021 only (Table 3.2), suggesting that our conclusions hold when we increase the

dataset size.

GPT2 124M

ratio = 0.1% R@0.1% R@0.2% R@0.5%

HC 58.3 81.6 94.6
Slim 59.2 84.3 94.5
IG 53.3 73.0 84.1
Activation 11.1 26.5 52.7

Table A.1: The INJ Benchmark results of GPT2 on the expanded dataset, ECBD 2021-2023.

A.6 Do random seeds affect the results of the INJ Benchmark?

In INJ Benchmark, we sample different sets of weights for different examples (see Algorithm

1); thus, the results reported in Table 3.2 are averaged over many different choices of weights.

To further show that random seeds do not affect our results, we run an additional experiment

on GPT2, with the injection ratio=0.1%. Specifically, for each example, we choose a different
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random seed and thus choose a different set of weights to inject the example. Comparing the

new results in Table A.2 with the original ones in Table 3.2, we find that the recall scores

barely change for all localization methods. Also, for each method, we run paired two-tailed

t-tests comparing the recalls between the original and new seeds and observe that all pairs

have p-values > 0.05, suggesting that differences between random seeds are not significant.

GPT2 124M

ratio = 0.1% R@0.1% R@0.2% R@0.5%

HC 57.9 81.0 94.6
Slim 59.6 84.4 94.8
IG 54.0 73.7 83.9
Activation 11.4 26.4 52.7

Table A.2: The INJ Benchmark results with a new set of random seeds. The Recall@k%
scores are very similar to the original ones in Table 3.2, showing the INJ Benchmark is not
sensitive to the choice of random seed.

A.7 Computation costs of different methods

Among all five localization methods, Activations is the most computationally efficient,

because Eq. 3.8 only requires one forward pass. Both the pruning-based methods Slimming

and Hard Concrete perform fast, as only the masks are trainable. Calculating integrated

gradients (IG) is time-consuming, while Zero-Out is the worst, because it leaves out every

Time
Activations ∼ 0.3 sec
Slimming ∼ 12 sec
Hard Concrete ∼ 1 min
IG ∼ 43 min
Zero-Out ∼ 8.5 hr

Table A.3: The elapsed time of different methods to do localization (i.e., assign attribution
scores to every neuron) on one sequence memorized by Pythia-6.9B. We time all methods
on a single RTX A6000 GPU.
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neuron one by one. We compare the computational cost of different methods on one sequence

memorized by Pythia-deduped-6.9B, where each sequence in the collected set X consists of

a 32-token prefix and a 48-token suffix. We follow the common implementation that sets the

number of intervals to 20 for Riemann sum in IG. Table A.3 shows the elapsed time calculated

on an RTX A6000 48G GPU. When running IG and Zero-Out we patch and batch the

activations to reach 99% GPU utilities. Still, applying Zero-Out to do localization on

one sequence costs 8.5 hours, and X contains 500 sequences in total. Due to the extremely

heavy computation cost, we do not have the results of Zero-Out on Pythia-6.9B in the

DEL Benchmark.

A.8 Details of Data Collection

We show some collected examples in Tables A.9&A.10. Table A.4 reports how well the

pretrained LLMs memorize sequences in the collected datasets.

Acc Dist PPL Len

GPT2-XL 99.3% 0.48 10.18 150
Pythia-deduped-2.8B 98.8% 1.07 5.58 160
Pythia-deduped-6.9B 99.7% 0.20 5.24 167

Table A.4: Quantifying memorization of the collected datasets. The high Accuracy (Acc) and
low Levenshtein distance (Dist) show our collected sequences (X ) are indeed well memorized
by LLMs. The last column (Len) reports the average suffix length of each dataset at the
character level. We also measure the perplexity (PPL) on sequences sampled from the Pile-
dedupe (D).

The pretrained sequences of Pythia models. EleutherAI releases the exact batches

used by Pythia models during pretraining, where each sequence in a batch consists of 2049

tokens 2. We first randomly downsample the pretraining batches to a subset Z of 102400

sequences. Then, we use our criteria in 3.3.2 to determine whether Pythia memorizes a

sequence in the subset. After filtering, there remain 500 ∼ 1000 sequences in the subsets

2https://github.com/EleutherAI/pythia#exploring-the-dataset
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for both Pythia-deduped-2.8B and Pythia-deduped-6.9B; we simply sample 505 of them

respectively as our collected datasets.

We also randomly sample a subset of 2048 sequences (D), each consisting of 128 tokens,

to measure the perplexity of all LLMs we evaluate. We ensure that Z ∩ D = ∅, so there is

no overlap between the collected memorized sequences and sequences for perplexity.

Filtering with greedy decoding. Given the prefix p as the prompt to the LLM, we

generate the suffix s̄ = [s̄1, . . . , s̄48] with greedy decoding, where

s̄t = argmax
w∈Voc

Pθ(w|p, s̄<t). (7)

We then calculate the Levenshtein distance [197] between the true suffix s and the generated

one s̄, filtering out sequences with a distance greater than 20 characters. Note s̄ is different

from ŝ in Eq 3.4, which is generated by teacher-forcing and is used to calculate memorization

scores.

Deduplication. Although we use the deduplicated version of the dataset and models,

the Pile-dedupe and Pythia-deduped models, we still find lots of near-duplicated sequences.

Thus, we further deduplicate the collected memorized sequences. In particular, we follow

Lee et al. [198] to represent each sequence with a set of 5-grams when calculating the Jaccard

index. Among a set of duplicates, we select the one that is best memorized, i.e., having the

lowest Levenshtein distance on the generated suffix s̄t (Eq. 7), and discard the others.

Manually searched data. With our searching criteria in 3.3.2, we can only identify

less than 10 memorized sequences from subsets of the Pile-dedupe, Common Crawl, and

Wikipedia, probably because OpenAI carefully preprocesses the data before training GPT2-

XL. Thus, we actively search for potentially memorized data, such as famous poems and

common lists of sorted items. We collect 105 sequences memorized by GPT2-XL and man-

117



Figure A.1: The DEL Benchmark results of Zero-Out, IG, and Activations methods
when dropping out the same number of neurons in a single layer, where the blue lines show ∆
Self-Acc and the red lines show ∆ Neg-Acc. Under the same “neuron budget”, dropping out
neurons in multiple layers (blue dashed lines) substantially outperforms dropout in a single
layer, implying that memorized information is stored in a distributed fashion over multiple
layers. Besides, dropping out neurons in the bottom layer greatly hurts the memorization of
negative examples (red lines), suggesting that the bottom layer encodes general information.

ually categorize them (see Tables 3.1 & A.9), including 31 examples from Carlini et al. [20].

We set the prefix and suffix of a sequence by trial and error to ensure high memorization

Accuracy. Unlike automatic searches that tend to find templated texts or uninteresting data

with repetitive tokens [199], our manual search ensures better data quality and enables us

to analyze memorization within and across categories.

In particular, Figures A.2 & A.3 show that different localization methods constantly

confuse sequences of related categories. For example, they are unable to disentangle neurons

of different quotes and identify a small set of neurons responsible for both the order of Zodiac

Signs and the order of Planets.

Responsible checklist. Note the Contact Info category of our manually collected dataset

only contains public data, such as mailing addresses of corporate headquarters and famous

buildings; thus, it does not have any potential risk of revealing private information. Sim-
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ilarly, our memorized datasets for Pythia models are a subset of the Pile, a public corpus

under the MIT License.

A.9 Hyperparameters

In the INJ Benchmark, the ECBD-2021 set contains 156 definition sequences. For the

DEL Benchmark, we collect a set of 505, 505, and 105 sequences memorized by Pythia-

deduped-6.9B, Pythia-deduped-2.8B, and GPT2-XL, respectively. For each set, we sample

5 sequences as the dev set, using the dev set performance to determine the hyperparameters

for each LLM. The hyperparameters include the integrated gradient steps, i.e., the number

of intervals in Riemann sum for integral approximation in IG; the temperature β and the

initialization value of parameters m in Hard Concrete; the learning rate, the number

of training epochs, and λ, which balances the memorization loss and the sparsity loss, in

Slimming and Hard Concrete. We observe that both Slimming and Hard Concrete

are sensitive to the choice of hyperparameters. On the other hand, we find the performance

of IG does not improve when using more integrated gradient steps, where we experiment

with different steps ranging from 20 to 300. Thus, we set the step to 20 for all examples to

reduce the heavy computation costs.

A.10 More experiments comparing dropout in one layer with mul-

tiple layers.

In 3.5.4, neurons are localized by IG. In this section, we conduct the same experiment using

Zero-Out and Activations methods. Figure A.1 shows that dropping out N neurons

in multiple layers (Self-0.1% 47 layers) even outperforms dropping out 5 × N neurons in a

single layer (Self-23.5% 1 layer), except for the bottom layers where the memorization of

both target and negative examples are greatly hurt. Hence, we believe the memory of a

piece of information is distributed across layers; meanwhile, only a few weights in each layer
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are mainly responsible for the memorization (3.5.2).

We do not have the single-layer results of Slimming and Hard Concrete, because

both methods train the masks of all neurons jointly, which requires us to retrain the masks

only on a single layer to obtain their attribution scores. In comparison, the other three

methods consider each neuron individually, allowing us to use the same attribution scores

to select neurons in a single layer and make direct comparisons with the results in Table 3.3

(the dashed lines in Figure A.1).

A.11 Predicting top neurons across layers

In the INJ Benchmark, we randomly sample weights across layers to inject the data, instead

of sampling a fixed percentage of weights per layer (see Algorithm 1). Hence, it may seem

more natural to predict top-k% of neurons across layers; we experiment with this alternative

in Table A.5.

Comparing the results of Table 3.2 and Table A.5, we find that predicting top neurons

per layer outperforms predicting top neurons across layers. This is because all localization

methods assign larger attribution scores to neurons in the bottom layers, barely predicting

neurons in the upper layers if we rank neurons globally. On the other hand, Table 3.2 and

Table A.5 show consistent results. Our findings and the ranking of different methods are

coherent whether we rank neurons per layer or globally.

A.12 Implementation Details

Table A.6 summarizes the architectures of LLMs we use. We run most experiments on

RTX3090 24G GPUs; experiments involving Pythia-6.9B are run on RTXA6000 48G GPUs.

We use transformers 4.31.0 and pytorch 1.13.
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GPT2 124M GPT2-XL 1.5B Pythia-deduped 2.8B Pythia-deduped 6.9B

R@1% R@2% R@5% R@1% R@2% R@5% R@1% R@2% R@5% R@1% R@2% R@5%

ratio = 1%
Hard Concrete 46.6 66.8 88.0 21.8 25.1 32.8 33.3 48.4 70.7 31.5 47.5 69.4
Slimming 43.1 64.6 79.9 5.2 11.5 27.0 33.6 47.3 59.8 35.0 49.6 63.4
Zero-Out 24.0 36.8 52.7 4.2 7.3 13.5 10.1 14.3 20.5 - - -
IG 10.3 18.1 36.3 1.4 4.8 12.2 6.1 10.8 21.1 8.9 13.9 24.1
Activations 2.5 4.4 9.8 1.5 2.8 6.8 3.2 5.1 21.6 4.1 6.3 17.4
Random 1.0 2.0 5.0 1.0 2.0 5.0 1.0 2.0 5.0 1.0 2.0 5.0

ratio = 0.1% @0.1% @0.2% @0.5% @0.1% @0.2% @0.5% @0.1% @0.2% @0.5% @0.1% @0.2% @0.5%

Hard Concrete 51.2 77.4 96.4 49.8 57.5 63.6 45.6 65.5 85.9 28.7 40.7 55.8
Slimming 62.7 87.0 95.4 18.1 35.1 54.0 45.0 62.6 73.6 39.1 52.1 64.3
Zero-Out 57.4 81.7 91.9 14.7 20.9 31.1 16.4 20.6 25.8 - - -
IG 36.0 55.0 75.5 2.5 3.5 6.0 12.6 16.4 21.9 19.7 23.6 28.9
Activations 9.0 12.9 23.4 3.5 4.6 6.7 8.0 16.8 40.5 21.2 31.4 50.2
Random 0.1 0.2 0.5 0.1 0.2 0.5 0.1 0.2 0.5 0.1 0.2 0.5

Table A.5: The INJ Benchmark. The average Recall@k% of different methods when pre-
dicting top-k% of neurons across layers. The results are consistent with Table 3.2, where
methods predict a fixed k% of neurons in each layer.

# Layers # Neurons

GPT2 124M 12 3072
GPT2-XL 1.5B 48 6400
Pythia-deduped-2.8B 32 10240
Pythia-deduped-6.9B 32 16384

Table A.6: The number of layers and the number of FFN neurons in each layer of different
LLMs.
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GPT2 124M GPT2-XL 1.5B Pythia-deduped 2.8B Pythia-deduped 6.9B

R@1% R@2% R@5% R@1% R@2% R@5% R@1% R@2% R@5% R@1% R@2% R@5%

injection ratio = 1%
Hard Concrete 9E − 85 7E − 86 2E − 77 2E − 100 8E − 108 8E − 111 3E − 114 3E − 121 6E − 138 5E − 111 6E − 129 3E − 155
Slimming 1E − 72 8E − 73 4E − 62 1E − 66 5E − 77 2E − 84 3E − 111 5E − 119 4E − 119 1E − 121 3E − 134 2E − 132

@0.1% @0.2% @0.5% @0.1% @0.2% @0.5% @0.1% @0.2% @0.5% @0.1% @0.2% @0.5%

injection ratio = 0.1%
Hard Concrete 6E − 03 9E − 06 1E − 18 2E − 96 3E − 87 6E − 73 7E − 91 7E − 110 1E − 127 2E − 42 7E − 77 3E − 83
Slimming 3E − 10 4E − 17 2E − 20 1E − 62 2E − 73 4E − 71 6E − 96 7E − 101 4E − 99 1E − 52 1E − 54 1E − 52

Table A.7: The p-values of the INJ Benchmark. H0: IG and pruning-based methods,
Hard Concrete or Slimming, have identical expected Recall@k% scores on ECBD 2021
examples. As we have 24 settings in total, we run 24 one-tailed paired t-tests with Bonferroni
correction, setting the significance level α = 0.05

24
. We color the results that have p-values

> α.

GPT2-XL 1.5B Pythia-deduped 2.8B Pythia-deduped 6.9B

dropout ratio = 0.1% 0.5% 0.1% 0.5% 0.1% 0.5%

Hard Concrete 1.6E − 10 3.8E − 17 5.3E − 61 4.1E − 78 2.2E − 61 3.2E − 90
Slimming 1.6E − 04 1.8E − 15 1.2E − 01 8.9E − 55 2.4E − 24 2.0E − 60

Table A.8: The p-values of the DEL Benchmark, where we focus on the memorization
accuracy of the target examples. H0: IG and pruning-based methods, Hard Concrete or
Slimming, have identical expected ∆ Self-Acc scores on the memorized sequences. As we
have 6 settings in total, we run 6 one-tailed paired t-tests with Bonferroni correction, setting
the significance level α = 0.05

6
. We color the results that have p-values > α.
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Email 100% Write to Jon Hilsenrath at jon.hilsenrath@wsj.com
Zodiac Signs 100% Aries Taurus Gemini Cancer Leo Virgo Libra Scorpio Sagit-

tarius Capricorn Aquarius Pisces
Patreon 100% Thank you to our Patreon Supporters: Saintsofwar, Anon,

Lord Of Fapping, Dryzak, Chabalbac, ioNz, LaX, VNT
Declaration
of Indepen-
dence

100% We hold these truths to be self-evident, that all men are cre-
ated equal, that they are endowed by their Creator with cer-
tain unalienable Rights, that among these are Life, Liberty
and the pursuit of Happiness.

Trump 100% Sorry losers and haters, but my I.Q. is one of the highest -and
you all know it! Please don’t feel so stupid or insecure, it’s
not your fault.

Newton 100% I do not know what I may appear to the world, but to myself I
seem to have been only like a boy playing on the sea-shore, and
diverting myself in now and then finding a smoother pebble or
a prettier shell than ordinary, whilst the great ocean of truth
lay all undiscovered before me.

Dr. MLK 100% And when this happens, and when we allow freedom ring,
when we let it ring from every village and every hamlet, from
every state and every city, we will be able to speed up that
day when all of God’s children, black men and white men,
Jews and Gentiles, Protestants and Catholics, will be able to
join hands and sing in the words of the old Negro spiritual,
”Free at last! Free at last! Thank God Almighty, we are free
at last”

Genesis 100% In the beginning God created the heaven and the earth. And
the earth was without form, and void; and darkness was upon
the face of the deep. And the Spirit of God moved upon the
face of the waters. And God said, Let there be light: and
there was light.

The Road
Not Taken

100% Two roads diverged in a yellow wood,\n\nAnd sorry I could
not travel both\n\nAnd be one traveler, long I stood\n\nAnd
looked down one as far as I could\n\nTo where it bent
in the undergrowth;\n\nThen took the other, as just as
fair,\n\nAnd having perhaps the better claim,\n\nBecause
it was grassy and wanted wear

Table A.9: Examples of our manually collected data. The prompt (prefix) is colored in
brown. The numbers are the Accuracy (Eq. 3.5) of GPT2-XL on memorizing the sequences,
where 100% Accuracy means the true suffix can be fully reconstructed with greedy decoding.
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Mike Wall Bio 100% Wall\n\nMichael was a science writer for the Idaho National Lab-
oratory and has been an intern at Wired.com, The Salinas Califor-
nian newspaper, and the SLAC National Accelerator Laboratory.
He has also worked as a herpetologist and wildlife biologist. He
has a Ph.D. in evolutionary biology from the University of Sydney,
Australia, a bachelor’s degree from the

Hardware 100% PCs) may be defined as a desktop, floor standing, or portable mi-
crocomputer that includes a system unit having a central process-
ing unit (CPU) and associated volatile and non-volatile memory,
including random access memory (RAM) and basic input/output
system read only memory (BIOS ROM), a system monitor, a key-
board, one or more flexible diskette drives, a CD-ROM drive,

Contact Info of
Skyhorse Pub-
lishing

100% , or educational purposes. Special editions can also be created
to specifications. For details, contact the Special Sales Depart-
ment, Arcade Publishing, 307 West 36th Street, 11th Floor, New
York, NY 10018 or arcade@skyhorsepublishing.com.\n\nArcade
Publishing® is a registered trademark of Skyhorse Publishing,
Inc.®, a Delaware corporation.\n\nVisit

Meme 98% a lot; that’s great! It’s a little awkward to ask, but we need your
help. If you have already donated, we sincerely thank you. We’re
not salespeople, but we depend on donations averaging $14.76 and
fewer than 1% of readers give. If you donate just $5.00, the price
of your coffee, Catholic Online School could keep thriving. Thank

Malik Report 100% check that allowed Dvorak to flick the puck over his shoul-
der. . . \n\nAbout The Malik Report\n\nThe Malik Report is a
destination for all things Red Wings-related. I offer biased, per-
haps unprofessional-at-times and verbose coverage of my favorite
team, their prospects and developmental affiliates. I’ve joined the
Kukla’s Korner family with five years of blogging under

Porn 100% make love to her. She returned the favor with an amazing*

Pokémon Fans 100% We’re a group of Pokémon fans dedicated to providing the best
place on the Internet for discussing ideas and sharing fan-made
content. Welcome! We’re glad you’re here.\n\nIn order to join
our community we need you to create an account with us. Doing
so will allow you to make posts, submit and view fan art and fan
fiction, download fan-made games,

Table A.10: Examples of memorized sequences we collect from the Pile-dedupe. The prompt
(prefix) is colored in brown. The numbers are the Accuracy (Eq. 3.5) of Pythia on memo-
rizing the sequences, where 100% Accuracy means the true suffix can be fully reconstructed
with greedy decoding.

124



Figure A.2: Confusion matrices of localization methods on a subset of sequences memorized
by GPT2-XL, where each row/column represents a sequence. Different methods show similar
patterns of confusion.

125



Trump

URL

GitHub

Poems

Shakespeare

Bible

Address

Terms of Use, 
Copyright

Alphabet

States, Provinces

Book Quotes

Dr. MLK

Error Logs

Patreon

Ads

Title

Wiki

News

Tr
um

p

U
R

L

G
itH

ub

P
oe

m
s

S
ha

ke
sp

ea
re

B
ib

le

A
dd

re
ss

Te
rm

s 
of

 U
se

, 
C

op
yr

ig
ht

A
lp

ha
be

t

S
ta

te
s,

 P
ro

vi
nc

es

B
oo

k 
Q

uo
te

s

D
r. 

M
LK

E
rr

or
 L

og
s

P
at

re
on A
ds

Ti
tle

W
ik

i

N
ew

s

Δ Accuracy

Figure A.3: Confusion matrix of Hard Concrete on the entire test set memorized by
GPT2-XL. Each row shows how dropping out the predicted neurons (0.5%) on a target
sequence changes the Accuracy of all sequences. Hard Concrete is unable to disentangle
neurons of different quotes, including poems, Bible, books, and some famous people quotes.
Also, it finds a small set of neurons responsible for memorizing both the order of Zodiac
Signs and the order of Planets.
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B Appendix for Chapter 4

B.1 Tasks and Templates

Table B.11 summarizes the 13 datasets we use in the paper, where we construct balanced

test sets by randomly sampling 2000 examples in each task. We form the prompts by

concatenating demonstrations in a randomly shuffled order. To avoid the recency bias [29],

we keep shuffling the demonstrations until the last two have different labels. For minimally

conservative templates (Section 4.4.1), Table B.12 compares the contrast sets we construct on

Llama-2-7B. For our case study on Task069 and Task070, we sample 3 templates from Sclar

et al. [27]. Figure B.4 compare the prompts of Task069 and Task070, which consist of an

instruction followed by K templated demonstrations. Originally, the two tasks have ∼ 4%

of parallel examples. To make our task transfer challenging, we discard these overlapped

examples.

Dataset Task # Classes

SST-2 [200] Sentiment Analysis 2
Yelp-polarity [201] Sentiment Analysis 2
BoolQ [202] Yes/No QA 2
BoolQ Contrast Set [94] Yes/No QA 2
QQP [203] Paraphrase Identification 2
WiC [204] Word Sense Disambiguation 2
RTE [203] Natural Language Inference 2
MNLI [205] Natural Language Inference 3
MedNLI [206] NLI in Medical Domain 3
AGNews [201] Topic Classification 4
ARC-Easy [207] Multiple-Choice QA 4
Task069 [208, 95] Abductive NLI 2
Task070 [208, 95] Abductive NLI 2

Table B.11: Summary of all the datasets.
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Task Templates Labels Accuracy

SST-2 T1 Review: {text}\nDo you think the review is positive or negative? {label} negative/positive 50.6± 0.7
T2 Review: {text}{space}\nDo you think the review is positive or negative? {label} negative/positive 72.7± 6.1

BoolQ T1 Based on the following passage, {question}? {passage}\nAnswer: {label} No/Yes 52.5± 2.0
T2 Based on the following passage, {question}? {passage} Answer: {label} No/Yes 66.7± 2.1

QQP T1 Are the questions “{sent1}” and “{sent2}” asking the same thing? {label} no/yes 54.3± 1.1
T2 Are the questions “{sent1}” and “{sent2}” asking the same thing? {label} No/Yes 68.7± 4.1

AGNews T1 {text}\nIs this a piece of news regarding World, Sports, Business, or Technology? {label} World/Sports/Business/Technology 43.9± 8.7
T2 {text} Is this a piece of news regarding World, Sports, Business, or Technology? {label} World/Sports/Business/Technology 88.5± 0.8

Table B.12: We construct minimally contrastive templates that only differ slightly (colored
in red) but yield large differences in 4-shot ICL accuracy on Llama-2-7B. We report the
average accuracy and standard deviation across 5 ICL runs with different demonstrations
under the same template.

In this task, you will be shown a short story with a beginning, two potential middles, and an ending. 
Your job is to choose the middle statement that makes the story coherent / plausible by writing "1" or 
"2" in the output. If both sentences are plausible, pick the one that makes most sense.

Beginning: The clown was blowing several bubbles to the kids. Middle 1: Isaiah kept on popping the 
bubbles. Middle 2: Isaiah kept eating the bubbles. Ending: He said that Isaiah is currently sick from 
ingesting too much soap. Answer: 2

K demonstrations

…
Task069

In this task, you will be shown a short story with a beginning, two potential middles, and an ending. 
Your job is to choose the middle statement that makes the story incoherent / implausible by indicating 
"1" or "2" in the output. If both sentences are plausible, pick the one that makes less sense.

Beginning: Killy was 9 months pregnant and almost ready to pop. Middle 1: Luckily Killy's water 
broke when she was in hospital. Middle 2: Killy's water broke when she was on a walk. Ending: Five 
minutes later, she delivered her baby with the help of passersby. Answer: 1

K demonstrations

…

Task070

Figure B.4: Comparing the prompts of Task069 and Task070. We apply the templates of
Sclar et al. [27] and prepend the task instructions before K demonstrations. We ensure that
the two tasks do not have parallel examples to make the transfer experiment (Section 4.4.3)
challenging.

B.2 Label-Biased Components

We say a component is label-biased when it always predicts a certain label on the entire

test set (Section 4.3.2). In this section, we focus on the most biased components in binary

classification tasks, i.e., the two components that have the largest value of (logit0 − logit1)

and (logit1− logit0), respectively, where logit0 ∈ R and logit1 ∈ R are the LLM output logits

on the two classes. We name these two components as Biased Component-0 and Biased
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(a) Transformer architecture in GPT2.

Biased 
Component-1

Biased 
Component-0

[RTE] Llama-2-7B

(b) Each dot represents an example in the test set.
The two most biased components still insist on pre-
dicting the same label on the entire test set regardless
of the labels of the demonstrations.

Figure B.5: Left: transformer architecture in GPT2-like models. Right: label-biased com-
ponents on SST2.

Component-1, respectively. To understand how biased these two components are, we alter

the choices of demonstrations and observe their behavior. Specifically, we consider three

settings: demonstrations balanced in labels (green in Figure B.5b), demonstrations of all

negative labels ([0, 0, 0, 0]; red), and demonstrations of all positive labels ([1, 1, 1, 1]; blue).

We fix the template and sample 5 disjoint sets of demonstrations for each setting. Each dot

in Figure B.5b shows the components’ prediction on an example, and the x-axis and y-axis

correspond to logit0 and logit1, respectively. A dot below the dashed diagonal line means

the prediction on the example is class 0. We find that both Biased Component-0 and Biased

Component-1 still insist on predicting a certain label on all examples, regardless of the labels

in the prompts.
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SST2 BoolQ QQP WiC RTE MNLI AGNews ARC-Easy

Llama-2-7B 37.8 18.9 43.4 44.2 35.4 28.2 13.4 11.5
Llama-2-13B 32.6 18.7 37.2 39.3 32.1 26.0 12.4 13.1
Mistral-Instruct-7B 31.9 14.0 32.3 32.4 27.6 20.9 14.5 8.4
Llama-3-8B 38.3 21.4 42.4 40.0 36.9 28.1 15.8 15.0

Table B.13: We report the average percentage of label-biased components across 15 prompts
for each task. A label-biased component always predicts the same label on the entire test
set.

B.3 LayerNorms

Figure B.5a shows the transformer architecture in GPT2-like models. Because the layernorms

inside each block are before MHA and MLP, known as Pre-LN, Eq. 4.1 has already taken

Ln1 and Ln2 into account, and Eq. 4.6 only has the term for the final layernorm, LN(·).

Both Llama-2 and Mistral model families use RMSNorm [90], a layer normalization vari-

ant without centering and adding bias terms. Formally, let x ∈ Rd be the input, the root

mean square norm LN(x) is:

LN(x) =
x

RMS(x)
⊙ γ, (8)

RMS(x) =

√√√√1

d

d∑
i=1

x2
i , (9)

where γ ∈ Rd is the affine transform parameters and ⊙ denotes element-wise multiplication.

B.4 Tests of Significance

We run one-tailed paired t-tests to test whether CompRW outperforms Calib+ signifi-

cantly. In Table 4.4, we have the results of 15 prompts for each task and 8 tasks in total.

For each model, we aggregate the 120 accuracy scores of CompRW and Calib+, respec-

tively, and then calculate the p-values. Table B.14 shows that p-values < 0.05 in 8/8 setups,

suggesting that CompRW performs significantly better than Calib+.
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Llama2-7B Llama2-13B Mistral-Ins-7B Llama3-8B

K = 12 0.0010 0.0002 0.0470 0.0198
K = 24 0.0003 0.0001 0.0027 0.0245

Table B.14: The p-values < 0.05 in all 8 setups (4 LLMs, with K = {12, 24} labeled
examples), showing that CompRW performs significantly better than Calib+.

B.5 Do Good-Performing Components Exist in Randomly Initial-

ized Models?

Ramanujan et al. [209] find that untrained subnetworks can perform on par with a ResNet-

34 trained on ImageNet. Similarly, Zhang and Bowman [210] and Hewitt and Liang [211]

show that representations of randomly initialized language models yield a strong baseline

for probing tasks. In this section, we investigate (1) whether good-performing components

still exist in a randomly initialized LLM, and (2) how CompRW method performs using

component activations extracted from the randomly initialized LLM.

We run 4-shot ICL with 15 prompts and report the average accuracy and standard devia-

tion. For CompRW, we use the same 4 demonstrations and 20 more examples for reweight-

ing. Table B.15 shows that the best-performing component (Oracle-T1) in a randomly

initialized Llama-2-7B still performs poorly on SST2 and ARC-Easy. While CompRW has

substantial improvement over Full on the pretrained model, it has no effect on the ran-

domly initialized model. We conclude that good-performing components do not exist in a

randomly initialized LLM and our CompRW method relies on the pretrained component

activations to perform well.

B.6 More Results on Transferability

In Section 4.4, we study the transferability of components across different choices of demon-

strations and templates. Here, Table B.16 shows the full results on all LLMs and tasks. We
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SST2 ARC-Easy

Trained
Full 75.8 18.1 57.5 14.4

Oracle-T1 91.7 0.9 54.5 10.1

CompRW 90.8 1.8 79.0 1.6

Random
Full 49.7 0.7 25.0 0.5

Oracle-T1 55.2 0.5 26.7 0.2

CompRW 51.4 1.7 25.0 0.7

Table B.15: Comparing the ICL accuracy between pretrained (Up) and randomly initialized
(Down) Llama-2-7B. The top-1 component (Oracle-T1) and CompRW perform near
random on the untrained model.

Figure B.6: 4-shot ICL accuracy on different pretraining checkpoints. We compare the full
model (green) with the top-1 (solid blue) and bottom-1 (red) components. The dashed blue
line tracks how the top-1 components of the last checkpoint (Last-T1) perform across time.

observe the same findings as Table 4.2: component accuracies agree well across randomly

sampled demonstrations, but have much weaker agreements across randomly sampled tem-

plates. Because constructing minimally-contrastive templates requires non-trivial manual

efforts, we only build contrast sets for 5 tasks on Llama-2-7B (shown in Table 4.2), where

these tasks have the largest variances across templates.
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SST2 BoolQ QQP WiC RTE MNLI AGNews ARC

Correlation Llama-2-7B
(1) Demo 0.81 0.84 0.60 0.65 0.75 0.65 0.89 0.88
(2) Temp 0.40 0.16 0.03 0.15 0.19 0.09 0.68 0.44

IoU
(1) Demo 0.36 0.74 0.27 0.21 0.53 0.24 0.63 0.70
(2) Temp 0.12 0.01 0.01 0.03 0.05 0.01 0.20 0.20

Correlation Llama-2-13B
(1) Demo 0.83 0.84 0.63 0.67 0.78 0.73 0.91 0.91
(2) Temp 0.57 0.30 0.09 0.19 0.28 0.16 0.76 0.55

IoU
(1) Demo 0.26 0.71 0.31 0.18 0.46 0.39 0.55 0.65
(2) Temp 0.21 0.11 0.07 0.01 0.21 0.07 0.25 0.30

Correlation Mistral-Instruct-7B
(1) Demo 0.88 0.91 0.72 0.75 0.87 0.82 0.92 0.97
(2) Temp 0.58 0.44 0.19 0.26 0.40 0.30 0.77 0.60

IoU
(1) Demo 0.39 0.59 0.27 0.29 0.50 0.45 0.68 0.80
(2) Temp 0.10 0.17 0.06 0.05 0.17 0.09 0.29 0.22

Correlation Llama-3-8B
(1) Demo 0.85 0.88 0.70 0.73 0.80 0.81 0.89 0.95
(2) Temp 0.55 0.39 0.26 0.25 0.31 0.23 0.67 0.52

IoU
(1) Demo 0.42 0.56 0.28 0.25 0.46 0.52 0.65 0.68
(2) Temp 0.15 0.12 0.09 0.07 0.08 0.05 0.34 0.27

Table B.16: Full results of the average correlation and IoU between (1) two random sets of
demonstrations and (2) two randomly sampled templates.

B.7 Pruning Good and Bad Components

Our method studies a component using its cached direct contribution to the output, whereas

Michel, Levy, and Neubig [115] (pruning) zeroes out the activations of a component in

the forward pass and thus indirectly changes the activations of other components in the

upper layers. They consider a component important if pruning it causes large drops in

task performance. In this section, we investigate the intersection between our method and

133



pruning.

First, we apply our decomposition to identify good and bad-performing components

based on their ICL accuracy (3-shot for MNLI, 4-shot for other tasks). Second, we run ICL

with pruning on Llama-2-7B, using the same 15 prompts in our main experiments for every

task. We prune the top-50 components3 and the bottom-50 components, respectively. Table

B.17 compares the results with the full model without pruning. We find that pruning the

top components (T50) greatly hurts the accuracy. On the contrary, pruning the bottom

components (B50) only decreases the average accuracy on SST2 and RTE by 3.5%, and

even slightly improves the ones on MNLI and AGNews. These findings may imply that our

method and pruning interpret components in similar fashion.

SST2 RTE MNLI AGNews

Full Model 75.8 18.1 68.9 3.2 34.4 1.7 70.0 19.9

Prune-T50 53.4 8.8 57.8 6.4 34.3 3.2 26.8 2.5

Prune-B50 72.3 14.8 65.4 5.8 35.7 4.0 72.6 15.7

Table B.17: Comparing the accuracies of the full Llama-2-7B model and pruning the top/bot-
tom 50 components. We run 15 prompts for each task and report the average accuracy and
standard deviation. We color the numbers red when there is a large drop in accuracy.

B.8 Training Details and Hyperparameters

For both CompRW and Calib+ methods, we train a linear layer on Dtrain with stochastic

gradient descent. Because we do not have an additional dev set to tune the hyperparameters,

we use the same hyperparameters on all the tasks and models and do early stopping based

on the loss and accuracy on Dtrain. Specifically, we set learning rate = 0.05 for both methods

and λ = 0.1 for the L1 regularization term in CompRW. We run all our ICL experiments on

3∼ 5% of the total components
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Figure B.7: Each dot represents a component (attention head: blue; MLP: orange) under
4-shot ICL on Mistral-Instruct-7B. The x-axis shows how often a component predicts label
1 across the test data of a binary task.

a single RTX A6000 GPU (48G). Both the component reweighting and calibration training

processes can be run on a single i7 CPU within a minute.

B.9 Models

We use the model checkpoints on Hugging Face, meta-llama/Llama-2-7b-hf, Llama-2-13b-hf,

mistralai/Mistral-7B-Instruct-v0.1, and meta-llama/Meta-Llama-3-8B.
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C Appendix for Chapter 5

C.1 Implementation Details

We aim to answer whether different quantization methods make similar errors; thus, we

follow the original implementations and do not unify their quantization configurations.

GPTQ. We use the GPTQModel4 package for implementation. The calibration set consists

of samples from English C4.5 The quantization group size is 64 for 3-bit models and 128 for

4-bit models. We do not include the results of GPTQ3 with Llama-3-8B because we observe

severe perplexity degradation with the latest GPTQModel package.

AWQ. We follow the original implementation6 and use the released model checkpoints

when available. The calibration set consists of samples from the Pile [62]. The quantization

group size is 128 for both 3- and 4-bit models. Note that because AWQ applies scaling

transformation, in our patching experiments Section 5.6.2, we also apply the same scaling

factors on the full-precision models, which does not change their outputs but aligns their

activations with the AWQ-quantized models.

NF. We use the official packages: bitsandbytes7 for 4-bit models and flute8 for 3-bit

model. The quantization group size is 64 for both 3- and 4-bit models. We do not have the

results of NF3 on Llama-3-70B due to kernel incompatibility.

EQAT. EQAT train on thousands of samples from RedPajama [212]. We use the officially

released 3-bit model checkpoints,9 which only cover the Llama3 models. The quantization

4https://github.com/ModelCloud/GPTQModel
5en/c4-train.00001-of-01024.json.gz
6https://github.com/mit-han-lab/llm-awq
7https://pypi.org/project/bitsandbytes
8https://github.com/HanGuo97/flute
9https://github.com/OpenGVLab/EfficientQAT
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Model Method Fineweb Wiki

Qwen2.5-7B 16 bits 11.06 6.85
AWQ4 11.35 7.09
NF4 11.37 7.10
GPTQ4 11.33 7.16
AWQ3 12.77 8.20
NF3 13.47 8.51
GPTQ3 12.26 8.11

Llama3-8B 16 bits 9.57 6.14
AWQ4 10.13 6.56
NF4 10.11 6.56
GPTQ4 10.12 6.86
AWQ3 12.13 8.19
NF3 12.45 8.44
EQAT3 10.77 7.10

Mistral-12B 16 bits 8.67 5.75
AWQ4 9.09 6.01
NF4 9.13 6.06
GPTQ4 9.02 6.04
AWQ3 10.32 7.03
NF3 12.48 8.75
GPTQ3 10.44 7.20

Llama3-70B 16 bits 7.15 2.86
AWQ4 7.42 3.27
NF4 7.88 3.22
GPTQ4 7.52 3.58
GPTQ3 9.64 6.51
AWQ3 8.40 4.74

Table C.18: The perplexity of different quantization methods on the 10k FineWeb dataset
and WikiText. Our FineWeb examples have shorter sequence lengths than WikiText (512
vs. 2048), leading to higher perplexity.

group size is 128.

Perplexity. We report the perplexity of different 3- and 4-bit quantization methods in

Table C.18. We follow the standard implementation of WikiText perplexity that sets the

sequence length to 2048. The sequence length of FineWeb is 512.
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Data. We use FineWeb for our main experiments because it is a diverse, cleaned dataset,

and none of the quantization methods considered above sample calibration data from it,

making FineWeb an unbiased corpus for our study. We also explore more technical domains,

Arxiv and OpenWebMath [213, 214]. Our findings that the quantization errors of different

methods are strongly correlated (Section 5.4) also hold on these domains. Specifically, the

average correlation across 8 pairs of methods on Llama3-70B is 0.69 on ArXiv and 0.89 on

OpenWebMath.

Definition of Error. We also explore an alternative definition of quantization errors based

on KL divergence. Let pθ, the probability distribution of the full-precision model, be the

true distribution. We can define errors as the KL divergence between the quantized and

full-precision model, KL (pθ ∥ pθ̃). The results of these two definitions are highly correlated

(ρ ≥ 0.97). Thus, we adopt Eq. 5.4 for its lower computation costs.

C.2 The Construction of the Dlarge

To ensure the diversity of Dlarge examples, we apply aggressive data deduplication based on

Jaccard similarity [215], filtering out examples with 5-gram Jaccard similarity > 0.1. We cre-

ate a separate Dlarge for each quantization method and observe similar findings across them.

Besides, the Dlarge sets of different methods under the same LLMs often have overlapping

examples, with the average Jaccard similarity |A∩B|
|A∪B| = 0.30, 0.49, 0.66, 0.66 on Qwen2.5-7B,

Meta-Llama-3-8B, Mistral-12B, and Meta-Llama-3-70B, respectively. Therefore, in the main

content, we always use the one derived from AWQ3 as Dlarge for simplicity.

C.3 Correlations Between Residual Magnitudes and Quantization

Errors

We present the correlations between the quantization errors E(D; θ̃) and the residual mag-

nitudes S(D; θ; l) across layers of Qwen2.5-7B, Llama3-8B, Mistral-12B, and Llama3-70B in
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Fig. C.10, C.11, C.12, C.13, respectively. We find that different models and methods all

show that the correlations become increasingly negative in deeper layers.

C.4 RMSNorm and Outliers

First, we select the serverest outlier dimensions in r(l), namely, the most-activated dimensions

in r(l) that have the highest average absolute activation over the 10k FineWeb dataset. Next,

we rank the entries in RMSNorm weights γ by their absolute values. We compare the median

of γ with those entries corresponding to the outlier dimensions. Table C.21 shows that in

the upper half layers of Llama3-70B, all outlier dimensions have much smaller weights than

the median. On the other hand, in Mistral-12B, the most severe outliers have small weights

(rank 1 or 2) across layers, but other outlier dimensions sometimes have much larger weights

than the median. These results show that RMSNorm weights suppress the largest outlier

dimensions but sometimes also promote other outlier dimensions. In Fig. C.8 and Fig. C.9,

we show the kurtosis values before and after RMSNorm, respectively. Comparing the scale

of the kurtosis values (y-axis) of the two figures, we find that the scale after RMSNorm is

much smaller, implying that RMSNorm in the upper layers suppresses outliers overall.

Similar to Wei et al. [147], we find that the LayerNorm parameters modulate activation

outliers; however, we observe mostly opposite effects, likely due to the different architectural

designs (pre-LN vs. post-LN [216]).

C.5 More Early Exiting Results

We apply early exiting on z(l) and r(l), the hidden states after the residual operations (see

Eq. 5.6), across layers. Figure C.14, C.15, C.16, and C.17 shows the results on Qwen2.5-7B,

Llama3-8B, Mistral-12B, and Llama3-70B, respectively, where we use AWQ3 to produce the

quantized models. All the LLMs show that the NLLs of Dlarge (purple) decrease dramati-

cally in the later layers, suggesting that Dlarge relies more on the late layers to decode the

representations than Dctrl (green).
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Model (Method1, Method2) ρ(E1, E2)

Qwen2.5-7B ( AWQ4 , NF4 ) 0.52
( AWQ4 , GPTQ4 ) 0.66
( AWQ4 , NF3 ) 0.61
( AWQ4 , GPTQ3 ) 0.65
( AWQ3 , NF3 ) 0.78
( AWQ3 , GPTQ3 ) 0.84
( NF4 , GPTQ4 ) 0.57
( NF4 , AWQ3 ) 0.57
( NF4 , GPTQ3 ) 0.55
( NF3 , GPTQ3 ) 0.75
( GPTQ4, AWQ3 ) 0.75
( GPTQ4, NF3 ) 0.70

Llama3-8B ( AWQ4 , NF4 ) 0.95
( AWQ4 , GPTQ4 ) 0.96
( AWQ4 , NF3 ) 0.88
( AWQ4 , EQAT3 ) 0.92
( AWQ3 , NF3 ) 0.98
( AWQ3 , EQAT3 ) 0.97
( NF4 , GPTQ4 ) 0.95
( NF4 , AWQ3 ) 0.87
( NF4 , EQAT3 ) 0.90
( NF3 , EQAT3 ) 0.96
( GPTQ4, AWQ3 ) 0.90
( GPTQ4, NF3 ) 0.90
( GPTQ4, EQAT3 ) 0.93

Table C.19: The quantization errors of different methods are strongly correlated on the
FineWeb. The numbers in the method names denote 3 or 4-bit precision.

Variant Pairs ρ

(damp-0.005-sort, damp-0.01-sort) 0.95
(damp-0.005-sort, damp-0.02-sort) 0.95
(damp-0.01 -sort, damp-0.02-sort) 0.95
(damp-0.005-sort, damp-0.01-no sort) 0.92
(damp-0.01 -sort, damp-0.01-no sort) 0.92
(damp-0.02 -sort, damp-0.01-no sort) 0.92

Table C.20: Quantization error correlations of 3-bit Qwen2.5-7B GPTQ variants with dif-
ferent damping coefficients and activation-sorting settings. All pairs are strongly correlated.
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Figure C.8: Pearson’s kurtosis values of the residual states r(l) from different full-precision
LLMs (log scale). The large-error set Dlarge shows lower kurtosis values than the control
set Dctrl across layers, indicating that Dlarge contains fewer or less extreme outliers in the
residual states.

Figure C.9: Pearson’s kurtosis values of the post-RMSNorm hidden states h(l) from different
full-precision LLMs (log scale). The large-error set Dlarge shows lower kurtosis values than
the control set Dctrl, except for the last layer of Llama3-8B, indicating that overall Dlarge

contains fewer or less extreme outliers in the hidden states after RMSNorm. In addition,
compared with Fig. C.8 (before RMSNorm), the scale of the kurtosis values in this figure
is much smaller (y-axis), implying that RMSNorm in the upper layers tends to suppress
outliers.

C.6 Full Results on PopQA

Fig. C.19 and C.20 show the accuracy degradation and absolute accuracy values of different

models, respectively. Fig. C.21 shows the popularity histogram.
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Figure C.10: Correlations between the quantization errors E(D; θ̃) and the residual mag-
nitudes S(D; θ; l) across the upper half layers of Qwen2.5-7B. All methods show negative
correlations in the last few layers.
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Figure C.11: Correlations between the quantization errors E(D; θ̃) and the residual mag-
nitudes S(D; θ; l) across the upper half layers of Llama3-8B. All methods show negative
correlations in the last few layers.
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Figure C.12: Correlations between the quantization errors E(D; θ̃) and the residual mag-
nitudes S(D; θ; l) across the upper half layers of Mistral-12B. All methods show negative
correlations in the last few layers.
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Figure C.13: Correlations between the quantization errors E(D; θ̃) and the residual mag-
nitudes S(D; θ; l) across the upper half layers of Llama3-70B. All methods show negative
correlations in the last few layers.
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Figure C.14: Early Exiting results on Qwen2.5-7B. We decode the z(l) (A#) and r(l) (M#)
across layers.
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Figure C.15: Early Exiting results on Llama3-8B. We decode the inputs to z(l) (A#) and
r(l) (M#) across layers.
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Figure C.16: Early Exiting results on Mistral-12B. We decode the z(l) (A#) and r(l) (M#)
across layers.
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Figure C.17: Early Exiting results on Llama3-70B. We decode z(l) (A#) and r(l) (M#) across
layers.
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Figure C.18: NLLs before quantization vs. quantization errors on different LLMs. Each dot
represents a sample from FineWeb. In general, the low-frequency data (x-axis values ≥ 4)
have smaller errors. On the other hand, many samples that suffer from large quantization
errors have small NLLs before quantization.
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Figure C.19: Accuracy degradation of different models on PopQA.
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Figure C.20: Absolute accuracies of different models on PopQA.
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Figure C.21: The histogram of the PopQA
dataset. We partition the dataset into 8
buckets based on the sample popularity and
ensure that each partition contains at least
100 samples.
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Layer Rank of Outliers’ |γ| Median |γ| Outliers’ |γ|
L
la
m
a
3
-7
0
B

40 [2, 9, 1, 10, 13] 0.1553 [0.0195, 0.0376, 0.0186, 0.0386, 0.0413]
41 [2, 8, 1, 9, 10] 0.1582 [0.0170, 0.0312, 0.0142, 0.0320, 0.0330]
42 [5, 1, 7, 10, 8] 0.1602 [0.0215, 0.0128, 0.0271, 0.0312, 0.0292]
43 [1, 6, 2, 8, 9] 0.1621 [0.0117, 0.0275, 0.0154, 0.0315, 0.0317]
44 [1, 7, 2, 9, 8] 0.1631 [0.0171, 0.0369, 0.0209, 0.0396, 0.0374]
45 [1, 7, 10, 2, 7] 0.1660 [0.0130, 0.0383, 0.0420, 0.0209, 0.0383]
46 [1, 7, 14, 12, 2] 0.1689 [0.0088, 0.0342, 0.0405, 0.0396, 0.0223]
47 [1, 7, 8, 3, 14] 0.1699 [0.0090, 0.0320, 0.0364, 0.0206, 0.0396]
48 [1, 6, 8, 2, 9] 0.1709 [0.0098, 0.0359, 0.0420, 0.0247, 0.0427]
49 [1, 5, 12, 3, 12] 0.1738 [0.0128, 0.0354, 0.0476, 0.0297, 0.0476]
50 [1, 6, 13, 3, 8] 0.1758 [0.0100, 0.0327, 0.0437, 0.0273, 0.0369]
51 [1, 6, 11, 3, 8] 0.1777 [0.0117, 0.0369, 0.0471, 0.0312, 0.0427]
52 [1, 7, 8, 3, 19] 0.1787 [0.0126, 0.0422, 0.0454, 0.0315, 0.0591]
53 [1, 6, 11, 3, 14] 0.1816 [0.0136, 0.0337, 0.0422, 0.0255, 0.0461]
54 [1, 6, 9, 2, 11] 0.1826 [0.0138, 0.0293, 0.0376, 0.0248, 0.0388]
55 [1, 5, 9, 3, 11] 0.1846 [0.0110, 0.0330, 0.0427, 0.0277, 0.0454]
56 [1, 6, 9, 3, 13] 0.1865 [0.0138, 0.0378, 0.0439, 0.0297, 0.0471]
57 [1, 6, 9, 15, 3] 0.1885 [0.0124, 0.0344, 0.0408, 0.0459, 0.0282]
58 [1, 6, 9, 15, 14] 0.1904 [0.0121, 0.0322, 0.0388, 0.0457, 0.0437]
59 [1, 5, 12, 23, 14] 0.1934 [0.0206, 0.0420, 0.0559, 0.0684, 0.0583]
60 [1, 6, 12, 27, 14] 0.1953 [0.0197, 0.0461, 0.0547, 0.0776, 0.0554]
61 [1, 7, 12, 24, 14] 0.1982 [0.0177, 0.0459, 0.0532, 0.0693, 0.0562]
62 [1, 6, 22, 14, 20] 0.2002 [0.0160, 0.0435, 0.0659, 0.0579, 0.0635]
63 [1, 6, 12, 22, 15] 0.2031 [0.0199, 0.0530, 0.0640, 0.0781, 0.0679]
64 [1, 8, 26, 18, 16] 0.2070 [0.0272, 0.0608, 0.0903, 0.0757, 0.0723]
65 [1, 2, 9, 8, 26] 0.2109 [0.0225, 0.0403, 0.0635, 0.0603, 0.0903]
66 [1, 9, 5, 6, 22] 0.2119 [0.0259, 0.0591, 0.0496, 0.0520, 0.0825]
67 [1, 10, 6, 26, 7] 0.2158 [0.0266, 0.0625, 0.0537, 0.0918, 0.0559]
68 [1, 9, 5, 27, 6] 0.2227 [0.0293, 0.0762, 0.0659, 0.1079, 0.0674]
69 [1, 9, 2, 36, 7] 0.2266 [0.0294, 0.0732, 0.0425, 0.1201, 0.0688]
70 [1, 12, 28, 6, 7] 0.2285 [0.0311, 0.0737, 0.1167, 0.0654, 0.0669]
71 [1, 28, 16, 6, 7] 0.2344 [0.0312, 0.1328, 0.1006, 0.0771, 0.0776]
72 [1, 33, 11, 9, 3] 0.2441 [0.0430, 0.1650, 0.0947, 0.0918, 0.0649]
73 [1, 36, 9, 23, 3] 0.2520 [0.0483, 0.1729, 0.1089, 0.1455, 0.0723]
74 [1, 36, 8, 18, 3] 0.2598 [0.0459, 0.1846, 0.1060, 0.1367, 0.0767]
75 [1, 44, 11, 10, 3] 0.2676 [0.0796, 0.2139, 0.1250, 0.1230, 0.0923]
76 [1, 43, 3, 15, 15] 0.3047 [0.0486, 0.2217, 0.0981, 0.1533, 0.1533]
77 [1, 2, 52, 4, 5] 0.2891 [0.0554, 0.0820, 0.2080, 0.0869, 0.0913]
78 [1, 4, 2, 20, 6] 0.2812 [0.0781, 0.0972, 0.0923, 0.1562, 0.1138]
79 [9, 4, 1, 3, 13] 0.2236 [0.0688, 0.0500, 0.0309, 0.0454, 0.0747]

Table C.21: RMSNorm weights γ ranked in descending order by absolute value. We compare
the median weight with those of the outlier dimensions, listing ranks and weight values for
the 1st through 5th severest outliers. In Llama3-70B, all outlier dimensions have weights far
below the median, suggesting that the model uses RMSNorm weights to suppress outliers.
(Continued in Table C.22.)

148



Layer Rank of Outliers’ |γ| Median |γ| Outliers’ |γ|

M
is
tr
a
l-
1
2
B

20 [1, 6, 22, 376, 4000] 0.8594 [0.001640, 0.137695, 0.330078, 0.648438, 0.902344]
21 [1, 5, 22, 289, 2463] 0.9062 [0.001648, 0.113770, 0.324219, 0.644531, 0.906250]
22 [1, 2, 22, 283, 2402] 0.9453 [0.002487, 0.044434, 0.369141, 0.687500, 0.941406]
23 [1, 2, 22, 308, 3740] 0.9570 [0.001511, 0.089355, 0.410156, 0.726562, 0.988281]
24 [2, 1, 261, 21, 4599] 1.0078 [0.080078, 0.001457, 0.730469, 0.365234, 1.062500]
25 [2, 1, 167, 20, 1615] 1.0469 [0.102539, 0.017334, 0.691406, 0.359375, 1.023438]
26 [2, 1, 184, 21, 1145] 1.0859 [0.092285, 0.001183, 0.722656, 0.390625, 1.039062]
27 [5, 1, 151, 21, 840] 1.1172 [0.140625, 0.025146, 0.722656, 0.410156, 1.046875]
28 [2, 1, 150, 22, 792] 1.1484 [0.094727, 0.005585, 0.757812, 0.429688, 1.070312]
29 [2, 1, 175, 21, 945] 1.1875 [0.121582, 0.016113, 0.785156, 0.453125, 1.132812]
30 [2, 1, 181, 19, 1080] 1.2266 [0.116211, 0.009583, 0.855469, 0.458984, 1.187500]
31 [2, 1, 211, 3486, 21] 1.2578 [0.129883, 0.000584, 0.933594, 1.273438, 0.488281]
32 [2, 1, 212, 4982, 18] 1.2812 [0.153320, 0.000881, 1.000000, 1.335938, 0.458984]
33 [2, 1, 200, 5098, 18] 1.2812 [0.154297, 0.001419, 1.054688, 1.421875, 0.542969]
34 [1, 2, 5111, 666, 21] 1.3125 [0.000793, 0.210938, 1.640625, 1.273438, 0.636719]
35 [1, 2, 5112, 5054, 5110] 1.3594 [0.110352, 0.213867, 1.773438, 1.484375, 1.742188]
36 [1, 2, 5114, 5111, 5064] 1.3906 [0.001472, 0.277344, 1.984375, 1.906250, 1.578125]
37 [1, 19, 5116, 5107, 5095] 1.3828 [0.001205, 0.808594, 2.328125, 2.109375, 1.867188]
38 [1, 5119, 5115, 5118, 5103] 1.4219 [0.316406, 3.078125, 2.921875, 3.031250, 2.359375]
39 [1, 28, 61, 40, 5120] 1.6172 [0.601562, 1.265625, 1.476562, 1.406250, 5.437500]

Table C.22: RMSNorm weights γ ranked in descending order by absolute value for Mistral-
12B (continued from Table C.21). The severest outliers have small weights (rank 1 or 2)
across layers, but the other outliers sometimes have large weights (rank > 5000).
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D Appendix for Chapter 6

D.1 Variants for Capturing Value-State Magnitude and Variety

Figure D.22: Layer-wise violin plots of L2(vi) := ∥vi∥2, where the value vectors vi are from
the full KV cache of Qwen3-4B during GSM8K generation. The distribution shows outliers
that have large L2 norm.

In this section, we explore different ways to compute the magnitude and variety of a

value state v ∈ Rd in KV cache: (1) L2(v) = ∥v∥2 =
√∑d

j=1 |vj|2, (2) Range(v) :=

maxj∈[d] vj − minj∈[d] vj, and (3) Var(v) = 1
d

∑d
j=1(vj − µ)2, where µ = 1

d

∑d
j=1 vj.

First, we extract the value vectors v from the full KV cache during the generation of

Qwen3-4B on GSM8K. Figures D.22 and D.23 present the layer-wise distributions of L2(v)

and Range(v), respectively. The violin plots show prominent outliers that have large L2(v)

and Range(v) in different layers. We also compute the Pearson correlation between L2(v)

and Range(v) and found that the two are highly correlated (> 0.8) over layers.

Next, we study whether preventing these outlier value states from eviction can maintain

the accuracy under KV cache compression. We apply the framework introduced in Section 6.3

that pre-allocates dedicated value slots in the token budget. To decide which entries to keep

in the slots, we experiment with the three value-scoring variants: keeping values with the
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Figure D.23: Layer-wise violin plots of Range(vi), where the values vi are from the full KV
cache of Qwen3-4B during GSM8K generation. The distribution shows outliers that have
large Range.

largest L2(v), Range(v), or Var(v), respectively.10 For the remaining budget, we apply

stochastic sampling on top of the attention scores in SnapKV as described in Section 6.3.

In Table D.23, we compare the value-scoring variants on GSM8K and AIME25. The three

variants demonstrate comparable accuracy gains over the SnapKV (attention-only) baseline.

Method GSM8K AIME25

SnapKV 64.25 45.80

+ L2(v) 84.55 59.17

+ Range(v) 84.45 59.19

+ Var(v) 84.00 57.71

Table D.23: Impact of value-state scoring variants on KV cache eviction accuracy. We report
the results on Qwen3-4B at 4× compression. The three variants , which capture different
aspects of value-state magnitude and variety, achieve comparable performance gains over the
SnapKV baseline.

We choose Range(v) as the value scoring function for our main approach due to its

connection with quantization; specifically, Range(v) captures the extreme values maxv and

10Here, Range is the same as VaSE-AttnV in the main content.
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minv in the vector, which is associated with the outlier challenge in LLM quantization [12].

We show the importance of large-Range value states in Section 6.3.1, where evicting them

causes the model to enter a nonsensical reasoning loop:

“Wait, that doesn't make sense. Wait, no, the user might have had 
a different problem. Wait, the original problem is in the context...”

“So, the answer is the maximum profit, which is $125. But let me 
check my calculations again…So profit is 5125 - 5000 = 
125.\n\nSecond option: $8000? Wait, the problem says \"the 
value of the item is $8000?\" Wait, the original problem says…”

Figure D.24: Examples of model outputs when evicting large-Range value states on GSM8K.
The model falls into a repetitive loop and fails to reach the correct answer.

D.2 Token Statistics and Hyperparameters

Prompt Tokens Gen Tokens

AIME25 198 17,790
AIME26 148 16,642
HMMT25 127 18,189
MATH 94 5,281
LiveCodeBench-v6-medium 557 11,088

Table D.24: The average token counts of prompt (prefill) and generation (decode) of reason-
ing tasks. The Gen Tokens column represents the average number of tokens generated by
the full Qwen3-4B model. The decode phase yields a significantly higher number of tokens
than the prefill phase.

Table D.24 lists the average token counts of the prefill and decode phase of Qwen3-4B,

respectively, showing that reasoning models may generate over 10,000 tokens at decode steps

for a math question that has fewer than 200 prefill tokens. This intensifies the memory-bound

constraints of the decode phase, motivating our approach to bound KV cache memory usage

to a fixed cost.
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Based on the statistics of Table D.24, we set the token budget K = 4096 for AIME25,

AIME26, and HMMT25, K = 1024 for MATH, and K = 2048 for GPQA-Diamond, which

roughly translates to a 4× KV cache compression. For LiveCodeBench, we set K = 2048,

which is ∼ 5× compression.

All the eviction methods are training-free but have hyperparameters. We choose the best

hyperparameters for each method on GSM8K and then apply them to our main experiments

(Section 6.4.2) without further tuning. For R-KV, we experiment with different redundancy

hyperparameters, λ = {0.1, 0.5, 0.9}, and set λ = 0.5. We set the Gaussian matrix rank

r = 20 for CurDKV and VaSE-DKV, and the value reservation budget Nv = K/4 for

VaSE-AttnV.

D.3 Statistical Significance

Method AIME25 AIME26 HMMT25 GPQA-D MATH

R-KV 54.6± 7.4 60.2± 7.4 44.6± 5.7 59.1± 3.0 86.1± 1.3

CurDKV 53.8± 7.6 61.3± 7.3 39.6± 5.3 48.5± 3.1 75.4± 1.7

VaSE-DKV 63.3± 7.5 68.8± 6.9 49.4± 5.4 56.8± 3.0 86.5± 1.3

VaSE-AttnV 64.0± 7.3 72.3± 6.5 50.0± 5.6 57.4± 3.0 85.4± 1.4

Table D.25: Reasoning-task accuracy (%) with standard errors for KV cache eviction meth-
ods on Qwen3-14B under ∼ 4× cache compression.

Table D.25 shows the average accuracy ± standard errors for KV cache eviction methods

on Qwen3-14B under ∼ 4× cache compression. For each problem indexed s ∈ {1, . . . , S},

we sample R independent generations and compute the per-problem pass@1 accuracy:

ps =
1

R

R∑
r=1

1[sample r of problem s is correct], (10)

where R = 16 for datasets with fewer than 100 examples and R = 8 otherwise. The overall
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Token Budget 2048 4096 Full
Compression 4× 2× 1×

R-KV 59.09 63.32

65.25
CurDKV 48.48 60.54
VaSE-DKV 56.76 63.38
VaSE-AttnV 57.39 63.07

Table D.26: GPQA-Diamond accuracy (%) for KV cache eviction methods on Qwen3-14B
under different token budgets.

pass@1 accuracy and its standard error SE are then:

p̄ =
1

S

S∑
s=1

ps, SD =

√√√√ 1

S − 1

S∑
s=1

(ps − p̄)2, SE =
SD√
S
. (11)

The variability captured by the standard errors reflects both the stochasticity of the model’s

sampling procedure and, for VaSE methods, the randomness introduced by stochastic evic-

tion. On tasks with larger standard errors (e.g., AIME25, AIME26), the small number of

test problems (30 each) is the primary cause. While individual confidence intervals overlap

due to small test sets, VaSE outperforms all baselines across every task–model combination.

D.4 Additional Results

Table D.26 shows the Qwen3-14B results of GPQA-Diamond under different token budgets.

While R-KV outperforms our VaSE methods at 2048 token budget, the accuracy gap closes

at 4096 tokens (∼ 2× compression). In this setting, both R-KV and our methods nearly

recover the performance of the full model.

In Figure D.25, we extract the full value cache during the generation of Qwen3-4B on

GSM8K examples and plot the distributions of Range(v) over different chunks of consecutive

tokens. We put the first four sink tokens [183] into an individual chunk, which shows distinct

distributions compared to the other chunks. Except for the first layer (Layer 0), the sink

tokens have a lower median Range(v), which corresponds to the value-state drain phenomena
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[175]. Excluding the sink tokens, the distributions of Range(v) are consistent as the sequence

length increases.

Figure D.25: Range(v) over token position chunks, where each chunk consists of the value
states of consecutive tokens. Boxplots illustrate the dynamic range (y-axis) of value states
at specific layers. Token positions (x-axis) are bucketed to show how the range distribution
evolves through the sequence. The first chunk contains sink tokens at position (0, 4). Ex-
cluding the sink tokens, the distribution of Range(v) does not drift as the context window
grows.

D.5 Limitations

Our evaluation focuses on reasoning models and the decode phase of generation, where

eviction methods offer the greatest benefit. As a result, we do not evaluate on prefill-phase

compression benchmarks. However, because our method is built on fundamental observations

of value-state distributions and stochastic diversity, we believe the core methodology can be

extended to the prefill phase for long-prompt compression.

We only implement our methods on Qwen3 models because our selection-based baseline

SeerAttention-R only releases checkpoints for Qwen models. Nevertheless, since our value-

scoring function relies on simple min and max statistics of the value cache, our method is
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model-agnostic and can be easily extended to other LLM architectures.

Lastly, while our findings link value-state magnitude to quantization errors, we focus on

sparse attention, and quantization method development is beyond the scope of this chapter.

Future research could explore an integrated framework that combines KV cache eviction

with outlier-aware quantization to push the limits of compression ratio.

D.6 Compute Resources

Our experiments were conducted on NVIDIA A100 and H100 GPUs. Every experiment can

be run on a single GPU with 80GB memory. Each task takes 15–72 GPU hours to finish

under the Hugging Face backend, depending on the dataset size and the average number of

generated tokens.

D.7 Licenses

As shown in Table D.27, we include licenses for any artifacts used in this chapter. Copyright

© MAA indicates that AIME problems are copyrighted by the Mathematical Association

of America and are used here for evaluation purposes only.

D.8 Broader Impacts

This work proposes a training-free KV cache eviction method that reduces the memory

footprint of reasoning models during inference. The primary positive impact is enabling

more efficient deployment of large language models, reducing hardware requirements and

energy consumption. This can broaden access to reasoning-capable models for resource-

constrained practitioners and organizations.

As a general-purpose inference optimization, VaSE does not introduce new model capa-

bilities or alter model outputs beyond the approximation inherent in cache compression. It

therefore does not directly raise new ethical concerns beyond those already associated with
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Asset License Source

Models

Qwen3-4B Apache 2.0 huggingface.co/Qwen/Qwen3-4B

Qwen3-14B Apache 2.0 huggingface.co/Qwen/Qwen3-14B

Datasets & Benchmarks

GSM8K MIT github.com/openai/grade-school-math

MATH MIT github.com/hendrycks/math

GPQA-Diamond CC-BY-4.0 huggingface.co/datasets/Idavidrein/gpqa

LiveCodeBench-v6 MIT (code) / CC (data) github.com/LiveCodeBench/LiveCodeBench

AIME 2025 / 2026 Copyright © MAA artofproblemsolving.com/wiki

HMMT 2025 CC-BY-NC-SA 4.0 huggingface.co/datasets/MathArena/hmmt_feb_2025

huggingface.co/datasets/MathArena/hmmt_nov_2025

Code & Baselines

SnapKV CC-BY-4.0 openreview.net/forum?id=poE54GOq2l

R-KV CC-BY-4.0 openreview.net/forum?id=2jwAjomEDB

CurDKV CC-BY-4.0 openreview.net/forum?id=klmc4fwPLd

SeerAttention-R CC-BY-4.0 openreview.net/forum?id=c5BOcHM6J8

HQQ Apache 2.0 github.com/dropbox/hqq

Table D.27: Assets and their licenses.

the underlying language models. We do not foresee specific negative societal impacts arising

from this work.
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