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Abstract

Large Language Models (LLMs) have exhibited remarkable capabilities in tasks such as
natural language comprehension, content generation, and knowledge retrieval. However,
training and serving these models require substantial computational resources, posing a
significant barrier to AI application development and research. To address these challenges,
various model compression techniques have been explored, with quantization emerging as
a key approach. Nonetheless, existing quantization methods predominantly apply uniform
quantization configurations, failing to account for the varying quantization difficulty across
different layers in billion-scale models. This results in a rigid memory-accuracy trade-off
and leaves the potential for improving quantization accuracy through differentiated memory
allocation largely unexplored. To bridge these research gaps, this thesis advances the study of
LLM quantization with two key contributions. First, it introduces MXQ, a mixed-quantization
method designed to provide a more flexible memory-accuracy balance. MXQ formulates a
novel optimization approach to determine optimal layer-wise quantization parameters while
enforcing overall memory constraints. Experimental results demonstrate that MXQ unlocks a
broader spectrum of quantization configurations, simplifying the memory-accuracy trade-off
while maintaining performance comparable to the baseline. Second, this thesis proposes
SensiBoost and KurtBoost, two methods that enhance quantization accuracy by leveraging
layer-sensitive features such as activation sensitivity and weight distribution kurtosis to
identify critical layers. These approaches outperform existing baselines, achieving up to 9%
lower perplexity with only a 2% increase in memory budget on Llama models.
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Chapter 1

Introduction

1.1 Background

Large vision and language models have demonstrated remarkable human-like intelligence
in tasks such as natural language comprehension, problem-solving, logical reasoning, and
knowledge retrieval. Training and serving these large neural network models typically
requires GPUs to accelerate the neural network’s forward and backward propagation pro-
cesses. These specialized processors excel at executing massive parallel operations, such as
large-scale matrix multiplication (Baji, 2018). To minimize latency, the model parameters,
gradients, and associated optimizer states are stored in GPU memory using high-precision nu-
meric representations like float16 or float32. However, this approach often proves inadequate
in addressing the increasing computational resource demands, driven by the scaling laws
that the model performance demonstrates a smooth power-law relationship with three scale
factors: model parameters, size of training dataset and amount of computing resources (Ka-
plan et al., 2020). The size of large neural network models has been growing exponentially
since the introduction of transformer (Vaswani et al., 2017) in 2017. However, the GPU
memory capacity only shows moderate growth, which creates an increasing gap between
model size and GPU memory as illustrated in Figure 1.1. Additionally, a recent study (Ding
et al., 2023) indicates the demanding computational requirements have hindered research
on large LLMs, as only very limited researches surveyed were able to conduct practical
experiments due to the prohibitive costs of deploying large pre-trained language models to
validate their hypotheses experimentally.

A model compression technique, known as model quantization, has been developed to
tackle this challenge and significantly reduce storage requirements. Quantization converts
the high-precision numeric representation of large pre-trained models’ parameters into
compact, low-bit equivalents, resulting in reduced memory consumption and inference speed
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Fig. 1.1 This figure shows the growing gap between GPU memory capacity and size of large
neural network models since 2017. The GPUs are the representative mean stream models of
the year. The model size of Grok 3 Ultra is projected.

acceleration. As a result, by utilizing quantization techniques, it is possible to run LLMs
with billion-scale parameter on consumer-grade GPUs such as the Nvidia GeForce RTX
4080 with a memory capacity under 20 GiB. Although current quantization methods strive to
preserve model precision as much as possible, some loss of accuracy is inevitable. It is almost
impossible for a quantization method to maintain the exact accuracy of the unquantized
model. The quantization research community typically aims for near-lossless compression,
commonly considered to be within 1% error relative to the uncompressed baseline, as defined
in the MLCommons benchmark (Reddi et al., 2020). Quantization techniques have been
extensively studied, leading to the development of numerous innovative methods applied
across various use cases, including inference (Frantar et al., 2023; Lin et al., 2023), fine-
tuning (Dettmers et al., 2023a; Guo et al., 2024), and optimizer state compression (Dettmers
et al., 2022).

1.2 Research Motivations

The key challenge of quantization lies in the trade-off between reducing the memory re-
quirements and preserving the model performance. However, existing approaches such as
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Fig. 1.2 Weight distributions and Kurtosis of the Llama-2-7B model are presented, where the
four-colored bars represent the absolute weight values at the 99%, 99.9%, 99.99%, and 100%
percentiles, respectively. The line graph, corresponding to the right Y-axis, illustrates the
Pearson Kurtosis of each weight matrix. Notably, different layers exhibit distinct patterns
in both absolute weight values and Pearson Kurtosis, which informed the development of a
novel layer-wise quantization method. For optimal clarity, the figure is best viewed in color
and with zoom.

AWQ (Lin et al., 2023), GPTQ (Frantar et al., 2023), BnB (Dettmers et al., 2023a) and
HQQ (Badri and Shaji, 2023) often rely on uniform quantization configurations, disregarding
the varying quantization difficulty across the layers of large language models (LLMs) as
evidenced by Figure 1.2, where the MLP and self-attention modules exhibit significantly
distinct layer-wise weight distributions and the extremely high Kurtosis values are present
in the first and last layers. This uniformity can lead to sub-optimal memory allocation and
reduced quantization accuracy. Furthermore, current methods lack the flexibility to make
effective memory-accuracy trade-offs. For instance, state-of-the-art techniques such as AWQ,
GPTQ, and HQQ do not allow users to specify arbitrary bit budgets per parameter for LLMs,
limiting their adaptability to diverse hardware resource constraints.

This thesis aims to advance the existing quantization methods by introducing greater
flexibility in memory-accuracy trade-off and enhancing quantization accuracy. First, it
presents a novel quantization scheme, named as MXQ, that optimally allocates memory
budgets across layers to maximize quantization accuracy while maintaining overall memory
efficiency within a given bit budget. Specifically, the proposed method formulates the
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Quantization Grid
Gaussian
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Fig. 1.3 Model quantization converts an original model to the quantized model with several
steps: quantization grid, optimisation with calibration dataset, and quantized weights and
metadata storage.

search for ideal quantization configurations as a linear programming problem, with memory
as constraints and the sum quantization errors as the objective. Second, recognizing the
varying memory requirements across layers in large language models, this work leverages
layer-sensitive features, such as activation sensitivity to quantization error and Kurtosis of
weight distribution, to allocate additional budget to layers critical for achieving higher overall
quantization accuracy.

1.3 Quantization Essentials

Quantization represents parameters in lower precision by mapping the original high-precision
numeric representation of parameters into a narrower range of values, known as quantization
grids or bins, allowing them to be packed into fewer bits (Bai et al., 2022). In the case of
4-bit quantization, a parameter occupies only 4 bits, resulting in a 75% reduction in memory
usage compared to the unquantized float16 counterpart. The specific process of converting
high-precision representations to their lower-precision counterparts vary among methods.
Nevertheless, they generally follow the procedure illustrated in Figure 1.3. The quantization
process typically begins with selecting the target linear layers. Subsequently, the weight
matrix is fed into the quantization grid to reduce storage size. An optimisation step is usually
employed to compensate for quantization errors, which may require additional metrics, such
as a calibration dataset, to help adjust the quantized weights and minimize activation errors.
After optimisation, adjacent weights are packed into shared bytes to save space. Optionally,
the associated metadata go through a process known as double-quantization, where the same
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Fig. 1.4 The percentage of quantizable parameters in various Llama models. The quantizable
percentage increases as the scale of the model grows. However, the Llama-3 models exhibit
slight drops in quantizable percentage compared to their predecessors. Source: the data was
extracted from the corresponding models hosted on HuggingFace.

process is applied to the metadata. This is especially useful to further reduce storage when the
granular grouping strategy is employed. Finally, the quantized model is saved in persistent
storage for distribution. The following sections explain these steps in greater detail.

1.3.1 Module Selection

The process of quantizing a large language model with parameters as large as billions typically
starts with the identification of the appropriate layer or module for compression. For example,
there are seven linear modules of the Llama-2 family models that are eligible for quantization,
i.e. the four self-attention modules(q_proj, k_proj, v_proj, o_proj) and the three MLP
modules(gate_proj, up_proj, down_proj) . However, the embedding module(embed_tokens),
layer input norm(input_layernorm) and layer post attention norm(post_attention_layernorm)
are excluded from quantization. The embedding module encodes fundamental features of the
model’s vocabulary which should be kept intact to to preserve the integrity of the embedding
tokens. While the input and post-attention norm modules are relatively compact. There is
little gain to compress these modules.
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The majority parameters of transformer-based large language models are suitable for
quantization. As indicated in Figure 1.4, approximately 90% of the parameters of Llama
family models are quantizable. The proportion of quantizable parameters varies across Llama
model versions. As model scale increases, the percentage of quantizable parameters generally
rises. However, Llama-3 models exhibit a slight drop compared to their predecessors.

In short, the general rules to choose quantization targets are 1) avoid embedding module,
2) exclude modules with relatively small parameter number, 3) exclude modules sensitive to
weight perturbations.

1.3.2 Quantization Grid

Subsequently, the weights undergo quantization through a grid or bins, resulting in a lower-
precision numeric representation, optionally accompanied by de-quantization metadata such
as scales or numbers representing zero offsets.

Several techniques exist for selecting the quantization grid:

• Rounding to Nearest (RTN) (Dettmers et al., 2022), which divides the number of
quantization bins evenly and maps the original weights to the bins by applying a linear
transformation and rounding to the nearest value.

• Quantile quantization (Dettmers et al., 2023a), which employs a non-uniform quantiza-
tion grid in accordance with statistical distribution, typically a Gaussian distribution,
thereby ensuring that most parameters are closer to the grid than an evenly sized grid.

• Cluster centroids (Kim et al., 2023), which clusters weights into groups by leveraging
the K-means classification algorithm and utilizes the centroids of these groups as the
quantization grid.

1.3.3 Error Compensation

The aforementioned quantization transformation inevitably introduces errors, resulting in
model accuracy degradation. To mitigate this problem, most quantization methods include
an optimisation stage. The specific optimisation algorithm employed by various quantization
approaches varies widely. Common optimisation strategies include adjusting weights to min-
imize activation errors with a small calibration dataset, identifying outliers by magnitude or
activation, and managing outliers using sparse matrices or clipping. According to (Dettmers
et al., 2023b), LLM generation is a multi-stage process where even tiny perturbations can
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Fig. 1.5 This figure illustrates how quantized parameters are packed into bytes with a group
size of 64 in 2-bit quantization (denoted as b1 = 2,g1 = 64 or simply b2g64). The small
square boxes represent the bits used to store the quantized parameters. In this scheme, a total
of n parameters are divided into m = n/64 groups, with each quantized parameter occupying
2 bits. To optimize memory storage, 4 successive parameters are packed into a single byte.

quickly accumulate, leading to significantly erroneous outputs. Thus, minimizing quantiza-
tion errors by focusing on activation often yields better accuracy. However, this method is
generally slow and depends on a carefully curated calibration dataset to perform well.

1.3.4 Bit Packing

Once the quantized parameters are optimized, it is necessary to process the associated
quantization metadata and compact the lower-bit parameters to save space. In some scenarios,
especially when granular groups are used to localize the weight value range, there can be
substantial metadata which should be also compressed to control overall memory usage.
These metadata may be quantized without optimisation, as they exhibit low variance in
value distribution. When parameters and quantization metadata are converted into lower-bit
representation, adjacent lower-bit weights are packed together into shared byte(s). Figure 1.5
and Figure 1.6 illustrate the how parameters are packed into shared byte(s) for 2-bit and 3-bit
per parameter respectively. The 3-bit packing scheme illustrated in Figure 1.6 is employed
by HQQ, which packs 10 3-bit parameters into 4 bytes, leaving first two bits unused. This
results in an additional storage overhead of 0.2 bit per parameter.
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Fig. 1.6 This figure illustrates the packing scheme of parameters quantized with 3-bit and a
group size of 64 (denoted as b1 = 3,g1 = 64 or simply b3g64) into 4 bytes. The small square
boxes represent the bits used to store the quantized parameters. The square with dashed
border is not part the of the group. In this scheme, a total of n parameters are divided into
m = n/64 groups, with each quantized parameter occupying 3 bits. To optimize memory
storage, 10 successive parameters are packed into 4 bytes, leaving 2 bit unused.

1.3.5 Persistence

Upon successful completion of the previous stages, the last step of the quantization procedure
is to save the model’s state dictionary into persistent storage for distribution, which is also
known as checkpoint. There are two widely adopted formats of quantized LLMs: pickled
Python object (Pilgrim, 2009) and safetensors (Huggingface, 2022). While the pickle format
is flexible, it opens door to hide malicious code in the LLM, threatening the safety LLM
supply chain. On the other hand, the safetensors is specifically designed to contain such
security threats. Therefore, it is always recommended distribute LLMs using safetensors
format. Finally, a less commonly noted benefit of quantization is the reduction in the
model’s persistent storage requirements. Experiments of this research indicate that with 4-bit
quantization, the model file size can be reduced by approximately 65%.
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1.4 Research Questions

This thesis aims to determine whether there are novel approaches that offer flexibility in
choosing a balanced quantization strategy or enhance quantization accuracy with or without
limited extra memory budget. Specifically, this thesis seek to answer the following questions:

1. Can memory usage be reduced by a certain percentage while maintaining accuracy
loss within a given range by balancing memory-accuracy trade-off?

2. Can quantization accuracy improvement be achieved by prioritizing budget allocation
for sensitive layers under strict or relaxed memory constraint?

1.5 Research Method

This study starts with a focused literature review of the post training quantization (PTQ)
methods, with an emphasis on the weight-only and data-free approaches. The study is
primarily empirical and quantitative as it employs data analysis and experiment to make
conclusions. For example, extensive data analysis is leveraged to select features to quantify
layer-sensitivity. In addition, comprehensive experiments are conducted to measure per-
plexity, quantization speed and memory efficiency to evaluate performance of the proposed
methods. The methodologies involves developing and testing the new quantization schemes,
benchmarking them on selected LLMs, and analyzing their performance compared to existing
methods.

1.6 Evaluation Method

Following the common practice, this thesis validates the efficacy of the proposed method
using perplexity as the primary evaluation method. The perplexity metrics are measured on
WikiText-2 (Merity et al., 2016) and C4 (Raffel et al., 2020). The baselines include both
calibration-based and calibration-free quantization methods. Specifically, HQQ (Badri and
Shaji, 2023), BnB (Dettmers et al., 2023a), GPTQ (Frantar et al., 2023) and AWQ (Lin
et al., 2023) are re-evaluated using the same models and experiment environment to ensure
a fair comparison. Additionally, the quantization speed, actual memory consumption are
also benchmarked to evaluate the quantization methods comprehensively. The Llama family
models are selected for experiment as they are representative transformer-based LLMs which
are free for research purpose.
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1.7 Contributions

The contributions of this thesis are summarized as follows:

• Introduction of a novel quantization method named MXQ for precise budget control
and flexible memory-accuracy balance. This method minimizes the sum of quantization
errors in the objective while incorporates a storage cost function as constraint. This
formulation is efficiently solved using a mixed-integer linear programming (MiLP)
algorithm, enabling fast and effective quantization.

• Revealing the robustness of activation sensitivity within a family of models and their
fine-tuned variants by exploring multiple transformer-based LLM families empirically.

• Design and implementation of a simple and effective outlier detection algorithm to
discover sensitive layers with sensitive scores or Kurtosis metrics.

• Introduction of SensiBoost and KurtBoost methods based on the sensitivity score and
Kurtosis metrics, resulting in superior performance over HQQ baseline with only 2%
increment in memory budget.

1.8 Thesis Structures

The rest of the thesis is organized as follows:

Chapter 2 reviews existing literatures pertinent to LLM quantization, including calibration-
based and calibration-free PTQ approaches.

Chapter 3 introduces the preliminary techniques such as transformer architectures, linear
programming, which provide the theoretical foundation for the successive research.

Chapter 4 elaborates the MXQ method and explains the experiments result.

Chapter 5 presents the SensiBoost, KurtBoost, SensiMiLP and KurtMiLP methods which
leverage the layer-sensitive features such as activation sensitivity and Kurtosis to
optimize quantization accuracy under relaxed and strict memory constraint respectively.

Chapter 6 concludes the thesis, summarizes the limitation and proposes the future works.



Chapter 2

Literature Review

2.1 Overview

The Quantization techniques have been extensively explored, and numerous innovative
methods were invented and applied in a variety of use cases, such as inference (Frantar
et al., 2023; Lin et al., 2023), fine-tuning (Dettmers et al., 2023a; Guo et al., 2024) and
optimizer state (Dettmers et al., 2022). These techniques can be generally divided into
two categories: (1) Quantization Aware Training (QAT) (Nagel et al., 2021), requiring
backward propagation and being tightly coupled with model training, and (2) Post Training
Quantization (PTQ) (Nagel et al., 2019), which is a training-free methodology. PTQ has
been recognised as the mainstream due to the existence of numerous pre-trained LLMs. For
example, there are around 700,000 models published as of June 2024 on the HuggingFace,
the largest AI model hosting site. Therefore, advancements in PTQ research can contribute
to democratize AI capabilities to a wider community.

This thesis focuses on a specific class of the PTQ method, i.e., weight-only quantization
method, particularly those closely associated with the proposed mixed-quantization strategy,
which can serve as the underlying quantization implementation. Specifically, considering
whether an extra calibration dataset is adopted during quantization, weight-only method can
be further divided into two categories: calibration-based method and calibration-free method.
The calibration-free method lends itself to generalize to diverse model architecture and
generally takes less time to quantize a model than calibration-based method. The following
section surveys the works most relevant to proposed mixed-quantization method.
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2.2 Calibration-based Methods

The calibration-based approaches typically leverage well-curated dataset as input to minimize
the activation errors introduced by quantization based on mathematical tools such as the
second derivatives of the loss function with respect to the weights, i.e. Hessian matrix or
Fisher information. They usually produce better-quantized models. However, they tend to be
computation-intensive and prone to over-fitting the calibration dataset. The representative
state-of-the-art implementations of calibration-based approaches include GPTQ and AWQ.

2.2.1 GPTQ

GPTQ (Frantar et al., 2023) is a layer-wised quantization method which searches best
quantized weight Ŵ with respect to the input X from the calibration dataset according to
objective function defined in the Equation 2.1.

argmin
Ŵ
∥WX−ŴX∥2

2 (2.1)

GPTQ leverages the Optimal Brain Quantizer (OBQ) (Frantar and Alistarh, 2022), which
quantized one weight at a time while constantly updating all not-yet-quantized weights to
compensate for the error incurred by quantizing a single weight as formulated in Equation 2.2.

wq = argmin
wq

(quant(wq)−wq)
2

[H−1
F ]qq

δF =−
wq−quant(wq)

[H−1
F ]qq

· (H−1
F ):,q

(2.2)

The updated inverse is given by the Equation 2.3:

H−1
−q =

(
H−1− 1

[H−1]qq
H−1

:,q H−1
q,:

)
−q

(2.3)

By applying quantizing weight column-wise, lazy update and cholesky reformulation,
GPTQ reduces OBQ’s algorithm complex substantially, making it scale to larger models with
hundred-billion parameters. For instance, GPTQ is capable of quantizing the 170-billion scale
models such as OPT-175B and BLOOM-176B to 3 or 4 bits per parameter in approximately
4 hours with GPU, enabling generative inference on 175 billion-parameter models inside a
single GPU. In addition, GPTQ implements specialized GPU kernels to accelerate memory
loading, resulting in 3 to 4 times inference speedup on various GPU models.
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However, despite the effective improvements over previous methods, GPTQ’s update of
remaining full-precision weights incurs substantial computation, resulting in significantly
slower quantization speed. The choice of squared error as loss function seems less effective
to preserve outliers in the weights. The dependency on calibration dataset makes it difficult
to generalize to heterogeneous model architectures such as multi-modal models.

2.2.2 AWQ

AWQ (Lin et al., 2023), based the observation that the importance of LLM’s weights is
non-uniform, proposes a quantization method to identify the tiny fraction of “salient” weights
by measuring activation magnitude and pre-scaling the weights with a per-channel factor s to
minimize quantization errors according to the objective function as denoted in Equation 2.4:

s∗ = argmin
s

L (s)

L (s) = ∥Q(W · s)(s−1 ·X)−WX∥
(2.4)

where the qunatization function Q(W) is defined as:

Q(W) = ∆ ·Round(
W
∆
), ∆ =

max(|W|)
2n−1 (2.5)

Since the loss function in Equation 2.4 is not differentiable, AWQ leverages a simple
search space, where α is confined to the interval [0,1], as defined in Equation 2.6 to find the
optimal scale s.

s = sxα , α
∗ = argmin

α

L (sxα) (2.6)

This approach unifies the treatment of the salient and non-salient weights, eliminating the
need to isolate salient weights into separate storage like sparse matrix, and develop specialised
mixed-precision matrix multiplication kernel for fast inference. Besides significant memory
reduction, AWQ achieves approximately 3 times inference speedup compared to the FP16
implementation by Huggingface across a wide range of LLMs.

AWQ is an important baseline for recent quantization researches such as HQQ(Badri and
Shaji, 2023), SqueezeLLM(Kim et al., 2023) etc. Moreover, AWQ has been widely adopted
by diverse open-source LLM serving frameworks such as FastChat, vLLM, HuggingFace
TGI, LMDeploy, etc. which facilitates practical industrial applications of AWQ.
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Fig. 2.1 This figure illustrates needle-like spikes piercing through the thin plane formed by
the vast majority of typical parameters, indicating the presence of prominent outliers in the
self_attention.o_proj module at the 32nd layer of the Llama-2-7B model.

2.3 Calibration-free Methods

2.3.1 HQQ

HQQ (Badri and Shaji, 2023) approaches minimizing quantization errors by relying solely
on the weight without considering the layer activation. It identifies quantization parameters
zero-point z and scaling s to minimize the Lp<1-norm between the original weights W and
their dequantized counterpart as denoted in Equation 2.7.

argmin
z,s

φ(W−Q−1
z,s (Qz,s(W))) (2.7)

The incorporation of the Lp<1-norm in the loss function φ() enables HQQ to model
outliers effectively through a hyper-Laplacian distribution, which captures the long-tailed
nature of outlier more accurately than the conventional squared error. This is particularly
useful to deal with salient outliers presented in Llama family model as illustrated in Figure 2.1.
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(a) This figure illustrates the visualization of the
two-variable Lp=0.7-norm function as a surface
in 3D space. This Lp-norm is employed by HQQ
to preserve outliers in weights of LLMs.

(b) This figure illustrates the visualization of the
two-variable Lp=2-norm function as a surface in
3D space.

Figure 2.2a illustrates the Lp=0.7-norm, the default loss function of HQQ, as a 3D surface.
Figure 2.2b shows the Lp=2-norm in 3D. The Lp<1-norm makes the loss function φ() non-
convex. Therefore HQQ converts the optimisation of the non-convex loss function φ()

formulated in Equation 2.7 to a new formulation denoted in Equation 2.8 so that it can
leverage the Half-Quadratic solver (Geman and Reynolds, 1992).

argmin
z,We

φ(We)+
β

2

∥∥∥We− (W−Q−1
z (Qz(W)))

∥∥∥2

2
(2.8)

By utilizing alternate optimisation, the Equation 2.8 is decomposed into two sub-problems
as illustrated in Equation 2.9.

W(t+1)
e ← argmin

We

φ(We)+
β (t)

2

∥∥∥We− (W−Q−1
z (Qz(W)))

∥∥∥2

2
(sp1)

z(t+1) ← argmin
z

1
2

∥∥∥Q−1
z (Qz(W))− (W−W(t+1)

e )
∥∥∥2

2
(sp2)

β
(t+1) ← kβ

(t)

(2.9)

When Lp<1-norm is the loss function, the solution to first sub-problem(sp1) is the gener-
alized soft-thresholding operator(Badri and Yahia, 2016) as illustrated in Equation 2.10.
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W(t+1)
e ← shrinklp(W−Q−1

z (Qz(W)),β )

shrinklp(x,β ) = sign(x)relu
(
|x|− |x|

p−1

β

) (2.10)

The second sub-problem(sp2) can be converted to the Equation 2.11. The solution, as
presented in Equation 2.12, is the average over the axis the quantization grouping is carried
out.

z(t+1) ← argmin
z

1
2

∥∥∥z− (W
(t+1)−W−W(t+1)

e
s

q )
∥∥∥2

2

W(t+1)
q = round(W/s+ z(t))

(2.11)

z(t+1) ←
〈

W(t+1)
q −W−W(t+1)

e

s

〉
(2.12)

HQQ provides competitive performance compared to the state-of-the-art quantization
methods. Additionally, HQQ exhibits extraordinary quantization speed. Experiment shows
that HQQ is approximately an order of magnitude faster than the state-of-the-art calibration-
based methods such as AWQ and GPTQ. In addition, HQQ offers an abundance of options to
further optimize the quantization with a wide range of bits to quantize large neural network
models. Available bit choices include 2, 3, 4 and 8. It also allows configurable group size,
secondary bit and group size for meta data quantization. Furthermore, by adopting the
calibration-free approach, HQQ avoids potential over-fitting to calibration dataset, making
it model architecture-agnostic and generalize to not only diverse transformer based large
language models but also multi-modal models.

2.3.2 BitsAndBytes

Weights in pre-trained neural network model exhibit a zero-centered normal distribution with
standard deviation σ . In this case, dividing quantization bins evenly is sub-optimal since
it increases the density of the bins close to zero, leading to larger quantization errors. The
BitsAndBytes (BnB)(Dettmers et al., 2023a) employs a novel high-precision technique to
solve this problem by creating quantization bins using quantiles, a method known as Quantile
Quantization(Dettmers et al., 2021). This ensures each bin contains identical number of
weights and the bins around zero are narrower to reduce overall quantization error. The
crucial parts of BnB quantization scheme include the searching for the k-bit quantiles, known
as k-bit NormalFloat, along with scaling and mapping weights into k-bit integers.
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Table 2.1 This table presents the values of the NormalFloat4 data type.

Part Integer Float Integer Float

Negative

-7 -1.0 -6 -0.6961928009986877
-5 -0.52507305145263670 -4 -0.39491748809814453
-3 -0.28444138169288635 -2 -0.18477343022823334
-1 -0.09105003625154495

Zero 0 0.0

Positive

1 0.07958029955625534 2 0.16093020141124725
3 0.24611230194568634 4 0.33791524171829224
5 0.44070982933044434 6 0.56261700391769410
7 0.72295683622360230 8 1.0

BnB determines the k-bit NormalFloat, a set of pre-computed constants, by calculating the
2k +1 quantiles of a theoretical N (0,1) Gaussian distribution using cumulative distribution
function(shown in Equation 2.13) to obtain the k-bit quantiles. The quantiles are normalized
into the [−1,1] range. As a special case, the 4-bit BnB, commonly known as NormalFloat4, is
a datatype representing 16 values (q1,q2, · · · ,q16) in the [−1,1] interval. Table 2.1 presents
the 16 values and their corresponding integers.

Φ(x) = P(Z ≤ x) =
1√
2π

∫ x

−∞

e−
u2
2 du (2.13)

When it comes to quantizing the weights of LLM, BnB begins by dividing the weight
matrix into small groups for better quantization accuracy. It then rescales the weights
into the [−1,1] range using absolute maximum scaling and maps them to the nearest k-bit
NormalFloat to obtain the k-bit integer representations. The scaling constants for the groups
are stored as meta data. In order to minimize the storage overhead for these scaling constants
incurred by the fine-grained group sizes, BnB further quantizes the high-precision scaling
constants into k-bit integers. This double quantization technique is a widely adopted strategy
by other state-of-the-art quantization methods.

2.3.3 Comparison of Quantization Methods

Table 2.2 presents the comparison of the four state-of-the-art quantization methods, i.e. BnB,
GPTQ, AWQ and HQQ, reviewed in this chapter. Notably, HQQ is a balanced method that
combines speed, accuracy and multiple bits support. These methods have been adopted
extensively in the industry, demonstrating their practicality and efficacy. Nevertheless, the
limitation of these methods is worth discussion. First, quantization methods such as GPTQ
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Table 2.2 This table presents the comparison of the quatization methods reviewed in this
chapter.

Item AWQ GPTQ HQQ BnB

Calibration Data required required no no
Quantization Speed slow very slow fast very fast

Quantization Accuracy Excellent Good Good Good
Supported Bits 4 2,3,4,8 2,3,4,8 4,8
Fast Inference

Extensions autoawq-kernels
exllamav2

marlin
Torchao
marlin bitsandbytes

and AWQ requires curated calibration dataset, making it challenging to generalize these
method to other large neural network such as vision models which are trained on a mixture
of textual and image data. Given the substantial architectural disparities and diverse choices
of training datasets for these multi-modal models, curating compatible calibration dataset is
definitely a maintenance headache. Second, calibration dependent approaches tend to rely
on GPU to perform the quantization as a full inference pass is indispensable to measure the
quantization error in term of activation. This prevents offloading the quantization task to CPU,
which is more cheaper and accessible. Additionally, the quantization speed of calibration
dataset dependent methods like AWQ and GPTQ are relatively slow. For instance, the GPTQ
method takes approximately 4 GPU hours to quantize the OPT-175B or BLOOM-176B
models (Frantar et al., 2023). Finally, the four quantization methods surveyed in this chapter
employ uniform quantization configurations across entire model, which may be sub-optimal
to address varying difficulty across diverse layers of billion-scale LLMs.

Therefore, research on fast and flexible quantization approaches is crucial to serving
large neural network models economically and generalizing the quantization method to
various model architectures and generations within a given model family. Motivated by this,
the thesis aims to enhance the existing quantization methods by introducing quantization
schemes that offer flexible memory-accuracy balance.



Chapter 3

Preliminary – Related Techniques

3.1 Overview

This chapter explains the foundation of linear programming, the basic methods of quantization
grid and the transformer-based Llama architecture. They provide context and support the
approaches introduced by this thesis, being a crucial part to understand the methodologies
adopted in subsequent chapters.

Starting with Linear Programming, this chapter introduces the key enabler to the quantiza-
tion approaches proposed by this thesis, provides theory framework and solvers to formulate
and implement the MXQ quantization method efficiently. With Linear Programming, espe-
cially Mixed integer Linear Programming (MiLP), the quantization problem can be modelled
as resource allocation optimisation problem with objective as maximizing model accuracy,
memory budget as constraint.

The section that follows Linear Programming is the explanation of three major quantiza-
tion grid methods, i.e. Rounding to Nearest, Quantile Quantization, K-means cluster centroid.
This section provides essential knowledge and common terminologies that are referenced in
the following chapters. The Rounding to Nearest method is adopted to calculate sensitivity
score in later chapter.

The last section describes the Llama-2 architecture, a typical transformer-based large
language model architecture, explaining the computation flow of the inference, which is
crucial to understand the method to quantify and measure the layer-wise sensitivity to
quantization error discussed in Chapter 5.
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Fig. 3.1 Results of MIP2017 benchmark. The X axis denotes the wall clock time in seconds
spent on the solving the problems. The Y axis shows the problems solved out of 240. The
points close to upper left corner indicate superior performance. The commercial solvers lead
in both capability and speed. The Gurobi is the top 1 solver. While the HiGHS performs best
among the open-source solvers.

3.2 Linear Programming

3.2.1 Brief History

Linear Programming solvers have a long history of development. Driven by the needs
from military operations such as logistics and resource allocation, the modern LP work,
characterized by the introduction of the simplex algorithm (Dantzig, 2002), was pioneered
by George Dantzig in 1947 (Bixby, 2012). It remains a crucial computational tool of LP and
MIP of today. Linear Programming solvers evolve as computers grow increasingly powerful
since then. In the 1970s, with the introduction of the IBM 360 series of computers, not only
LP problems could be solved faster, but also new ideas could be tried which were infeasible
previously. From the late 1980s to early 2000s, LP landscape saw dramatic improvements
as large as over six orders of magnitude. Apart from the hardware improvements, the
primary contributing factor is the enhanced algorithm which is approximately 3300 more
efficient (Bixby, 2012). In late 2000s, newer LP solvers such as Gurobi, COPT, HiGHS
came into existence, which further enhance the performance and offer better scalability and
flexible programming interface. To evaluate the existent and emerging LP solvers objectively,
benchmarks such as MIPLIB2017 (Gleixner et al., 2021) were developed. (Hans, 2024)
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maintains a set of comprehensive benchmark results of LP solvers. Figure 3.1 shows the latest
MIPLIB2017 (Gleixner et al., 2021) benchmarks1 conducted on various leading commercial
and open-source MIP solvers.

3.2.2 Linear Programming formulation

Optimisation involves solving complex decision or allocation problems by selecting values for
a set of related variables under given constraints, with the goal of maximizing or minimizing
a single objective that quantifies the quality of the decision. The optimisation problem can be
generalized in mathematical formulation as in Equation 3.1 (Boyd and Vandenberghe, 2004):

min f0(x)

s.t. fi(x)≤ bi, i = 1, · · · ,m
where : x = (x1, · · · ,xn), f0 : Rn→ R, fi : Rn→ R

(3.1)

In Equation 3.1, the vector x = (x1, · · · ,xn) is the optimisation variable. The function f0

is the objective function, while the functions fi, i = 1, · · · ,m are constraint functions. The
constraint b1, · · · ,bm are the bounds for the constraints (Bixby, 2012). To solve Equation 3.1,
an optimal vector x∗ is to be identified, resulting in minimal objective value among all vectors
that satisfy the constraints.

A linear programming (LP) is a type of optimisation problem in which the objective
can be described as a linear function of the decision variables and the constraints are linear
equalities or linear inequalities of the decision variables (Boyd and Vandenberghe, 2004;
Luenberger and Ye, 2021) as formulated in Equation 3.2.

fi(αx+βy) = α fi(x)+β fi(y) (3.2)

The general formulation of LP problems can be expressed in the Equation 3.3 as follows:

min c1x1 + c2x2 + · · ·+ cnxn

s.t. a11x1 +a12x2 + · · ·+a1nxn = b1

a21x1 +a22x2 + · · ·+a2nxn = b2

...
...

am1x1 +am2x2 + · · ·+amnxn = bm

where : x1 ≥ 0,x2 ≥ 0, · · · ,xn ≥ 0,

(3.3)

1Source: https://plato.asu.edu/ftp/milp.html

https://plato.asu.edu/ftp/milp.html
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Or in more succinct vector notation, the LP problem can be formulated as:

min cT x

s.t. Ax = b and x≥ 0
(3.4)

In Equation 3.4, the decision vector x is an n-dimensional column vector. The objective
coefficient data is represented by the vector c, which is also an n-dimensional column vector.
The matrix A imposes m equality constraints to the decision vector x. The inequality x≥ 0
mandates each element of x as non-negative.

There are other forms of LP math expression. However, they are mathematically equiv-
alent to the standard form as formulated in Equation 3.3 and 3.4. By introducing Slack
Variables, Surplus Variables or Free Variables, other LP formulations can be converted to the
standard form (Luenberger and Ye, 2021). For example, the Equation 3.5 with inequality
constraints can be converted to the standard form using extra slack variables, as formulated
in the Equation 3.6.

max
(

c1,c2, · · · ,cn

)
1×n
×


x1

x2
...

xn


n×1

s.t.


a11,a12, · · · ,a1n

a21,a22, · · · ,a2n
...

am1,am2, · · · ,amn


m×n

×


x1

x2
...

xn


n×1

≤


b1

b2
...

bm


m×1

and


x1

x2
...

xn


n×1

≥ 0

(3.5)
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min −
(

c1,c2, · · · ,cn

)
1×n
×


x1

x2
...

xn


n×1

s.t.



a11,a12, · · · ,a1n,

m︷ ︸︸ ︷
1,0, · · · ,0

a21,a22, · · · ,a2n,

m︷ ︸︸ ︷
0,1, · · · ,0

...

am1,am2, · · · ,amn,

m︷ ︸︸ ︷
0,0, · · · ,1


m×(n+m)

×



x1

x2
...

xn

xn+1
...

xn+m


(n+m)×1

=


b1

b2
...

bm


m×1

where


x1

x2
...

xn


n×1

≥ 0

(3.6)
In the standard form Equation 3.6, the equality constraint matrix is composed of the

original matrix and the m×m identity matrix. Mixed Integer Linear Programming, short for
MIP or MILP, is subset of LP, where the decision variables are a mix of continuous or integer
variables.

3.3 Quantization Grid

This section elaborates the common quantization grid methods such as Rounding to Nearest
(RTN), Quantile Quantization and K-means. Figure 3.2 presents how the three different
quantization grids divide the first 256 parameters of the self attention output projection
module in the 32th layer of the Llama-2-7B model. As demonstrated by Figure 3.2, the RTN
employs the uniform quantization grid which requires less computation resource. On the
other hand, the grids of K-means and quantile quantization are divided non-uniformly, where
the grids are more dense at the center, indicating significant amount of values are close to
zero.
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Fig. 3.2 This figure demonstrates how the three different quantization grids divide the first 256
parameters of the self attention output projection module in the 32th layer of the Llama-2-7B
model. To better visualize these one-dimensional parameters, they are jittered in the y-axis
to separate them apart. The hallow triangles represent the centroids of the clusters in the
K-means method.

3.3.1 Rounding to Nearest

Rounding to Nearest (RTN) divides the range of values into evenly spaced intervals. It
can be implemented in either a symmetric or asymmetric manner. The symmetric variant
encompasses both negative and positive ranges, posing a challenge in fully utilizing all 2b

bits as it must accommodate the negative and positive halves, in addition to the zero, resulting
in one bit unused on one side. Conversely, the asymmetric variant solely employs the positive
range and incorporates an additional value to record the zero point, thereby facilitating the
conversion of values back and forth and making the full utilization of all bits. Equation 3.7
describes the quantization function and its inverse function for the symmetric RTN method

Q(W ) =

⌊
W
s

⌉
=Wq

Q−1(Wq) =Wq× s

s =
max(|W |)

2b−1

(3.7)
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While the asymmetric RTN variant, formulated in Equation 3.8, is slightly more complex as
it employs the zero points.

Q(W ) = clip
(⌊

W
s
+ z

⌉
,0,2b−1

)
=Wq

Q−1(Wq) = s× (Wq− z)

s =
max(W )−min(W )

2b−1

z =
−min(W )

s

(3.8)

In the equations 3.7 and 3.8, W is the weight to be quantized which can be part of
the original weight matrix in group-wise quantization algorithms. Wq is the quantized
weight, b is the number of bits, s is the scale factor, and z is the zero point. RTN can be
implemented efficiently as it only involves basic arithmetic operations. It is hardware-friendly
and demonstrates robust performance when coupled with a fine-grained grouping strategy, as
evidenced by (Frantar et al., 2023).

3.3.2 Quantile Quantization

Quantile Quantization (Dettmers et al., 2022) divides the range of values into intervals based
on quantiles rather than equal-width intervals. This approach is particularly useful since the
weights in LLMs are typically not uniformly distributed.

Specifically, the quantile quantization maps an infinite stream of real numbers into a
series of low bit integers by rounding the real numbers to the nearest mid-points of the
quantile intervals. More formally, suppose b is the bit width, X is the random variable that
follows a particular probability distribution P, F(x) = P(X ≤ x) is the cumulative distribution
function (CDF). The Equation 3.9 formulates the quantiles quantization.

Q(W ) = argmin
i∈{0,1,··· ,2b}

∥∥∥∥W − F−1(i)+F−1(i+1)
2

∥∥∥∥
1

(3.9)

Figure 3.3 illustrates the quantiles for weights that follows the zero-centered normal
distribution with 1 as standard deviation, i.e. X ∼N (0,1), for the 4-bit quantization. While
Figure 3.4 presents the quantiles for the 4-bit quantization where X follows a bimodal
distribution.

Quantile quantization is an information theoretically optimal scheme that ensures the
quantization grids contain equal number of values. However, evaluating the quantiles of a
large weight matrix is time-consuming. Fine-grained grouping is utilized to identify quantiles
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Fig. 3.3 This figure demonstrates the 16 quantization intervals of a sample under normal
distribution of N (0,1).

faster and more accurate, however, this approach incurs additional storage overhead to keep
quantiles lookup tables for each group. It is not hardware friendly as the dequantization
process involves searching for the quantiles from the group-wise lookup table.

3.3.3 K-means Cluster Centroids

The K-means clustering algorithm can be leveraged to quantize a stream of real numbers as
demonstrated in (Lloyd, 1982) where K-means was employed to solve pulse-code modulation
(PCM) problems. In the context of LLM quantization, K-means cluster centroids are used as
the best approximations for the dequantized weights, which ensures minimal quantization
error due to the property of cluster centroid that minimizes the squared error as denoted in
Equation 3.10. Specifically, for b bit quantization, the weights of LLM can be clustered into
2b clusters and the centroids are the values for the dequantized weights. This approach was
employed in the SqueezeLLM (Kim et al., 2023).

argmin
Ck

K

∑
k=1

∑
xi∈Ck

∥xi−µk∥2
2 where µk =

1
|Ck| ∑

xi∈Ck

xi (3.10)
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Fig. 3.4 This figure illustrates the 16 quantization intervals of a data sample conforms to a
bimodal distribution with mixture of N (−1,0.82) and N (2,1.22).

More formally, given set C = {c1, · · · ,c2b} as the collection of centroids corresponding
to a weight matrix or its subset W , the K-means clustering quantization approach can be
formulated with the Equation 3.11:

Q(w) = argmin
i∈{0,1,··· ,2b}

∥w− ci∥1 (3.11)

where w denotes the individual element of the weight matrix W .
The K-means clustering algorithm is an iterative method used to partition a dataset into

K clusters. The algorithm seeks to minimize the within-cluster variance by calculating the
centroids of each cluster and iteratively updating them which implies that evaluating the
centroids of a large weight matrix is time-consuming. Thus fine-grained groups are typically
utilized to reduce errors and accelerate quantization speed. However, this approach incurs
additional storage overhead since the centroid lookup tables for each group need to be stored
along with the quantized model.
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3.3.4 Llama-2 Architecture Overview

The Llama-2 model follows the standard transformer architecture (Touvron et al., 2023)
with some notable changes to facilitate training and enhance performance. Specifically, the
major customizations include layer normalization, activation function, position embedding
and grouped query attention (GQA) to improve KV cache efficiency for larger models such
as 70B (Touvron et al., 2023). The main architecture of a Llama-2 consists of a stack of
transformer decoder layers. Each layer is composed of components such as: 1) multi-head
self-attention (MHSA) or GQA, 2) Multi-Layer Perceptron or Feed-forward neural network
(FFN), 3) Residual connections 4) Layer normalization. Figure 3.5 illustrates a simplified
architecture diagram for the Llama-2-13B model.

The Multi-Head Self-Attention (MHSA) sub-layer employs scaled dot-product attention
with multiple heads to capture diverse relationships between tokens. Queries (Q), keys (K),
and values (V) are projected via learned linear transformations, and attention is computed as
in Equation 3.12:

Attention(Q,K,V ) = so f tmax
(

QKT
√

dk

)
V (3.12)

The feed-forward neural network (FFN a.k.a. MLP) sub-layer includes two linear
transformations with a non-linear activation function (SiLU) in between. Instead of ReLU
or GELU which is popular in other transformers, Llama-2 leverages the SiLU (Sigmoid-
Weighted Linear Unit) activation function which is defined as in Equation 3.13:

SiLU(x) = x · sigmoid(x) (3.13)

SiLU enables smooth gradient flow, reducing probability of dead neurons. Improved perfor-
mance on various benchmarks.

Llama-2 employs pre-normalization which is applied at the start of self-attention and feed-
forward sub-layers to make input zero-centered and having unit variance. Pre-normalization
has been shown to stabilize training, especially for deep transformers.

Residual connections are used to add the input of a sub-layer to its output. The resid-
ual connections in Llama-2 are applied around the combination of layer normalization,
self-attention, and feed-forward layers. This ensures smoother gradient flow during back-
propagation.

Combining the components discussed above, the computation flow within a single Llama-
2 decoder layer can be summarized as follows:

1. Input to the decoder layer: X .
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2. Pre-normalize input with RMSNorm for the self-attention sub-layer:

NormorlizedInput(Attention) = RMSNorm(X)

3. Perform self-attention and add residual connection:

Y = X +Attention(NormorlizedInput(Attention))

4. Pre-normalize output of attention sub-layer for the MLP sub-layer:

NormalizedInput(MLP) = RMSNorm(Y )

5. Perform Feed-Forward Network transformation and add residual connection:

Z = Y +MLP(NormalizedInput(MLP))

6. Output of the decoder layer: Z.
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Fig. 3.5 This figure illustrates the architecture of the Llama-2-13B model by Meta. Notably,
the Llama-2-13B model employs RoPE (Rotary Position Embedding), and RMSNorm (Root
Mean Square Layer Normalization) in the "Pre-Norm" formulation. The model includes 40
layers and a vocabulary size of 32000.



Chapter 4

MXQ – A Mixed Quantization Approach
for LLMs

4.1 Introduction

Previous studies on quantizing LLMs (Badri and Shaji, 2023; Dettmers et al., 2023a; Frantar
et al., 2023; Lin et al., 2023) employed identical quantization configurations across entire
model. This approach lacks flexibility in balancing the trade-off between memory consump-
tion and model performance under various resource constraints and may be sub-optimal,
especially in billion-scale LLMs as demonstrated in Figure 1.2, where some layers exhibit
far taller weight bands and spikes in Kurtosis line, indicating not all layers are equally
quantizable. Further experiment on the quantization errors under a diverse of quantization
configurations also proves the varied difficulty across layers, as demonstrated by Figure 4.1,
where the quantization errors (denoted by the FNorm) exhibit wide variations across layers
and modules. This necessitates a new approach that employs non-uniform quantization
settings for optimal quantization.

The contributions of this chapter are as follows: First, it introduces an effective quanti-
zation method, MXQ, designed for precise budget control and flexible memory-accuracy
trade-offs. Second, it formulates MXQ using a novel optimisation framework that minimizes
the sum of quantization errors in the objective while incorporating a storage cost function as
constraint. This formulation is efficiently solved using a mixed-integer linear programming
(MiLP) algorithm, enabling fast and effective quantization. Finally, extensive experiments
are conducted on perplexity benchmarks for the Llama family of language models across a
wide range of bit budgets, demonstrating MXQ’s ability to achieve flexible budget control
and superior memory-accuracy trade-offs compared to state-of-the-art quantization methods.
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Fig. 4.1 This figure presents the Layer-wise quantization errors under 12 configurations of
the Llama-2-7B model. The self-attention k and q modules exhibit decreasing quantization
errors. While the other self-attention and MLP modules’ quantization errors demonstrates
ascending pattern. For optimal clarity, the figure is best viewed in color and with zoom.

4.2 MXQ Methodology

MXQ allocates optimal quantization configurations to each weight matrix according to a
user-specified overall bit budget for each parameter to minimize the global quantization
error. Specifically, MXQ identifies ideal configurations that minimize the sum of Frobenius
norm of the difference between the original matrices and their quantized counterparts while
confining the memory usage within the constraint of the target memory budget. Thus the
problem can be formulated as a Mixed integer Linear Programming (Huangfu and Hall, 2018)
problem. Let’s denote ci = (b1,g1,b2,g2) as the configuration parameters used to quantize
the ith matrix of the LLM, where:

• b1 denotes the first level bit width to represent the quantized weights.

• g1 refers to the first level group size to break the parameters into granular chunks.

• b2 describes the second level bit width to quantize zeros and scales.

• g2 is the second level group size for quantization of zeros and scales.

Let C be the set of all possible configurations. In this thesis, the search space is limited as
listed in Table 4.1, leading to the cardinality of all possible configurations to be 12. Moreover,
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Table 4.1 Valid values of the mixed quantization configuration

Parameter b1 g1 b2 g2

Value 2, 3, 4, 8 32, 64, 128 8 128

let {W (i)}N
i=1 be the set of N matrices in the LLM to be quantized. In Equation 4.1, the

quantization problem is formulated as an linear programming problem:

argmin
c1,c2,··· ,cN

∑
i∈{1,...N}

ci∈C

∥∥∥W (i)−Ŵ (i)
ci

∥∥∥
F

s.t. ∑
i∈{1,...N}

ci∈C

storage(W (i),ci)≤ β ,
(4.1)

where parameter β denotes the overall memory budget for the quantized model in
megabytes. The storage cost function storage is defined in Equation 4.2:

storage(W (i),ci) = |W (i)| ·
(

b1 +
2b2

g1
+

32
g1 ·g2

)
(4.2)

For simplicity, the same second-level bit width and group size are used for scales and
zeroes, as variations in these configurations have minimal impact on overall memory con-
sumption.

To minimize the objective function in Equation 4.1, the Frobenius norms and storage
costs with respect to all possible configurations (N× |C| in total) for a given LLM need
to be calculated. To accelerate the process, the Frobenius norm and storage cost can be
pre-computed and stored in two matrices beforehand, denoted as F ∈RN×|C| and S ∈RN×|C|.
With these pre-computed metrics in place, the optimal quantization configurations problem
is re-formulated as a mixed integer linear programming problem by introducing a series
of binary decision variables x j, where j ∈ {1, . . . ,M} and M = N× |C|. Specifically, the
optimisation problem is as follows:

argmin
X

F ·X

s.t. S ·X ≤ β ,

A ·X =
(

1 1 · · · 1
)T

1×N
,

(4.3)
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where X =
(

x1 x2 · · · xM

)T
,

x j ∈ {0,1} ∀ j ∈ {1, . . . ,M} ,

F =
(

f1 f2 · · · fM

)
,

S =
(

s1 s2 · · · sM

)
,

A =



|C|︷ ︸︸ ︷
1 · · ·1

|C|︷ ︸︸ ︷
0 · · ·0 · · ·

|C|︷ ︸︸ ︷
0 · · ·0

|C|︷ ︸︸ ︷
0 · · ·0

|C|︷ ︸︸ ︷
1 · · ·1 · · ·

|C|︷ ︸︸ ︷
0 · · ·0

...
... . . . ...

|C|︷ ︸︸ ︷
0 · · ·0

|C|︷ ︸︸ ︷
0 · · ·0 · · ·

|C|︷ ︸︸ ︷
1 · · ·1


N×M

.

To search for one optimal configuration out of |C| for a total number of N matrices,
A ∈ RN×M in Equation 4.3 is initialized as a matrix of N rows by M columns with only 0’s
and 1’s. Each row contains |C| consecutive ones corresponding to positions of the weight
matrices encoded in A. Equation 4.3 can be solved efficiently by off-the-shelf LP solvers
such as Gurobi (Gurobi Optimization, LLC, 2023) and HiGHS (Huangfu and Hall, 2018). In
the experiment, the scipy wrapper of HiGHS is adopted to solve Equation 4.3.

4.3 Experiments

Theoretically, MXQ can be extended to support quantization methods that support layer-wise
configurations. However, limited by time and computation resources, the thesis focused
experiments on leveraging HQQ (Badri and Shaji, 2023) as the underlying quantization
implementation due to its impressive quantization speed and outstanding accuracy. The
design of the experiments primarily emphasizes the 3- and 4-bit quantization as these
configurations better preserve the performance of LLMs (Dettmers and Zettlemoyer, 2023).
Besides the perplexity, which is a stringent measurement of accuracy and generally reflects
true performance of the LLM. Additionally, quantization speed and actual GPU memory
consumption are benchmarked so as to evaluate the quantization algorithms comprehensively.

The thesis evaluated the performance of the MXQ on the state-of-the-art large language
models such as the Llama family models to verify the efficacy of the MXQ. The selected
baselines were simultaneously tested under the same experimental settings. To facilitate
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the experiment and maximize reproducibility, a harness tool named lm-quant-toolkit, open-
sourced on GitHub, is developed to execute the experiments and collect data. The procedures
to execute the experiments are elaborated in the appendix A.

4.3.1 Settings

The proposed method was applied to the Llama (Touvron et al., 2023) family models,
including Llama-2-7B, Llama-2-13B, and Llama-3-8B. Perplexity is the main evaluation
metrics since good results in perplexity evaluation generally reflect the true performance
of the LLM (Dettmers and Zettlemoyer, 2023). It is also widely employed by previous
works (Badri and Shaji, 2023; Frantar et al., 2023; Lin et al., 2023). Specifically, the Hugging
Face (Face, 2024) perplexity evaluation method is employed, which is slightly different from
those used in prior works and tends to yield lower values than those reported in existing
literature. The perplexity metrics were evaluated on the two datasets: WikiText-2 (Merity
et al., 2016) and C4 (Raffel et al., 2020) respectively. The current state-of-the-art calibration-
based and calibration-free quantization methods are adopted as the baselines, including
HQQ (Badri and Shaji, 2023), BnB (Dettmers et al., 2023a), GPTQ (Frantar et al., 2023) and
AWQ (Lin et al., 2023). These baselines were re-evaluated with 3 or 4-bit configurations
according to Table 4.1, ensuring a fair comparison.

All the experiments were conducted on a Linux workstation with Nvidia RTX 4090 GPU
and partially reproduced on another Linux server with Nvidia RTX 4080 GPU. The hardware
and software specifications are presented in the Table A.1. The Llama models, published
by Meta, were fetched from the HuggingFace. The WikiText2 and C4 datasets were also
downloaded from HuggingFace.

4.3.2 Perplexity Results

The perplexity metrics for various Llama models are presented in Table 4.2. The evaluation
results for the proposed mixed quantization method are shown as the “MXQ” rows at the
bottom of the table. Hundreds of bit budgets are tested , ranging from 2.13 to 8.51 as
presented in Table C.1 in the appendix, some of the representative bit budgets as listed in the
Table 4.2. The upper section of the table displays the results for HQQ, GPTQ, and AWQ
under various bit and group size settings. The first column denotes the quantization method,
while second column indicates the combination of bit width and group size.

Figure 4.2 presents the broader range of quantization options and the corresponding
performance metrics within the 3-bit to 5-bit range for the Llama-2-13B models on the
WikiText2 dataset on the Llama-2-13B model. The calibration-free quantization methods
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Table 4.2 This table presents the perplexity metrics of the proposed MXQ method along
with various baseline methods on the Llama family models. The table includes some of
MXQ’s representative bit budgets, ranging from 3.07 to 6.89. As the budget increases, the
MXQ’s perplexity approaches or even surpasses the state-of-the-art methods, demonstrating
its effectiveness in prioritizing accuracy over memory.

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP1 ↓WikiText22 ↓C43 ↓MEM4 ↓WikiText2 ↓C4 ↓MEM ↓WikiText2 ↓C4 ↓MEM

FP16 - 16 5.18 6.95 12.55 4.63 6.45 19.21 5.81 8.98 14.96

HQQ
b4

g32

4.51 5.28 7.06 4.07 4.69 6.51 7.63 6.07 9.41 5.82
MXQ 4.51 5.29 7.08 3.89 4.69 6.51 7.28 6.11 9.47 5.62
GPTQ5 4.51 5.39 7.11 4.74 4.72 6.54 8.43 8.80 10.44 6.71
AWQ 4.51 5.26 7.04 3.98 4.69 6.51 7.59 6.07 9.39 5.72

HQQ
b4

g64

4.25 5.30 7.11 3.79 4.70 6.54 7.07 6.19 9.60 5.51
MXQ 4.25 5.31 7.13 3.71 4.71 6.54 6.90 6.29 9.76 5.49
GPTQ 4.25 5.39 7.13 4.50 4.73 6.56 7.97 11.83 11.77 6.46
AWQ 4.25 5.29 7.07 3.74 4.71 6.53 7.10 6.15 9.52 5.46

HQQ

b4
g128

4.13 5.35 7.16 3.65 4.74 6.57 6.80 6.38 9.94 5.36
MXQ 4.13 5.33 7.17 3.72 4.74 6.57 6.94 6.40 9.96 5.54
BnB6 4.13 5.32 7.12 3.60 4.72 6.55 6.71 6.20 9.64 5.31

GPTQ 4.13 5.39 7.18 4.39 4.74 6.57 7.74 97.03 27.77 6.33
AWQ 4.13 5.31 7.10 3.62 4.71 6.55 6.92 6.21 9.67 5.33

HQQ
b3

g32

3.51 5.62 7.53 4.07 4.89 6.78 7.63 7.09 11.16 5.82
MXQ 3.51 5.65 7.63 4.17 4.92 6.84 7.54 7.30 11.68 6.16
GPTQ 3.51 5.94 7.81 3.20 5.09 6.96 5.93 17.76 17.98 4.88
AWQ7 3.51 - - - - - - - - -

HQQ
b3

g64

3.25 5.82 7.80 3.41 4.98 6.94 6.33 7.80 12.35 5.11
MXQ 3.25 6.04 8.13 3.98 5.06 7.05 7.18 9.52 15.23 5.80
GPTQ 3.25 6.13 8.07 2.98 5.14 7.06 5.49 11.16 14.33 4.64
AWQ 3.25 - - - - - - - - -

HQQ
b3

g128

3.13 6.20 8.39 3.08 5.15 7.14 5.69 9.31 14.90 4.75
MXQ 3.13 6.36 8.60 3.85 5.24 7.34 6.92 12.23 19.49 5.67
GPTQ 3.13 6.32 8.30 2.87 5.24 7.19 5.27 52.78 30.04 4.52
AWQ 3.13 - - - - - - - - -

MXQ8

6.89 6.89 5.25 7.01 6.40 4.66 6.48 11.91 6.01 9.30 8.49
5.72 5.72 5.26 7.03 5.54 4.67 6.50 10.22 6.04 9.35 7.57
5.02 5.02 5.28 7.05 5.01 4.68 6.50 9.18 6.05 9.38 7.00
4.21 4.21 5.32 7.14 4.43 4.72 6.55 8.04 6.34 9.84 6.46
4.17 4.17 5.33 7.16 4.44 4.73 6.56 8.07 6.38 9.93 6.48
4.11 4.11 5.34 7.18 4.46 4.74 6.58 8.10 6.42 9.99 6.50
4.07 4.07 5.36 7.21 4.44 4.75 6.59 8.12 6.46 10.08 6.53
3.95 3.95 5.43 7.29 4.44 4.79 6.65 8.06 6.59 10.36 6.45
3.87 3.87 5.45 7.33 4.46 4.81 6.67 8.12 6.73 10.59 6.35
3.83 3.83 5.46 7.36 4.42 4.82 6.69 8.04 6.80 10.71 6.30
3.65 3.65 5.54 7.50 4.32 4.87 6.76 7.81 7.09 11.24 6.27
3.19 3.19 6.15 8.30 3.91 5.11 7.12 7.05 11.20 17.89 5.73
3.15 3.15 6.25 8.45 3.87 5.18 7.25 6.96 12.02 19.10 5.69
3.11 3.11 6.49 8.75 3.82 5.30 7.43 6.88 12.52 20.16 5.65
3.07 3.07 6.78 9.12 3.78 5.57 7.72 6.80 13.54 21.40 5.61

1 Bit per parameter, i.e. the average bits a paratemer takes.
2 Perplexity on the WikiText2 dataset, evaluation follows the HuggingFace algorithm (Face, 2024).
3 Perplexity on a subset of the C4 dataset, which is composed of the first 1,100 entries of the en validation split.
4 Memory is measured using PyTorch’s API after loading the quantized model into GPU. This column is reported in GiB.
5 github.com/AutoGPTQ/AutoGPTQ is used for this experiment.
6 The 4-bit BnB employes 64 as the group size. However, the bit per parameter is 4.13 according to (Dettmers et al., 2023a).
7 The github.com/casper-hansen/AutoAWQ used by this experiment has no 3-bit quantization implementation.
8 Additional bit budgets unavailable to other baseline methods.

https://github.com/AutoGPTQ/AutoGPTQ
https://github.com/casper-hansen/AutoAWQ
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Fig. 4.2 This figure illustrates the potential trade-offs between memory and perplexity within
the 3-bit to 5-bit range for the Llama-2-13B models on the WikiText2 and C4 dataset using
quantization methods such as AWQ, GPTQ, HQQ and BnB. The red triangle at the lower
right corner denotes the FP16 baseline. The gaps between the horizontal lines represent
the 1% and 2% perplexity degradation ranges respectively. The tiny square indicates the
BnB performance. As evidenced by this plot, MXQ offers far more options to balance
memory and performance. It achieves the 1% performance loss goal at a bit budget around
5.6. Additionally, it enables aggressive 77% memory saving at a bit budget around 3.7 while
maintaining perplexity drop within 5%.

such as HQQ and BnB are included as reference. The red triangle at the lower right corner
denotes the FP16 baseline. The gaps between the three horizontal lines represent the 1% and
2% perplexity drop zones.

MXQ offers a flexible trade-off between memory consumption and accuracy by unlocking
a variety of budget-perplexity options, showing good potential for real application with
diverse memory constraints. On one hand, MXQ can leverage slightly larger memory budget
for better accuracy, which is not an option for the existing methods. As demonstrated in
Table 4.2, at the bit budget of 6.89, MXQ surpasses all SoTA methods on WikiText2 and
C4 perplexity metrics for all the three Llama models. Additionally, MXQ achieves the 1%
performance loss goal at a bit budget around 5.6 on the Llama-2-13B model as evidenced in
the Figure 4.2. On the other hand, MXQ enables aggressive memory reduction. As illustrated



4.3 Experiments 38

HQQ

GPTQ

AWQ

FP16

MXQ

HQQ

GPTQ

AWQ

FP16

MXQ

HQQ

GPTQ

AWQ

FP16

MXQ

HQQ

GPTQ

AWQ

FP16

MXQ

HQQ

GPTQ

AWQ

FP16

MXQ

HQQ

GPTQ

AWQ

FP16

MXQ

HQQ

GPTQ

AWQ

FP16

MXQ

HQQ

GPTQ

AWQ

FP16

MXQ

HQQ

GPTQ

AWQ

FP16

MXQ

Llama−2−7B Llama−3−8B Llama−2−13B
b4g32

b4g64
b4g128

0 4 8 12 16 20 0 4 8 12 16 20 0 4 8 12 16 20

Fig. 4.3 This figure illustrates the GPU memory usage, measured in gigabytes (GiB) when
loading baseline and quantized Llama models into GPU prior to executing any inference. All
quantized models exhibit a substantial reduction in memory consumption when compared to
the FP16 baseline. Notably, the MXQ approach offers additional memory saving comparing
to HQQ.

by Figure 4.2, MXQ achieves approximately 77% memory saving at a bit budget around 3.7
while maintaining perplexity drop within 5% on the Llama-2-13B model.

4.3.3 Actual Memory Usage and Quantization Speed

In addition to evaluating perplexity, a comprehensive assessment of the actual GPU memory
consumption and quantization time of MXQ and the baseline quantization methods on
the Llama models were conducted. As presented in Figure 4.3, all quantization methods
demonstrate significant drop in memory usage, decreasing it to approximately one-third of
the memory required by the unquantized models. Notably, MXQ exhibits additional memory
reduction when compared to HQQ.

With respect to the quantization time, even though MXQ incurs small overhead on the
MiLP algorithm to find optimal quantization configurations, it is able to quantize the Llama-
2-13B model within 1 minute, which is an order of magnitude faster than the AWQ and
GPTQ as exhibited in Figure 4.4.
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Fig. 4.4 This figure compares the quantization time of various quantization methods: MXQ,
HQQ, AWQ, GPTQ. The three Llama variants: Llama-2-7B, Llama-2-13B and Llama-3-8B,
are evaluated using b4g32, b4g64 and b4g128 configurations on a NIVDIA RTX 4090 GPU.
The quantization time is measured in seconds and displayed in log scale (log10). Notably,
GPTQ and AWQ quantization are approximately an order of magnitude slower than MXQ
and HQQ.

4.4 Discussion

The MXQ method is designed to be compatible with any transformer-based models and quan-
tization methods. However, the experiments were conducted using only HQQ on a selection
of Llama family models. Evaluating the proposed method on limited underlying method and
models may not ensure comparable performance on other quantization algorithm and models.
Additionally, end-to-end metrics such as IFEval, BBH, MATH Level 5, GPQA, MUSR and
MMLU-PRO were not assessed in the experiments, which may limit the robustness of the
true performance of the proposed method on real world tasks. Furthermore, the experiments
did not consider the inference speed of the quantized model, as the proposed method does
not directly influence this aspect.
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4.5 Conclusion

The mixed quantization(MXQ) represents an effective approach to optimizing the balance
between model accuracy and memory consumption. By specifying a bit budget, this method-
ology offers a broader spectrum of quantization options, enabling the identification of optimal
quantization configurations to enhance existing quantization methods. MXQ demonstrates
the capacity to further reduce memory utilization while incurring minimal degradation in
accuracy. This innovative optimisation formulation to allow us to solve layer-wise quan-
tization parameters, incorporating memory budget constraints. This approach enables the
proposed method to offer an advantageous memory-performance balance when quantizing
transformer-based large models. The flexibility and effectiveness of the proposed method are
substantiated through extensive experiments across multiple transformer model architectures
and benchmark datasets. Incorporating the proposed MXQ into the repository of quantization
utilities would constitute a valuable supplement, enriching the tools available for optimizing
increasingly larger transformer-based models.



Chapter 5

Towrads Superior Quantization
Accuracy: A Layer-sensitive Approach

5.1 Introduction

Large Language Models (LLMs) have significantly advanced artificial intelligence, demon-
strating human-like capabilities in natural language comprehension, problem-solving, logical
reasoning, and knowledge retrieval. These models power a wide range of applications,
from chatbots and virtual assistants to code generation and scientific discovery. However,
their deployment is hindered by demand for substantial computational resources, which
necessitates efficient model quantization techniques for real-world applications.

Quantization techniques aim to reduce the memory footprint and computational require-
ments of LLMs while preserving their performance. Existing quantization methods, such
as AWQ (Lin et al., 2023), GPTQ (Frantar et al., 2023), BnB (Dettmers et al., 2023a), and
HQQ (Badri and Shaji, 2023), predominantly employ uniform quantization configurations.
While effective to some extent, these approaches fail to consider the varying quantization
difficulty across different layers of billion-scale models. As illustrated in Figure 5.4, the
weight distributions in modules such as mlp.up_proj differ significantly between the final
layer and earlier layers, indicating that a uniform quantization approach may not be optimal.

To address this, MXQ (Zhang et al., 2025) introduced a mixed-integer linear programming
(MiLP)-based approach to assign differentiated quantization configurations while maintaining
an overall memory budget. However, despite its adaptive allocation strategy, MXQ-quantized
models often underperform baseline methods such as HQQ, BnB, and AWQ, suggesting
that existing layer-adaptive quantization strategies may not effectively prioritize quantization
accuracy over memory efficiency in the trade-off.
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Fig. 5.1 This figure illustrates the Kurtosis and weight distributions across all layers of the
Llama-2-13B model. The Kurtosis line plot shows the degree of deviation from a normal
distribution, where a value of 3 indicates no deviation. The higher Kurtosis value denotes
greater divergence thus greater difficulty to quantize accurately. This figure is best viewed in
color and with zoom for clarity.

Additionally, prior researches (Molchanov et al., 2019; Samragh et al., 2023; Xu et al.,
2023) have shown that the importance of weights within a deep neural network is non-
uniform. Motivated by these observations and the limitations of state-of-the-art quantization
techniques, this chapter introduces a novel approach based on layer sensitivity analysis. This
approach hypothesizes that memory allocation contributes equally to quantization accuracy
across most layers in LLMs, but a subset of layers, termed sensitive layers, require additional
memory to maintain optimal performance. Identifying these layers and selectively allocating
extra memory resources can enhance overall quantization accuracy with minimal additional
cost.

The proposed method leverages layer-wise sensitivity metrics, including activation sensi-
tivity (hereafter referred to as "sensitivity") and weight distribution kurtosis (DeCarlo, 1997),
to identify demanding layers. By selectively allocating additional memory to these layers
while slightly relaxing the overall memory constraint, improved quantization accuracy is
achieved without incurring significant overhead. The proposed approach consists of the
following key steps:
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1. Layer Sensitivity Analysis – The distribution of activation sensitivity and kurtosis
across model layers are analyzed to identify quantization-sensitive regions.

2. Targeted Memory Reallocation – Instead of applying a uniform quantization scheme,
additional memory is allocated to high-sensitivity layers, ensuring they retain sufficient
precision for optimal performance.

3. Experimental Validation – the proposed methods are evaluated on Llama models
against baseline methods such as HQQ and MXQ, as well as the its ablation test
variants.

The contributions of this chapter are as follows: First, the layer-wise sensitivity to
quantization error was empirically explored on multiple transformer-based LLM families,
indicating the robustness of sensitivity within a family of models and their fine-tuned variants.
Second, a simple outlier detection algorithm was implemented to discover sensitive layers
with sensitive scores or Kurtosis metrics. Third, this chapter implemented and validated the
SensiBoost and KurtBoost methods that outperform HQQ up to 9% reduction in perplex-
ity with approximately 2% increment in memory budget, solving the research question 2
effectively. Finally, the SensiMiLP and KurtMiLP were explored to enhance quantization
performance while maintaining strict memory constraint.

This chapter starts with the discussion of sensitivity, the properties observed through em-
pirical study. Then Kurtosis, a measurement of weight distribution of various weight matrix
inside large language models, is explored, followed by the algorithm to detect exceptional
data points in the sensitivity or Kurtosis metrics. Subsequently, the two methods dubbed as
SensiBoost and KurtBoost, are proposed to enhance HQQ performance with relaxed memory
constraint. Experiments results of the two methods are discussed. Finally, another two
methods named as SensiMiLP and KurtMiLP are investigated in the context of preserving
strict memory constraint.

5.2 Sensitivity

5.2.1 Sensitivity Definition

Transformer-based large language models are composed of multiple layers or blocks. Each
layer consists of the self-attention and Multi-Layer Perceptron (MLP, a.k.a. FFN) sub-layers.
Specifically, the Llama family model’s self-attention includes weights for K, Q, V and O
projection, known as k_proj, q_proj, v_proj and o_proj respectively. Similarly, the
MLP sub-layer is composed of weights referred to as mlp_proj, mlp_down and mlp_gate.
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Figure 3.5 presents the architecture of the Llama-2-13B model. The weights in a large
language model are not equally important as revealed by the observation from prior study
(Lin et al., 2023), which claims that preserving a small portion of so-called salient weights
can significantly improve the quantization accuracy. These weights corresponds to particular
channels inside a weight matrix. Motivated by this conclusion, this chapter hypothesizes that
there also exists sensitive layers that are more severely affected by weight perturbation than
others. Protecting such layers by allocating larger bit budget will result in improvement of
overall quantization accuracy.

To quantify layer-wise sensitivity, this section defines sensitivity score as formulated in
Equation 5.1:

si =

∥∥∥Wi ·X−Q−1(Q(Wi)) ·X
∥∥∥2

2
|Wi ·X |

(5.1)

where Wi denotes the weight in the ith layer, X is the input to the model which is from a
small calibration data. The Q() function represents the quantization function to convert the
full-precision weight into its quantized counterpart. The Q−1() function is the inverse of the
Q().

Exceptional sensitivity scores, as illustrated by the spikes in Figure 5.2, can be identified
by the outlier detection algorithm and utilized as a heuristic to assign extra memory budget
to improve performance.

5.2.2 Measuring Sensitivity Score

The measurement of sensitivity requires a collection of small calibration datasets which are
feed into the target LLMs layer-by-layer to calculate the output under the full-precision and
quantized weights respectively. Then the mean squared error (MSE) is computed to quantify
the sensitivity. Specifically, three open datasets, WikiText-2, C4 and pileval are utilized to
evaluate the robustness of sensitivity. Additionally, a small synthesized dataset named branch
of science (BoS) is created to further validate if the sensitivity property generalize to diverse
datasets. The BoS is a synthesized dataset composed of a few hundred of textual definitions
for science, art and business topics such as Mathematics, Physics, Chemistry, Law, Music
and Journalism etc. It is generated using the Llama-2-7B model. The details of the program
to produce the BoS dataset is described in appendix B.1.5. The BoS dataset is published on
Hugging Face under the name schnell18/branch-of-science.

https://huggingface.co/datasets/schnell18/branch-of-science
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Fig. 5.2 This figure demonstrates the relationship between quantization method (HQQ,
RTN, BnB), dataset (WikiText2, C4 pileval, BoS) and layer-wise sensitivity. The distinct
shapes of sensitivity curves for Llama-2-7B and Llama-3-8B models indicate the sensitivity
property is model dependent. While the near identical patterns across calibration datasets
and quantization methods show layer-wise sensitivity to quantization error is independent of
calibration datasets and quantization method. For optimal clarity, the figure is best viewed in
color and with zoom.

The program to measure sensitivity is adapted from the AutoAWQ project on github and
included in the lm-quant-toolkit. Instructions of using this tool are explained in appendix
B.1.4.

5.2.3 Sensitivity Properties

According to diverse experiments, the layer-wise sensitivity to perturbation introduced by
quantization of a particular model demonstrates considerable robustness. As evidenced by
Figure 5.2, sensitivity is independent of dataset and quantization method. Moreover, the bit
budget does influence the magnitude of sensitivity, however, the overall patterns of distinct bit
budgets remain approximately identical as presented in Figure C.1, where the 3-bit, 4-bit and
8-bit groups share almost same spikes in layer at the beginning although they are separated
by notable blank. Additionally, fine-tuned models preserve the sensitivity of base model,
which is demonstrated in Figure 5.3 and Figure C.2 respectively. Experiments on the Llama
family model reveals the sensitivity spikes tend to be present at the start and end layers.
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Fig. 5.3 This figure presents the sensitivity patterns among the Llama-2-7B base model and
its fine-tuned mutations. Two fine-tuned models are included for comparison. The middle one
is Llama-2-7B-chat. And the right is the meditron-7B which is a medical LLM fine-tuned on
a carefully curated medical corpus. As indicated by the nearly identical shapes of sensitivity
curve, the two fine-tuned models clearly inherit the sensitivity properties from the base model.
For optimal clarity, the figure is best viewed in color and with zoom.

In summary, the sensitivity properties of large language models can be described as
follows: 1) sensitivity is independent of dataset and quantization method, 2) sensitivity
pattern is consistent among distinct bit budgets, 3) fine-tuned models preserve the sensitivity
of base model, 4) sensitivity spikes tend to be present at the start and end layers.

5.3 Kurtosis

The Kurtosis, measuring the deviation from normal distribution in tailedness and peaked-
ness (DeCarlo, 1997), can be formulated as the standardized fourth population moment about
the mean (as denoted in Equation 5.2).

k =
∑

n
i=1(wi−W̄ )4/n

(∑n
i=1(wi−W̄ )2/n)2 (5.2)
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Fig. 5.4 This figure illustrates the Kurtosis and weight distributions across all layers of the
Llama-2-13B model. The Kurtosis line plot shows the degree of deviation from a normal
distribution, where a value of 3 indicates no deviation. The higher Kurtosis value denotes
greater divergence thus greater difficulty to quantize accurately. This figure is best viewed in
color and with zoom for clarity.

where wi is the ith weight, n is the number of weights and W̄ is the mean of the weights.
Figure 5.5 presents an intuitive illustration of three distinct Kurtosis curves. A value of 3,
termed mesokurtic, indicates the perfect conformance to the normal distribution. A larger
Kurtosis greater than 3, known as leptokurtic, is illustrated as the blue thin bell curve with a
narrow peak in Figure 5.5, whereas a lower Kurtosis less than 3, referred to as platykurtic,
corresponds to a wider peak and flatter tails, as presented by the pink curve in Figure 5.5.

Presence of extremely large values of Kurtosis is a good indicator to locate layers that are
challenging to quantize well with lower memory budget in large language models. Therefore,
Kurtosis can be utilized to quantify the difficulty to quantize the weights across layers. Then
layers with extreme Kurtosis can be isolated using the outlier detection algorithm discussed
in the following section. Figure 5.4 presents the Kurtosis distribution across layers for the
Llama-2-13B model.

For experiment, the Kurtosis metrics of the three Llama models are pre-calculated using
the Pearson definition for each quantizable weight matrices by leveraging the scipy.stats
library. The tool and instructions to generate Kurtosis metrics are described in appendix B.1.3.
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Fig. 5.5 This plot demonstrates three types of kurtosis curve. The green bell-shaped curve
in the middle is mesokurtic (k = 3), indicating a normal distribution. The blue bell-shaped
curve on the top is leptokurtic (k > 3), exhibiting sharper peak and flattened tails. Whereas
the pink curve is platykurtic (k < 3).

For practical application of MXQ in production environment, the Kurtosis metrics could be
calculated on-the-fly since the calculation is relatively light-weighted.
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5.4 Outlier Detection Algorithm

The outlier detection algorithm is designed to single out layer with extreme sensitivity or
Kurtosis values so that additional bit budget could be allocated to improve accuracy. Outliers
are usually a small portion of overall dataset. Nevertheless, the proposed outliers detection
algorithm is capable of prioritizing top outlier by rate of change so that only limited surplus
bit budget is allocated. The layer-wise sensitivity or Kurtosis dataset is formulated in the
Equation 5.3.

S = {s1,s2, · · · ,sn} (5.3)

The difference between two adjacent layers, denoted as the set D, is defined in Equation 5.4
to filter the sensitive data points.

D = {s2− s1,s3− s2, · · · ,sn− sn−1} (5.4)

For dataset with an approximately ascending pattern, an alternative difference set, as
denoted in Equation 5.5, is defined to use division instead of subtraction, which has the
advantage of ignoring data points restore to normal range. This is beneficial to reduce false
alarms and economize bit budget.

D =

{
s2

s1
,
s3

s2
, · · · , sn

sn−1

}
(5.5)

The set D is assumed to follow the normal distribution. Therefore, zscore can be leveraged
to isolate the outliers. Constrained by memory, only top m outliers are considered. The
Equation 5.6 defines the rule to identify top m sensitive points:

Topm(D′) =
{

d ∈ D′ | Rank(d,D′)≤ m
}

D′ =
{

d ∈ D | |d−µ|
σ

> 3
}

σ =
1

n−1
·

√
n

∑
i
(di−µ)2

µ =
1
n
·

n

∑
i

di

(5.6)

where Rank(d,D′) gives the position of d when D′ is sorted in descending order. To avoid
the influence of extreme values, the mean and standard deviation are calculated using the
trimmed approach, where the 5% smallest and largest data points are discarded. The actual
implementation leverages the scipy.stats library. Finally, the sensitive layer can be
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identified by Equation 5.7, which adds 1 to the indices returned by Equation 5.6 since
|D|= |S|−1 = n−1.

I′ = {i+1 | i ∈ ord(x,Topm(D′))∀x ∈ Topm(D′)}
ord(x,S) = {i | xi = x,xi ∈ S, i ∈ {1,2, · · · ,n}}

(5.7)

Algorithm 1 presents the pseudo-code to locate the outliers, given an array of sensitivity
scores or Kurtosis metrics.

Algorithm 1 The outlier detection algorithm
1: Input
2: S Array of sensitivity scores or kurtosis metrics
3: m Number of top outliers to return
4: t Method to construct the difference set
5: Output
6: I′ Array of outlier indices
7: Require S = {s1,s2, · · · ,sn}
8: Ensure m≥ 1
9: Ensure t ==‘subtract’ or t ==‘divide’

10: if t == ‘subtract’ then
11: D←{s2− s1,s3− s2, · · · ,sn− sn−1}
12: else
13: D←

{
s2
s1
, s3

s2
, · · · , sn

sn−1

}
▷ suppress data points restore to normal range

14: end if
15: µ ← 1

n ·∑
n
i di

16: σ ← 1
n−1 ·

√
∑

n
i (di−µ)2

17: i,n← 0, |D|
18: D′←{}
19: while i≤ n do
20: zi← |di−µ|

σ

21: if zi > 3 then
22: D′← D′∪{(di,ord(zi)}
23: end if
24: end while
25: D′m← sort(D′)[: m]
26: I′←{}
27: i,n← 0, |D′m|
28: while i≤ n do
29: I′← I′∪{d′mi

[1]+1}
30: end while
31: return I′
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5.5 SensiBoost and KurtBoost Methods

5.5.1 Method Description

To explore the research question 2, this section describes how Kurtosis metrics and sensitivity
score of large language model are utilized to enhance the quantization accuracy with a tiny
increment in bit budget. The new approaches, referred to as KurtBoost and SensiBoost
respectively, are implemented by identifying the sensitive layers using the outlier detection
algorithm explained in the previous section 5.4.

The key steps of the SensiBoost and KurBoost are as follows:

1. Load the pre-calculated sensitivity score or Kurtosis metrics for the model being
quantized.

2. Identify layers for additional allocation using the outlier detection algorithm according
to the top-m setting.

3. Allocate normal budget to non-sensitive layers, assign additional budget to sensitive
layers according to the boost stop setting.

4. Apply quantization using the underlying quantization method.

The amount of surplus budget for the sensitive layers, namely boost stops, can be specified
by the number of stops to increase. When boost stops go beyond the maximum bit budget of
the underlying quantization method, the maximum bit budget takes effect. Table 5.1 presents
the range of bit budgets of HQQ.

For instance, when the base bit budget is 4.13, a setting of 2-stop will quantize the
sensitive layers with a bit budget of 4.51. However, when the base bit budget is 8.25, a 2-stop
increment request only results in 1 stop, i.e. a bit budget at 8.51.

The number of the layers targeted for extra allocation can be restricted based on the
descending rank of sensitivity scores or Kurtosis metrics. The resulting layers, referred to
as top m layers, enable further control over the allocation of limited extra memory budget.
The actual layers eligible for additional allocation might be fewer than the specified value m.
These layers may also vary across modules. For modules without evident outliers, no extra
memory is assigned to them. Lastly, when m is set to 0, all layers identified by the outlier
detection algorithm are considered for additional allocation.
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Table 5.1 HQQ bit budgets

stop budget b1 g1 b2 g2

1 2.13 2 128 8 128
2 2.25 2 64 8 128
3 2.51 2 32 8 128
4 3.13 3 128 8 128
5 3.25 3 64 8 128
6 3.51 3 32 8 128
7 4.13 4 128 8 128
8 4.25 4 64 8 128
9 4.51 4 32 8 128

10 8.13 8 128 8 128
11 8.25 8 64 8 128
12 8.51 8 32 8 128

5.5.2 Experiments

To assess the effectiveness of the proposed SensiBoost and KurtBoost methods, models
quantized using these approaches were evaluated using the WikiText-2 and C4 dataset to
measure the perplexity scores. For each proposed methods, various boost stop and top-m
configurations were benchmarked. Specifically, these experiments involved benchmarking
two boost stop settings (2 and 3) and four top-m values (1, 2, 3, and 0) across three Llama
models under six base bit budget configurations. Furthermore, ablation studies were included
to validate the efficacy of the proposed methods. The ablation tests disregard the layers
identified by SensiBoost or KurtBoost methods. Conversely they assign extra budgets to
the layers selected randomly from a set that explicitly excluding the layers identified by
SensiBoost or KurtBoost. To ensure fair comparison, the amount of extra memory and the
layers are identical to SensiBoost or KurtBoost. The complete permutations of the test cases
are summarized in Table C.2 where a total of 576 tests were conducted.

The comparisons of the different approaches were made among SensiBoost, KurtBoost,
corresponding ablation methods, HQQ and MXQ, which are presented in Table 5.2.

To simplify the overall assessment of the diverse approaches, the win-tie-loss summary
data is reported to enable qualitatively analysis. These data are aggregated across various
evaluation criteria such as bit budget configuration, boost stop, evaluation dataset and top-m.
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Table 5.2 Assessment matrix of various approaches

Method SB KB SBAB KBAB HQQ MXQ

SB1 - X X - X X
KB2 - - - X X X
SBAB3 - - - - - -
KBAB4 - - - - - -
HQQ - - - - - -
MXQ - - - - - -

1 SB denotes the SensiBoost method.
2 KB denotes the KurtBoost method.
3 SBAB denotes the ablation test for SensiBoost method.
4 KBAB denotes the ablation test for KurtBoost method.

5.5.3 Ablation Test

Ablation study was integrated into the experiments to validate the effectiveness of the
proposed SensiBoost and KurtBoost methods, ensuring they outperform random choices of
layers to allocate small portion of surplus budget. The ablation tests were carried out using
random selection and explicitly avoiding choosing layers that could be probably selected by
either SensiBoost or KurtBoost.

Formally, given I′ as defined in Equation 5.7, I′s is the sensitive layers identified by
SensiBoost, I′k denotes the ones for KurtBoost, the corresponding ablation test layer choices
Js and Jk are defined by Equation 5.8.

Js = {h1,h2, · · · ,hp | hi ∈ Î,hi ̸= h j∀i ̸= j, p = |I′s|}
Jk = {h1,h2, · · · ,hq | hi ∈ Î,hi ̸= h j∀i ̸= j,q = |I′k|}
Î = I \ (I′s∪ I′k)

I = {1,2, · · · ,n}

(5.8)

where n is the number of layers in a particular large language model.
For example, suppose the set {2,31} represents the sensitive layers discovered by the

SensiBoost method, whereas the set {1,30,31} is identified by the KurtBoost approach, then
the set {3,28} is a valid choice for ablation test of SensiBoost under top m = 3. Likewise,
the {4,28,29} is a legitimate ablation test configuration for KurtBoost. However, the set
{2,28,29} is invalid for ablation test of KurtBoost, since it contains the layer 2 which could
potentially enhance quantization accuracy since it is considered as a sensitive lay by the
SensiBoost method.
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This chapter includes two sets of ablation tests designed to validate the efficacy of
the SensiBoost and KurtBoost approaches. These tests were conducted under the same
configurations as their non-ablation counterparts. Specifically, the configurations consist of
two boost stop values and four top-m settings, evaluated across three Llama models under six
base bit budget configurations. The specific parameter values are presented in Table C.2 in
the appendix.

Win-tie-loss scores were used to qualitatively analyze the proposed methods. These
scores were aggregated from the perplexity results benchmarked according to Table C.2
and paired based on Table 5.2. Specifically, all perplexity scores were rounded to two
decimal places. The perplexity of the primary method (SensiBoost or KurtBoost) was then
subtracted from that of the comparison method to determine the win-tie-loss score. A negative
difference awarded the primary method 1 win, a difference of zero awarded 1 tie, and a
positive difference awarded 1 loss. Finally, the win-tie-loss scores were aggregated across
six quantization configurations, two stop settings, four top-m settings, and two evaluation
datasets, providing a summarized win-tie-loss analysis for various method pairs across the
three Llama models.

5.5.4 Results and Analysis

The overall results are presented in this section to qualitatively assess the effectiveness of
SensiBoost and KurtBoost by leveraging win-tie-loss comparison. The win-tie-loss diagram,
presented in Figure 5.6, includes the comparisons between the proposed methods (indicated
by the row labels) and their ablation variants as well as baselines such as HQQ and MXQ,
across three Llama models (denoted by the column labels).

Regarding the comparison to the baselines, as anticipated, both SensiBoost and KurtBoost
outperform the baseline methods HQQ and MXQ due to the allocation of additional bit
budgets. However, SensiBoost’s relatively low win rates (53% against HQQ and 70% against
MXQ) on the Llama-2-13B model suggest that achieving significant improvements in larger
models with a limited extra memory budget is challenging. KurtBoost performs slightly
better than SensiBoost on the Llama-2-13B, achieving 66% win rate against HQQ and 75%
against MXQ.

In the context of ablation testing, both methods generally outperform their ablation
variants. However, the 20% win rate and 61% tie rate on the Llama-2-13B model suggest that
SensiBoost struggles to surpass its ablation counterpart when applied to larger models. In
contrast, KurtBoost consistently demonstrates a slight advantage over SensiBoost, achieving
higher win rates and lower loss rates across all three models. Detailed perplexity results for
SensiBoost’s ablation tests are provided in Table C.5 (4-bit) and Table C.6 (3-bit). Similarly,
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Fig. 5.6 This figure illustrates the win-tie-loss performance of the SensiBoost (denoted as
"SB") and KurtBoost (denoted as "KB") methods compared to their ablation test (labeled as
"ABL") as well as the baseline methods HQQ and MXQ, across three Llama models. As
anticipated, SensiBoost and KurtBoost outperform the baseline methods HQQ and MXQ
due to the allocation of additional bit budgets. However, their relatively low win rates
(53% against HQQ and 70% against MXQ in the case of SensiBoost, 66% against HQQ
and 75% against MXQ for KurtBoost) on the Llama-2-13B model suggest that achieving
significant improvements in larger models with a limited extra memory budget is challenging.
SensiBoost consistently outperforms its ablation test variant. However, its comparison with
the KurtBoost method reveals mixed outcomes: while SensiBoost underperforms on the two
Llama-2 models, it demonstrates considerable advantages on the Llama-3-8B model. For
optimal clarity, the figure is best viewed in color and with zoom.

the results for KurtBoost’s ablation tests are presented in Table C.7 (4-bit) and Table C.8
(3-bit). These tables are included in the appendix for reference.

5.5.5 SensiBoost and KurtBoost Comparison

The previous section provides an overall comparison of the SensiBoost and KurtBoost
approaches. A detailed and direct comparison of the two methods is presented in this
section to reveal the relative advantages and disadvantages of the two methods under various
scenarios.

As indicated by the win-tie-loss result in Figure 5.6, SensiBoost tends to be less perfor-
mant than KurtBoost. However, a deeper examination reveals that SensiBoost requires less
additional memory to achieve comparable performance to KurtBoost on the Llama-2-7B
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Fig. 5.7 This figure illustrates the perplexity performance of the SensiBoost and KurtBoost
approaches evaluated on the Llama-2-13B model using the WikiText2 dataset. The green
triangles, representing the SensiBoost method, are positioned closer to the y-axis, indicating
that SensiBoost requires less additional memory to achieve comparable performance to
KurtBoost. Notably, SensiBoost exhibits a slight advantage over KurtBoost, requiring
approximately 2% more bit budget to attain a near-minimal perplexity score, as emphasized
in the magnified sub-plot. For optimal interpretation, the figure is best viewed in color and
with zoom.

and Llama-2-13B models. As demonstrated in Figure 5.7, SensiBoost exhibits a slight
advantage over KurtBoost in identifying optimal quantization configuration where it requires
approximately 2% more bit budget to attain a near-minimal perplexity score, as highlighted
in the magnified sub-plot. This phenomenon replicates to the C4 dataset (Figure C.3) and the
Llama-2-7B model (Figure C.4).

On the other hand, however, the situation is reversed on the Llama-3-8B model, where
KurtBoost is more effective in discovering optimal quantization configuration which is both
memory-efficient and yielding better accuracy, as illustrated in Figure C.5. The Kurtosis
metrics are generated individually for distinct modules in each layer. In contrast, the sensi-



5.5 SensiBoost and KurtBoost Methods 57

jorp_n
wod.pl

m

0
5

10
15

20

25

30

jorp_etag.plm

0

5

10
15

202530

jorp_pu.pl

m
0

5

10

15

20

25

30
jo

rp
_k

.n
t t

a _
fl

es
0

20
25

5
10

15

30

se
lf_

att
n.o_proj

0

5

10

15

20
25

30 self_attn.q_proj

0 5 10 15
20

25
30

self_attn.v_proj
0

5

10
15

20
25

30

Se
ns

iB
oo

st2
2(SB22)

Ku
rtB

oo
st2

2(KB22)

Se
ns

iA
bl2

2(SA22)

hq

q(
HQQ)

Llama−3−8B

Bit Budget: 4.25
SB22 PPL WT: 6.16 C4: 9.57
KB22 PPL WT: 6.17 C4: 9.58
SA22 PPL WT: 6.19 C4: 9.59
HQQ PPL WT: 6.19 C4: 9.61

Config

b2g128
b2g64
b2g32
b3g128
b3g64
b3g32
b4g128
b4g64
b4g32
b8g128
b8g64
b8g32

Fig. 5.8 This figure presents a comparison of quantization configuration allocations as
determined by SensiBoost, KurtBoost, HQQ and MXQ for the Llama-3-8B model, under
a bit budget of 4.25. The colored rings represent the assigned quantization configurations
denoted as b2g128 through b8g32, while the text in the center indicates the perplexity scores.
As demonstrated by this figure the SensiBoost with a boost stop value of 2 and top-m 1, as
denoted by SB22, yields a perplexity score of 6.16 on WikiText2, 9.57 on C4, outperforming
the HQQ baseline, its ablation variant (SA22) and KurtBoost (KB22). For optimal clarity,
the figure is best viewed in color and with zoom.

tivity scores are measured by following the neural-network computation sequence, where
some modules share the same sensitivity score as they are not standalone computation unit.
Therefore, the KurtBoost approach may yield more nuanced quantization configurations that
are more memory-efficient, as demonstrated in Figure 5.8, where the self_attn.o_proj,
mlp.down_proj and mlp.gate_proj modules are not assigned extra budget. The data
plotted in Figure 5.7 and Figure C.3 are presented in Table C.3 (4-bit) and Table C.4 (3-bit)
in the appendix respectively.

In conclusion, both SensiBoost and KurtBoost demonstrate advantages over the baselines
and their ablation variants, indicating the effectiveness of the two approaches. Both methods
enable model accuracy enhancement by using approximately 2% additional memory budget.
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Fig. 5.9 This figure compares the SensiBoost and KurtBoost methods’ performance on quan-
tization accuracy enhancement with additional budget. The X axis denotes the percentage
of additional budget assigned. The Y axis represents the percentage of perplexity drop.
The improvement is more pronounced around the 3-bit range on the two smaller models
Llama-2-7B and Llama-3-8B respectively. Notably, SensiBoost, denoted as triangles, exhibits
more aggressive improvement with perplexity drop up to 9% on Llama-3-8B under a budget
of 3.13. This figure also demonstrates the challenge of achieving substantial quantization
accuracy elevation at higher bit budgets. For optimal clarity, the figure is best viewed in color
and with zoom.

Specifically, the improvement is more pronounced in the 3-bit range with perplexity drop up
to 9% on Llama-3-8B archived by the SensiBoost as illustrated in Figure5.9. This figure also
demonstrates the challenge of achieving substantial quantization accuracy improvements at
higher bit budgets, as evidenced by the notably flat pattern in the sub-plots for 4.25 and 4.51
configuration.

5.6 SensiMiLP and KurtMiLP Methods

5.6.1 Method Description

This section explores the potential enhancement by leveraging layer-wise sensitivity and
Kurtosis with strict memory constraint. In contrast to the MXQ approach which employs
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sum of Frobenius norm as objective, the sensitivity-based approach leverages the sum of
quant score as defined in Equation 5.9. It assigns lower quant score to higher bit width
and smaller group size, indicating better quantization accuracy can be achieved with larger
memory budget. On the other hand, it penalizes lower bit width and larger group size with
higher quant score. Specifically, it leverages the inverse of the storage function defined in
Equation 4.2 as the basis. Additionally the sensitivity scores of 2-bit and 3-bit are scaled with
a factor of 4 and 2 respectively to enlarge the difference between bit ranges. Subsequently,
the quant score is further scaled with the percentage of parameters over the total parameters.
This is necessary since each parameter should contribute to overall model equally. Finally, to
allocate sensitive modules with extra bit budget, the corresponding cost scores are multiplied
by 2. Equation 5.9 formulates the quant score calculation scheme:

quantScore(i, j) =
sensiScale(i, j) ·bitScale(b1)

b1+2 · b2
g1 +

32
g1·g2

·
100 · paramsi, j

total_params

sensiScale(i, j) =

{
2 : i ∈ I′j
1 : otherwise

bitScale(b) =


1 : b1 > 3
2 : b1 = 3
4 : b1 < 3

(5.9)

where i ∈ [0,n] is the layer number, j represents the module within a given layer and I′ is
defined by Equation 5.7.

With sensitivity-based objective formulation in place, the F term in the Equation 4.3 be-
comes C which is a vector representation of quantScore(i, j). The updated MiLP formulation
is denoted in the Equation 5.10.

argmin
X

C ·X

s.t. S ·X ≤ β ,

A ·X =
(

1 1 · · · 1
)T

1×N
,

(5.10)
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where X =
(

x1 x2 · · · xM

)T
,

x j ∈ {0,1} ∀ j ∈ {1, . . . ,M} ,

C =
(

c1 c2 · · · cM

)
,

S =
(

s1 s2 · · · sM

)
,

A =



|C|︷ ︸︸ ︷
1 · · ·1

|C|︷ ︸︸ ︷
0 · · ·0 · · ·

|C|︷ ︸︸ ︷
0 · · ·0

|C|︷ ︸︸ ︷
0 · · ·0

|C|︷ ︸︸ ︷
1 · · ·1 · · ·

|C|︷ ︸︸ ︷
0 · · ·0

...
... . . . ...

|C|︷ ︸︸ ︷
0 · · ·0

|C|︷ ︸︸ ︷
0 · · ·0 · · ·

|C|︷ ︸︸ ︷
1 · · ·1


N×M

.

5.6.2 Experiments

To evaluate the effectiveness of the proposed SensiMiLP and KurtMiLP methods, perplexity
on the WikiText-2 and C4 dataset was measured on models quantized using these approaches.
For each proposed methods, various top-m configurations were explored. Specifically, these
experiments involved benchmarking three top-m values (1, 2, 3) across three Llama models
under 21 bit budget configurations. Furthermore, ablation studies were included to validate
the efficacy of the proposed methods. The ablation tests simply ignore the layers identified by
SensiMiLP and KurtMiLP methods, assigning normal budgets to them instead. The complete
permutations of the test cases are summarized in Table C.9 where a total of 504 tests were
conducted.

Table C.10 presents the comparison matrix to assess the performance of SensiMiLP and
KurtMiLP, their corresponding ablation variants, HQQ and MXQ, which results in a total
seven performance comparisons. To facilitate overall qualitative analysis of the proposed
approaches, the win-tie-loss plot is reported, which aggregates the experiment results across
evaluation criteria such as bit budget configuration, evaluation dataset and top-m.

5.6.3 Results and Analysis

The overall results are presented in this section to qualitatively assess the effectiveness of
SensiMiLP and KurtMiLP by leveraging win-tie-loss comparison. The win-tie-loss diagram,
presented in Figure 5.10, includes the comparisons between the proposed methods (indicated



5.7 Discussion 61

45% 25%30%

14% 44%42%

33% 54%13%

35% 31%34%

40% 35%25%

8% 50%42%

29% 58%13%

20% 33%48%

14% 58%28%

24% 54%22%

15% 33%52%

25% 26%48%

14% 50%36%

23% 48%29%

57% 33%10%

33% 61%6%

48% 52%

51% 40%9%

58% 27%15%

36% 61%3%

49% 47%4%

Llama−2−7B Llama−2−13B Llama−3−8B

SM
 v

s 
AB

L

SM
 v

s 
H

Q
Q

SM
 v

s 
M

XQ

SM
 v

s 
KM

KM
 v

s 
AB

L

KM
 v

s 
H

Q
Q

KM
 v

s 
M

XQ

Result

losses

ties

wins

Fig. 5.10 This figure illustrates the win-tie-loss performance of the SensiMiLP (denoted as
"SM") and KurtMiLP (denoted as "KM") methods compared to their ablation test (labeled as
"ABL") as well as the baseline methods HQQ and MXQ, across three Llama models. For
optimal clarity, the figure is best viewed in color and with zoom.

by the row labels) and their ablation variants as well as baselines such as HQQ and MXQ,
across three Llama models (denoted by the column labels).

Compared to the baselines, both SensiMiLP and KurtMiLP under-perform the baseline
methods HQQ and MXQ. With respect to ablation test, both methods slightly surpass their
ablation variants with exception on the Llama-2-13B model, where SensiMiLP achieves a
win rate of 20%, a loss rate of 33%. On the other hand, KurtMiLP demonstrates slight better
result on Llama-2-13B with a win rate of 25% and a loss rate of 26%. The detailed perplexity
results for SensiMiLP and KurtMiLP are presented in Table C.12 (3-bit), Table C.11 (4-bit)
and Table C.13 (other bits) in the appendix for reference. Complete perplexity results of the
SensiMiLP ablation tests are presented in Table C.15 (3 and 4-bit) and Table C.16 (other
bits) in the appendix. Similarly, Table C.17 (3 and 4-bit) and Table C.18 (other bits) present
the ablation test results of the KurtMiLP approach. These tables are included for reference
purpose.

5.7 Discussion

Sensitivity-based methods, such as SensiBoost and SensiMiLP, have two notable limitations.
First, the calculation of sensitivity scores is highly dependent on the model architecture,
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making it challenging to generalize these methods to large language models (LLMs) with
significantly different architectures. Second, the process of measuring sensitivity scores is
both computationally and memory intensive, as it requires a layer-by-layer forward pass
using both full-precision and quantized weights. In contrast, Kurtosis-based methods, such
as KurtBoost and KurtMiLP, are not tightly coupled with the underlying model architecture
and are comparatively efficient to compute. Despite their simplicity, Kurtosis-based methods
achieve slightly better performance to sensitivity-based approaches, making them a viable
alternative to SensiBoost and SensiMiLP.



Chapter 6

Conclusion

This thesis addresses the lack of flexibility in state-of-the-art quantization methods for
optimally allocating memory budgets across layers to maximize quantization accuracy while
maintaining overall memory efficiency. The first part introduces MXQ, a novel scheme
designed to balance the trade-off between memory and accuracy in the quantization of
large language models. MXQ expands the range of memory-accuracy trade-offs, exploring
a total of 259 bit budgets ranging from 2.13 to 8.51 bits. This broader selection enables
more aggressive memory reduction while minimizing accuracy degradation. Experimental
results demonstrate that MXQ achieves a 77% reduction in memory usage with less than
5% accuracy loss, effectively addressing the first research question. In the second part,
the thesis proposes various enhancements to MXQ under both strict and relaxed memory
constraints. Experimental evaluations show that the SensiBoost and KurtBoost methods
outperform the HQQ baseline under relaxed constraints. Notably, KurtBoost, which is
computationally efficient and independent of the underlying model architecture, achieves
superior performance compared to sensitivity-based approaches. These findings effectively
address the second research question.

The mixed quantization (MXQ) represents an effective approach to optimizing the balance
between model accuracy and memory consumption. This method unlocks a broad spectrum of
quantization options, enabling the creation of compressed models that maintain performance
comparable to the baseline with a simple specification of bit budget. By leveraging latent
features such as sensitivity and Kurtosis, MXQ achieves further improvement in quantization
accuracy, reducing perplexity up to 9% with approximately 2% additional budget. Integrating
the proposed MXQ methods into the repertoire of quantization utilities would provide a
valuable supplement, enhancing the state-of-the-art quantization methods in an orthogonal
way and enriching the tools available for optimizing increasingly larger neural network
models.



6.1 Contributions 64

6.1 Contributions

The contributions of this thesis are as follows: First, it introduces an effective quantization
method, MXQ, designed for precise budget control and flexible memory-accuracy trade-offs.
It proposes a novel optimisation framework that minimizes the sum of quantization errors or
sensitivity scores in the objective while incorporating a storage cost function as constraint.
This formulation is efficiently solved using a mixed-integer linear programming (MiLP)
algorithm, enabling fast and effective quantization. Second, the layer-wise sensitivity to
quantization error is empirically explored on multiple transformer-based LLM families,
revealing the robustness of sensitivity within a family of models and their fine-tuned variants.
Third, a simple outlier detection algorithm is implemented to discover sensitive layers with
sensitive scores or Kurtosis metrics. Finally, the SensiBoost and KurtBoost methods are
implemented and outperform HQQ with only 2% increment in memory budget.

6.2 Limitations

Extensive experiments empirically reveal that allocating memory with significant budget
disparities across layers tends to result in inferior quantization accuracy. Conversely, a more
even allocation with smaller budget discrepancies generally achieves better quantization
accuracy. This observation should be further explored theoretically and leveraged to improve
budget assignment in both SensiMiLP and the MiLP formulation introduced in chapter 4.

Sensitivity-based methods, such as SensiBoost and SensiMiLP, have two notable limita-
tions. First, the calculation of sensitivity scores is highly dependent on the model architecture,
making it challenging to generalize these methods to large language models (LLMs) with
significantly different architectures. Second, the process of measuring sensitivity scores is
both computation and memory intensive, as it requires a layer-by-layer forward pass using
both full-precision and quantized weights.

The MXQ method is designed to be compatible with any transformer-based models
and quantization methods. However, the experiments were conducted using only HQQ
on a selection of Llama family models. Evaluating MXQ method on limited method and
models may not ensure comparable performance on other quantization algorithm and models.
Additionally, end-to-end metrics such as IFEval, BBH, MATH Level 5, GPQA, MUSR and
MMLU-PRO were not assessed in the experiments, which may limit the robustness of the
true performance of the proposed method on real world tasks. Furthermore, the experiments
did not consider the inference speed of the quantized model, as MXQ is built on-top of
state-of-the-art method. Therefore it does not directly influence this aspect.
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6.3 Future Work

Future work will focus on enhancing the accuracy of SensiMiLP and KurtMiLP by explor-
ing alternative objective functions that minimize the disparity in quantization configura-
tions across layers. Equally important is extending the generalizability of MXQ to diverse
transformer-based language models and multi-modal models, as well as enabling its integra-
tion with other state-of-the-art quantization methods such as BnB which allows on-the-fly
quantization. Additionally, incorporating end-to-end benchmarks, such as IFEval, BBH,
GPQA, and MMLU-PRO, into the evaluation process would ensure the robustness of the
proposed method’s performance in real-world tasks.
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Appendix A

Experiment Procedures

A.1 Language Model Experiments

The results presented in the previous sections were produced by conducting experiments on
the Llama family models. The Llama model experiments include quantization and perplexity
evaluation.

The specialized harness tool named lm-quant-toolkit facilitates the tasks to quantize,
evaluate language and vision transformer models using the proposed MXQ method as well as
the baselines such as HQQ, AWQ, GPTQ. This harness is designed to perform long-running
experiments. It tracks the experiment status and automatically resumes interrupted experiment
from last failed point. It collects experiment duration, GPU memory consumption and key
metrics such as perplexity and Open LLM LeaderBoard scores. It consolidates outputs from
sub-tasks into experiment dataset in .csv format for further analysis and reporting.

The quantization and evaluation of LLMs require substantial computation and storage
resources. The experiment environment’s hardware and software configurations are presented
in Table A.1.

The patched software need to be cloned from github, as noted under Table A.1, then
be installed using the PIP’s editable install method as they haven’t been integrated in the
upstream yet. Additional Python libraries are automatically installed when the lm-quant-
toolkit is installed. For complete dependencies, please review the ‘pyproject.toml‘ file of the
lm-quant-toolkit project.

The three Llama models, published on Hugging Face by Meta, employed in this experi-
ment are the Llama-2-7B(meta-llama/Llama-2-7b-hf), Llama-2-13B(meta-llama/Llama-2-
13b-hf) and Llama-3-8B(meta-llama/Meta-Llama-3-8B). The main procedure to reproduce
the language model experiment results consists of:
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Table A.1 Experiment hardware/software configuration

Item Configuration

CPU Intel i9-14900KF
Memory 192 GiB

Disk HP SSD FX900 Pro 2TB x 2
GPU NVIDIA GeForce RTX 4090

OS Ubuntu 24.04
Python 3.11.9
CUDA 12.5

PyTorch 2.4.1
lm-quant-toolkit master1

AutoAWQ 0.2.5
AutoGPTQ ea829c7 with the CUDA 12.5 patch2

HQQ aad6868 with MXQ patch3

1 The lm-quant-toolkit is published on github: https://github.com/ghAcctOfAuthor1/lm-quant-toolkit.
2 The CUDA 12.5 patch can be fetched from: https://github.com/ghAcctOfAuthor1/AutoGPTQ.
3 The MXQ patch can be fetched from: https://github.com/ghAcctOfAuthor1/hqq.

1. evaluate the FP16 baseline’s perplexity metrics on WikiText2 and C4 dataset for
original Llama models

2. quantize the selected Llama models using AWQ, GPTQ, HQQ with configurations
b4g32, b4g64, b4g128, b3g32, b3g64 and b3g128

3. evaluate perplexity metrics on WikiText2 and C4 dataset for the AWQ, GPTQ and
HQQ quantized models

4. quantize the selected Llama models using MXQ with a wide range of bit budgets
ranging from 3.07 to 8.51

5. evaluate perplexity metrics on WikiText2 and C4 dataset for the MXQ quantized
models

6. aggregate, analyze and visualize experiment results using R

The lm-quant-toolkit includes bash scripts to automate the aforementioned evaluation
tasks. The results of the evaluation tasks, formatted as .csv files, are stored in the experiment
directories specified in the corresponding task script. The quantized models are stored under
the snapshot directory specified in the quantization scripts.

https://github.com/ghAcctOfAuthor1/lm-quant-toolkit
https://github.com/AutoGPTQ/AutoGPTQ/commit/ea829c7
https://github.com/mobiusml/hqq/commit/aad6868
https://github.com/ghAcctOfAuthor1/lm-quant-toolkit
https://github.com/ghAcctOfAuthor1/AutoGPTQ
https://github.com/ghAcctOfAuthor1/hqq
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Table A.2 This table presents various bash scripts to conduct experiments and benchmarks of
the proposed MXQ and baseline methods.

Script Evaluation Task

quant-llm-hqq.sh Apply HHQ algorithm to quantize selected Llama models using
12 different bit-group configurations.

quant-llm-awq.sh Apply AWQ algorithm to quantize selected Llama models using 3
different bit-group configurations.

quant-llm-gptq.sh Apply GPTQ algorithm to quantize selected Llama models using
6 different bit-group configurations.

quant-llm-mxq.sh Apply MXQ algorithm to quantize selected Llama models using
various bit budgets.

eval-llm-storage.sh Load FP16 pristine and quantized models, measure GPU consump-
tion and model file size for all models produced in quantization
stage.

eval-llm-ppl-fp16.sh Evaluate perplexity on WikiText and C4 dataset for the FP16
baseline on selected Llama models.

eval-llm-ppl-awq.sh Evaluate perplexity on WikiText and C4 dataset for selected AWQ
quantized Llama models.

eval-llm-ppl-gptq.sh Evaluate perplexity on WikiText and C4 dataset for selected GPTQ
quantized Llama models.

eval-llm-ppl-hqq.sh Evaluate perplexity on WikiText and C4 dataset for selected HQQ
quantized Llama models.

eval-llm-ppl-mxq.sh Evaluate perplexity on WikiText and C4 dataset for selected MXQ
quantized Llama models.



Appendix B

Experiment Utilities

B.1 The lm-quant-toolkit overview

The lm-quant-toolkit is a suite of tools to facilitate large neural network quantization
research. It includes a quantization harness tool to drive quantization experiments on large
language models and vision models, to collect and summarize experiment data for further
analysis. It also includes tool to prepare experiment meta data and visualization tools to
interpret experiment results. Specifically, lm-quant-toolkit consists of:

• LLM quantization harness tool

• ViT quantization harness tool

• FNorm Metadata Preparation Tool

• Kurtosis Metrics Measuring Tool

• Sensitivity Score Measuring Tool

• Calibration Dataset Generation Tool

• Visualization Tools

Most tools are implemented in Python and are extensively tested under the Python 3.11.9.
The visualization tools are implemented in R. The usages of these tools are elaborated in
the following sections. This section describes how to setup the lm-quant-toolkit and the
companion visualization tools.

The Python tools depend on Python libraries such as transformers, datasets, numpy,
PyTorch etc. A few Python libraries are patched to support MXQ. Specifically, required
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patched dependencies include AutoGPTQ (for CUDA 12.5 compatibility), HQQ (support
MXQ extension), lm_eval (for end-to-end LLM performance evaluation), clip_benchmark
(for vision model evaluation). These dependencies are installed automatically as part of setup
process. To setup the Python tools, follow this procedure:

1. Ensure Python and miniconda are installed

2. Create a Python virtual enivonrment using Python 3.11.9 and activate this enivonrment

3. Clone the lm-quant-toolkit project from https://github.com/schnell18/lm-quant-
toolkit.git

4. Run the script setup-harness.sh under the root directory of the lm-quant-toolkit
project

The visualization tools are R scripts to transform, aggregate and visualize experiment
results. They are wrapped in bash scripts to automate the whole experiment loop, which
consists of model quantization, perplex evaluation, memory consumption test and experiment
report generation. The R visualization scripts can also be used separately. To setup the
visualization tools, please follow this procedure:

1. Ensure a recent version of R, for instance R 4.4.1, is installed.

2. Optionally, RStudio could be installed to extend and trouble shoot the visualization
tools in an intuitive enivonrment.

3. Install the third-party packages required by the visualization tools by running the
script setup-visualization.sh under the root directory of the lm-quant-toolkit
project.

B.1.1 LLM Quantization Harness Tool

This tool executes various quantization tasks and runs diverse evaluation benchmarks such as
perplexity, GPU memory usage, quantized model storage. It also supports end-to-end LLM
performance evaluation through the integration with the lm-eval tool. This harness tool
works with various state-of-the-art quantization methods such as GPTQ, AWQ, BitsAndBytes
and HQQ, which enables a fair comparison between the proposed methods and the state-of-
the-art baselines. Furthermore, it facilitates the complex and time-consuming benchmarking
tasks by offering resumption from failed subtasks, aggregate subtask’s evaluation results.
Lastly, this tool provides declarative CLI interface to ease complex experiment automation
through shell scripting.

https://github.com/schnell18/lm-quant-toolkit.git
https://github.com/schnell18/lm-quant-toolkit.git
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B.1.2 FNorm Metadata Preparation Tool

This tool calculates the Frobenius norms, a.k.a FNorm, of the quantization errors of all weight
matrices inside a particular large language model. The FNorm meta-data are crucial to the
MXQ quantization scheme as it guides MXQ to allocate optimal quantization configurations.
This tool accepts a list of Hugging Face-compliant model identifiers. The output of this tool
is a series of .csv files under specified directory. Each file contains the Frobenius norms for
the 12 quantization configurations as defined in Table 4.1 for corresponding models.

The tool is implemented in Python and provides a convenient CLI interface to enable
shell scripting. It is located separately in the dump.py file under the src folder in the
lm-quant-toolkit project, which helps to reduce unnecessary dependencies. A typical
usage is demonstrated in the code snippet as follows:

1 #!/bin/bash
2

3 TOOLKIT_DIR="$HOME/work/lm-quant-toolkit"
4 MODELS="meta-llama/Llama-2-7b-hf meta-llama/Llama-2-13b-hf meta-llama/Llama-3.1-8B"
5 mkdir -p /tmp/fnorm-dump
6 python $TOOLKIT_DIR/src/dump.py fnorm \
7 --model $MODELS \
8 --output-dir /tmp/fnorm-dump

B.1.3 Kurtosis Metrics Measuring Tool

This tool calculates the Kurtosis metrics of weight matrices layer-by-layer inside a particular
large language model. The Kurtosis metrcis are crucial to identify sensitive layers to improve
the accuracy of MXQ quantization. This tool accepts a list of Hugging Face-compliant model
identifiers. The output of this tool is a series of .csv files under specified directory. Each file
contains the Kurtosis metrics for corresponding models.

The tool is implemented in Python and provides a convenient CLI interface to enable shell
scripting. It is included in the dump.py file under the src folder in the lm-quant-toolkit
project. A typical usage is demonstrated in the code snippet as follows:

1 #!/bin/bash
2

3 MODELS="meta-llama/Llama-2-7b-hf meta-llama/Llama-2-13b-hf
meta-llama/Meta-Llama-3-8B"↪→

4 mkdir -p /tmp/kurtosis-dump
5 python ../src/dump.py kurtosis \
6 --model $MODELS \
7 --output-dir /tmp/kurtosis-dump
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This code snippet demonstrates dumping the kurtosis metrics for the three Llama models
into the /tmp/kurtosis-dump directory.

B.1.4 Sensitivity Score Measuring Tool

This tool calculates the sensitivity score of each layer of a particular large language model.
The sensitivity score are crucial to identify sensitive layers to improve the accuracy of MXQ
quantization. This tool accepts a list of Hugging Face-compliant model identifiers. The
output of this tool is a series of .csv files, each contains the sensitivity score for corresponding
model. These files are crucial inputs to guide the SensiBoost and Sensitivity-based MiLP.

The tool is implemented in Python and provides a convenient CLI interface to enable
shell scripting. It is compatible with any transformer-based LLMs with an implementation of
the popular Hugging Face transformers library. It is located separately in the dump.py file
under the src folder in the lm-quant-toolkit project, which helps to reduce unnecessary
dependencies. A typical usage is demonstrated in the code snippet as follows:

1 #!/bin/bash
2

3 TOOLKIT_DIR="$HOME/work/lm-quant-toolkit"
4 RESULT_BASE_DIR="/data/llm/mxq/results"
5 CALIB_DATASETS="bos pileval wikitext c4"
6 CONFIGS="b2g128 b2g64 b2g32 b3g128 b3g64 b3g32 b4g128 b4g64 b4g32 b8g128 b8g64

b8g32"↪→

7 MODELS="Qwen/Qwen2.5-7B Qwen/Qwen2.5-Coder-7B Qwen/Qwen2.5-Coder-7B-Instruct
Qwen/Qwen2.5-Math-7B"↪→

8

9 EXP_NAME=sensi_qwen25
10 RESULT_DIR=$RESULT_BASE_DIR/$EXP_NAME
11 mkdir -p $RESULT_DIR/data
12

13 for DS in $CALIB_DATASETS; do
14 for CFG in $CONFIGS; do
15 for MODEL in $MODELS; do
16 SHORT_ID=$(echo $MODEL | cut -d/ -f2)
17 OUT_FILE="${RESULT_DIR}/data/qwen25-sensi-${SHORT_ID}-${CFG}-${DS}.csv"
18 python $TOOLKIT_DIR/src/dump.py sensi \
19 --model $MODEL \
20 --config $CFG \
21 --calib-dataset $DS \
22 --output-file $OUT_FILE
23 done
24 done
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25 done

The code snippet demonstrates how to calculate the sensitivity scores for a series of
Qwen2.5 models using 4 calibration datasets under 12 bit budgets.

B.1.5 Calibration Dataset Generation Tool

This tool generates a small synthensized dataset named branch of science (denoted as BoS,
published on Hugging Face), which includes a few hundred of textual definitionsdefintions
for science, art and business topics such as Mathematics, Physics, Chemstry, Law, Music and
Journalism etc. The dataset is intended to validate if the sensitivity property generalize to
diverse datasets.

The tool generates an initial dataset in .csv format which requires further processing.
The output of this tool is random due to the generative nature of LLM. This tool requires a
Llama-2-7B model being served with an OpenAI compatible RESTful API endpoint. User
can either use a hosted API endpoint or deploy a local instance by following the instruction
at the end of this section.

Once the API endpoint is secured, run the following script to generate the BoS dataset:

1 #!/bin/bash
2

3 TOOLKIT_DIR="$HOME/work/lm-quant-toolkit"
4

5 $TOOLKIT_DIR/utils/generate.py \
6 --model="meta-llama/Llama-2-7b-chat-hf" \
7 --variant="vLLM" \
8 --topic-file=topics-l1.txt \
9 --trace

Lastly, find the result in the csv files under current directory.

Local API endpoint

To deploy a local API endpoint using vLLM, create a virtual environment using conda as
follows:

1 conda create -n vllm python=3.11 -y
2 conda activate vllm
3 pip install vllm==0.6.4.post1

Then configure and launch the API server
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1 #!/bin/bash
2

3 vllm serve meta-llama/Llama-2-7b-chat-hf --dtype auto --api-key token-abc123

Watch the output vLLm to make sure it starts up successfully.

B.2 Visualization Tools

The visualization tools facilitate visualizing the experiment results and the weight distribution,
and generating insights of the latent features to quantize LLMs more efficiently. Most
visualization tools are implemented in R and leverages the open-source plot libraries such as
ggplot2 (Wickham, 2016), circlize (Gu et al., 2014), ggbreak (Shuangbin Xu et al., 2021),
ggmagnify (Hugh-Jones, 2024). They provide CLI interface to simplify integaration with the
quantization harness tool.

These CLI tools support diverse options to allow user specify input dataset, select
particular model or approach to plot. To get help on these specific CLI options, type
./plot_xxx.R --help on command line prompt. For instance, to get help on the MXQ
allocation visualization tool, you may run command as follows:

1 ./plot-mxq-allocation.R --help
2 Usage: ./plot-mxq-allocation.R [options]
3

4 Options:
5 -h, --help
6 Show this help message and exit
7

8 -m CHARACTER, --model=CHARACTER
9 Model ID

10

11 -b DOUBLE, --budget=DOUBLE
12 Bit Budget
13

14 -d CHARACTER, --baseline_data_dir=CHARACTER
15 Data directory of baseline results
16

17 -q CHARACTER, --quant_cfg_allot_file=CHARACTER
18 The combined quant config allocation csv file
19

20 --attempt1=CHARACTER
21 The first attempt to plot
22

23 --attempt2=CHARACTER
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24 The second attempt to plot
25

26 --fnorm
27 Display FNorm value in the bar chart

B.2.1 Weight Distribution Visualization Tool

This tool enables visualizing layer-wised weight distribution of large language models. It
is implemented as an R script, which provides a convenient CLI interface to enable shell
scripting. Figure 5.4 is an example generated by this tool. Given a weight distribution metrics
csv file, it produces a pdf file under the pdfs with 3x3 sub-plots of column digrams for the 9
modules in the Llama family models.

The tool is named plot-wdist-llm.R and located under the data-vis folder in the
lm-quant-toolkit project. A typical usage is demonstrated in the code snippet as follows:

1 #!/bin/bash
2

3 TOOLKIT_DIR="$HOME/work/lm-quant-toolkit"
4

5 $TOOLKIT_DIR/data-vis/plot-wdist-llm.R -m Llama-2-7b-hf

B.2.2 Perplexity vs Bit Budget Visualization Tool

This tool enables visualizing the relationship between perplexity and bit budget for diverse
MXQ experiments against their baselines. The generated diagram shows how memory
reduction affects perplexity, which facilitates memory-accuracy trade-off. Figure 4.2 is an
example produced by this tool.

The tool is named plot-ppl-mem.R and located under the data-vis folder in the
lm-quant-toolkit project. It accepts a csv file containing the perplexity metrics of MXQ
and its baselines. The output are series of PDF files corresponding to the models defined in
the input file, which are placed under the pdfs subfolder. A typical usage is demonstrated in
the code snippet as follows:

1 #!/bin/bash
2

3 TOOLKIT_DIR="$HOME/work/lm-quant-toolkit"
4

5 $TOOLKIT_DIR/data-vis/plot-ppl-mem.R -d data/combined.csv
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B.2.3 Quantization Speed Comparison Visualization Tool

This tool generates column digrams to explore the quantization speed among various
approaches. Figure 4.4 is an example generated by this tool. The tool is also imple-
mented as an R script, which provides a convenient CLI interface to enable shell scripting.
The tool is named plot-quant-speed.R and located under the data-vis folder in the
lm-quant-toolkit project. Given a combined perplexity metrics csv file, it produces a
column digrams with x-axis in log-scale. Similar to other tools, the PDF file is placed under
the pdfs subfolder. A typical usage is demonstrated in the code snippet as follows:

1 #!/bin/bash
2

3 TOOLKIT_DIR="$HOME/work/lm-quant-toolkit"
4

5 $TOOLKIT_DIR/data-vis/plot-quant-speed.R -d data/combined.csv

B.2.4 GPU Memory Usage Visualization Tool

This tool generates column digrams to present the actual GPU memory consumption of LLMs
quantized by diverse methods. Figure 4.3 is an example generated by this tool. The tool is
also implemented as an R script, which provides a convenient CLI interface to enable shell
scripting. The tool is named plot-mem-consumption.R and located under the data-vis
folder in the lm-quant-toolkit project. Given a combined perplexity metrics csv file, it
produces a column digrams of GPU memory usage in Giga-byte. Similar to other tools, the
PDF file is placed under the pdfs subfolder. A typical usage is demonstrated in the code
snippet as follows:

1 #!/bin/bash
2

3 TOOLKIT_DIR="$HOME/work/lm-quant-toolkit"
4

5 $TOOLKIT_DIR/data-vis/plot-mem-consumption.R -d data/combined.csv

B.2.5 Quantization Configuration Allocation Visualization Tool

This tool offers insights into the way MXQ and its variants allocate bit budget to modules
and layers. The variants, a.k.a. attempt, to include in the plot are configurable. A maximum
of 4 variants can be plotted in a circular layout thanks to plot library circlize (Gu et al., 2014).
Figure ?? is an example generated by this tool. The first input expected by the tool is a
combined quantization configuration allocation csv file which should include experiment
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outcome for diverse methods such as HQQ and MXQ. The second parameter is the directory
where Frobenius norms csv files are located. The third parameter is the perplexity score csv
file. The tool produces circos digram in PDF format.

The tool is named plot-circos-allot.R and located under the data-vis folder in the
lm-quant-toolkit project. A typical usage is demonstrated in the code snippet as follows:

1 #!/bin/bash
2

3 TOOLKIT_DIR="../../.."
4

5 MODELS="
6 Llama-3-7b-hf
7 Llama-3-13b-hf
8 Meta-Llama-3-8B
9 "

10 BUDGETS="4.25 3.51"
11

12 STOP=2
13 TOPM=2
14 for MODEL in $MODELS; do
15 for BUDGET in $BUDGETS; do
16 $TOOLKIT_DIR/data-vis/plot-circos-allot.R \
17 --model $MODEL \
18 --budget $BUDGET \
19 --fnorm_data_dir $TOOLKIT_DIR/src/data/ \
20 --ppl_csv_file data/combined.csv \
21 --quant_cfg_allot_file data/quant-cfg-allocation.csv \
22 --attempt1 sensi-boost-${STOP}-${TOPM} \
23 --attempt2 kurt-boost-${STOP}-${TOPM} \
24 --attempt3 hqq\
25 --attempt4 mxq1
26 done
27 done

This code snippet demonstrates how to generate a quant config allocation comparison di-
agram to examine the nuanced difference between the SensiBoost and kurtBoost approaches,
with a stop of 2 and top-m 2, as well as the HQQ and MXQ baselines.

B.2.6 SensiBoost/KurtBoost Win-Tie-Loss Visualization Tool

This tool enables qualitative analysis of effectiveness of the proposed SensiBoost and Kurt-
Boost methods. It is implemented as an R script, which provides a conventional CLI interface
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to ease automation. Figure 5.6 is an example generated by this tool. Given a combined
perplexity metrics csv file, it produces a series of column digrams in PDF format. The csv file
should include experiment outcome for SensiBoost, KurtBoost, the ablation tests or baseline
such as HQQ and MXQ. The name experiment, a.k.a. attempt, should follow the pattern
<method>-<stop>-<top m>.

This tool is included in the lm-quant-toolkit under data-vis folder. A typical usage
is demonstrated in the code snippet as follows:

1 #!/bin/bash
2

3 TOOLKIT_DIR="$HOME/work/lm-quant-toolkit"
4

5 $TOOLKIT_DIR/data-vis/plot-win-tie-loss.R -f data/combined.csv
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Supplementary figures and tables

C.1 MXQ Experiment Settings
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Table C.1 The table shows the dense bit budget settings for the MXQ experiment, where a
total of 259 bit budgets are included, ranging from 2.13 to 8.51. these budgets are presented
in 7 groups, i.e. 2-bit through 8-bit for clarity.

Group V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11 V12

8-bit 8.51 8.25 8.13

7-bit

7.76 7.74 7.72 7.70 7.68 7.66 7.63 7.62 7.60 7.57 7.56 7.54
7.53 7.50 7.48 7.47 7.44 7.42 7.41 7.38 7.36 7.34 7.32 7.30
7.29 7.26 7.24 7.22 7.20 7.19 7.16 7.14 7.13 7.10 7.08 7.06
7.04 7.02 7.01

6-bit

6.98 6.96 6.95 6.92 6.89 6.87 6.86 6.83 6.81 6.78 6.77 6.75
6.72 6.71 6.69 6.68 6.65 6.63 6.61 6.59 6.57 6.55 6.53 6.51
6.49 6.47 6.45 6.43 6.41 6.39 6.37 6.35 6.33 6.31 6.29 6.27
6.25 6.23 6.21 6.19 6.17 6.15 6.13 6.11 6.09 6.07 6.06 6.05
6.04 6.03 6.02 6.00

5-bit

5.98 5.96 5.94 5.92 5.90 5.88 5.86 5.84 5.82 5.80 5.78 5.76
5.74 5.72 5.70 5.68 5.66 5.64 5.62 5.60 5.58 5.56 5.54 5.52
5.50 5.48 5.46 5.44 5.42 5.40 5.38 5.36 5.34 5.32 5.30 5.28
5.26 5.24 5.22 5.20 5.18 5.16 5.14 5.12 5.10 5.08 5.06 5.04
5.02 5.00

4-bit

4.99 4.97 4.95 4.93 4.91 4.89 4.87 4.85 4.83 4.81 4.79 4.77
4.75 4.73 4.71 4.69 4.67 4.65 4.63 4.61 4.59 4.57 4.55 4.53
4.51 4.49 4.47 4.45 4.43 4.41 4.39 4.37 4.35 4.33 4.31 4.29
4.27 4.25 4.23 4.21 4.19 4.17 4.15 4.13 4.11 4.09 4.07 4.05
4.03 4.01

3-bit

3.99 3.97 3.95 3.93 3.91 3.89 3.87 3.85 3.83 3.81 3.79 3.77
3.75 3.73 3.71 3.69 3.67 3.65 3.63 3.61 3.59 3.57 3.55 3.53
3.51 3.49 3.47 3.45 3.43 3.42 3.41 3.39 3.37 3.35 3.33 3.31
3.29 3.27 3.25 3.23 3.21 3.19 3.17 3.15 3.13 3.11 3.09 3.07

2-bit 2.57 2.55 2.53 2.51 2.49 2.47 2.45 2.31 2.29 2.27 2.25 2.23
2.21 2.19 2.17 2.15 2.13

C.2 Sensitivity Properties
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Fig. C.1 This figure illustrates how bit budget influnces layer-wise sensitivity. The magnitude
of sensitivity varies among the 3-bit, 4-bit and 8-bit groups. The 4-bit and 8-bit groups show
larger difference as indicated by the wider blank. However, the overall patterns of the three
bit groups demonstrates close resemblance. For optimal clarity, the figure is best viewed in
color and with zoom.

C.3 SensiBoost and KurtBoost Experiment Settings
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Fig. C.2 This figure presents the sensitivity patterns among the Qwen2.5-7B base model and
its fine-tuned mutations. Three fine-tuned models are included for comparison. Except for
the Qwen2.5-Coder-7B-Instruct, the sensitivity curves exhibit almost identical shapes, which
is clear indication of the inheritance of the sensitivity properties btween the base model and
its fine-tuned variants. For optimal clarity, the figure is best viewed in color and with zoom.

C.4 SensiBoost and KurtBoost Experiment Results
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Table C.2 This table presents the test cases benchmarking the SensiBoost and KurtBoost
methods and their ablation tests. Each approach involves two boost stop settings (2 and 3)
and four top-m values (1, 2, 3, and 0) across three Llama models under six base bit budget
configurations.

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP Stop Top m Stop Top m Stop Top m

2 1 2 1 2 1
2 2 2 2 2 2
2 3 2 3 2 3
2 0 2 0 2 0
3 1 3 1 3 1
3 2 3 2 3 2
3 3 3 3 3 3

SensiBoost

b4g32
b4g64
b4g128
b3g32
b3g64
b3g128

4.51
4.25
4.13
3.51
3.25
3.13

3 0 3 0 3 0

2 1 2 1 2 1
2 2 2 2 2 2
2 3 2 3 2 3
2 0 2 0 2 0
3 1 3 1 3 1
3 2 3 2 3 2
3 3 3 3 3 3

SensiBoost
Ablation

b4g32
b4g64
b4g128
b3g32
b3g64
b3g128

4.51
4.25
4.13
3.51
3.25
3.13

3 0 3 0 3 0

2 1 2 1 2 1
2 2 2 2 2 2
2 3 2 3 2 3
2 0 2 0 2 0
3 1 3 1 3 1
3 2 3 2 3 2
3 3 3 3 3 3

KurtBoost

b4g32
b4g64
b4g128
b3g32
b3g64
b3g128

4.51
4.25
4.13
3.51
3.25
3.13

3 0 3 0 3 0

2 1 2 1 2 1
2 2 2 2 2 2
2 3 2 3 2 3
2 0 2 0 2 0
3 1 3 1 3 1
3 2 3 2 3 2
3 3 3 3 3 3

KurtBoost
Ablation

b4g32
b4g64
b4g128
b3g32
b3g64
b3g128

4.51
4.25
4.13
3.51
3.25
3.13

3 0 3 0 3 0

C.5 SensiMiLP and KurtMiLP Experiment Settings
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Fig. C.3 This figure illustrates the perplexity performance of the SensiBoost and KurtBoost
methods evaluated on the Llama-2-13B model with the C4 dataset. The green triangles,
representing the SensiBoost method, are located closer to the y-axis, showing that the Sensi-
Boost approach tends to use less extra memory to achieve comparable performance as the
KurtBoost. SensiBoost demonstrates a slight advantage over KurtBoost with approximately
2% additional bugdet to achieve near lowest perplexity score, as highlighted by the maginified
sub-plot. For optimal clarity, the figure is best viewed in color and with zoom.

C.6 SensiMiLP and KurtMiLP Experiment Results
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Fig. C.4 This figure illustrates the perplexity performance of the SensiBoost and KurtBoost
approaches evaluated on the Llama-2-7B model using the WikiText2 dataset. The green
triangles, representing the SensiBoost method, are positioned closer to the y-axis, indicating
that SensiBoost requires less additional memory to achieve comparable performance to
KurtBoost. Notably, SensiBoost exhibits a slight advantage over KurtBoost, requiring
approximately 2% more bit budget to attain a near-minimal perplexity score, as emphasized
in the magnified sub-plot. For optimal interpretation, the figure is best viewed in color and
with zoom.
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Fig. C.5 This figure illustrates the perplexity performance of the SensiBoost and KurtBoost
approaches evaluated on the Llama-2-13B model using the WikiText2 dataset. The green
triangles, representing the SensiBoost method, are positioned closer to the y-axis, indicating
that SensiBoost requires less additional memory to achieve comparable performance to
KurtBoost. Notably, SensiBoost exhibits a slight advantage over KurtBoost, requiring
approximately 2% more bit budget to attain a near-minimal perplexity score, as emphasized
in the magnified sub-plot. For optimal interpretation, the figure is best viewed in color and
with zoom.
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Table C.3 Perplexity results of SensiBoost vs KurtBoost (4-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-SB20 4.51 5.27 7.05 4.15 4.69 6.51 7.67 6.07 9.41 5.82
MXQ-KB20 4.51 5.26 7.05 4.18 4.69 6.51 7.78 6.06 9.39 5.74
MXQ-SB21 4.51 5.27 7.05 4.02 4.69 6.51 7.44 6.07 9.40 5.74
MXQ-KB21 4.51 5.28 7.07 4.02 4.69 6.51 7.44 6.06 9.40 5.68
MXQ-SB22 4.51 5.27 7.05 4.11 4.69 6.51 7.58 6.07 9.41 5.82
MXQ-KB22 4.51 5.27 7.05 4.11 4.69 6.51 7.59 6.06 9.40 5.72
MXQ-SB23 4.51 5.27 7.05 4.15 4.69 6.51 7.67 6.07 9.41 5.82
MXQ-KB23 4.51 5.26 7.05 4.18 4.69 6.51 7.72 6.06 9.39 5.74
MXQ-SB30 4.51 5.27 7.05 4.16 4.69 6.51 7.69 6.08 9.42 5.83
MXQ-KB30 4.51 5.27 7.05 4.20 4.69 6.51 7.81 6.07 9.39 5.74
MXQ-SB31 4.51 5.26 7.05 4.03 4.69 6.51 7.45 6.09 9.43 5.75
MXQ-KB31 4.51 5.28 7.07 4.03 4.69 6.51 7.45 6.07 9.40 5.69
MXQ-SB32 4.51 5.27 7.05 4.12 4.69 6.51 7.59 6.08 9.42 5.83
MXQ-KB32 4.51 5.27 7.05 4.13 4.69 6.51 7.60 6.07 9.40 5.72
MXQ-SB33 4.51 5.27 7.05 4.16 4.69 6.51 7.69 6.08 9.42 5.83
MXQ-KB33 4.51 5.27 7.05 4.20 4.69 6.51 7.74 6.07 9.39 5.74

HQQ 4.51 5.28 7.07 3.93 4.69 6.51 7.30 6.07 9.41 5.65
AWQ 4.51 5.26 7.04 3.98 4.69 6.51 7.59 6.07 9.39 5.72
GPTQ

b4g32

4.51 5.39 7.11 4.74 4.72 6.54 8.43 8.80 10.44 6.71

MXQ-SB20 4.25 5.28 7.09 3.96 4.70 6.54 7.37 6.16 9.57 5.59
MXQ-KB20 4.25 5.27 7.08 4.00 4.69 6.53 7.48 6.17 9.57 5.51
MXQ-SB21 4.25 5.29 7.09 3.84 4.70 6.54 7.14 6.17 9.57 5.51
MXQ-KB21 4.25 5.30 7.11 3.84 4.70 6.54 7.14 6.17 9.58 5.45
MXQ-SB22 4.25 5.28 7.09 3.92 4.70 6.54 7.27 6.16 9.57 5.59
MXQ-KB22 4.25 5.28 7.08 3.93 4.70 6.53 7.28 6.17 9.58 5.49
MXQ-SB23 4.25 5.28 7.09 3.96 4.70 6.54 7.37 6.16 9.57 5.59
MXQ-KB23 4.25 5.27 7.08 4.00 4.69 6.53 7.41 6.17 9.57 5.51
MXQ-SB30 4.25 5.29 7.09 3.97 4.70 6.54 7.38 6.17 9.58 5.60
MXQ-KB30 4.25 5.27 7.08 4.01 4.69 6.53 7.49 6.17 9.58 5.52
MXQ-SB31 4.25 5.29 7.09 3.84 4.70 6.54 7.14 6.17 9.58 5.52
MXQ-KB31 4.25 5.31 7.11 3.84 4.70 6.54 7.14 6.18 9.58 5.45
MXQ-SB32 4.25 5.29 7.09 3.93 4.70 6.54 7.28 6.17 9.58 5.60
MXQ-KB32 4.25 5.28 7.09 3.93 4.69 6.54 7.29 6.17 9.58 5.49
MXQ-SB33 4.25 5.29 7.09 3.97 4.70 6.54 7.38 6.17 9.58 5.60
MXQ-KB33 4.25 5.27 7.08 4.01 4.69 6.53 7.43 6.17 9.58 5.52

HQQ 4.25 5.31 7.12 3.74 4.70 6.54 6.99 6.19 9.61 5.41
AWQ 4.25 5.29 7.07 3.74 4.71 6.53 7.10 6.15 9.52 5.46
GPTQ 4.25 5.39 7.13 4.50 4.73 6.56 7.97 11.83 11.77 6.46
BnB

b4g64

4.25 5.32 7.12 3.60 4.72 6.55 6.71 6.20 9.64 5.31

MXQ-SB20 4.13 5.34 7.15 3.67 4.73 6.57 6.77 6.31 9.80 5.33
MXQ-KB20 4.13 5.34 7.14 3.67 4.72 6.57 6.78 6.36 9.91 5.32
MXQ-SB21 4.13 5.34 7.15 3.66 4.73 6.57 6.75 6.34 9.88 5.32
MXQ-KB21 4.13 5.35 7.16 3.66 4.73 6.57 6.75 6.36 9.91 5.31
MXQ-SB22 4.13 5.34 7.15 3.66 4.73 6.57 6.76 6.31 9.80 5.33
MXQ-KB22 4.13 5.34 7.15 3.67 4.73 6.57 6.76 6.36 9.91 5.32
MXQ-SB23 4.13 5.34 7.15 3.67 4.73 6.57 6.77 6.31 9.80 5.33
MXQ-KB23 4.13 5.34 7.14 3.67 4.73 6.57 6.78 6.36 9.91 5.32
MXQ-SB30 4.13 5.32 7.13 3.87 4.73 6.56 7.13 6.30 9.79 5.49
MXQ-KB30 4.13 5.31 7.11 3.91 4.72 6.56 7.25 6.34 9.90 5.41
MXQ-SB31 4.13 5.32 7.13 3.74 4.73 6.57 6.89 6.33 9.86 5.41
MXQ-KB31 4.13 5.34 7.15 3.74 4.73 6.57 6.89 6.35 9.90 5.35
MXQ-SB32 4.13 5.32 7.13 3.83 4.73 6.56 7.03 6.30 9.79 5.49
MXQ-KB32 4.13 5.32 7.13 3.84 4.72 6.56 7.04 6.34 9.90 5.39
MXQ-SB33 4.13 5.32 7.13 3.87 4.73 6.56 7.13 6.30 9.79 5.49
MXQ-KB33 4.13 5.31 7.11 3.91 4.72 6.56 7.18 6.34 9.90 5.41

HQQ 4.13 5.35 7.16 3.65 4.74 6.57 6.74 6.38 9.94 5.31
AWQ 4.13 5.31 7.10 3.62 4.71 6.55 6.92 6.21 9.67 5.33
GPTQ

b4g128

4.13 5.39 7.18 4.39 4.74 6.57 7.74 97.03 27.77 6.33
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Table C.4 Perplexity results of SensiBoost vs KurtBoost (3-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-SB20 3.51 5.62 7.53 3.92 4.87 6.76 7.28 6.94 10.95 5.64
MXQ-KB20 3.51 5.59 7.50 3.92 4.86 6.75 7.27 7.02 11.04 5.64
MXQ-SB21 3.51 5.62 7.54 3.93 4.89 6.77 7.29 6.97 10.97 5.64
MXQ-KB21 3.51 5.62 7.53 3.93 4.89 6.77 7.29 7.04 11.06 5.65
MXQ-SB22 3.51 5.62 7.53 3.92 4.87 6.76 7.29 6.94 10.95 5.64
MXQ-KB22 3.51 5.61 7.51 3.92 4.88 6.76 7.28 7.03 11.04 5.64
MXQ-SB23 3.51 5.62 7.53 3.92 4.87 6.76 7.28 6.94 10.95 -
MXQ-KB23 3.51 5.59 7.50 3.92 4.87 6.75 7.28 7.02 11.04 5.64
MXQ-SB30 3.51 5.61 7.51 3.93 4.88 6.76 7.30 6.91 10.91 5.65
MXQ-KB30 3.51 5.59 7.48 3.93 4.86 6.75 7.30 7.00 11.03 5.65
MXQ-SB31 3.51 5.62 7.53 3.93 4.89 6.77 7.30 6.95 10.96 5.65
MXQ-KB31 3.51 5.61 7.53 3.93 4.88 6.77 7.30 7.02 11.05 5.65
MXQ-SB32 3.51 5.61 7.52 3.93 4.88 6.76 7.30 6.91 10.91 5.65
MXQ-KB32 3.51 5.60 7.50 3.93 4.88 6.76 7.30 7.01 11.03 5.65
MXQ-SB33 3.51 5.61 7.51 3.93 4.88 6.76 7.30 6.91 10.91 5.65
MXQ-KB33 3.51 5.59 7.48 3.93 4.87 6.75 7.30 7.00 11.03 5.65

HQQ 3.51 5.63 7.55 3.93 4.89 6.78 7.30 7.09 11.16 5.65
GPTQ

b3g32

3.51 5.94 7.81 3.20 5.09 6.96 5.93 17.76 17.98 4.88

MXQ-SB20 3.25 5.79 7.77 3.34 4.97 6.91 6.25 7.58 12.06 5.04
MXQ-KB20 3.25 5.77 7.73 3.35 4.96 6.89 6.27 7.72 12.20 5.03
MXQ-SB21 3.25 5.81 7.79 3.33 4.98 6.93 6.23 7.59 12.04 5.03
MXQ-KB21 3.25 5.81 7.80 3.33 4.98 6.93 6.23 7.75 12.24 5.03
MXQ-SB22 3.25 5.79 7.77 3.34 4.97 6.91 6.25 7.58 12.06 5.04
MXQ-KB22 3.25 5.79 7.76 3.34 4.97 6.91 6.25 7.73 12.21 5.03
MXQ-SB23 3.25 5.79 7.77 3.34 4.97 6.91 6.25 7.58 12.06 5.04
MXQ-KB23 3.25 5.77 7.73 3.35 4.96 6.90 6.26 7.72 12.20 5.03
MXQ-SB30 3.25 5.79 7.76 3.35 4.96 6.90 6.27 7.49 11.88 5.05
MXQ-KB30 3.25 5.77 7.72 3.36 4.94 6.88 6.28 7.71 12.19 5.03
MXQ-SB31 3.25 5.82 7.79 3.33 4.97 6.93 6.24 7.56 11.99 5.04
MXQ-KB31 3.25 5.81 7.80 3.33 4.98 6.93 6.24 7.74 12.23 5.03
MXQ-SB32 3.25 5.80 7.76 3.34 4.96 6.91 6.26 7.49 11.88 5.05
MXQ-KB32 3.25 5.79 7.76 3.35 4.96 6.90 6.26 7.73 12.21 5.03
MXQ-SB33 3.25 5.96 8.03 3.28 4.96 6.90 6.27 7.49 11.88 5.05
MXQ-KB33 3.25 5.77 7.72 3.36 4.95 6.89 6.27 7.71 12.19 5.03

HQQ 3.25 5.82 7.81 3.32 4.98 6.94 6.22 7.81 12.36 5.02
GPTQ

b3g64

3.25 6.13 8.07 2.98 5.14 7.06 5.49 11.16 14.33 4.64

MXQ-SB20 3.13 6.07 8.25 3.17 5.15 7.12 5.77 8.47 13.56 4.77
MXQ-KB20 3.13 6.04 8.16 3.18 5.14 7.10 5.80 8.95 14.49 4.74
MXQ-SB21 3.13 6.08 8.25 3.13 5.16 7.13 5.71 8.70 14.00 4.74
MXQ-KB21 3.13 6.20 8.38 3.13 5.15 7.13 5.71 9.00 14.53 4.72
MXQ-SB22 3.13 6.07 8.25 3.15 5.15 7.12 5.75 8.47 13.56 4.77
MXQ-KB22 3.13 6.07 8.24 3.16 5.15 7.12 5.75 8.97 14.52 4.73
MXQ-SB23 3.13 6.07 8.25 3.17 5.15 7.12 5.77 8.47 13.56 4.77
MXQ-KB23 3.13 6.04 8.16 3.18 5.14 7.11 5.79 8.95 14.49 4.74
MXQ-SB30 3.13 6.05 8.22 3.15 5.14 7.10 5.74 8.43 13.50 4.75
MXQ-KB30 3.13 6.00 8.11 3.15 5.13 7.07 5.76 8.96 14.42 4.73
MXQ-SB31 3.13 6.08 8.24 3.12 5.16 7.12 5.69 8.59 13.77 4.73
MXQ-KB31 3.13 6.18 8.38 3.12 5.15 7.12 5.69 9.03 14.50 4.72
MXQ-SB32 3.13 6.06 8.22 3.14 5.14 7.10 5.72 8.43 13.50 4.75
MXQ-KB32 3.13 6.05 8.20 3.14 5.14 7.10 5.72 8.99 14.47 4.73
MXQ-SB33 3.13 6.22 8.35 3.15 5.14 7.10 5.74 8.43 13.50 4.75
MXQ-KB33 3.13 6.00 8.11 3.15 5.13 7.08 5.75 8.96 14.42 4.73

HQQ 3.13 6.20 8.40 3.11 5.15 7.14 5.67 9.31 14.89 4.71
GPTQ

b3g128

3.13 6.32 8.30 2.87 5.24 7.19 5.27 52.78 30.04 4.52
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Table C.5 Perplexity results of SensiBoost vs Ablation (4-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-SB20 4.51 5.27 7.05 4.15 4.69 6.51 7.67 6.07 9.41 5.82
MXQ-SBAB20 4.51 5.28 7.06 4.15 4.69 6.51 7.67 6.07 9.40 5.82

MXQ-SB21 4.51 5.27 7.05 4.02 4.69 6.51 7.44 6.07 9.40 5.74
MXQ-SBAB21 4.51 5.29 7.07 4.02 4.69 6.51 7.44 6.07 9.41 5.74

MXQ-SB22 4.51 5.27 7.05 4.11 4.69 6.51 7.58 6.07 9.41 5.82
MXQ-SBAB22 4.51 5.28 7.07 4.11 4.69 6.51 7.57 6.07 9.40 5.82

MXQ-SB23 4.51 5.27 7.05 4.15 4.69 6.51 7.67 6.07 9.41 5.82
MXQ-SBAB23 4.51 5.28 7.06 4.15 4.69 6.51 7.67 6.07 9.41 5.82

MXQ-SB30 4.51 5.27 7.05 4.16 4.69 6.51 7.69 6.08 9.42 5.83
MXQ-SBAB30 4.51 5.28 7.07 4.16 4.69 6.51 7.69 6.07 9.40 5.83

MXQ-SB31 4.51 5.26 7.05 4.03 4.69 6.51 7.45 6.09 9.43 5.75
MXQ-SBAB31 4.51 5.28 7.07 4.03 4.69 6.51 7.45 6.08 9.41 5.75

MXQ-SB32 4.51 5.27 7.05 4.12 4.69 6.51 7.59 6.08 9.42 5.83
MXQ-SBAB32 4.51 5.28 7.07 4.12 4.69 6.51 7.59 6.07 9.41 5.83

MXQ-SB33 4.51 5.27 7.05 4.16 4.69 6.51 7.69 6.08 9.42 5.83
MXQ-SBAB33

b4g32

4.51 5.28 7.07 4.16 4.69 6.51 7.69 6.07 9.41 5.83

MXQ-SB20 4.25 5.28 7.09 3.96 4.70 6.54 7.37 6.16 9.57 5.59
MXQ-SBAB20 4.25 5.30 7.11 3.96 4.70 6.53 7.37 6.17 9.58 5.59

MXQ-SB21 4.25 5.29 7.09 3.84 4.70 6.54 7.14 6.17 9.57 5.51
MXQ-SBAB21 4.25 5.30 7.11 3.84 4.70 6.54 7.14 6.19 9.59 5.51

MXQ-SB22 4.25 5.28 7.09 3.92 4.70 6.54 7.27 6.16 9.57 5.59
MXQ-SBAB22 4.25 5.30 7.11 3.92 4.70 6.54 7.27 6.19 9.59 5.59

MXQ-SB23 4.25 5.28 7.09 3.96 4.70 6.54 7.37 6.16 9.57 5.59
MXQ-SBAB23 4.25 5.30 7.11 3.96 4.69 6.53 7.37 6.18 9.59 5.59

MXQ-SB30 4.25 5.29 7.09 3.97 4.70 6.54 7.38 6.17 9.58 5.60
MXQ-SBAB30 4.25 5.30 7.11 3.97 4.70 6.54 7.38 6.18 9.58 5.60

MXQ-SB31 4.25 5.29 7.09 3.84 4.70 6.54 7.14 6.17 9.58 5.52
MXQ-SBAB31 4.25 5.31 7.12 3.84 4.70 6.54 7.14 6.19 9.60 5.52

MXQ-SB32 4.25 5.29 7.09 3.93 4.70 6.54 7.28 6.17 9.58 5.60
MXQ-SBAB32 4.25 5.31 7.11 3.93 4.70 6.54 7.28 6.19 9.60 5.60

MXQ-SB33 4.25 5.29 7.09 3.97 4.70 6.54 7.38 6.17 9.58 5.60
MXQ-SBAB33

b4g64

4.25 5.30 7.11 3.97 4.70 6.53 7.38 6.18 9.59 5.60

MXQ-SB20 4.13 5.34 7.15 3.67 4.73 6.57 6.77 6.31 9.80 5.33
MXQ-SBAB20 4.13 5.34 7.16 3.67 4.73 6.57 6.77 6.37 9.92 5.33

MXQ-SB21 4.13 5.34 7.15 3.66 4.73 6.57 6.75 6.34 9.88 5.32
MXQ-SBAB21 4.13 5.35 7.16 3.66 4.74 6.57 6.75 6.38 9.92 5.32

MXQ-SB22 4.13 5.34 7.15 3.66 4.73 6.57 6.76 6.31 9.80 5.33
MXQ-SBAB22 4.13 5.34 7.15 3.66 4.74 6.57 6.76 6.37 9.91 5.33

MXQ-SB23 4.13 5.34 7.15 3.67 4.73 6.57 6.77 6.31 9.80 5.33
MXQ-SBAB23 4.13 5.34 7.16 3.67 4.74 6.57 6.77 6.36 9.90 5.33

MXQ-SB30 4.13 5.32 7.13 3.87 4.73 6.56 7.13 6.30 9.79 5.49
MXQ-SBAB30 4.13 5.34 7.15 3.87 4.73 6.56 7.13 6.36 9.91 5.49

MXQ-SB31 4.13 5.32 7.13 3.74 4.73 6.57 6.89 6.33 9.86 5.41
MXQ-SBAB31 4.13 5.35 7.16 3.74 4.74 6.57 6.89 6.38 9.93 5.41

MXQ-SB32 4.13 5.32 7.13 3.83 4.73 6.56 7.03 6.30 9.79 5.49
MXQ-SBAB32 4.13 5.34 7.15 3.83 4.73 6.56 7.03 6.36 9.91 5.49

MXQ-SB33 4.13 5.32 7.13 3.87 4.73 6.56 7.13 6.30 9.79 5.49
MXQ-SBAB33

b4g128

4.13 5.34 7.15 3.87 4.73 6.56 7.13 6.34 9.88 5.49



C.6 SensiMiLP and KurtMiLP Experiment Results 93

Table C.6 Perplexity results of SensiBoost vs Ablation (3-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-SB20 3.51 5.62 7.53 3.92 4.87 6.76 7.28 6.94 10.95 5.64
MXQ-SBAB20 3.51 5.59 7.51 3.92 4.88 6.76 7.28 7.05 11.10 5.64

MXQ-SB21 3.51 5.62 7.54 3.93 4.89 6.77 7.29 6.97 10.97 5.64
MXQ-SBAB21 3.51 5.61 7.53 3.93 4.88 6.78 - 7.06 11.10 5.64

MXQ-SB22 3.51 5.62 7.53 3.92 4.87 6.76 7.29 6.94 10.95 5.64
MXQ-SBAB22 3.51 5.61 7.53 3.92 4.88 6.77 7.28 7.05 11.08 5.63

MXQ-SB23 3.51 5.62 7.53 3.92 4.87 6.76 7.28 6.94 10.95 -
MXQ-SBAB23 3.51 5.61 7.51 3.92 4.88 6.76 7.28 7.04 11.08 5.64

MXQ-SB30 3.51 5.61 7.51 3.93 4.88 6.76 7.30 6.91 10.91 5.65
MXQ-SBAB30 3.51 5.60 7.52 3.93 4.88 6.76 7.30 7.05 11.07 5.65

MXQ-SB31 3.51 5.62 7.53 3.93 4.89 6.77 7.30 6.95 10.96 5.65
MXQ-SBAB31 3.51 5.62 7.53 3.93 4.88 6.77 7.30 7.05 11.07 5.65

MXQ-SB32 3.51 5.61 7.52 3.93 4.88 6.76 7.30 6.91 10.91 5.65
MXQ-SBAB32 3.51 5.61 7.52 3.93 4.88 6.77 7.30 7.04 11.05 5.65

MXQ-SB33 3.51 5.61 7.51 3.93 4.88 6.76 7.30 6.91 10.91 5.65
MXQ-SBAB33

b3g32

3.51 5.61 7.52 3.93 4.87 6.76 7.30 7.05 11.05 5.65

MXQ-SB20 3.25 5.79 7.77 3.34 4.97 6.91 6.25 7.58 12.06 5.04
MXQ-SBAB20 3.25 5.78 7.75 3.34 4.97 6.91 6.25 7.74 12.26 5.04

MXQ-SB21 3.25 5.81 7.79 3.33 4.98 6.93 6.23 7.59 12.04 5.03
MXQ-SBAB21 3.25 5.80 7.78 3.33 4.98 6.93 6.23 7.77 12.28 5.03

MXQ-SB22 3.25 5.79 7.77 3.34 4.97 6.91 6.25 7.58 12.06 5.04
MXQ-SBAB22 3.25 5.78 7.77 3.34 4.98 6.92 6.25 7.73 12.22 5.04

MXQ-SB23 3.25 5.79 7.77 3.34 4.97 6.91 6.25 7.58 12.06 5.04
MXQ-SBAB23 3.25 5.80 7.76 3.34 4.96 6.91 6.25 7.73 12.23 -

MXQ-SB30 3.25 5.79 7.76 3.35 4.96 6.90 6.27 7.49 11.88 5.05
MXQ-SBAB30 3.25 5.78 7.75 3.35 4.97 6.91 6.27 7.70 12.20 5.04

MXQ-SB31 3.25 5.82 7.79 3.33 4.97 6.93 6.24 7.56 11.99 5.04
MXQ-SBAB31 3.25 5.81 7.78 3.33 4.98 6.93 6.24 7.77 12.31 5.03

MXQ-SB32 3.25 5.80 7.76 3.34 4.96 6.91 6.26 7.49 11.88 5.05
MXQ-SBAB32 3.25 5.79 7.76 3.34 4.97 6.92 6.26 7.72 12.21 5.04

MXQ-SB33 3.25 5.96 8.03 3.28 4.96 6.90 6.27 7.49 11.88 5.05
MXQ-SBAB33

b3g64

3.25 5.78 7.75 3.35 4.96 6.91 6.27 7.72 12.22 5.04

MXQ-SB20 3.13 6.07 8.25 3.17 5.15 7.12 5.77 8.47 13.56 4.77
MXQ-SBAB20 3.13 6.16 8.35 3.17 5.13 7.12 5.77 9.18 14.69 4.76

MXQ-SB21 3.13 6.08 8.25 3.13 5.16 7.13 5.71 8.70 14.00 4.74
MXQ-SBAB21 3.13 6.20 8.37 3.13 5.15 7.13 5.71 9.21 14.77 4.74

MXQ-SB22 3.13 6.07 8.25 3.15 5.15 7.12 5.75 8.47 13.56 4.77
MXQ-SBAB22 3.13 6.15 8.35 3.15 5.14 7.12 5.75 9.18 14.65 4.76

MXQ-SB23 3.13 6.07 8.25 3.17 5.15 7.12 5.77 8.47 13.56 4.77
MXQ-SBAB23 3.13 6.16 8.33 3.17 5.13 7.11 5.77 9.23 14.78 4.76

MXQ-SB30 3.13 6.05 8.22 3.15 5.14 7.10 5.74 8.43 13.50 4.75
MXQ-SBAB30 3.13 6.13 8.29 3.14 5.12 7.10 5.74 9.16 14.65 4.75

MXQ-SB31 3.13 6.08 8.24 3.12 5.16 7.12 5.69 8.59 13.77 4.73
MXQ-SBAB31 3.13 6.18 8.37 3.12 5.14 7.12 5.69 9.24 14.74 4.73

MXQ-SB32 3.13 6.06 8.22 3.14 5.14 7.10 5.72 8.43 13.50 4.75
MXQ-SBAB32 3.13 6.14 8.31 3.14 5.13 7.11 5.72 9.16 14.62 4.75

MXQ-SB33 3.13 6.22 8.35 3.15 5.14 7.10 5.74 8.43 13.50 4.75
MXQ-SBAB33

b3g128

3.13 6.14 8.32 3.14 5.12 7.09 5.74 9.16 14.68 4.75
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Table C.7 Perplexity results of KurtBoost vs Ablation (4-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-KB20 4.51 5.26 7.05 4.18 4.69 6.51 7.78 6.06 9.39 5.74
MXQ-KBAB20 4.51 5.28 7.06 4.18 4.69 6.51 7.78 6.07 9.41 5.74

MXQ-KB21 4.51 5.28 7.07 4.02 4.69 6.51 7.44 6.06 9.40 5.68
MXQ-KBAB21 4.51 5.28 7.07 4.02 4.69 6.51 7.44 6.07 9.41 5.68

MXQ-KB22 4.51 5.27 7.05 4.11 4.69 6.51 7.59 6.06 9.40 5.72
MXQ-KBAB22 4.51 5.28 7.07 4.11 4.69 6.51 7.59 6.07 9.41 5.72

MXQ-KB23 4.51 5.26 7.05 4.18 4.69 6.51 7.72 6.06 9.39 5.74
MXQ-KBAB23 4.51 5.28 7.06 4.18 4.69 6.51 7.72 6.07 9.41 5.74

MXQ-KB30 4.51 5.27 7.05 4.20 4.69 6.51 7.81 6.07 9.39 5.74
MXQ-KBAB30 4.51 5.28 7.07 4.20 4.69 6.51 7.81 6.07 9.41 5.75

MXQ-KB31 4.51 5.28 7.07 4.03 4.69 6.51 7.45 6.07 9.40 5.69
MXQ-KBAB31 4.51 5.28 7.07 4.03 4.69 6.51 7.45 6.07 9.41 5.69

MXQ-KB32 4.51 5.27 7.05 4.13 4.69 6.51 7.60 6.07 9.40 5.72
MXQ-KBAB32 4.51 5.28 7.07 4.13 4.69 6.51 7.60 6.07 9.41 5.72

MXQ-KB33 4.51 5.27 7.05 4.20 4.69 6.51 7.74 6.07 9.39 5.74
MXQ-KBAB33

b4g32

4.51 5.28 7.07 4.20 4.69 6.51 7.74 6.07 9.41 5.75

MXQ-KB20 4.25 5.27 7.08 4.00 4.69 6.53 7.48 6.17 9.57 5.51
MXQ-KBAB20 4.25 5.30 7.11 4.00 4.69 6.53 7.48 6.19 9.59 5.51

MXQ-KB21 4.25 5.30 7.11 3.84 4.70 6.54 7.14 6.17 9.58 5.45
MXQ-KBAB21 4.25 5.31 7.11 3.84 4.70 6.54 7.14 6.19 9.60 5.45

MXQ-KB22 4.25 5.28 7.08 3.93 4.70 6.53 7.28 6.17 9.58 5.49
MXQ-KBAB22 4.25 5.30 7.11 3.93 4.70 6.54 7.28 6.19 9.60 5.49

MXQ-KB23 4.25 5.27 7.08 4.00 4.69 6.53 7.41 6.17 9.57 5.51
MXQ-KBAB23 4.25 5.30 7.11 4.00 4.69 6.53 7.42 6.19 9.59 5.51

MXQ-KB30 4.25 5.27 7.08 4.01 4.69 6.53 7.49 6.17 9.58 5.52
MXQ-KBAB30 4.25 5.30 7.11 4.01 4.69 6.53 7.49 6.19 9.60 5.52

MXQ-KB31 4.25 5.31 7.11 3.84 4.70 6.54 7.14 6.18 9.58 5.45
MXQ-KBAB31 4.25 5.31 7.11 3.84 4.70 6.54 7.14 6.19 9.60 5.45

MXQ-KB32 4.25 5.28 7.09 3.93 4.69 6.54 7.29 6.17 9.58 5.49
MXQ-KBAB32 4.25 5.31 7.11 3.93 4.70 6.54 7.29 6.19 9.60 5.49

MXQ-KB33 4.25 5.27 7.08 4.01 4.69 6.53 7.43 6.17 9.58 5.52
MXQ-KBAB33

b4g64

4.25 5.30 7.11 4.01 4.70 6.53 7.43 6.19 9.60 5.52

MXQ-KB20 4.13 5.34 7.14 3.67 4.72 6.57 6.78 6.36 9.91 5.32
MXQ-KBAB20 4.13 5.34 7.15 3.67 4.74 6.56 6.78 6.37 9.93 5.32

MXQ-KB21 4.13 5.35 7.16 3.66 4.73 6.57 6.75 6.36 9.91 5.31
MXQ-KBAB21 4.13 5.34 7.16 3.66 4.74 6.57 6.75 6.38 9.93 5.31

MXQ-KB22 4.13 5.34 7.15 3.67 4.73 6.57 6.76 6.36 9.91 5.32
MXQ-KBAB22 4.13 5.34 7.16 3.67 4.73 6.57 6.76 6.37 9.93 5.32

MXQ-KB23 4.13 5.34 7.14 3.67 4.73 6.57 6.78 6.36 9.91 5.32
MXQ-KBAB23 4.13 5.34 7.16 3.67 4.73 6.56 6.78 6.37 9.92 5.32

MXQ-KB30 4.13 5.31 7.11 3.91 4.72 6.56 7.25 6.34 9.90 5.41
MXQ-KBAB30 4.13 5.33 7.15 3.91 4.73 6.56 7.25 6.37 9.92 5.41

MXQ-KB31 4.13 5.34 7.15 3.74 4.73 6.57 6.89 6.35 9.90 5.35
MXQ-KBAB31 4.13 5.34 7.16 3.74 4.73 6.57 6.89 6.38 9.93 5.35

MXQ-KB32 4.13 5.32 7.13 3.84 4.72 6.56 7.04 6.34 9.90 5.39
MXQ-KBAB32 4.13 5.34 7.15 3.84 4.73 6.56 7.04 6.38 9.92 5.39

MXQ-KB33 4.13 5.31 7.11 3.91 4.72 6.56 7.18 6.34 9.90 5.41
MXQ-KBAB33

b4g128

4.13 5.34 7.15 3.91 4.73 6.56 7.18 6.37 9.91 5.41
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Table C.8 Perplexity results of KurtBoost vs Ablation (3-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-KB20 3.51 5.59 7.50 3.92 4.86 6.75 7.27 7.02 11.04 5.64
MXQ-KBAB20 3.51 5.60 7.51 3.92 4.88 6.76 7.27 7.06 11.11 5.64

MXQ-KB21 3.51 5.62 7.53 3.93 4.89 6.77 7.29 7.04 11.06 5.65
MXQ-KBAB21 3.51 5.62 7.53 3.93 4.88 6.77 7.29 7.08 11.14 5.65

MXQ-KB22 3.51 5.61 7.51 3.92 4.88 6.76 7.28 7.03 11.04 5.64
MXQ-KBAB22 3.51 5.60 7.52 3.92 4.88 6.77 7.28 7.07 11.13 5.64

MXQ-KB23 3.51 5.59 7.50 3.92 4.87 6.75 7.28 7.02 11.04 5.64
MXQ-KBAB23 3.51 5.60 7.50 3.92 4.87 6.76 7.27 7.06 11.10 5.64

MXQ-KB30 3.51 5.59 7.48 3.93 4.86 6.75 7.30 7.00 11.03 5.65
MXQ-KBAB30 3.51 5.60 7.51 3.93 4.88 6.76 7.30 7.05 11.09 5.65

MXQ-KB31 3.51 5.61 7.53 3.93 4.88 6.77 7.30 7.02 11.05 5.65
MXQ-KBAB31 3.51 5.61 7.53 3.93 4.88 6.78 7.30 7.07 11.14 5.65

MXQ-KB32 3.51 5.60 7.50 3.93 4.88 6.76 7.30 7.01 11.03 5.65
MXQ-KBAB32 3.51 5.60 7.50 3.93 4.88 6.77 - 7.07 11.13 5.65

MXQ-KB33 3.51 5.59 7.48 3.93 4.87 6.75 7.30 7.00 11.03 5.65
MXQ-KBAB33

b3g32

3.51 5.59 7.51 3.93 4.87 6.76 7.30 7.06 11.11 5.65

MXQ-KB20 3.25 5.77 7.73 3.35 4.96 6.89 6.27 7.72 12.20 5.03
MXQ-KBAB20 3.25 5.79 7.74 3.35 4.96 6.90 6.27 7.78 12.28 5.03

MXQ-KB21 3.25 5.81 7.80 3.33 4.98 6.93 6.23 7.75 12.24 5.03
MXQ-KBAB21 3.25 5.81 7.79 3.33 4.98 6.93 6.23 7.79 12.31 5.03

MXQ-KB22 3.25 5.79 7.76 3.34 4.97 6.91 6.25 7.73 12.21 5.03
MXQ-KBAB22 3.25 5.78 7.77 3.34 4.97 6.92 6.25 7.77 12.30 5.03

MXQ-KB23 3.25 5.77 7.73 3.35 4.96 6.90 6.26 7.72 12.20 5.03
MXQ-KBAB23 3.25 5.79 7.75 3.35 4.97 6.91 6.26 7.75 12.29 5.03

MXQ-KB30 3.25 5.77 7.72 3.36 4.94 6.88 6.28 7.71 12.19 5.03
MXQ-KBAB30 3.25 5.78 7.75 3.36 4.96 6.90 6.28 7.75 12.32 5.03

MXQ-KB31 3.25 5.81 7.80 3.33 4.98 6.93 6.24 7.74 12.23 5.03
MXQ-KBAB31 3.25 5.80 7.78 3.33 4.98 6.93 6.24 7.77 12.31 5.03

MXQ-KB32 3.25 5.79 7.76 3.35 4.96 6.90 6.26 7.73 12.21 5.03
MXQ-KBAB32 3.25 5.79 7.76 3.35 4.97 6.91 6.26 7.78 12.31 5.03

MXQ-KB33 3.25 5.77 7.72 3.36 4.95 6.89 6.27 7.71 12.19 5.03
MXQ-KBAB33

b3g64

3.25 5.78 7.74 3.36 4.97 6.91 6.28 7.74 12.27 5.03

MXQ-KB20 3.13 6.04 8.16 3.18 5.14 7.10 5.80 8.95 14.49 4.74
MXQ-KBAB20 3.13 6.18 8.35 3.18 5.13 7.10 5.80 9.23 14.80 4.74

MXQ-KB21 3.13 6.20 8.38 3.13 5.15 7.13 5.71 9.00 14.53 4.72
MXQ-KBAB21 3.13 6.18 8.37 3.13 5.14 7.12 5.71 9.27 14.85 4.73

MXQ-KB22 3.13 6.07 8.24 3.16 5.15 7.12 5.75 8.97 14.52 4.73
MXQ-KBAB22 3.13 6.17 8.31 3.16 5.14 7.12 5.75 9.28 14.89 4.73

MXQ-KB23 3.13 6.04 8.16 3.18 5.14 7.11 5.79 8.95 14.49 4.74
MXQ-KBAB23 3.13 6.17 8.34 3.18 5.13 7.11 5.79 9.27 14.83 4.74

MXQ-KB30 3.13 6.00 8.11 3.15 5.13 7.07 5.76 8.96 14.42 4.73
MXQ-KBAB30 3.13 6.14 8.31 3.15 5.11 7.08 5.76 9.23 14.77 4.73

MXQ-KB31 3.13 6.18 8.38 3.12 5.15 7.12 5.69 9.03 14.50 4.72
MXQ-KBAB31 3.13 6.18 8.36 3.12 5.14 7.12 5.69 9.25 14.80 4.72

MXQ-KB32 3.13 6.05 8.20 3.14 5.14 7.10 5.72 8.99 14.47 4.73
MXQ-KBAB32 3.13 6.15 8.33 3.14 5.12 7.11 - 9.23 14.78 4.73

MXQ-KB33 3.13 6.00 8.11 3.15 5.13 7.08 5.75 8.96 14.42 4.73
MXQ-KBAB33

b3g128

3.13 6.13 8.30 3.15 5.11 7.08 5.75 9.24 14.72 4.73
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Table C.9 This table presents the test configurations benchmarking the SensiMiLP and
KurtMiLP methods. Each approach involves three top-m values (1, 2, 3) across three Llama
models under 21 bit budget configurations. In the ablation tests, all layers are assumed to
contribute to quantization accuracy equally, therefore top-m is no longer applicable.

Llama-2-7B Llama-2-13B Llama-3-8B

Method BPP Top m Top m Top m

1 1 1
2 2 2SensiMiLP

6.89 5.72 5.02 4.51 4.25 4.21 4.17
4.13 4.11 4.07 3.95 3.87 3.83 3.65
3.51 3.25 3.19 3.15 3.13 3.11 3.07 3 3 3

- - -
- - -

SensiMiLP
Ablation

6.89 5.72 5.02 4.51 4.25 4.21 4.17
4.13 4.11 4.07 3.95 3.87 3.83 3.65
3.51 3.25 3.19 3.15 3.13 3.11 3.07 - - -

1 1 1
2 2 2KurtMiLP

6.89 5.72 5.02 4.51 4.25 4.21 4.17
4.13 4.11 4.07 3.95 3.87 3.83 3.65
3.51 3.25 3.19 3.15 3.13 3.11 3.07 3 3 3

- - -
- - -

KurtMiLP
Ablation

6.89 5.72 5.02 4.51 4.25 4.21 4.17
4.13 4.11 4.07 3.95 3.87 3.83 3.65
3.51 3.25 3.19 3.15 3.13 3.11 3.07 - - -

Table C.10 Assessment matrix of SensiMiLP/KurtMiLP approaches

Method SM KM SMAB KMAB HQQ MXQ

SM1 - X X - X X
KM2 - - - X X X
SMAB3 - - - - - -
KMAB4 - - - - - -
HQQ - - - - - -
MXQ - - - - - -

1 SM denotes the SensiMiLP method.
2 KM denotes the KurtMiLP method.
3 SMAB denotes the ablation test for SensiMiLP method.
4 KMAB denotes the ablation test for KurtMiLP method.
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Table C.11 Perplexity results of SensiMiLP vs KurtMiLP (4-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-SM1 4.51 5.28 7.07 3.94 4.69 6.52 7.31 6.13 9.49 5.64
MXQ-KM1 4.51 5.30 7.08 3.94 4.69 6.53 7.31 6.10 9.45 5.65
MXQ-SM2 4.51 5.28 7.08 3.94 4.69 6.53 7.35 6.14 9.52 5.62
MXQ-KM2 4.51 5.28 7.08 3.94 4.69 6.52 7.37 6.10 9.45 5.64
MXQ-SM3 4.51 5.29 7.09 3.94 4.70 6.53 7.37 6.14 9.52 5.62
MXQ-KM3 4.51 5.28 7.08 3.94 4.69 6.53 7.37 6.12 9.48 5.64

HQQ 4.51 5.28 7.07 3.93 4.69 6.51 7.30 6.07 9.41 5.65
AWQ 4.51 5.26 7.04 3.98 4.69 6.51 7.59 6.07 9.39 5.72
GPTQ 4.51 5.39 7.11 4.74 4.72 6.54 8.43 8.80 10.44 6.71
MXQ

b4g32

4.51 5.29 7.08 3.89 4.69 6.51 7.28 6.11 9.47 5.62

MXQ-SM1 4.25 5.31 7.11 3.74 4.70 6.55 6.99 6.19 9.61 5.41
MXQ-KM1 4.25 5.31 7.12 3.74 4.70 6.54 6.99 6.21 9.62 5.41
MXQ-SM2 4.25 5.31 7.12 3.74 4.71 6.55 6.99 6.22 9.65 5.41
MXQ-KM2 4.25 5.31 7.12 3.74 4.70 6.54 6.99 6.20 9.60 5.41
MXQ-SM3 4.25 5.31 7.12 3.74 4.70 6.55 6.99 6.22 9.65 5.41
MXQ-KM3 4.25 5.31 7.11 3.74 4.70 6.55 6.98 6.20 9.61 5.41

HQQ 4.25 5.31 7.12 3.74 4.70 6.54 6.99 6.19 9.61 5.41
AWQ 4.25 5.29 7.07 3.74 4.71 6.53 7.10 6.15 9.52 5.46
GPTQ 4.25 5.39 7.13 4.50 4.73 6.56 7.97 11.83 11.77 6.46
BnB 4.25 5.32 7.12 3.60 4.72 6.55 6.71 6.20 9.64 5.31
MXQ

b4g64

4.25 5.31 7.13 3.71 4.71 6.54 6.90 6.29 9.76 5.49

MXQ-SM1 4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.36 9.91 5.31
MXQ-KM1 4.13 5.35 7.16 3.65 4.74 6.57 6.74 6.37 9.91 5.31
MXQ-SM2 4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.37 9.92 5.31
MXQ-KM2 4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.37 9.93 5.31
MXQ-SM3 4.13 5.35 7.16 - 4.73 6.57 6.74 6.37 9.92 5.31
MXQ-KM3 4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.37 9.93 5.31

HQQ 4.13 5.35 7.16 3.65 4.74 6.57 6.74 6.38 9.94 5.31
AWQ 4.13 5.31 7.10 3.62 4.71 6.55 6.92 6.21 9.67 5.33
GPTQ 4.13 5.39 7.18 4.39 4.74 6.57 7.74 97.03 27.77 6.33
MXQ

b4g128

4.13 5.33 7.17 3.72 4.74 6.57 6.94 6.40 9.96 5.54
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Table C.12 Perplexity results of SensiMiLP vs KurtMiLP (3-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-SM1 3.51 5.73 7.72 3.30 4.99 6.91 6.08 7.33 11.80 4.94
MXQ-KM1 3.51 5.80 7.80 3.30 5.00 6.91 6.07 7.68 12.28 4.94
MXQ-SM2 3.51 5.72 7.72 3.30 4.98 6.91 6.08 7.64 12.10 4.94
MXQ-KM2 3.51 5.71 7.71 3.31 5.00 6.89 6.08 8.02 12.81 4.95
MXQ-SM3 3.51 5.71 7.73 3.31 5.01 6.89 6.08 7.64 12.10 4.94
MXQ-KM3 3.51 5.69 7.65 3.31 4.99 6.90 6.08 7.90 12.66 4.94

HQQ 3.51 5.63 7.55 3.93 4.89 6.78 7.30 7.09 11.16 5.65
GPTQ 3.51 5.94 7.81 3.20 5.09 6.96 5.93 17.76 17.98 4.88
MXQ

b3g32

3.51 5.65 7.61 3.43 4.89 6.82 6.49 7.24 11.49 5.21

MXQ-SM1 3.25 5.93 8.03 3.17 5.13 7.07 5.80 8.19 13.05 4.79
MXQ-KM1 3.25 6.08 8.24 3.17 5.12 7.08 5.80 8.35 13.44 4.79
MXQ-SM2 3.25 6.04 8.17 3.17 5.13 7.07 5.80 8.22 13.20 4.79
MXQ-KM2 3.25 5.98 8.11 3.17 5.11 7.06 5.80 8.23 13.19 4.78
MXQ-SM3 3.25 5.97 8.04 3.17 5.12 7.07 5.80 8.22 13.20 4.79
MXQ-KM3 3.25 5.94 8.04 3.17 5.12 7.06 5.80 8.46 13.64 4.79

HQQ 3.25 5.82 7.81 3.32 4.98 6.94 6.22 7.81 12.36 5.02
GPTQ 3.25 6.13 8.07 2.98 5.14 7.06 5.49 11.16 14.33 4.64
MXQ

b3g64

3.25 5.96 8.03 3.28 5.01 6.98 6.08 9.67 15.42 4.87

MXQ-SM1 3.13 6.18 8.38 3.11 5.15 7.13 5.67 9.27 14.82 4.72
MXQ-KM1 3.13 6.21 8.43 3.11 5.16 7.13 5.67 9.22 14.80 4.72
MXQ-SM2 3.13 6.19 8.38 3.11 5.15 7.14 5.67 9.27 14.84 4.72
MXQ-KM2 3.13 6.20 8.40 3.11 5.15 7.13 5.67 9.24 14.85 4.72
MXQ-SM3 3.13 6.20 8.41 3.11 5.16 7.13 5.67 9.27 14.84 4.72
MXQ-KM3 3.13 6.19 8.38 3.11 5.16 7.13 5.67 9.24 14.85 4.72

HQQ 3.13 6.20 8.40 3.11 5.15 7.14 5.67 9.31 14.89 4.71
GPTQ 3.13 6.32 8.30 2.87 5.24 7.19 5.27 52.78 30.04 4.52
MXQ

b3g128

3.13 6.22 8.35 3.15 5.17 7.18 5.82 13.40 20.90 4.74
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Table C.13 Perplexity results of SensiMiLP vs KurtMiLP (other bits part1)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

FP16 base 16.00 5.18 6.95 12.55 4.63 6.45 19.21 5.81 8.98 14.96

MXQ-SM1 6.89 5.23 7.00 5.77 4.66 6.48 10.87 6.03 9.36 7.56
MXQ-SM1 5.72 5.25 7.03 4.86 4.67 6.49 9.19 6.06 9.41 6.62
MXQ-SM1 5.02 5.26 7.04 4.33 4.68 6.51 8.08 6.08 9.40 6.05
MXQ-SM1 4.21 5.32 7.12 3.71 4.70 6.55 6.90 6.24 9.69 5.38
MXQ-SM1 4.17 5.34 7.14 3.68 4.72 6.56 6.82 6.29 9.77 5.35
MXQ-SM1 4.11 5.36 7.17 3.64 4.74 6.58 6.72 6.44 10.04 5.30
MXQ-SM1 4.07 5.37 7.21 3.62 4.76 6.60 6.68 6.64 10.47 5.30
MXQ-SM1 3.95 5.47 7.35 3.55 4.80 6.66 6.55 6.69 10.47 5.21
MXQ-SM1 3.87 5.53 7.44 3.51 4.83 6.71 6.47 7.07 11.20 5.17
MXQ-SM1 3.83 5.54 7.46 3.49 4.83 6.71 6.42 7.22 11.38 5.14
MXQ-SM1 3.65 5.65 7.64 3.39 4.91 6.83 6.23 7.08 11.23 5.02
MXQ-SM1 3.19 6.04 8.20 3.14 5.14 7.09 5.74 8.49 13.51 4.75
MXQ-SM1 3.15 6.08 8.25 3.12 5.16 7.13 5.69 8.68 13.92 4.73
MXQ-SM1 3.11 6.25 8.45 3.09 5.22 7.22 5.64 12.93 20.68 4.70
MXQ-SM1 3.07 6.87 9.31 3.04 5.33 7.40 5.57 11.19 17.86 4.65
MXQ-KM1 6.89 5.24 7.00 5.77 4.66 6.48 10.90 6.02 9.34 7.56
MXQ-KM1 5.72 5.25 7.04 4.86 4.67 6.50 9.24 6.05 9.39 6.62
MXQ-KM1 5.02 5.28 7.06 4.33 4.68 6.51 8.08 6.06 9.38 6.06
MXQ-KM1 4.21 5.32 7.13 3.71 4.72 6.56 6.92 6.24 9.69 5.38
MXQ-KM1 4.17 5.34 7.14 3.68 4.72 6.56 6.82 6.30 9.78 5.35
MXQ-KM1 4.11 5.36 7.18 3.64 4.75 6.57 6.72 6.42 10.04 5.30
MXQ-KM1 4.07 5.37 7.21 3.62 4.76 6.60 6.68 6.89 10.85 5.29
MXQ-KM1 3.95 5.47 7.34 3.55 4.80 6.64 6.54 6.89 10.80 5.21
MXQ-KM1 3.87 5.51 7.41 3.51 4.83 6.71 6.47 7.17 11.28 5.16
MXQ-KM1 3.83 5.54 7.47 3.48 4.83 6.69 6.42 7.00 11.06 5.14
MXQ-KM1 3.65 5.69 7.68 3.38 4.95 6.83 6.22 7.43 11.90 5.02
MXQ-KM1 3.19 6.12 8.30 3.14 5.12 7.09 5.74 8.65 13.82 4.75
MXQ-KM1 3.15 6.19 8.39 3.12 5.15 7.12 5.69 8.90 14.09 4.73
MXQ-KM1 3.11 6.30 8.57 3.09 5.23 7.25 5.64 10.55 16.96 4.69
MXQ-KM1 3.07 6.89 9.45 3.04 5.31 7.38 5.56 10.73 17.08 4.65
MXQ-SM2 6.89 5.22 7.00 5.75 4.66 6.48 10.98 6.04 9.37 7.56
MXQ-SM2 5.72 5.25 7.02 4.85 4.67 6.49 9.15 6.05 9.38 6.61
MXQ-SM2 5.02 5.26 7.05 4.32 4.68 6.50 8.07 6.08 9.40 6.05
MXQ-SM2 4.21 5.32 7.12 3.71 4.72 6.56 6.91 6.25 9.70 5.38
MXQ-SM2 4.17 5.34 7.14 3.68 4.72 6.57 6.82 6.29 9.76 5.35
MXQ-SM2 4.11 5.35 7.17 3.64 4.75 6.58 6.72 6.43 10.03 5.30
MXQ-SM2 4.07 5.39 7.21 3.62 4.76 6.61 6.68 6.49 10.17 5.28
MXQ-SM2 3.95 5.46 7.34 3.55 4.80 6.66 6.55 6.97 10.97 5.21
MXQ-SM2 3.87 5.50 7.41 3.51 4.83 6.71 6.47 6.85 10.75 5.16
MXQ-SM2 3.83 5.53 7.45 3.48 4.84 6.72 6.42 7.11 11.36 5.14
MXQ-SM2 3.65 5.64 7.64 3.39 4.95 6.84 6.22 7.38 11.74 5.03
MXQ-SM2 3.19 6.06 8.22 3.14 5.14 7.09 5.74 8.37 13.43 4.75
MXQ-SM2 3.15 6.08 8.25 3.12 5.15 7.12 5.69 9.08 14.52 4.73
MXQ-SM2 3.11 6.34 8.58 3.09 5.21 7.20 5.64 11.24 17.72 4.69
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Table C.14 Perplexity results of SensiMiLP vs KurtMiLP (other bits part2)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

FP16 base 16.00 5.18 6.95 12.55 4.63 6.45 19.21 5.81 8.98 14.96

MXQ-SM2 3.07 6.86 9.28 3.05 5.36 7.40 5.56 13.97 21.63 4.65
MXQ-KM2 6.89 5.23 7.00 5.76 4.66 6.48 10.86 6.02 9.32 7.56
MXQ-KM2 5.72 5.25 7.02 4.86 4.67 6.49 9.18 6.04 9.39 6.62
MXQ-KM2 5.02 5.26 7.05 4.33 4.68 6.50 8.08 6.06 9.38 6.06
MXQ-KM2 4.21 5.32 7.12 3.71 4.70 6.55 6.89 6.25 9.69 5.38
MXQ-KM2 4.17 5.34 7.14 3.68 4.72 6.56 6.82 6.30 9.78 5.35
MXQ-KM2 4.11 5.38 7.23 3.64 4.74 6.58 6.72 6.42 10.04 5.30
MXQ-KM2 4.07 5.41 7.25 3.62 4.76 6.60 6.68 6.50 10.22 5.28
MXQ-KM2 3.95 5.46 7.33 3.55 4.80 6.66 6.55 6.84 10.70 5.22
MXQ-KM2 3.87 5.53 7.44 3.50 4.83 6.70 6.47 7.13 11.23 5.16
MXQ-KM2 3.83 5.53 7.45 3.49 4.84 6.73 6.42 7.44 11.67 5.14
MXQ-KM2 3.65 5.63 7.61 3.39 4.95 6.83 6.22 7.60 12.08 5.03
MXQ-KM2 3.19 6.04 8.17 3.14 5.13 7.08 5.74 8.59 13.64 4.76
MXQ-KM2 3.15 6.09 8.27 3.12 5.14 7.12 5.69 8.98 14.44 4.73
MXQ-KM2 3.11 7.42 10.13 3.09 5.20 7.21 5.65 10.37 16.44 4.69
MXQ-KM2 3.07 6.75 9.20 3.04 5.36 7.39 5.56 17.41 27.29 4.65
MXQ-SM3 6.89 5.23 7.00 5.76 4.66 6.48 10.93 6.04 9.37 7.56
MXQ-SM3 5.72 5.25 7.03 4.87 4.67 6.49 9.22 6.05 9.38 6.61
MXQ-SM3 5.02 5.26 7.05 4.33 4.68 6.50 8.07 6.08 9.40 6.05
MXQ-SM3 4.21 5.33 7.12 3.71 4.72 6.56 6.90 6.25 9.70 5.38
MXQ-SM3 4.17 5.33 7.14 - 4.72 6.57 6.81 6.29 9.76 5.35
MXQ-SM3 4.11 5.36 7.17 - 4.75 6.58 6.72 6.43 10.03 5.30
MXQ-SM3 4.07 5.37 7.19 3.62 4.76 6.60 6.68 6.49 10.17 5.28
MXQ-SM3 3.95 5.46 7.34 3.55 4.80 6.66 6.55 6.97 10.97 5.21
MXQ-SM3 3.87 5.50 7.41 3.51 4.83 6.71 6.47 6.85 10.75 5.16
MXQ-SM3 3.83 5.56 7.49 3.49 4.84 6.72 6.42 7.11 11.36 5.14
MXQ-SM3 3.65 5.64 7.64 3.39 4.95 6.85 6.22 7.38 11.74 5.03
MXQ-SM3 3.19 6.15 8.34 3.14 5.14 7.10 5.74 8.37 13.43 4.75
MXQ-SM3 3.15 6.08 8.25 3.12 5.15 7.12 5.69 9.08 14.52 4.73
MXQ-SM3 3.11 6.40 8.60 3.09 5.23 7.22 5.63 11.24 17.72 4.69
MXQ-SM3 3.07 14.62 24.89 3.04 5.36 7.39 5.56 13.97 21.63 4.65
MXQ-KM3 6.89 5.23 7.00 5.76 4.66 6.48 10.88 6.02 9.33 7.56
MXQ-KM3 5.72 5.24 7.03 4.86 4.67 6.49 9.22 6.05 9.38 6.62
MXQ-KM3 5.02 5.26 7.04 4.33 4.68 6.51 8.09 6.06 9.39 6.05
MXQ-KM3 4.21 5.33 7.12 3.71 4.72 6.56 6.90 6.25 9.70 5.38
MXQ-KM3 4.17 5.34 7.13 3.68 4.72 6.56 6.80 6.30 9.80 5.35
MXQ-KM3 4.11 5.36 7.17 3.64 4.75 6.58 6.72 6.46 10.09 5.31
MXQ-KM3 4.07 5.39 7.22 3.62 4.75 6.59 6.68 6.79 10.64 5.28
MXQ-KM3 3.95 5.43 7.27 3.55 4.81 6.66 6.55 6.95 10.96 5.22
MXQ-KM3 3.87 5.48 7.36 3.51 4.83 6.70 6.47 7.46 11.80 5.16
MXQ-KM3 3.83 5.51 7.39 3.49 4.87 6.72 6.42 7.41 11.59 5.14
MXQ-KM3 3.65 5.61 7.55 3.39 4.92 6.84 6.23 7.60 12.08 5.03
MXQ-KM3 3.19 6.02 8.12 3.14 5.14 7.10 5.73 8.76 14.03 4.75
MXQ-KM3 3.15 6.09 8.27 3.12 5.14 7.12 5.69 9.13 14.66 4.73
MXQ-KM3 3.11 6.33 8.58 3.09 5.21 7.22 5.64 10.05 15.65 4.70
MXQ-KM3 3.07 7.10 9.51 3.04 5.34 7.37 5.56 10.45 16.67 4.65
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Table C.15 Perplexity results of SensiMiLP vs Ablation (3 and 4-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-SM1 4.51 5.28 7.07 3.94 4.69 6.52 7.31 6.13 9.49 5.64
MXQ-SM2 4.51 5.28 7.08 3.94 4.69 6.53 7.35 6.14 9.52 5.62
MXQ-SM3 4.51 5.29 7.09 3.94 4.70 6.53 7.37 6.14 9.52 5.62

MXQ-SMAB

b4g32

4.51 5.28 7.07 3.93 4.69 6.51 7.33 6.07 9.41 5.65

MXQ-SM1 4.25 5.31 7.11 3.74 4.70 6.55 6.99 6.19 9.61 5.41
MXQ-SM2 4.25 5.31 7.12 3.74 4.71 6.55 6.99 6.22 9.65 5.41
MXQ-SM3 4.25 5.31 7.12 3.74 4.70 6.55 6.99 6.22 9.65 5.41

MXQ-SMAB

b4g64

4.25 5.31 7.12 3.74 4.70 6.54 6.98 6.20 9.61 5.41

MXQ-SM1 4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.36 9.91 5.31
MXQ-SM2 4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.37 9.92 5.31
MXQ-SM3 4.13 5.35 7.16 - 4.73 6.57 6.74 6.37 9.92 5.31

MXQ-SMAB

b4g128

4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.37 9.92 5.31

MXQ-SM1 3.51 5.73 7.72 3.30 4.99 6.91 6.08 7.33 11.80 4.94
MXQ-SM2 3.51 5.72 7.72 3.30 4.98 6.91 6.08 7.64 12.10 4.94
MXQ-SM3 3.51 5.71 7.73 3.31 5.01 6.89 6.08 7.64 12.10 4.94

MXQ-SMAB

b3g32

3.51 5.87 7.93 3.32 4.94 6.85 6.08 8.03 12.87 4.94

MXQ-SM1 3.25 5.93 8.03 3.17 5.13 7.07 5.80 8.19 13.05 4.79
MXQ-SM2 3.25 6.04 8.17 3.17 5.13 7.07 5.80 8.22 13.20 4.79
MXQ-SM3 3.25 5.97 8.04 3.17 5.12 7.07 5.80 8.22 13.20 4.79

MXQ-SMAB

b3g64

3.25 5.93 8.04 3.17 5.13 7.08 5.80 8.72 13.89 4.78

MXQ-SM1 3.13 6.18 8.38 3.11 5.15 7.13 5.67 9.27 14.82 4.72
MXQ-SM2 3.13 6.19 8.38 3.11 5.15 7.14 5.67 9.27 14.84 4.72
MXQ-SM3 3.13 6.20 8.41 3.11 5.16 7.13 5.67 9.27 14.84 4.72

MXQ-SMAB

b3g128

3.13 6.18 8.37 3.11 5.15 7.13 5.67 9.28 14.83 4.71
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Table C.16 Perplexity results of SensiMiLP vs Ablation (other bits)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-SM1 6.89 5.23 7.00 5.77 4.66 6.48 10.87 6.03 9.36 7.56
MXQ-SM1 5.72 5.25 7.03 4.86 4.67 6.49 9.19 6.06 9.41 6.62
MXQ-SM1 5.02 5.26 7.04 4.33 4.68 6.51 8.08 6.08 9.40 6.05
MXQ-SM1 4.21 5.32 7.12 3.71 4.70 6.55 6.90 6.24 9.69 5.38
MXQ-SM1 4.17 5.34 7.14 3.68 4.72 6.56 6.82 6.29 9.77 5.35
MXQ-SM1 4.11 5.36 7.17 3.64 4.74 6.58 6.72 6.44 10.04 5.30
MXQ-SM1 4.07 5.37 7.21 3.62 4.76 6.60 6.68 6.64 10.47 5.30
MXQ-SM1 3.95 5.47 7.35 3.55 4.80 6.66 6.55 6.69 10.47 5.21
MXQ-SM1 3.87 5.53 7.44 3.51 4.83 6.71 6.47 7.07 11.20 5.17
MXQ-SM1 3.83 5.54 7.46 3.49 4.83 6.71 6.42 7.22 11.38 5.14
MXQ-SM1 3.65 5.65 7.64 3.39 4.91 6.83 6.23 7.08 11.23 5.02
MXQ-SM1 3.19 6.04 8.20 3.14 5.14 7.09 5.74 8.49 13.51 4.75
MXQ-SM1 3.15 6.08 8.25 3.12 5.16 7.13 5.69 8.68 13.92 4.73
MXQ-SM1 3.11 6.25 8.45 3.09 5.22 7.22 5.64 12.93 20.68 4.70
MXQ-SM1 3.07 6.87 9.31 3.04 5.33 7.40 5.57 11.19 17.86 4.65
MXQ-SM2 6.89 5.22 7.00 5.75 4.66 6.48 10.98 6.04 9.37 7.56
MXQ-SM2 5.72 5.25 7.02 4.85 4.67 6.49 9.15 6.05 9.38 6.61
MXQ-SM2 5.02 5.26 7.05 4.32 4.68 6.50 8.07 6.08 9.40 6.05
MXQ-SM2 4.21 5.32 7.12 3.71 4.72 6.56 6.91 6.25 9.70 5.38
MXQ-SM2 4.17 5.34 7.14 3.68 4.72 6.57 6.82 6.29 9.76 5.35
MXQ-SM2 4.11 5.35 7.17 3.64 4.75 6.58 6.72 6.43 10.03 5.30
MXQ-SM2 4.07 5.39 7.21 3.62 4.76 6.61 6.68 6.49 10.17 5.28
MXQ-SM2 3.95 5.46 7.34 3.55 4.80 6.66 6.55 6.97 10.97 5.21
MXQ-SM2 3.87 5.50 7.41 3.51 4.83 6.71 6.47 6.85 10.75 5.16
MXQ-SM2 3.83 5.53 7.45 3.48 4.84 6.72 6.42 7.11 11.36 5.14
MXQ-SM2 3.65 5.64 7.64 3.39 4.95 6.84 6.22 7.38 11.74 5.03
MXQ-SM2 3.19 6.06 8.22 3.14 5.14 7.09 5.74 8.37 13.43 4.75
MXQ-SM2 3.15 6.08 8.25 3.12 5.15 7.12 5.69 9.08 14.52 4.73
MXQ-SM2 3.11 6.34 8.58 3.09 5.21 7.20 5.64 11.24 17.72 4.69
MXQ-SM2 3.07 6.86 9.28 3.05 5.36 7.40 5.56 13.97 21.63 4.65
MXQ-SM3 6.89 5.23 7.00 5.76 4.66 6.48 10.93 6.04 9.37 7.56
MXQ-SM3 5.72 5.25 7.03 4.87 4.67 6.49 9.22 6.05 9.38 6.61
MXQ-SM3 5.02 5.26 7.05 4.33 4.68 6.50 8.07 6.08 9.40 6.05
MXQ-SM3 4.21 5.33 7.12 3.71 4.72 6.56 6.90 6.25 9.70 5.38
MXQ-SM3 4.17 5.33 7.14 - 4.72 6.57 6.81 6.29 9.76 5.35
MXQ-SM3 4.11 5.36 7.17 - 4.75 6.58 6.72 6.43 10.03 5.30
MXQ-SM3 4.07 5.37 7.19 3.62 4.76 6.60 6.68 6.49 10.17 5.28
MXQ-SM3 3.95 5.46 7.34 3.55 4.80 6.66 6.55 6.97 10.97 5.21
MXQ-SM3 3.87 5.50 7.41 3.51 4.83 6.71 6.47 6.85 10.75 5.16
MXQ-SM3 3.83 5.56 7.49 3.49 4.84 6.72 6.42 7.11 11.36 5.14
MXQ-SM3 3.65 5.64 7.64 3.39 4.95 6.85 6.22 7.38 11.74 5.03
MXQ-SM3 3.19 6.15 8.34 3.14 5.14 7.10 5.74 8.37 13.43 4.75
MXQ-SM3 3.15 6.08 8.25 3.12 5.15 7.12 5.69 9.08 14.52 4.73
MXQ-SM3 3.11 6.40 8.60 3.09 5.23 7.22 5.63 11.24 17.72 4.69
MXQ-SM3 3.07 14.62 24.89 3.04 5.36 7.39 5.56 13.97 21.63 4.65

MXQ-SMAB 6.89 5.23 7.02 5.77 4.66 6.48 10.95 6.03 9.35 7.56
MXQ-SMAB 5.72 5.25 7.02 4.85 4.67 6.49 9.22 6.05 9.37 6.63
MXQ-SMAB 5.02 5.27 7.07 4.33 4.68 6.50 8.12 6.06 9.41 6.06
MXQ-SMAB 4.21 5.32 7.13 3.71 4.72 6.56 6.92 6.25 9.71 5.38
MXQ-SMAB 4.17 5.34 7.15 3.68 4.73 6.56 6.83 6.30 9.80 5.35
MXQ-SMAB 4.11 5.36 7.18 3.64 4.75 6.58 6.72 6.44 10.04 5.30
MXQ-SMAB 4.07 5.38 7.21 3.62 4.76 6.60 6.68 6.90 10.78 5.28
MXQ-SMAB 3.95 5.47 7.35 3.55 4.80 6.66 6.55 6.93 10.82 5.21
MXQ-SMAB 3.87 5.50 7.38 3.50 4.86 6.70 6.45 7.30 11.41 5.16
MXQ-SMAB 3.83 5.58 7.48 3.49 4.85 6.71 6.42 7.59 11.91 5.14
MXQ-SMAB 3.65 5.66 7.64 3.39 4.91 6.83 6.23 7.32 11.53 5.03
MXQ-SMAB 3.19 6.16 8.32 3.14 5.13 7.10 5.74 9.04 14.36 4.75
MXQ-SMAB 3.15 6.16 8.35 3.12 5.14 7.13 5.69 9.18 14.68 4.73
MXQ-SMAB 3.11 6.30 8.53 3.09 5.23 7.24 5.63 10.13 16.12 4.69
MXQ-SMAB 3.07 6.75 9.17 3.04 5.32 7.35 5.56 11.87 18.96 4.65
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Table C.17 Perplexity results of KurtMiLP vs Ablation (3 and 4-bit)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-KM1 4.51 5.30 7.08 3.94 4.69 6.53 7.31 6.10 9.45 5.65
MXQ-KM2 4.51 5.28 7.08 3.94 4.69 6.52 7.37 6.10 9.45 5.64
MXQ-KM3 4.51 5.28 7.08 3.94 4.69 6.53 7.37 6.12 9.48 5.64

MXQ-KMAB

b4g32

4.51 5.28 7.07 3.93 4.69 6.51 7.33 6.07 9.41 5.65

MXQ-KM1 4.25 5.31 7.12 3.74 4.70 6.54 6.99 6.21 9.62 5.41
MXQ-KM2 4.25 5.31 7.12 3.74 4.70 6.54 6.99 6.20 9.60 5.41
MXQ-KM3 4.25 5.31 7.11 3.74 4.70 6.55 6.98 6.20 9.61 5.41

MXQ-KMAB

b4g64

4.25 5.31 7.12 3.74 4.70 6.54 6.98 6.20 9.61 5.41

MXQ-KM1 4.13 5.35 7.16 3.65 4.74 6.57 6.74 6.37 9.91 5.31
MXQ-KM2 4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.37 9.93 5.31
MXQ-KM3 4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.37 9.93 5.31

MXQ-KMAB

b4g128

4.13 5.35 7.16 3.65 4.73 6.57 6.74 6.37 9.92 5.31

MXQ-KM1 3.51 5.80 7.80 3.30 5.00 6.91 6.07 7.68 12.28 4.94
MXQ-KM2 3.51 5.71 7.71 3.31 5.00 6.89 6.08 8.02 12.81 4.95
MXQ-KM3 3.51 5.69 7.65 3.31 4.99 6.90 6.08 7.90 12.66 4.94

MXQ-KMAB

b3g32

3.51 5.87 7.93 3.32 4.94 6.85 6.08 8.03 12.87 4.94

MXQ-KM1 3.25 6.08 8.24 3.17 5.12 7.08 5.80 8.35 13.44 4.79
MXQ-KM2 3.25 5.98 8.11 3.17 5.11 7.06 5.80 8.23 13.19 4.78
MXQ-KM3 3.25 5.94 8.04 3.17 5.12 7.06 5.80 8.46 13.64 4.79

MXQ-KMAB

b3g64

3.25 5.93 8.04 3.17 5.13 7.08 5.80 8.72 13.89 4.78

MXQ-KM1 3.13 6.21 8.43 3.11 5.16 7.13 5.67 9.22 14.80 4.72
MXQ-KM2 3.13 6.20 8.40 3.11 5.15 7.13 5.67 9.24 14.85 4.72
MXQ-KM3 3.13 6.19 8.38 3.11 5.16 7.13 5.67 9.24 14.85 4.72

MXQ-KMAB

b3g128

3.13 6.18 8.37 3.11 5.15 7.13 5.67 9.28 14.83 4.71
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Table C.18 Perplexity results of KurtMiLP vs Ablation (other bits)

Llama-2-7B Llama-2-13B Llama-3-8B

Method Config BPP WikiText2 C4 MEM WikiText2 C4 MEM WikiText2 C4 MEM

MXQ-KM1 6.89 5.24 7.00 5.77 4.66 6.48 10.90 6.02 9.34 7.56
MXQ-KM1 5.72 5.25 7.04 4.86 4.67 6.50 9.24 6.05 9.39 6.62
MXQ-KM1 5.02 5.28 7.06 4.33 4.68 6.51 8.08 6.06 9.38 6.06
MXQ-KM1 4.21 5.32 7.13 3.71 4.72 6.56 6.92 6.24 9.69 5.38
MXQ-KM1 4.17 5.34 7.14 3.68 4.72 6.56 6.82 6.30 9.78 5.35
MXQ-KM1 4.11 5.36 7.18 3.64 4.75 6.57 6.72 6.42 10.04 5.30
MXQ-KM1 4.07 5.37 7.21 3.62 4.76 6.60 6.68 6.89 10.85 5.29
MXQ-KM1 3.95 5.47 7.34 3.55 4.80 6.64 6.54 6.89 10.80 5.21
MXQ-KM1 3.87 5.51 7.41 3.51 4.83 6.71 6.47 7.17 11.28 5.16
MXQ-KM1 3.83 5.54 7.47 3.48 4.83 6.69 6.42 7.00 11.06 5.14
MXQ-KM1 3.65 5.69 7.68 3.38 4.95 6.83 6.22 7.43 11.90 5.02
MXQ-KM1 3.19 6.12 8.30 3.14 5.12 7.09 5.74 8.65 13.82 4.75
MXQ-KM1 3.15 6.19 8.39 3.12 5.15 7.12 5.69 8.90 14.09 4.73
MXQ-KM1 3.11 6.30 8.57 3.09 5.23 7.25 5.64 10.55 16.96 4.69
MXQ-KM1 3.07 6.89 9.45 3.04 5.31 7.38 5.56 10.73 17.08 4.65
MXQ-KM2 6.89 5.23 7.00 5.76 4.66 6.48 10.86 6.02 9.32 7.56
MXQ-KM2 5.72 5.25 7.02 4.86 4.67 6.49 9.18 6.04 9.39 6.62
MXQ-KM2 5.02 5.26 7.05 4.33 4.68 6.50 8.08 6.06 9.38 6.06
MXQ-KM2 4.21 5.32 7.12 3.71 4.70 6.55 6.89 6.25 9.69 5.38
MXQ-KM2 4.17 5.34 7.14 3.68 4.72 6.56 6.82 6.30 9.78 5.35
MXQ-KM2 4.11 5.38 7.23 3.64 4.74 6.58 6.72 6.42 10.04 5.30
MXQ-KM2 4.07 5.41 7.25 3.62 4.76 6.60 6.68 6.50 10.22 5.28
MXQ-KM2 3.95 5.46 7.33 3.55 4.80 6.66 6.55 6.84 10.70 5.22
MXQ-KM2 3.87 5.53 7.44 3.50 4.83 6.70 6.47 7.13 11.23 5.16
MXQ-KM2 3.83 5.53 7.45 3.49 4.84 6.73 6.42 7.44 11.67 5.14
MXQ-KM2 3.65 5.63 7.61 3.39 4.95 6.83 6.22 7.60 12.08 5.03
MXQ-KM2 3.19 6.04 8.17 3.14 5.13 7.08 5.74 8.59 13.64 4.76
MXQ-KM2 3.15 6.09 8.27 3.12 5.14 7.12 5.69 8.98 14.44 4.73
MXQ-KM2 3.11 7.42 10.13 3.09 5.20 7.21 5.65 10.37 16.44 4.69
MXQ-KM2 3.07 6.75 9.20 3.04 5.36 7.39 5.56 17.41 27.29 4.65
MXQ-KM3 6.89 5.23 7.00 5.76 4.66 6.48 10.88 6.02 9.33 7.56
MXQ-KM3 5.72 5.24 7.03 4.86 4.67 6.49 9.22 6.05 9.38 6.62
MXQ-KM3 5.02 5.26 7.04 4.33 4.68 6.51 8.09 6.06 9.39 6.05
MXQ-KM3 4.21 5.33 7.12 3.71 4.72 6.56 6.90 6.25 9.70 5.38
MXQ-KM3 4.17 5.34 7.13 3.68 4.72 6.56 6.80 6.30 9.80 5.35
MXQ-KM3 4.11 5.36 7.17 3.64 4.75 6.58 6.72 6.46 10.09 5.31
MXQ-KM3 4.07 5.39 7.22 3.62 4.75 6.59 6.68 6.79 10.64 5.28
MXQ-KM3 3.95 5.43 7.27 3.55 4.81 6.66 6.55 6.95 10.96 5.22
MXQ-KM3 3.87 5.48 7.36 3.51 4.83 6.70 6.47 7.46 11.80 5.16
MXQ-KM3 3.83 5.51 7.39 3.49 4.87 6.72 6.42 7.41 11.59 5.14
MXQ-KM3 3.65 5.61 7.55 3.39 4.92 6.84 6.23 7.60 12.08 5.03
MXQ-KM3 3.19 6.02 8.12 3.14 5.14 7.10 5.73 8.76 14.03 4.75
MXQ-KM3 3.15 6.09 8.27 3.12 5.14 7.12 5.69 9.13 14.66 4.73
MXQ-KM3 3.11 6.33 8.58 3.09 5.21 7.22 5.64 10.05 15.65 4.70
MXQ-KM3 3.07 7.10 9.51 3.04 5.34 7.37 5.56 10.45 16.67 4.65

MXQ-KMAB 6.89 5.23 7.02 5.77 4.66 6.48 10.95 6.03 9.35 7.56
MXQ-KMAB 5.72 5.25 7.02 4.85 4.67 6.49 9.22 6.05 9.37 6.63
MXQ-KMAB 5.02 5.27 7.07 4.33 4.68 6.50 8.12 6.06 9.41 6.06
MXQ-KMAB 4.21 5.32 7.13 3.71 4.72 6.56 6.92 6.25 9.71 5.38
MXQ-KMAB 4.17 5.34 7.15 3.68 4.73 6.56 6.83 6.30 9.80 5.35
MXQ-KMAB 4.11 5.36 7.18 3.64 4.75 6.58 6.72 6.44 10.04 5.30
MXQ-KMAB 4.07 5.38 7.21 3.62 4.76 6.60 6.68 6.90 10.78 5.28
MXQ-KMAB 3.95 5.47 7.35 3.55 4.80 6.66 6.55 6.93 10.82 5.21
MXQ-KMAB 3.87 5.50 7.38 3.50 4.86 6.70 6.45 7.30 11.41 5.16
MXQ-KMAB 3.83 5.58 7.48 3.49 4.85 6.71 6.42 7.59 11.91 5.14
MXQ-KMAB 3.65 5.66 7.64 3.39 4.91 6.83 6.23 7.32 11.53 5.03
MXQ-KMAB 3.19 6.16 8.32 3.14 5.13 7.10 5.74 9.04 14.36 4.75
MXQ-KMAB 3.15 6.16 8.35 3.12 5.14 7.13 5.69 9.18 14.68 4.73
MXQ-KMAB 3.11 6.30 8.53 3.09 5.23 7.24 5.63 10.13 16.12 4.69
MXQ-KMAB 3.07 6.75 9.17 3.04 5.32 7.35 5.56 11.87 18.96 4.65
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