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Abstract

Large language models (LLMs) have advanced
natural language processing, but their mas-
sive parameter counts create computational and
memory challenges during deployment. Post-
training quantization (PTQ) has emerged as
a promising approach to mitigate these chal-
lenges. While existing PTQ methods can ef-
fectively quantize LLMs, they experience sub-
stantial accuracy loss at extremely low bit-
widths due to high-impact parameters. Sev-
eral approaches address this by retaining high-
impact parameters in FP16 format, but they
apply fixed ratios across all layers, overlook-
ing layer-wise sensitivity variations. We pro-
pose a quadratic optimization framework that
determines layer-specific ratios of high-impact
parameters while considering inter-layer depen-
dencies. We quantize high-impact parameters
to moderate bit-widths while the remaining pa-
rameters are quantized to extremely low bit-
widths. Under the same resource budget, this
preserves more high-impact parameters than
methods retaining a few in FP16 format. Our
framework enables leveraging advanced quan-
tization methods for high-impact parameters
while applying lightweight computational quan-
tization methods to the rest, achieving an effec-
tive balance between computational efficiency
and accuracy during quantization process.

1 Introduction

Large language models (LLMs) (Wei et al., 2022a;
Touvron et al., 2023; Zhang et al., 2022), have
gained significant attention due to their remarkable
performance in handling complex natural language
tasks (Hendrycks et al., 2021), such as language
generation, translation, question answering, and
text summarization. However, the significantly
large size of these models, often comprising billion-
level parameters, demands significant computa-
tional resources for inference and deployment. To
address this issue, an attractive approach is net-
work quantization (Frantar et al., 2023), which not

only reduces the computation costs, but also sig-
nificantly reduces the memory usage. Compared
to quantization aware training (QAT) that requires
huge training costs and access to large training data,
the post-training quantization (PTQ) (Frantar et al.,
2023; Lin et al., 2024; Xiao et al., 2023; Wei et al.,
2023), which requires limited calibration data and
computational resources, is more in demand for
quantizing LLMs.

Previous PTQ methods (Wei et al., 2023; Xiao
et al., 2023; Shao et al., 2024) for LLMs have
demonstrated the ability to quantize LLMs to lower
precision. For example, quantizing weights to 4
bits often results in negligible performance degra-
dation. However, when quantized to extremely
low bit-width (e.g., 2-bit weight-only quantiza-
tion), these methods lead to significant perfor-
mance degradation compared to full-precision mod-
els. Several approaches (Lin et al., 2024; Kim
et al., 2024; Shao et al., 2024; Cui and Wang, 2024)
indicate that high-impact parameters that signifi-
cantly influence quantization performance are of-
ten the biggest challenge in LLM quantization. In
AWQ (Lin et al., 2024), the authors indicate that not
all weights in an LLM are equally important, and
protecting only a small percentage of high-impact
weights can greatly reduce quantization error. In
CherryQ (Cui and Wang, 2024), the authors sep-
arate high-impact parameters in an element-wise
manner. In SqueezeLLM (Kim et al., 2024), the
authors represent sensitive weight values in an ef-
ficient sparse format and adopt codebook-based
non-uniform quantization, which is not hardware-
friendly compared to standard uniform quantization
methods. Although these approaches successfully
improve performance of PTQ for LLMs, applying
a fixed ratio of high-impact parameters across all
layers overlooks layer-wise variation in parameter
importance. For instance, in LLaMA-2-7B, the self-
attention key projection at block 2 contains a large
fraction of channels with high Fisher information,
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whereas the MLP down-projection at block 3 con-
tains only a small number of high-impact channels
(see Figure 1). Consequently, this approach may be
suboptimal as the ratio of importance of parameters
differs across layers. Additionally, handling impor-
tant parameters in an element-wise manner in Cher-
ryQ (Cui and Wang, 2024) or using non-uniform
quantization as in SqueezeLLM (Kim et al., 2024)
may not be hardware-friendly and pose challenges
for hardware deployment.

In this paper, we propose a principled approach
inspired by (Chen et al., 2021; Deng et al., 2023)
for mixed-precision quantization of convolutional
neural networks via quadratic optimization to iden-
tify the accurate ratio of high-impact parameters
for each layer in a channel-wise manner. Specifi-
cally, we propose an efficient quadratic optimiza-
tion approach to determine the optimal ratio of
high-impact parameters, which takes into account
the impact of different layer sensitivities on model
performance. Under the same resource-constrained
budget, retaining all high-impact parameters in
FP16 format or full precision is not always the
best strategy, as it limits the total number of such
parameters that can be preserved due to high preci-
sion cost. Instead, quantizing high-impact parame-
ters to moderate bit-widths (e.g., 4-bit), the preci-
sion that results in negligible performance degra-
dation in quantized models, allows preserving a
greater ratio of high-impact parameters for each
layer within the budget. Meanwhile, the remaining
normal parameters can be quantized to extremely
low bit-widths (e.g., 2-bit). Additionally, the more
advanced and accurate quantization methods such
as AdaRound (Nagel et al., 2020) often lead to bet-
ter overall results. However, the number of learn-
able parameters when applying AdaRound is equal
to the number of weight parameters, which makes
it infeasible to apply AdaRound directly to large
language models. To address this, CBQ (Ding et al.,
2025) proposes LoRA-Rounding, which consider-
ably reduces the number of learnable parameters.
Although this technique achieves substantial im-
provements for quantizing LLMs, it depends on
rank selection, and the significantly reduced pa-
rameter space may constrain the search for optimal
rounding solutions. Therefore, different from pre-
vious methods (Cui and Wang, 2024; Kim et al.,
2024; Ding et al., 2025), the proposed approach
allows us to adopt a hybrid quantization strategy to
balance accuracy and computational efficiency by
leveraging advanced quantization methods such

as AdaRound only for high-impact parameters,
while quantizing the vast majority of remaining
parameters using more lightweight quantization ap-
proaches such as OmniQuant (Shao et al., 2024).
This hybrid strategy effectively allocates computa-
tional resources based on optimized high-impact
parameter allocation, significantly reducing over-
head and maintaining overall model quality.

To summarize, the main contributions of this pa-
per are as follows: We propose a novel approach
to determine the optimal ratios of high-impact pa-
rameters across layers in large language models.
Rather than applying a fixed ratio, our approach
captures layer-wise sensitivity variations through
a quadratic optimization framework. This enables
more accurate allocation of quantization precision
based on each layer’s contribution to overall model
performance. Additionally, the proposed approach
allows us to utilize advanced PTQ methods that
require optimizing a large learnable matrix, such as
AdaRound (Nagel et al., 2020), for only the most
important parameters. By combining an advanced
PTQ method that optimizes a learnable weight-
rounding matrix for the most impactful parame-
ters with a lightweight quantization method for
the remaining parameters, our approach achieves a
strong balance between performance and compu-
tational efficiency during the quantization process
through optimized high-impact parameter alloca-
tion.

2 Related works

Quantization for large language models. Quan-
tization is an effective approach to compress LLMs,
which helps to significantly reduce inference cost
and memory usage. Many studies (Liu et al., 2023b;
Shao et al., 2024; Wei et al., 2022c, 2023) show
the presence of high-impact parameters in LLMs,
and these parameters make the quantization pro-
cess more challenging and require special handling.
One common approach is to use an equivalent trans-
formation to handle the high-impact parameters
in LLMs. Other approaches (Xiao et al., 2023;
Shao et al., 2024; Lin et al., 2024) propose shift-
ing transformations and scaling transformations
to further improve the performance of quantized
models. Recently, rotation transformations (Tseng
et al., 2024; Ashkboos et al., 2024; Liu et al.,
2025) have been proposed to handle high-impact
parameters in LLMs. Several works also explore
mixed-precision quantization (Kim et al., 2024;
Lee et al., 2024; Cui and Wang, 2024) to achieve
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a better trade-off between accuracy and efficiency.
Learning-based mixed-precision methods such as
HAQ (Wang et al., 2019) and HAWQ (Dong et al.,
2019) search for per-layer bit-widths using rein-
forcement learning or second-order information.
In contrast, our method operates at channel granu-
larity within a fixed bit-width, optimizing the per-
layer ratio of high-impact parameters rather than
the bit-width itself.

Handling high-impact parameters for PTQ in
LLMs using mixed-precision quantization. As
previously mentioned, high-impact parameters are
widely found in the activations and weights of
large language models, posing a significant chal-
lenge for quantization. Consequently, many mixed-
precision methods for LLMs aim to represent a
small number of high-impact parameters in higher
precision while quantizing other values in lower
precision. LLM.int8() (Dettmers et al., 2022) in-
troduces mixed-precision decomposition to han-
dle high-impact features, which are specific hid-
den dimensions with extremely large magnitudes
that appear systematically across transformer lay-
ers. In CherryQ (Cui and Wang, 2024), the au-
thors highlight the importance of cherry parame-
ters, which have a significant impact on quantiza-
tion performance. They measure parameter impact
and identify the most important of parameters for
each layer in element-wise manner. They then keep
these important parameters in FP16 and then fine-
tune the model using quantization-aware training.
In SqueezeLLM (Kim et al., 2024), the authors
use non-uniform quantization to assign higher bit-
widths to more important parameters. While they
achieve substantial performance improvements in
extreme low-bitwidth quantization, applying a uni-
form ratio of high-impact parameters across all
layers does not take into account the variation in
parameter importance throughout the network, po-
tentially leading to suboptimal allocation of preci-
sion resources. In contrast, our method addresses
high-impact parameters by taking into account the
layer-wise dependencies of the models.

Advanced quantization for quantizing large lan-
guage models. In standard PTQ, rounding-to-
nearest is the most common approach as it min-
imizes quantization error in weight space. How-
ever, recent state-of-the-art methods (Nagel et al.,
2020; Li et al., 2021; Liu et al., 2023a; Wei et al.,
2022b; Jeon et al., 2023; Pham et al., 2024) demon-
strate that optimizing the rounding function with
respect to the task loss significantly improves quan-

tization performance. AdaRound (Nagel et al.,
2020) introduces a differentiable rounding mecha-
nism that adapts to data distribution and task objec-
tives, showing remarkable performance improve-
ments for convolutional neural networks (Wei et al.,
2022b; Lin et al., 2023; Jeon et al., 2023), diffu-
sion models (Shang et al., 2023; Li et al., 2023;
Huang et al., 2024), and LLMs (Ding et al., 2025).
However, applying AdaRound directly to LLMs
presents significant challenges, as the number of
learnable parameters equals the number of weights
in the model, making optimization computation-
ally prohibitive at scale. To overcome this chal-
lenge, CBQ (Ding et al., 2025) introduces LoRA-
Rounding, which considerably reduces the quantity
of parameters that need to be learned. Although
this technique achieves substantial improvements
for quantizing LLMs, it depends on rank selec-
tion, and the significantly reduced parameter space
may constrain the search for optimal rounding so-
lutions. In this work, the proposed approach to
determine the optimal ratio of high-impact parame-
ters for each layer allows us to take advantage of
AdaRound’s quantization capabilities while main-
taining computational efficiency when quantizing
LLMs.

3 Proposed method

3.1 Preliminary analysis

To examine the sensitivity distribution across hid-
den dimensions (channels) in large language mod-
els (LLMs), we compute the average Fisher infor-
mation of the parameters associated with each hid-
den dimension and use it as an importance metric.
This metric captures how much each dimension
contributes to model performance under quantiza-
tion. Our experiments employ the LLaMA-2-7B
model with 128 calibration samples from WikiText-
2. As shown in Figure 1, the importance scores are
significantly different across hidden dimensions,
showing that influential parameters are concen-
trated in a few specific dimensions. This observa-
tion shows that we can adopt channel-wise strategy
for mitigating problems in handling high-impact pa-
rameters, which offers greater hardware efficiency
than the element-wise methods used in prior work
(Cui and Wang, 2024). Moreover, we observe sub-
stantial layer-to-layer variability in the distribution
of high-impact parameters—certain layers contain
more influential parameters than others, which in-
dicates that applying fixed ratios of high-impact
parameters across all layers may not be optimal.

45155



Figure 1: Distribution of average Fisher information across channel dimensions at several layers in the LLaMA-2-7B
model. There is a significant difference in importance scores for each layer, indicating that impactful parameters are
concentrated in a subset of channels. Additionally, the ratio of high-impact parameters differs across layers.

3.2 Determining optimal ratio of high-impact
parameters

Let θFP denote the model’s full-precision weights
and θQ denote the quantized weights. Our goal
is to identify the most high-impact parameters in
the model to quantize at higher precision, while
quantizing the remaining parameters at lower pre-
cision. The quantization process for a network’s
weights can be expressed as θQ = Quant(θFP ) =
θFP +∆, where Quant(·) denotes the quantization
function and ∆ is the quantization error.

Given the full-precision weights θFP , the train-
ing set X(T ) = {xi}Ni=1 and the model weight
quantization error ∆ ∈ R|θFP |×1, the change in the
loss of the quantized model can be approximated
using a second-order Taylor expansion around θFP

as follows:

L(θFP +∆, X(T ))− L(θFP , X
(T ))

= g⊤∆+ 1/2∆⊤H∆+O(∆⊤∆),
(1)

where g = 1
N

∑N
i=1∇θFP

[L(θFP , xi)] denotes
the expected gradient of the loss with respect to
θFP , and H = 1

N

∑N
i=1∇2

θFP
[L(θFP , xi)] de-

notes the Hessian matrix. For a well-trained model,
∥g∥ ≈ 0, we can simplify the Eq. (1) to:

L(θFP +∆, X(T ))− L(θFP , X
(T ))

≈ 1/2∆⊤H∆.
(2)

In the context of quantization, we define
L(θQ, X(T )) = L(θFP + ∆, X(T )) as the recon-
struction loss between the output of the quantized
model and that of the full-precision model as fol-
lows:

L(θQ, X(T )) =
1

N

N∑

i=1

∥∥fθFP
(xi)− fθQ(xi)

∥∥2
F
,

(3)
where f is the output of the model of interest.

Measure the impact of weight parameters on
model performance. In post-training quantiza-
tion, a principled approach to assessing parame-
ters’ importance is to measure the sensitivity of the
training loss to perturbations in individual weight
values. This sensitivity is formally captured by
the diagonal entries of the Hessian matrix of the
loss function with respect to the model parameters.
For a given parameter θFP,i, the corresponding en-

try Hi,i = Exj∼X(T )

[
∇2

θFP
[L(θFP , xi)]

]
i,i

rep-

resents the expected second-order derivative of the
loss, and thus characterizes the local curvature of
the loss landscape around the full-precision solu-
tion. A larger value of Hi,i implies that the loss
is more sensitive to small deviations in θFP,i, in-
dicating a higher risk of performance degradation
under quantization. Therefore, parameters with
higher curvature should be preserved with greater
precision.

We refer to Hi,i as the impact score of the pa-
rameter θFP,i, as it reflects the parameter’s rela-
tive importance in maintaining model fidelity after
quantization.

We approximate the Hessian matrix H using the
Fisher Information Matrix (F) as follows:

Hi,i ≈ Fi,i = E
[
gg⊤

]
i,i
. (4)

Optimal ratio for high-impact parameters.
Following the estimation of the parameter impact,
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we rank all weight parameters according to their
scores. Based on this ranking, we designate a sub-
set of parameters with the highest impact as high-
impact parameters, which are more susceptible to
quantization error. To preserve model performance,
these high-impact parameters are quantized using
a higher precision bit-width, denoted as bH , while
the remaining parameters are quantized using a
standard lower bit-width bN . The proportion of
parameters assigned to bH is treated as an opti-
mization objective and is selected based on the
optimization of Eq. (2). Given that the model has
L layers and there are |B| possible options for the
high-impact parameter ratio in each layer (where
B is the set of candidate ratios), we have |B|L po-
tential configurations of the high-impact parameter
ratios across all layers. Because exhaustive search
over these |B|L configurations is infeasible, we cast
the selection as a quadratic optimization problem,
derived below.

For each layer l, we define a one-hot vector
δl ∈ {0, 1}|B|, where δl,m = 1 indicates that
the m-th high-impact parameter ratio option is se-
lected. Let ∆l,m ∈ R|θFP | denote the difference
between the quantized model weight θQ and the
full-precision model weight θFP when the top m-
th percentile of weights in layer l are quantized at
a higher bit-width, and the remaining weights in
the same layer are quantized at a lower bit-width,
|.| signifies the cardinality of a given set. The ratio
decision vector for the entire network is defined as
δ ∈ {0, 1}|B|L, where δ = concatenate({δl}Ll=1).
The corresponding model weight changes induced
by the hybrid quantization scheme are captured by:

∆ = D⊤δ, (5)

where D = concatenate({∆⊤
l,m}l,m) ∈

RL|B|×|θFP| is a matrix in which each row Dl|B|+m

represents the weight changes in the l-th layer un-
der the m-th high-impact parameter ratio option.
Substituting Eq. (5) into the objective of Eq. (2)
eliminates ∆ in favor of the binary selection vector
δ. By combining Eqs. (2) and (5), we can transform
the objective in Eq. (2) to:

1/2∆⊤H∆ = 1/2δ⊤DHD⊤δ = 1/2δ⊤Mδ, (6)

where the matrix M = DHD⊤. In order to iden-
tify the optimal layer-wise ratio, we need to approx-
imate the matrix M. By replacing ∆ in Eq. (2) with
∆l,m, we can approximate each diagonal element

of M as:

M|B|l+m,|B|l+m ≈ Dl|B|+mHD⊤
l|B|+m

= ∆⊤
l,mH∆l,m

= 2 · (L(θFP +∆l,m, X(T ))

− L(θFP , X
(T ))).

(7)
According to existing works (Li et al., 2021;

Ding et al., 2025) that inter-layer interactions are
concentrated within individual blocks, we can
approximate Hi,j ≈ 0 if θFP,i and θFP,j be-
long to different blocks. Therefore, we have
M|B|l1+m1, |B|l2+m2

= ∆⊤
l1,m1

H∆l2,m2 = 0, for
any pair of layers l1 and l2 that reside in distinct
blocks. For layer pairs within the same block, we
can approximate M|B|l1+m1,|B|l2+m2

with:

M|B|l1+m1,|B|l2+m2

≈ Dl1|B|+m1
HD⊤

l2|B|+m2
= ∆⊤

l1,m1
H∆l2,m2

= 1/2
(
(∆l1,m1 +∆l2,m2)

⊤H(∆l1,m1 +∆l2,m2)

−∆⊤
l1,m1

H∆l1,m1 −∆⊤
l2,m2

H∆l2,m2

)

= L(θFP +∆l1,m1 +∆l2,m2 , X
(T ))

+ L(θFP , X
(T ))− L(θFP +∆l1,m1 , X

(T ))

− L(θFP +∆l2,m2 , X
(T )).

(8)
After approximating the elements of matrix M,
we optimize the ratio vector δ by minimizing the
quantization error defined in Eq. (2). Let B,W ∈
R|B|L be vectors defined by Bi·|B|+j = Bj and

Wi·|B|+j = |θ(j)FP| for all 0 ≤ i < L and 0 ≤ j <

|B|, where |θ(j)FP| denotes the number of parameters
in the jth layer of the full-precision model. The
overall optimization is defined as:

δ = argmin
δ

δ⊤Mδ

s.t.: bHδ⊤(B ⊙W)

+ bNδ⊤((1− B)⊙W) ≤ Ctarget,
∑|B|

m=1 δl,m = 1, ∀l ∈ [1, L],

δl ∈ {0, 1}|B|, ∀l ∈ [1, L].

(9)

The first constraint encodes the target memory bud-
get: the total bits used by high-impact parameters
(at bH ) plus normal parameters (at bN ) must not
exceed Ctarget. The second and third constraints
enforce that exactly one ratio option is selected for
each layer.

Details of the algorithm are provided in Algo-
rithm 1.
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Algorithm 1 High-impact parameters ratio optimization

1: procedure OPTIMIZE HIGH-IMPACT PARAMETER RATIO(X(T ), θFP , L,B, block(l))
2: ▷ X(T ): Calibration data ◁
3: ▷ θFP : Full-precision model ◁
4: ▷ L: Number of layers ◁
5: ▷ B: Number of high-impact parameter ratio options ◁
6: ▷ block(l): Function mapping each layer l to its block index ◁
7: initialize the matrix M
8: for l = 1 to L do ▷ calculate diagonal elements
9: for i = 1 to B do

10: M|B|l+i, |B|l+i ← 2 · (L(θFP +∆l,i, X
(T ))− L(θFP , X

(T ))) ▷ Eq. (7)
11: for l1 = 1 to L do ▷ calculate non-diagonal elements
12: for m1 = 1 to B do
13: for l2 = 1 to L do
14: for m2 = 1 to B do
15: if block(l1) ̸= block(l2) then
16: M|B|l1+m1, |B|l2+m2

← 0
17: else
18: M|B|l1+m1, |B|l2+m2

← L(θFP +∆l1,m1 +∆l2,m2 , X
(T ))

+L(θFP , X
(T ))

−L(θFP +∆l1,m1 , X
(T ))

−L(θFP +∆l2,m2 , X
(T ))

19: δ ← argminδ δ
⊤Mδ ▷ optimize for the ratio vector in Eq. (9)

20: return δ

3.3 Hybrid quantization strategy

Based on the optimal ratio for high-impact parame-
ters determined by our quadratic optimization ap-
proach, we divide the parameters in each layer into
two groups: high-impact parameters and normal
parameters with lower impact and apply different
quantization strategies to these two groups.

Given θQ = {Wl}Ll=1, and for each layer Wl =
{WH

l ,WN
l } as the set of high-impact and normal

parameters for each layer, respectively. The quanti-
zation loss of that layer therefore is defined as:

L(Quant(Wl), X
(T ))

= L(QuantH(WH
l ), X(T ))

+ L(QuantN (WN
l ), X(T ))

(10)

where QuantH(.) and QuantN (.) respectively de-
notes the quantizer for the high impact and normal
hidden dimensions. For the high impact dimen-
sions, we adopt the AdaRound (Nagel et al., 2020)
quantization approach that adapts to data and task
loss, which is defined as:

QuantH(WH
l ) = s · Clip

( ⌊
WH

l /s
⌋
+ V H

l ,

0, 2b
H − 1

)

s.t.: V H
l ∈ [0, 1],

(11)

where s is scale, and V H
l is the learnable weight-

rounding parameters with same dimension as WH
l .

During the optimization (Eq. (10)), the elements
of the rounding function V H

l are encouraged to-
ward binary values (0 or 1) using a regularization
loss term added to the main objective in Eq. (10):

Lreg = (1− |2V H
l − 1|γ), (12)

where γ is an annealing factor that starts high and
decreases during optimization to encourage conver-
gence to binary values (Nagel et al., 2020).

For the normal parameters, we adopt learnable
weight clipping (Shao et al., 2024) as follows:

QuantN (WN
l ) = Clamp

(
⌊WN

l /h⌉, 0, 2bN−1
)
,

h =
αmax(WN

l )− βmin(WN
l )

2bN − 1
,

(13)
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where α and β are learnable clipping values for the
upper and lower bounds of the weight values.

This hybrid approach efficiently allocates com-
putational resources by prioritizing high-impact
parameters, greatly reducing overhead while pre-
serving overall model performance.

4 Experiments

4.1 Experimental setup
Calibration dataset and evaluation metrics.
For calibration, we randomly sample 128 se-
quences, each containing 2048 tokens, from the
WikiText-2 dataset (Merity et al., 2016). For evalu-
ation metrics, we report perplexity (lower is better)
specifically on WikiText-2 (Merity et al., 2016)
and C4 (Raffel et al., 2020) for language modeling
tasks. Following current SOTA works (Shao et al.,
2024; Kim et al., 2024), we also evaluate in the
zero-shot tasks, including Commonsense reason-
ing: HellaSwag (Zellers et al., 2019), PIQA (Bisk
et al., 2020), WinoGrande (Sakaguchi et al., 2021),
and World knowledge: ARC-easy/challenge (Clark
et al., 2018). We compare our method against sev-
eral state-of-the-art PTQ methods: GPTQ (Frantar
et al., 2023), AWQ (Lin et al., 2024), SqueezeLLM
(Kim et al., 2024), CBQ (Ding et al., 2025), and
OmniQuant (Shao et al., 2024).

Implementation details. We evaluate our
method on several widely-used LLMs, including
LLaMA-2-7B and LLaMA-2-13B (Touvron et al.,
2023). Following OmniQuant (Shao et al., 2024),
we employ a block reconstruction loss function
and validate both per-group and per-channel
weight quantization. The notation W2A16g64
denotes the quantization with 2-bit per-group
weight-only, FP16 activation and a group size of
64.1 All experiments were conducted on NVIDIA
A100 GPUs. We set the candidate ratio set
B = {0.02, 0.05, 0.1, 0.15, 0.2} when optimizing
for the high-impact parameter ratio δ in Eq. (9).
For 2-bit quantization, we use a higher-precision
bit-width of 3 bits. Similarly, for 3-bit quantization,
we set the higher-precision bit-width to 4 bits.
For quantizing the high-impact parameters, we
optimize the learnable rounding parameter for
5,000 iterations. The optimizer used is Adam with
a learning rate of 10−3 and an L2 regularization
of 10−5. The annealing factor γ in Eq. (12) is

1Throughout the paper, WxA16 denotes weight-only quan-
tization at x bits with activations kept at FP16, following the
convention of (Shao et al., 2024; Frantar et al., 2023; Lin et al.,
2024; Kim et al., 2024).

initially set to 20 and gradually decreased to 2
during optimization. For the remaining parameters,
we adopt the learnable weight clipping method
from OmniQuant (Shao et al., 2024).

4.2 Experimental results

Evaluation on generation datasets with perplex-
ity. Results in Tables 1 and 2 show the perfor-
mance of our method in text generation on C4,
WikiText-2 using weight-only quantized LLaMA
models. Our method consistently outperforms ex-
isting methods like AWQ and OmniQuant (Shao
et al., 2024), particularly at the low-bit configura-
tions, such as 2-bit and 3-bit, on the LLaMA-2-7B
model. Specifically, in the W2A16 setting (Ta-
ble 1), OmniQuant only achieves a perplexity of
37.37 while our method substantially drives this
result to a perplexity of 9.40 on WikiText-2 dataset.
Our method also improves the perplexity in the
W2A16g64 setting with a gap of 0.24 and 0.48 com-
pared to CBQ (Ding et al., 2025) on WikiText-2
and C4 dataset, respectively. This indicates that ex-
tremely low-bit weight quantization requires a care-
ful adjustment for each parameter. In the W3A16
setting (Table 2), the proposed approach improves
OmniQuant by 0.25 and 0.36 perplexity scores on
WikiText-2 and C4 datasets, respectively.

Evaluation on downstream tasks. Table 3
shows the evaluation of our method in multiple
zero-shot benchmarks for LLaMA-2-7B at vari-
ous quantization settings (i.e., W2A16g128 and
W3A16g128). In the W2A16g128 setting, the
proposed method achieves an average accuracy of
49.04%, outperforming OmniQuant by 1.45% and
GPTQ by 10.51%. In the W3A16g128 setting, our
method achieves an average accuracy of 60.76%,
significantly surpassing GPTQ that performs at
52.39% accuracy. In W3A16g128 quantization,
the proposed method reduces the accuracy gap be-
tween the quantized and full-precision models to
approximately 4%, demonstrating the effectiveness
of our approach in preserving model performance
even under low-bit quantization.

4.3 Ablation studies

The effectiveness of determining the ratio of
high-impact parameters. We analyze the impact
of our approach for determining the ratio of high-
impact parameters on model performance. We con-
duct experiments on LLaMA-2-7B with W2A16
quantization using two settings: (1) a fixed ratio of
high-impact parameters across all layers, and (2)
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Model Method Avg. bit W2A16 Avg. bit W2A16g128 Avg. bit W2A16g64

C4 Wiki2 C4 Wiki2 C4 Wiki2

LLaMA-2-7B

FP16 16 6.97 5.47 16 6.97 5.47 16 6.97 5.47
GPTQ 2.00 – – 2.15 33.70 36.77 2.30 19.40 20.85
OmniQuant 2.00 90.64 37.37 2.15 15.02 11.06 2.24 12.72 9.62
CBQ 2.00 – – – – – 2.24 11.30 8.01
Ours 2.20 14.64 9.40 2.25 11.46 8.13 2.30 10.82 7.77

LLaMA-2-13B

FP16 16 6.47 4.88 16 6.47 4.88 16 6.47 4.88
GPTQ 2.00 – – 2.15 20.97 28.14 2.30 12.48 22.44
OmniQuant 2.00 26.76 17.21 2.15 11.05 8.26 2.24 10.05 7.56
Ours 2.20 14.38 9.86 2.25 10.06 7.41 2.30 9.37 6.96

Table 1: Perplexity scores (↓) on WikiText-2 and C4 for 2-bit weight-only quantization on LLaMA-2 models. GPTQ
and OmniQuant results are from (Shao et al., 2024); CBQ results are from (Ding et al., 2025). Bold indicates the
best result in each column.

Model Method Avg. bit W3A16 Avg. bit W3A16g128 Avg. bit W3A16g64

C4 Wiki2 C4 Wiki2 C4 Wiki2

LLaMA-2-7B

FP16 16 6.97 5.47 16 6.97 5.47 16 6.97 5.47
GPTQ 3.00 9.81 8.37 3.15 8.28 6.74 3.30 8.20 6.62
AWQ 3.00 17.19 15.39 3.15 7.84 6.24 3.24 7.98 6.07
OmniQuant 3.00 8.65 6.58 3.15 7.75 6.03 3.24 7.63 5.97
SqueezeLLM 3.13 7.71 6.16 3.24 7.39 5.89 3.24 7.51 5.96
CBQ 3.00 – – – – – 3.24 7.56 5.89
Ours 3.13 7.84 6.03 3.25 7.55 5.85 3.30 7.49 5.82

LLaMA-2-13B

FP16 16 6.47 4.88 16 6.47 4.88 16 6.47 4.88
GPTQ 3.00 8.02 6.44 3.15 7.24 5.63 3.30 7.10 5.56
AWQ 3.00 8.91 6.45 3.15 6.94 5.32 3.24 7.13 5.25
OmniQuant 3.00 7.44 5.58 3.15 6.98 5.28 3.24 6.91 5.24
SqueezeLLM 3.13 6.96 5.39 3.24 6.82 5.23 3.24 6.83 5.19
Ours 3.13 7.08 5.32 3.25 6.78 5.22 3.30 6.80 5.16

Table 2: Perplexity (↓) of 3-bit weight-only quantization on LLaMA-2 models. OmniQuant results and AWQ
(W3A16g128) results are from (Shao et al., 2024), while SqueezeLLM (W3A16g64) results for LLaMA-2-7B are
from (Kim et al., 2024). Bold indicates the best result in each column.

layer-specific ratios determined by our approach.
In both settings, we quantize high-impact parame-
ters and remaining parameters using OmniQuant.
As shown in Table 4, the layer-specific ratios de-
termined by our approach improves performance
by 2.4% on average across downstream tasks and
decreases perplexity by 0.15 compared to the fixed-
ratio approach. These results demonstrate the ef-
fectiveness of the proposed quadratic optimization
framework in determining the optimal ratio of high-
impact parameters across layers.

The effectiveness of the hybrid quantization
strategy. To validate the impact of the hybrid
quantization strategy on the quantized model per-
formance, we conduct ablation studies on the
LLaMA-2-7B with W2A16 quantization. As

shown in Table 4, the hybrid quantization strat-
egy improves the performance of LLMs when used
with either fixed or optimized ratios of high-impact
parameters. Specifically, when combining the fixed
ratio of high-impact parameters with the hybrid
quantization strategy, the performance of LLMs
improves by 1.06% on average across downstream
tasks, while enhancing perplexity by 0.46 on aver-
age compared to using only the fixed ratio of high-
impact parameters. Moreover, the performance of
quantized models further improves when combin-
ing the optimized ratio of high-impact parameters
with the hybrid quantization strategy. These im-
provements are 2.76% on average across down-
stream tasks and 1.22 perplexity compared to us-
ing only the fixed ratio of high-impact parameters.
These results indicate the effectiveness of the hy-
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Bitwidths Methods PiQA ArcE ArcC HellaSwag WinoGrande Avg.

FP16 - 78.07 76.34 43.51 57.17 69.21 64.87

W2A16
g128

GPTQ 58.21 33.75 19.79 29.60 51.30 38.53
OmniQuant 64.79 51.13 24.83 40.30 56.90 47.59
Ours 68.82 51.30 26.19 41.65 57.22 49.04

W3A16
g128

GPTQ 76.65 73.69 40.52 54.43 66.61 52.39
OmniQuant 77.37 68.01 37.20 54.21 66.30 60.62
Ours 77.80 68.51 37.37 54.33 66.32 60.87

Table 3: The accuracy of 5 common sense reasoning tasks (↑) on LLaMa-2 models. Bold indicates the best result in
each column.

Methods PiQA ArcE ArcC HellaSwag WinoGrande Avg. (↑) PPL (↓)

FP16 78.07 76.34 43.51 57.17 69.21 64.87 5.68

OmniQuant 56.20 32.78 22.44 29.36 50.91 38.34 37.27
+ uniform ratio 64.25 48.61 26.10 38.67 52.33 45.99 10.66
+ optimal ratio 67.08 52.27 27.56 41.03 53.42 48.27 9.80
+ uniform ratio + hybrid quantization 66.38 49.24 26.51 39.73 53.38 47.05 10.2
+ optimal ratio + hybrid quantization (Ours) 67.14 53.89 28.10 41.13 53.49 48.75 9.40

Table 4: Ablation study on LLaMA-2-7B with W2A16 quantization. We report WikiText-2 perplexity and average
accuracy across downstream tasks.

brid quantization strategy.

Complexity. Regarding time complexity, our
framework is designed for efficiency by limiting
inter-layer dependency analysis to layers within the
same block (see Algorithm 1). For a network with
B blocks, each containing Lb layers, the method
performs only Lb(Lb−1)

2 validation evaluations per
block. As a result, the overall time complexity
is O(BLb(Lb − 1)), which scales linearly with
the number of blocks. This block-wise design en-
sures that the method remains highly computation-
ally efficient and practical during the quantization
process, particularly for large-scale networks com-
posed of many small blocks.

5 Conclusion

In this paper, we addressed the post-training quanti-
zation for large language models, with a particular
focus on the critical issue of high-impact param-
eters that significantly influence quantization per-
formance. Specifically, we proposed a quadratic
optimization framework that determines the opti-
mal layer-specific ratios of these high-impact pa-
rameters. This approach enables more accurate
allocation of quantization precision based on each
layer’s contribution to the overall model perfor-
mance. Furthermore, the proposed approach al-
lows us to apply a hybrid quantization strategy for
post-training quantization on LLMs, which lever-

ages advanced quantization methods exclusively
for high-impact parameters, while employing com-
putationally efficient methods to remaining param-
eters. This strategy achieves an effective trade-off
between computational efficiency and model ac-
curacy. Extensive experimental results across var-
ious model sizes and quantization configurations
demonstrate that our approach outperforms state-
of-the-art methods, particularly in extremely low
bit-width scenarios.

Limitation

While the proposed method improves performance
over existing approaches, it relies on manually as-
signing predetermined high bit-widths to parame-
ters identified as high-impact. This manual config-
uration may not yield optimal results under a given
resource constraint. Future work could focus on
dynamically setting the bit-width for these high-
impact parameters during training, enabling more
efficient and adaptive quantization strategies.
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A Appendix

A.1 More Experimental Results and Ablation
Studies

Candidate ratio set B Wiki2 (↓) C4 (↓)

{0.05, 0.10, 0.15} 57.18 59.66
{0.02, 0.05, 0.10, 0.15, 0.20} 56.91 58.79

Table A.1: Sensitivity to the candidate ratio set B on
OPT-125M with W2A16g128. Finer-grained sets yield
slightly better perplexity at the cost of more M evalua-
tions (|M| scales as |B|2).

Setting Method Wiki2 (↓) C4 (↓)

W2A16g128
OmniQuant 75.43 80.01
Ours 56.91 58.79

W2A16g64
OmniQuant 62.56 64.01
Ours 48.45 49.61

Table A.2: Perplexity results on OPT-125M at 2-bit
weight-only quantization.

Calibration Dataset
W2A16g128 W3A16g128

WikiText2 C4 WikiText2 C4
WikiText2 8.13 11.46 7.55 5.85

C4 8.25 11.23 7.62 5.80

Table A.3: Perplexity scores of LLaMA-2-7B models
using different calibration datasets.

Sensitivity to the candidate ratio set B. We
vary the candidate ratio set B on OPT-125M with
W2A16g128 quantization. As shown in Table A.1,
finer-grained candidate sets yield slightly better per-
plexity, at the cost of more matrix-M evaluations,
since |M| grows as |B|2. In practice, the default
set {0.02, 0.05, 0.10, 0.15, 0.20} provides a good
trade-off.

Results on OPT-125M. We also evaluate on
OPT-125M with W2A16g128 and W2A16g64
quantization settings As shown in Table A.2, the
proposed method substantially outperforms Omni-
Quant in the extreme 2-bit setting on OPT-125M.

Ablation study using different calibration
datasets. We perform experiments using differ-
ent calibration datasets, including WikiText2 and
C4, each consisting of 128 samples with 2048 to-
kens. As shown in Table A.3, the variance in per-
plexity scores when quantized with WikiText2 and
C4 is small.

Ablation study on the choice of bit-width for
high-impact parameters given the same resource
constraint. Given the same resource constraint,
we compare the performance of our approach with
different bit-widths for high-impact parameters. As
shown in Table A.4, given the same resource con-
straint, when quantizing the model to 2-bit, set-
ting the bit-width for high-impact parameters to
3 achieves better performance than setting it to 4.
When quantizing the model to 3-bit, setting the
bit-width for high-impact parameters to 4 achieves
better performance than setting it to 16.

A.2 More visualization
We visualize the distribution of average Fisher in-
formation across channel dimensions for selected
layers in the LLaMA-2-7B model. As shown in
Figure A.1, the attention query projection layer at
block 1 and mlp down projection layer at block 5
exhibit channels with significantly higher impor-
tance scores compared to others, while the overall
ratio of high-impact parameters could be small. In
contrast, the key projection layer in block 2 and
the value projection layer in block 5 may contain
a higher ratio of high-impact parameters than the
previously mentioned layers.

Visualization of optimized high-impact param-
eter ratio δ across layers. Fig. A.2 shows the
visualization of the distribution of high-impact pa-
rameter ratio δ across layers of the LLaMA-2-7B
model in W3A16 quantization setting. In gen-
eral, the proposed approach allocates various ratios
of high-impact parameters to the same layer type
across different blocks. Additionally, the values of
these ratios are often higher in the self-attention
value (v) projection layer compared to the self-
attention query (q) projection layer. This indicates
that certain layers contain a larger proportion of
high-impact parameters, thus may have a higher in-
fluence to the performance of the quantized model.
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Methods Bit-width Higher bit-width bH Avg. bit Wikitext2 (PPL ↓) C4 (PPL ↓)
OmniQuant

W2A16

- 2.0 37.37 90.64

Ours
16 2.2 15.39 26.93
4 2.2 11.05 15.14
3 2.2 9.40 14.64

OmniQuant

W2A16g128

- 2.0 11.06 15.02

Ours
16 2.25 10.05 13.51
4 2.25 8.90 11.98
3 2.25 8.13 11.46

OmniQuant

W2A16g64

- 2.0 9.62 12.72

Ours
16 2.3 9.12 11.92
4 2.3 8.25 11.01
3 2.3 7.77 10.82

OmniQuant
W3A16

- 3.0 6.58 8.65

Ours
16 3.13 6.26 8.16
4 3.13 6.03 7.84

OmniQuant
W3A16g128

- 3.0 6.03 7.75

Ours
16 3.25 6.03 7.71
4 3.25 5.85 7.55

OmniQuant
W3A16g64

- 3.0 5.97 7.63

Ours
16 3.3 5.93 7.57
4 3.3 5.82 7.49

Table A.4: The perplexity of quantized LLaMa2-7B models for different high-impact parameter bit-widths.
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Figure A.1: Distribution of average Fisher information across channel dimensions at several layers in the LLaMA-2-
7B model. There is a significant difference in importance scores for each layer, indicating that impactful parameters
are concentrated in a subset of channels. Additionally, the ratio of high-impact parameters differs across layers.

Figure A.2: High-impact parameter ratio for selected layers across blocks in the LLaMA-2-7B model with W3A16
quantization.
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