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Abstract
The huge parameters and extensive training cor-
pora of Large Language Models (LLMs) empower
them to tackle complex tasks. Yet, their massive
size incurs substantial inference costs, hindering
deployment on resource-constrained edge devices.
Low-bit quantization provides a way to compress
models and improve their practicality for edge-side
deployment. Nonetheless, many edge applications
do not require the full generalization abilities of
LLMs and instead only depend on their knowledge
in specific domains. This paper introduces Gradi-
ent Enhancement Task Aware Post-training Quan-
tization, i.e., GTAQ, to address the generaliza-
tion issue. Concretely, GTAQ locates task-critical
weights via gradient-based validation and retrieval,
and then amplifies these salient weights. For that
purpose, GTAQ preserves and strengthens weights
related to the target tasks, enabling task-aware
uniform-bit quantization. We extensively evalu-
ate the LLaMA family of language models on
WikiText, C4, and MMLU. Our experiments show
that GTAQ consistently delivers notable perfor-
mance improvements across tasks, surpassing both
general-purpose and task-aware quantization base-
lines. At the same time, GTAQ yields more than
3.5× speedup in model inference and substantially
cuts storage requirements, while offering better op-
timization than mixed-precision quantization base-
lines. https://github.com/YihuaJerry/GTAQ.git.

1 Introduction
Large language models (LLMs) [Wang et al., 2026b; Achiam
et al., 2023; Almazrouei et al., 2023; Touvron et al., 2023]

∗Corresponding authors: Hao Tang and Jingcai Guo.
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Figure 1: GTAQ obtains task-sensitive activations and weight out-
liers through a task-specialized dataset, followed by corresponding
weight clipping and scaling, thereby achieving both task specializa-
tion and uniform-bit quantization of the model.

based on Transformer [Vaswani, 2017] have shown their out-
standing capabilities in most of scenarios [Brown, 2020].
LLMs are capable of handling numerous complex tasks ow-
ing to their massive number of parameters [Chowdhery et al.,
2023; Wang et al., 2026c] and vast amount of training data
[Kaplan et al., 2020; Wang et al., 2026a]. However, the huge
memory consumption leads to great difficulties in its appli-
cation and deployment [Li et al., 2024a] in resources limited
devices. Therefore, when deploying large language models,
there are often huge GPU clusters to support the inference
of the models [Xu et al., 2024]. Although LLMs possess
strong generalization capabilities to adapt to diverse tasks, in
edge systems, they only need to be optimized for a specific
set of tasks rather than demonstrating full generality [Xiao et
al., 2025a]. To avoid retraining the model—as required by
methods such as distillation [Hinton et al., 2015] and fine-
tuning [Shao et al., 2025], post-training quantization (PTQ)
becomes a more advantageous approach. Current PTQ meth-
ods can effectively reduce model inference costs and storage
requirements, but the quantized models primarily focus on
maintaining their generalization capability [Li et al., 2024b;
Huang et al., 2024; Dettmers et al., 2023; Frantar et al.,
2022]. This results in quantized models struggling to achieve
satisfactory performance in certain complex tasks, such as

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



multilingual understanding[Frantar et al., 2022]. Therefore,
reducing the size of the model while ensuring its performance
is necessary by design effective quantization algorithms [Lin
et al., 2024]. With effective quantization algorithms, re-
searchers can make low-bit models’ performance close to that
of 16-bit models. For specific edge-task scenarios, design-
ing quantization models that are both hardware-optimized
and task-aligned is particularly imperative. Although current
methods like TCAQ [Xiao et al., 2025a] can retrieve task-
specific circuits, its mixed-precision quantization still makes
it difficult to deploy on edge systems.

To address the limitations of task-agnostic metrics, we pro-
pose a novel post-training quantization framework that refor-
mulates the quantization objective as a task-aware optimiza-
tion problem called Gradient-enhanced Weight Quantization
(i.e., GTAQ). Diverging from conventional paradigms that
minimize layer-wise reconstruction error in a task-agnostic
manner, GTAQ explicitly aligns quantization noise with the
sensitivity landscape of the downstream task. This proposed
pipeline consists of two integral stages beginning with Task-
Specific Sensitivity Derivation, where we employ a first-
order Taylor expansion to rigorously quantify the marginal
contribution of each parameter’s perturbation to the global
task loss, establishing a composite metric that integrates gra-
dient information, proxy error estimation, and structural reg-
ularization. Subsequently, the Importance-Guided Opti-
mization stage aggregates these element-wise sensitivities
into channel-wise importance scores to guide a weighted re-
construction search. This adaptive process solves for quan-
tization parameters that prioritize the fidelity of task-critical
structures, effectively mitigating performance degradation.

We conducted extensive experiments on the Wiki-
text [Merity et al., 2016], C4 [Raffel et al., 2020], and
MMLU [Hendrycks et al., 2021] datasets to evaluate the ca-
pability of quantized models across different language tasks.
Additionally, we measured the latency and storage consump-
tion of the quantized models. The results show that GTAQ
can enhance quantized models for corresponding tasks while
achieving lower latency and a reduced storage footprint com-
pared to other mixed-precision quantized models.

In summary, the contributions of this paper can be pro-
posed as follows:

1) We propose a task-aware quantization method called
Gradient-enhanced Weight Quantization (GTAQ), which
identifies salient weights corresponding to specific tasks
within LLMs through gradient-guided retrieval, thereby
achieving enhanced performance on targeted tasks after
quantization.

2) GTAQ achieves this by adaptively scaling the corre-
sponding weight channels based on the identified salient
weights. This enhances the targeted channels, en-
ables uniform-bit quantization, and maintains hardware-
friendly efficiency while preserving model capability.

3) Models quantized with GTAQ achieve state-of-the-art
(SOTA) performance in both language modeling and
massive multitask language understanding, outperform-
ing both general-purpose and task-aware quantization
methods, while also delivering over 3.5× speedup and

significantly reduced storage footprint.

2 Related Works

2.1 Post-training Quantization

Post-training quantization (PTQ) applies mainly to visual
models [Gholami et al., 2022; Su et al., 2026]. For ex-
ample, AdaRound [Nagel et al., 2020], AdaQuant [Hubara
et al., 2020], and BitSplit [Wang et al., 2024b] can be
used for models with less parameters. When models have
a large number of parameters, they cause a significant loss
but the reduction in memory is not significant. Most quan-
tization methods are developed by Optimal Brain Quantiza-
tion (OBQ) [Frantar and Alistarh, 2022]. OBQ is developed
by the Optimal Brain Surgeon (OBS) [Hassibi et al., 1993;
Singh and Alistarh, 2020; Frantar et al., 2021], which default
a model response to input is 0 at the end of training. But
the OBQ applies weight pruning to model quantization by
quantifying the weights that have the less impact on the net-
work. Some PTQ methods locating outlier by reinforcement
learning [Wang et al., 2024b] to retrieve the best outlier on a
calibration set with a very large sample size. However, the re-
inforcement learning is not robust and is difficult to converge
compared to other PTQ methods, making the calibration pro-
cess inefficient.

2.2 Large Language Model Quantization

Currently, large language model quantization is mainly di-
vided into quantization-based training [Liu et al., 2023;
Bondarenko et al., 2024; Zhu et al., 2023; Shao et al., 2025]
and post-training quantization. Quantization during training
is very difficult to apply due to the large amount of compu-
tational resources and overhead required, as well as the large
amount of training data. The remaining methods, such as Ze-
roQuant [Yao et al., 2022], utilize knowledge distillation to
train one transformer layer at a time instead of training all
transformer layers directly. However, poor quality of certain
data can also affect the performance of the model after quan-
tization [Wang et al., 2024a]. Post-training quantization re-
quires less data compared to quantization-aware training, and
only a few thousand or even a few hundred calibration sets
are needed to complete the retrieval of sensitive weights for
the model. This greatly reduces the data cost and the com-
putational cost of model quantization. Both GPTQ [Frantar
et al., 2022] and SPQR [Dettmers et al., 2023], quantization
methods derived from the OBQ method, have shown superior
performance in large language models. There are also meth-
ods such as AWQ [Lin et al., 2024], LLM.int8() [Dettmers et
al., 2022] that determine the outlier of the model by search-
ing for the activation of the model, and then quantify it with
the corresponding method. For specific tasks, TCAQ [Xiao
et al., 2025a] achieves task-aware quantization through task
circuits. However, TACQ employs mixed-precision quanti-
zation, which makes it difficult to deploy on edge devices.
Therefore, we propose GTAQ, which achieves uniform-bit
task-aware quantization.
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Figure 2: Pipeline of GTAQ. GTAQ first utilizes the corresponding task data as a validation set and collects gradients within the model through
a frozen backpropagation process. Based on gradient variations, it locates outliers in the weights that are sensitive to this task. Simultaneously,
based on the model’s activations, it identifies the corresponding outlier weights. By normalizing the activation-correlated outlier weights with
the task-correlated outlier weights and applying scaling, it achieves task-aware quantization for LLMs.

3 Methodology
In this section, we elaborate on the quantization process of
GTAQ by addressing three key aspects: task definition, sen-
sitive weight identification, and salient weight optimization.

3.1 Preliminaries and Problem Formulation
We focus on the uniform affine quantization for Linear layers
in Large Language Models (LLMs). Let W ∈ RCout×Cin

denote the full-precision weights. The quantized weights Ŵ
are obtained via a channel-wise quantizer Q(·):

Ŵ = Q(W; s, z) = s⊙clip
(
⌊W
s
⌉+ z,−2b−1, 2b−1 − 1

)
(1)

where s ∈ RCout is the scaling vector, z is the zero-point,
and b is the bit-width.

Our primary objective is to find the optimal quantization
parameters s∗ that minimize the performance degradation on
a specific downstream task dataset Dtask. This can be formu-
lated as minimizing the expected task loss Ltask:

s∗ = argmin
s

E(x,y)∼Dtask

[
L(Ŵ(s);x, y)

]
. (2)

3.2 Task-Specific Sensitivity Derivation
Directly optimizing the discrete quantization parameters
against the global loss function is intractable. Inspired by
recent advances in gradient-based attribution [Xiao et al.,
2025b], we employ a Taylor Series Approximation to es-
timate the impact of quantization noise on the task loss.

First-Order Loss Approximation
Let ∆W = Ŵ−W be the perturbation introduced by quanti-
zation. We analyze the change in loss ∆L = L(Ŵ)−L(W)

using a second-order Taylor expansion around the original
weights W:

∆L ≈ ∇WLT∆W +
1

2
∆WTH∆W (3)

where ∇WL is the gradient and H is the Hessian ma-
trix. Since computing the full Hessian is computationally
prohibitive for LLMs, and assuming the model has converged
to a local minimum where the gradient is small but non-
negligible for task adaptation, we focus on the first-order term
to capture the directional sensitivity of the loss landscape.

However, relying solely on the gradient ∇WL (as in stan-
dard attribution) or solely on the quantization error ∆W (as
in Euclidean minimization) is insufficient. The former ig-
nores the magnitude of the error, while the latter ignores the
task relevance.

Composite Sensitivity Metric
To rigorously quantify the importance of each parameter, we
construct a composite metric that bridges the gap between
theoretical loss approximation and numerical stability. We
define the element-wise sensitivity matrix I ∈ RCout×Cin as:

Iij =

∣∣∣∣ ∂L
∂Wij

∣∣∣∣︸ ︷︷ ︸
Task Criticality

· |Wij −Qstd(Wij)|︸ ︷︷ ︸
Quantization Noise

· |Wij |γ︸ ︷︷ ︸
Magnitude Prior

(4)

This formulation integrates three critical factors:
1. Gradient Sensitivity: The term |∇WL| aligns with the

first-order Taylor term, indicating how steeply the task
loss increases with respect to a perturbation in Wij .

2. Proxy Error Estimation: We use a standard quanti-
zation proxy Wproxy = Qstd(W) to simulate the ex-
pected perturbation magnitude |∆Wij |. This term en-
sures that weights susceptible to large rounding errors
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(e.g., those near quantization boundaries) are penalized
more heavily.

3. Structural Regularization: The term |Wij |γ (where
typically γ = 1) acts as a structural prior. It incorpo-
rates the heuristic that larger magnitude weights often
encode more significant features, preventing the metric
from overfitting to noisy gradients in near-zero parame-
ters.

Combining these, Eq. (4) provides a robust, task-aware
upper bound on the expected loss degradation contribution of
each weight.

3.3 Importance-Guided Optimization
Having derived the fine-grained sensitivity I, we now tran-
sition to the optimization of the quantization parameters s.
Since quantization is applied per-channel, we aggregate the
parameter-level importance into a channel-wise importance
vector α ∈ RCout .

Channel-wise Aggregation
We compute the cumulative sensitivity for the i-th output
channel by summing the importance scores along the input
dimension j:

α̂i =

Cin∑
j=1

Iij (5)

To ensure numerical stability during the search phase, we
apply a robust normalization:

αi =
α̂i − µα

σα + ϵ
(6)

where µα and σα are the mean and standard deviation of
the channel sensitivities.

Weighted Reconstruction Search
Finally, we reformulate the quantization objective. Instead of
minimizing the raw Mean Squared Error (MSE) of the layer
outputs (which treats all channels equally), we minimize the
Importance-Weighted Reconstruction Error.

Let Xcal ∈ RCin×N be the activation input from the task-
aligned calibration set. For each output channel i, we solve
for the optimal step size si:

s∗i = argmin
si∈R+

αi · ∥Wi,:Xcal −Q(Wi,:; si)Xcal∥22 (7)

This objective effectively ”reshapes” the optimization
landscape. Channels with high task sensitivity (large αi)
dominate the loss, forcing the search algorithm (e.g., grid
search or ternary search) to select an si that preserves the
fidelity of these critical structures, potentially at the cost of
larger errors in less sensitive channels.

4 Experiments
In this section, we experimentally validate GTAQ’s adaptabil-
ity across different models and its generalization capability
across various tasks, while also discussing the core factors
influencing GTAQ’s performance.

4.1 Experiments Setting
Setups. We selected Llama2-7B and 13B [Touvron et al.,
2023] and Llama3-8B [Dubey et al., 2024] for the experi-
ments. To evaluate our method, we pick standard datasets
that cover a variety of model use scenarios. As for language
modeling tasks, we choose C4 [Raffel et al., 2020] and Wiki-
Text2 [Merity et al., 2016] datasets. As for the massive mul-
titask language understanding task, we utilize the MMLU
[Hendrycks et al., 2021] dataset to extensively validate the
feasibility of our method. All experiments were conducted
on a single NVIDIA A800 GPU.
Baselines. For task-aware methods, we select TACQ [Xiao
et al., 2025a] as our baseline. For general-purpose quan-
tization methods, we select GPTQ [Frantar et al., 2022],
SLiM [Huang et al., 2024], SqueezeLLM [Kim et al., 2023]
and SPQR [Dettmers et al., 2023] as our baselines.
Evaluation Metrics. For the language modeling task, we fo-
cus on the model’s perplexity (PPL↓) and the next token pre-
diction accuracy (Acc↑). The model’s perplexity is expressed
in Eq. 8:

PPL = exp

(
− 1

N

N∑
i=1

logP (xi | x0:i−1)

)
, (8)

where xi represents the predicted token conditioned on the
former tokens (x<i) in inference step i.

The next token prediction accuracy is defined as:

Acc =
Nŷt=

−→yt

T
, (9)

where ŷt is the predicted token by LLMs, −→yt is the ground
truth token, and T is the total number of tokens.

4.2 Main Results
Massive Multitask Language Results. Compared to lan-
guage modeling tasks, massive multitask language process-
ing requires models to possess more sophisticated scene
understanding capabilities. Therefore, employing uniform
quantization can impair the performance of the compressed
model. As shown in Table 1, on the MMLU dataset,
GTAQ significantly outperforms the task-aware quantiza-
tion baseline TACQ. This indicates that within the frame-
work of task-aware quantization, GTAQ can mitigate the
quantization loss in corresponding weight circuits. Further-
more, GTAQ achieves a lower average bit-width than TACQ,
thereby significantly enhancing performance and alleviating
the loss associated with task-aware quantization. Compared
to other baseline methods, GTAQ quantization also demon-
strates significant performance improvement across differ-
ent tasks. Therefore, in complex language modeling tasks,
GTAQ not only achieves task-specific optimization of model
performance but also reduces overall model degradation. In
both simple language modeling tasks and complex task un-
derstanding, models quantized with GTAQ show significant
improvement over baselines. Thus, GTAQ-quantized mod-
els can adapt to different tasks, demonstrating their task-
agnostic nature. Furthermore, GTAQ requires less validation
data compared to baseline methods, thus allowing for some
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Accuracy (%)
Model Methods Avg Bit Calib. Num Average STEM Humanities Social Sciences

Llama-2-7B

Original 16.00 - 45.30 36.40 42.90 51.20
GPTQ [Frantar et al., 2022] 4.00 1024 41.47 32.08 38.53 46.18
SLiM [Huang et al., 2024] 4.00 1024 43.24 34.52 40.76 48.53
TACQ [Xiao et al., 2025a] 4.10 128 44.06 35.18 41.63 49.82

GTAQ (Ours) 4.00 128 44.82 35.87 42.38 50.57
GPTQ [Frantar et al., 2022] 3.00 1024 34.23 26.47 32.08 38.42
SLiM [Huang et al., 2024] 3.00 1024 38.54 30.12 36.38 42.83
Squeeze [Kim et al., 2023] 3.15 1024 36.82 28.53 34.12 40.57

SPQR [Dettmers et al., 2023] 3.14 1024 35.95 27.82 33.25 39.88
TACQ [Xiao et al., 2025a] 3.12 128 40.18 31.77 38.24 45.08

GTAQ (Ours) 3.00 128 41.53 32.86 39.52 46.47
GPTQ [Frantar et al., 2022] 2.00 1024 25.82 22.07 24.53 26.18
Squeeze [Kim et al., 2023] 2.15 1024 25.33 21.84 24.08 25.82

SPQR [Dettmers et al., 2023] 2.14 1024 24.96 21.52 23.75 25.42
TACQ [Xiao et al., 2025a] 2.10 128 29.54 24.76 28.12 31.48

GTAQ (Ours) 2.00 128 32.06 26.53 30.38 34.23

Llama-2-13B

Original 16.00 - 54.80 44.10 52.80 62.60
GPTQ [Frantar et al., 2022] 4.00 1024 51.53 40.78 49.23 59.07
SLiM [Huang et al., 2024] 4.00 1024 53.08 42.53 51.12 60.84
TACQ [Xiao et al., 2025a] 4.10 128 53.87 43.18 51.93 61.47

GTAQ (Ours) 4.00 128 54.38 43.76 52.42 62.08
GPTQ [Frantar et al., 2022] 3.00 1024 46.47 36.23 44.52 53.08
SLiM [Huang et al., 2024] 3.00 1024 49.83 39.47 47.82 56.53
Squeeze [Kim et al., 2023] 3.15 1024 48.48 38.25 46.52 55.08

SPQR [Dettmers et al., 2023] 3.14 1024 47.81 37.53 45.88 54.27
TACQ [Xiao et al., 2025a] 3.12 128 51.18 40.82 49.47 58.23

GTAQ (Ours) 3.00 128 52.06 41.53 50.38 59.12
GPTQ [Frantar et al., 2022] 2.00 1024 28.53 24.08 27.23 30.47
Squeeze [Kim et al., 2023] 2.15 1024 28.04 23.82 27.05 29.84

SPQR [Dettmers et al., 2023] 2.14 1024 27.67 23.53 26.68 29.27
TACQ [Xiao et al., 2025a] 2.10 128 36.78 30.23 35.07 40.52

GTAQ (Ours) 2.00 128 39.17 32.53 37.76 43.08

Llama-3-8B

Original 16.00 - 66.51 54.88 63.42 75.74
GPTQ [Frantar et al., 2022] 3.00 1024 56.30 47.14 51.20 64.17
SLiM [Huang et al., 2024] 3.125 1024 61.95 51.36 58.54 71.40
Squeeze [Kim et al., 2023] 3.15 1024 59.66 51.14 57.01 69.25

SPQR [Dettmers et al., 2023] 3.14 1024 58.65 49.78 56.17 66.15
TACQ [Xiao et al., 2025a] 3.12 128 63.28 52.42 60.54 71.66

GTAQ (Ours) 3.00 128 64.15 53.15 61.40 72.30
GPTQ [Frantar et al., 2022] 2.00 1024 26.76 27.84 26.08 26.06
SLiM [Huang et al., 2024] 2.125 1024 34.84 32.94 35.31 40.99
Squeeze [Kim et al., 2023] 2.15 1024 26.27 27.92 26.62 26.02

SPQR [Dettmers et al., 2023] 2.14 1024 25.90 23.88 23.77 25.85
TACQ [Xiao et al., 2025a] 2.10 128 49.19 41.12 47.98 56.34

GTAQ (Ours) 2.00 128 50.24 42.05 48.66 57.12

Table 1: Results on MMLU Dataset. In subtasks, GTAQ achieves state-of-the-art (SOTA) performance compared to both general-purpose
quantization methods and task-aware quantization methods. Furthermore, GTAQ requires less validation data to perform more effective
calibration. Also, GTAQ achieves SOTA performance, demonstrating its applicability to all tasks.

reduction in validation cost, and can also help mitigate pri-
vacy risks associated with data collection.
Language Modeling Results. As shown in Table 2, when
the model is quantized to 3-bit, the GTAQ-quantized model
exhibits less performance degradation in language model-
ing tasks compared to the current SOTA method, TACQ-
quantized models. This indicates that GTAQ mitigates the
structural damage to the model caused by TACQ during quan-
tization. Compared to other general quantization methods,
GTAQ also demonstrates significant improvements when us-
ing the same calibration set. This suggests that GTAQ ef-
fectively enhances the task adaptation capability of quan-
tized models. Even when the model is quantized to 2-
bit, the GTAQ-quantized model still shows significant per-
formance improvement compared to models quantized by
other methods. This demonstrates that GTAQ not only op-
timizes the quantized model for specific tasks but also ef-

fectively preserves non-outlier weights. Additionally, the
GTAQ-quantized model has a lower average bit-width com-
pared to the baselines, indicating that GTAQ imposes a lower
impact on the model than other methods.
Efficiency Comparison. To evaluate the efficiency of the
quantized model, we measured the latency and storage when
the model was quantized to 3 bits. As shown in Table 3,
compared to TACQ, GTAQ achieves higher throughput with
a lower storage footprint. By quantizing models to a uniform
bit-width, GTAQ significantly improves throughput while re-
ducing storage requirements compared to mixed-precision
quantization methods. Therefore, compared to other baseline
methods, GTAQ is more hardware-friendly and more suit-
able for deployment on edge devices. However, compared to
GPTQ, GTAQ only approaches its throughput level. Because
GPTQ compensates for outliers in the final layer, the overall
weight distribution of GTAQ is sparser than that of GPTQ,
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Avg Llama-2-7B Llama-2-13B Llama-3-8B
Method Bit WikiText2 C4 WikiText2 C4 WikiText2 C4
Original 16.00 5.47 / 59.32 6.97 / 52.18 4.88 / 61.24 6.47 / 54.56 6.17 / 58.42 8.99 / 51.71

GPTQ [Frantar et al., 2022] 2.00 512.47 / 0.12 186.23 / 0.85 325.82 / 1.17 142.93 / 2.48 410.63 / 0.00 136.62 / 0.00
SLiM [Huang et al., 2024] 2.125 148.23 / 4.17 94.38 / 5.82 112.53 / 6.47 82.08 / 8.83 248.06 / 0.50 96.58 / 4.10
Squeeze [Kim et al., 2023] 2.15 405.23 / 0.50 155.28 / 1.20 305.15 / 1.50 128.45 / 3.15 195.39 / 0.00 287.54 / 0.00
SPQR [Dettmers et al., 2023] 2.14 485.67 / 0.20 175.45 / 0.95 318.52 / 1.25 138.67 / 2.80 5.95e5 / 0.00 4.14e5 / 0.00
TACQ [Xiao et al., 2025a] 2.10 12.53 / 30.47 16.78 / 28.23 10.18 / 34.52 14.53 / 32.08 17.66 / 36.50 25.19 / 33.15
GTAQ (Ours) 2.00 10.82 / 32.08 14.18 / 30.53 8.87 / 36.23 12.38 / 34.52 15.88 / 37.20 22.45 / 34.90
GPTQ [Frantar et al., 2022] 3.00 9.82 / 35.48 12.53 / 30.18 8.48 / 38.23 10.82 / 34.47 12.28 / 39.54 16.41 / 32.45
SLiM [Huang et al., 2024] 3.125 8.18 / 38.23 10.52 / 34.47 7.18 / 41.53 9.23 / 38.18 8.15 / 44.20 12.53 / 38.50
Squeeze [Kim et al., 2023] 3.15 8.85 / 37.05 11.25 / 33.15 7.82 / 40.15 9.85 / 36.85 7.93 / 45.10 12.85 / 38.20
SPQR [Dettmers et al., 2023] 3.14 9.25 / 36.25 11.85 / 31.85 8.15 / 39.25 10.32 / 35.52 9.28 / 42.10 14.38 / 37.80
TACQ [Xiao et al., 2025a] 3.10 7.47 / 40.53 9.18 / 36.82 6.53 / 44.18 8.08 / 40.82 7.53 / 46.80 11.81 / 39.20
GTAQ (Ours) 3.00 6.78 / 42.13 8.47 / 38.53 5.88 / 46.52 7.52 / 42.78 7.12 / 48.85 10.95 / 42.05

Table 2: Results on Language Modeling Tasks. When quantized to 3 bits, GTAQ achieves state-of-the-art (SOTA) results compared to other
quantization methods while maintaining a lower average bit-width. When quantized to 2 bits, GTAQ still maintains competitive performance,
indicating its adaptability to lower bit-width regimes.

Average Calibration Llama-2-7B-hf Llama-2-13B-hf Llama-3-8B-hf
bit number Speedup (↑) Memory (↓) Speedup (↑) Memory (↓) Speedup (↑) Memory (↓)

Original 16 - ×1.00 12.83G ×1.00 23.63G ×1.00 14.57G

GPTQ [Frantar et al., 2022] 3.00 1024 ×3.89 2.55G ×3.74 4.65G ×3.86 2.85G
SLiM [Huang et al., 2024] 3.125 1024 ×2.95 2.70G ×2.98 4.88G ×2.92 3.05G
Squeeze [Kim et al., 2023] 3.05 128 ×2.25 2.65G ×2.30 4.80G ×2.20 2.95G
SPQR [Dettmers et al., 2023] 3.35 128 ×1.28 2.90G ×1.35 5.25G ×1.25 3.25G
TACQ [Xiao et al., 2025a] 3.10 128 ×2.76 2.62G ×2.79 4.75G ×2.73 2.95G

GTAQ (Ours) 3.00 128 ×3.45 2.55G ×3.48 4.65G ×3.42 2.85G

Table 3: Results on Efficiency Comparison. We quantized the entire model to 3 bits. The quantized models produced by GTAQ demon-
strate significantly higher throughput and lower storage requirements compared to task-aware methods. This indicates that GTAQ is more
hardware-friendly and better suited for deployment on edge devices.

making it comparatively less hardware-friendly. When com-
pared to other post-training quantization methods, GTAQ also
achieves more significant acceleration effects and requires
less storage, demonstrating its hardware-friendly nature.

4.3 Ablation Study
In this section, we conduct ablation studies on individual
components of the algorithm, including the size of the vali-
dation set and the optimization module, to investigate the im-
pact of each factor on GTAQ.
Effect of Different Components. To evaluate the individ-
ual contributions of the components constituting our pro-
posed sensitivity metric, we conduct a component-wise ab-
lation study. We assess four different configurations to ver-
ify the necessity of incorporating gradient signals (|∇L|),
weight magnitudes (|W |), and quantization error estimates
(|W −Wproxy|).

The variants are formalized as follows:
• Weight Magnitude (|W |): A heuristic relying solely on

the absolute value of weights, disregarding task-specific
information.

• Gradient Sensitivity (|∇L|): Utilizes the magnitude of
the task-specific gradient as the sole indicator of param-
eter importance.

Sensitivity Metric (α) Formulation 2-bit 3-bit
Weight Magnitude |W | 32.50 59.80
Gradient Sensitivity |∇L| 35.10 61.20
Grad × Mag |∇L| · |W | 46.80 63.45

GTAQ (Ours) |∇L| · |W | · |W −Wproxy| 50.24 64.15

Table 4: Quantitative analysis of the sensitivity metric components.
We report the MMLU accuracy (%) under 2-bit and 3-bit quanti-
zation settings. The results demonstrate that the proposed metric,
which accounts for quantization noise sensitivity, yields superior
performance compared to partial baselines.

• Grad × Mag: A composite metric combining structural
weight magnitude and task gradient, defined as |∇L| ·
|W |.

• GTAQ (Ours): The proposed full formulation α =
|∇L|·|W |·|W−Wproxy|, which further weighs parame-
ters based on their inherent susceptibility to quantization
noise.

Analysis. The quantitative results presented in Table 4 reveal
several critical insights regarding the quantization objective:

First, the baseline utilizing only Weight Magnitude ex-
hibits the lowest performance, particularly in the 2-bit regime
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(32.50%). This corroborates that preserving high-magnitude
weights alone is insufficient for maintaining downstream task
reasoning capabilities.

Second, while Gradient Sensitivity incorporates task-aware
signals, its standalone performance is unstable. This instabil-
ity is likely attributed to the stochastic nature of gradients in
parameters with negligible magnitudes, which can mislead
the scale optimization process.

Third, the integration of gradient information with weight
magnitude (Grad × Mag) yields a substantial improvement,
increasing 2-bit accuracy from ∼35% to 46.80%. This vali-
dates the hypothesis that effective quantization requires a syn-
ergy between task relevance (gradient) and structural priors
(magnitude).

Finally, the full GTAQ metric achieves the optimal per-
formance across all settings. By explicitly incorporating the
quantization error term |W −Wproxy|, the metric effectively
penalizes parameters that are numerically fragile to quantiza-
tion perturbations. This indicates that awareness of quantiza-
tion noise is a prerequisite for robust low-bit adaptation.
Impact of Optimization Objective To validate the effective-
ness of our proposed Importance-Weighted Reconstruction
(Eq. 7), we compare it against the standard Mean Squared
Error (MSE) minimization objective during the 2-bit quanti-
zation of LLaMA3-7b. Standard MSE assigns equal weight
to all channels (αi = 1), while our method weights the re-
construction error by the derived channel sensitivity.

Optimization Objective PPL ↓ MMLU ↑
Standard MSE (αi = 1) 25.12 38.45
Weighted MSE (Ours) 22.45 50.24

Table 5: Ablation on the Optimization Objective. We compared
standard MSE against weight importance-based MSE by quantiz-
ing LLaMA3 to 2 bits. The results indicate that our designed weight
importance-based MSE method achieves superior performance.

As shown in Table 5, the use of a weighted objective func-
tion leads to significant performance improvements. This
confirms that prioritizing the reconstruction of task-critical
channels identified by our metric can effectively preserve
downstream task performance, even when the global per-
channel MSE may be slightly higher. Hence, Importance-
Weighted Reconstruction enables superior performance of the
quantized model.
Effect on Calibration Set Size. To investigate the impact of
different validation set sizes on GTAQ, we varied the number
of validation samples under 2-bit quantization and conducted
tests on the WikiText and MMLU datasets.

As shown in Table 6, the results indicate that with a valida-
tion set size of 128, the model quantized by GTAQ achieves
superior performance compared to using other validation set
sizes. This demonstrates that GTAQ achieves optimal quan-
tization quality when calibrated with 128 validation sam-
ples. Meanwhile, GTAQ exhibits relatively stable perfor-
mance across different validation set sizes. This suggests that
the model can achieve good performance with GTAQ pro-
cessing across various validation sets.It can also consistently

Calibration Samples PPL ↓ MMLU ↑
1 23.97 48.76

32 24.10 48.90
64 23.05 49.80

128 (Our) 22.45 50.24
256 22.53 50.11
512 22.42 50.20

Table 6: Abolation on Calibration Set Size. GTAQ maintains largely
consistent performance of the quantized model across different val-
idation set sizes, with slightly more prominent results when using
128 validation samples.

deliver robust results across a variety of tasks.

Calib.
Infer. WikiText2 C4

WikiText2 6.78 8.95
C4 7.15 8.47

Table 7: Impact of Calibration Domain Alignment.

Effect on Calibration Domain. As illustrated in Table 7, we
utilized Llama-2-7B quantized to 3 bits specifically optimized
for either WikiText2 or C4, and evaluated them cross-wise.
The results demonstrate a clear pattern: the model achieves
the lowest perplexity when the calibration dataset aligns with
the inference domain. specifically, the model calibrated on
WikiText2 achieves a PPL of 6.78 on WikiText2, outperform-
ing the model calibrated on C4 (7.15). Similarly, using C4 for
calibration yields superior performance on the C4 evaluation
set compared to using WikiText2 (8.47 vs. 8.95).

5 Conclusions
In this paper, we propose Gradient Enhancement Task Aware
Post-training Quantization (GTAQ). GTAQ employs frozen
backpropagation to obtain gradients from LLMs, thereby
identifying task-sensitive weights. By scaling the task-
sensitive weights, GTAQ enhances their impact. The re-
sults demonstrate that GTAQ consistently achieves state-
of-the-art (SOTA) performance on the LLaMA family of
models in both language modeling and massive multitask
language understanding tasks, outperforming both general-
purpose quantization methods and existing task-aware quan-
tization approaches. This demonstrates that models quantized
with GTAQ exhibit generalization capability across differ-
ent model scales and achieve enhanced performance across
diverse tasks. Simultaneously, GTAQ achieves over 3.5×
speedup and significantly reduces the storage. Therefore,
GTAQ enhances quantized models for specific tasks, provid-
ing a solution for task-aware model customization.
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