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LAMPQ (Layer-wise Mixed Precision Quantization for Vision Transformers)
• TL;DR: LAMPQ enables accurate layer-wise mixed precision quantization for ViTs through 

1) layer-wise granularity, 2) type-aware Fisher metric, and 3) iterative bit assignment
• GitHub: https://github.com/snudatalab/LampQ
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Granularity: Layer-wise MPQ (I1)
• Challenge. Coarse-grained granularity ignores the difference 

in layer-wise sensitivity
• Idea. Allocate different 

bit-widths for each layer 
to reflect their sensitivity 

Metric: Type-aware Fisher-based metric (I2)
• Challenge. Mismatch in metric scale across component types
• Idea. Type-scaled sensitivity metric Ω!:

Ω! = 𝛼"tr 𝐅!
• 𝛼" ∈ 𝛼#$% , 𝛼&'() , 𝛼*+,, 𝛼*+-  assigned based on layer type 𝑡

Bit assignment: Iterative bit update (I3)
• Challenge. Sensitivity trend changes after quantization
Step 1. Initial assignment
• Initialize by solving an Integer Linear Programming (ILP) task
Step 2. Error-based iterative updates
• Iteratively balance the bit-widths while ensuring that the 

average bit-width is preserved (efficient computation by 
estimating the reconstruction error with its expected value)

Proposed Method
Problem. Post-training Quantization for ViTs
• Input: a ViT model 𝑓. pre-trained on task 𝒯,
                  calibration dataset 𝔻 = 𝑥! , 𝑦! !/,

0  of size 𝑆, and
                  target bit-width 𝑏
• Output: a quantized model 𝑓.!  within the 𝑏-bit limit
                     minimizing the performance degradation on 𝒯

Mixed Precision Quantization (MPQ)
• Assigning different quantization bit-widths to each component
• Why? Aims to improve performance by allocating higher bit-

widths to crucial components
• Four solutions: 1) Learning-based, 2) Reinforcement Learning 

(RL), 3) Neural Architecture Search (NAS), and 4) Metric-based

Metric-base MPQ
• Bit-width allocation based on sensitivity metrics 
• Most practical and scalable solution (others require training)
• 3 components: 1) granularity, 2) metric, and 3) bit assignment

Simplified Formulation of ViT Layers
• Block > Module (MLP and MSA) > Layer (𝑞𝑘𝑣, 𝑝𝑟𝑜𝑗, 𝑓𝑐1, and 𝑓𝑐2)
• Abstracting each ViT block as consisting of 4 core layers

è omitting the inner workings of the Attention mechanism

Problem Definition

1. LAMPQ achieves the state-of-the-art performance
• Regardless of model type, dataset, target bit-width 𝑏, and task 𝒯

• Tasks: Image classification,
Object detection,
Zero-shot quantization 

• Up to 5.87%p (3-bit)

Experiments

2. All ideas contribute to the improved performance
• Type-aware Fisher-based metric (I2) shows the highest impact

3. The bit allocation reflects each layer’s sensitivity
• Components closer to the input images are important
• Sensitivity by layer type in order: 
𝑞𝑘𝑣 > 𝑓𝑐1 ≈ 𝑝𝑟𝑜𝑗 > 𝑓𝑐2 
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Table 4: Precision of quantized models on MS-COCO dataset. Note that LAMPQ achieves the best performance in all cases.

Mask R-CNN Cascade Mask R-CNN
Method W/A Swin-T Swin-S Swin-T Swin-S Average

APbox APmask APbox APmask APbox APmask APbox APmask

Full-Precision 32/32 46.0 41.6 48.5 43.3 50.4 43.7 51.9 45.0 46.3
QDrop (2022) 4/4 12.4 12.9 42.7 40.2 23.9 21.2 24.1 21.4 24.9
PD-Quant (2023a) 4/4 17.7 18.1 32.2 30.9 35.5 31.0 41.6 36.3 30.4
RepQ-ViT (2023) 4/4 36.1 36.0 44.2 40.2 47.0 41.4 49.3 43.1 42.2
OPTQ (2023) 4/4 36.3 36.3 42.9 40.2 47.1 41.5 49.2 43.2 42.1
ERQ (2024) 4/4 36.8 36.6 43.4 40.7 47.9 42.1 50.0 43.6 42.6
AdaLog (2024) 4/4 39.1 37.7 44.3 41.2 48.2 42.3 50.6 44.0 43.4
VT-PTQ† (2021b) 4MP/4MP 39.2 37.7 44.3 41.3 48.3 42.5 50.9 44.2 43.6
LAMPQ (Proposed) 4MP/4MP 39.8 38.4 44.9 41.8 49.0 43.1 51.1 44.5 44.1
†: AdaLog quantization with bit allocation by VT-PTQ.

Table 5: Zero-shot quantization accuracy [%] on ImageNet
dataset. LAMPQ consistently shows the best performance.

Method W/A
DeiT Swin

DeiT-T DeiT-S Swin-T Swin-S
Original 32/32 72.21 79.85 81.35 83.20
PSAQ-ViT 4/8 65.57 72.04 69.78 75.03
VT-PTQ† 4MP/8MP 65.65 72.18 69.91 75.09
LAMPQ 4MP/8MP 66.27 72.71 70.24 75.49
PSAQ-ViT 8/8 71.56 75.97 73.54 76.68
VT-PTQ† 8MP/8MP 71.58 76.02 73.63 76.72
LAMPQ 8MP/8MP 71.77 76.20 73.76 76.85
†: PSAQ-ViT quantization with bit allocation by VT-PTQ.

Table 6: Ablation study of our proposed ideas in LAMPQ.
All ideas of LAMPQ effectively enhance the performance.

Method MPQ I1 I2 I3 Accuracy
Base: AdaLog (2024) ✁ ✁ ✁ ✁ 24.47
Base + VT-PTQ (2021b) ✂ ✁ ✁ ✁ 26.37
Base + I1 + I2 ✂ ✂ ✂ ✁ 44.43
Base + I1 + I3 ✂ ✂ ✁ ✂ 27.87
LAMPQ (Proposed) ✂ ✂ ✂ ✂ 45.38

to 0.62%p increase when applied to PSAQ-ViT (Li et al.
2022d). The results show that LAMPQ is robust towards
dataset quality, effective both for real and synthetic datasets.

Ablation Study (Q4)
We perform an ablation study to show that each main idea of
LAMPQ improves the quantization performance. We sum-
marize the 3-bit quantization results of DeiT-S model pre-
trained on ImageNet dataset in Table 6. Our analysis shows
that MPQ and all proposed ideas of LAMPQ contribute to the
improved performance, with type-aware Fisher-based metric
(I2) having the strongest impact of 19.96%p.

Case Study on Bit Allocation (Q5)
We conduct a case study to examine how LAMPQ allocates
bits and whether it reflects the sensitivity of each layer. Fig-
ure 7 compares the bit allocation of a 3-bit quantized DeiT-S

Bit-width
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2022d). The results show that LAMPQ is robust towards
dataset quality, effective both for real and synthetic datasets.

Ablation Study (Q4)
We perform an ablation study to show that each main idea of
LAMPQ improves the quantization performance. We sum-
marize the 3-bit quantization results of DeiT-S model pre-
trained on ImageNet dataset in Table 6. Our analysis shows
that MPQ and all proposed ideas of LAMPQ contribute to the
improved performance, with type-aware Fisher-based metric
(I2) having the strongest impact of 19.96%p.

Case Study on Bit Allocation (Q5)
We conduct a case study to examine how LAMPQ allocates
bits and whether it reflects the sensitivity of each layer. Fig-
ure 7 compares the bit allocation of a 3-bit quantized DeiT-S
model by (a) VT-PTQ and (b) LAMPQ. LAMPQ captures
layer-level sensitivity variations within modules that VT-
PTQ misses. The fine-grained allocation shows qkv requir-

(a) VT-PTQ (b) LAMPQ (Proposed)

Figure 7: Bit allocation of 3-bit quantized DeiT-S models.

ing higher bits than proj and fc1 needing more bits than fc2,
which is consistent with our analysis in Figure 1(b).

Related Work
MPQ (Rakka et al. 2024) quantizes different components
of a model with varying bit-precision levels. There are four
main approaches of MPQ: learning, Reinforcement Learn-
ing (RL), Neural Architecture Search (NAS), and metric-
based solutions. Learning-based methods (Huang et al.
2022; Shin et al. 2023) treat bit-widths as trainable parame-
ters and update them based on loss gradients. RL-based ap-
proaches (Lou et al. 2020; Kim et al. 2024) leverage a RL
agent to determine the allocation policy. NAS-based solu-
tions (Yu et al. 2020; Wang et al. 2025) explore the bit se-
lection space through an automated search process. Metric-
based methods rely on statistical properties such as nuclear
norm (Liu et al. 2021b), quantization entropy (Sun et al.
2022), and orthogonality (Ma et al. 2023). Among them,
LAMPQ quantifies sensitivity based on the trace of Fisher in-
formation matrix. In this way, LAMPQ more precisely allo-
cates bit-widths to layers and achieves better performance.

Conclusion
We propose LAMPQ, an accurate Mixed Precision Quan-
tization (MPQ) method for Vision Transformers, which is
adaptable to any existing quantization method. Our main
idea involves layer-wise MPQ, utilizing a type-aware Fisher-
based metric, and iterative bit update. LAMPQ outperforms
existing methods in diverse tasks such as image classifi-
cation, object detection, and zero-shot quantization. Future
works include extending LAMPQ into various settings such
as vision language models and generation tasks.
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model by (a) VT-PTQ and (b) LAMPQ. LAMPQ captures
layer-level sensitivity variations within modules that VT-
PTQ misses. The fine-grained allocation shows qkv requir-
ing higher bits than proj and fc1 needing more bits than fc2,
which is consistent with our analysis in Figure 1(b).

Related Work
MPQ (Rakka et al. 2024) quantizes different components of
a model with varying bit-precisions. There are four main
approaches: learning, Reinforcement Learning (RL), Neu-
ral Architecture Search (NAS), and metric-based solutions.
Learning-based methods (Huang et al. 2022; Shin et al.
2023) treat bit-widths as trainable parameters and update
them based on loss gradients. RL-based methods (Lou et al.
2020; Kim et al. 2024) leverage a RL agent to determine
the allocation policy. NAS-based solutions (Yu et al. 2020;
Wang et al. 2025) explore the bit selection space through
an automated search process. Metric-based methods rely on
statistical properties such as quantization entropy (Sun et al.
2022) and orthogonality (Ma et al. 2023). Among them,
LAMPQ quantifies sensitivity based on the trace of Fisher in-
formation matrix. In this way, LAMPQ more precisely allo-
cates bit-widths to layers and achieves better performance.

Conclusion
We propose LAMPQ, an accurate Mixed Precision Quan-
tization (MPQ) method for Vision Transformers, which is
adaptable to any existing quantization method. LAMPQ out-
performs existing methods in diverse tasks such as image
classification, object detection, and zero-shot quantization.
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Layer-wise Mixed Precision Quantization
Observation. We present an empirical observation that
layer-wise sensitivity varies significantly, making module-
based MPQ approaches suboptimal. We prepare a full-
precision DeiT-S (2021) model and quantize each compo-
nent following AdaLog (Wu et al. 2024) while keeping
other components unchanged to ignore their effects. Fig-
ure 1 shows that accuracy degradation varies significantly
not only across (a) blocks and modules, but also (b) individ-
ual layers. Within each module, qkv and proj in MSA, and
fc1 and fc2 in MLP show notably different sensitivities, es-
pecially in the middle layers (16–32). This variation in sen-
sitivity is consistently observed across different models (see
Section ‘Further Experiments’ of the Supplementary Mate-
rials). Module-wise MPQ methods assign the same bits to
all components within a module, ignoring this variation.
Solution. Motivated by this observation, we allocate vary-
ing bit-widths for each layer to reflect their sensitivity dif-
ferences. To achieve this, we propose a layer-wise MPQ
scheme that determines its granularity at the layer level.
Finer-grained quantization beyond the module level im-
prove sensitivity estimation, but often introduce hardware
inefficiencies. In particular, granularity finer than the layer
level (e.g., per-channel or per-weight) introduces varying
bit-widths within the same weight or activation matrix, re-
quiring frequent conversions to full precision during compu-
tation, leading to substantial runtime overhead. By contrast,
layer-wise quantization offers a good trade-off between in-
ference speed and performance, as layers are the smallest
units compatible with low-bit kernels (Park et al. 2024).

Type-aware Fisher-based Metric
Observation. Designing an accurate and efficient metric to
estimate each component’s quantization sensitivity is cru-
cial for metric-based MPQ for ViTs. VT-PTQ estimates the
quantization sensitivity of MSA and MLP modules by evalu-
ating the nuclear norm of attention and feature maps, respec-
tively. However, this approach has two major limitations.
First, the metric relies on empirical intuition, which lacks
a solid theoretical foundation. A greater nuclear norm indi-
cates more information in the matrix, which may suggest an
important layer, but it does not directly correlate with the
performance. Second, the metric exhibits a large scale gap
between two module types, MSA and MLP. Figure 5(a) il-
lustrates the metric values measured on a DeiT-S model with
VT-PTQ. The metric values for MSA and MLP differ by 10
to 40 times, making direct comparison between inter-type
modules challenging. Hence, developing a metric with the-
oretical justification and scaling consistency is essential.
Solution. In metric-based MPQ, a sensitivity score !i is re-
quired to quantify the expected degradation from quantizing
each layer li; !i later guides the bit-width allocation. Our
idea is to obtain this score from the trace tr(F) of the Fisher
information matrix with type-aware scaling ωt for fair com-
parison across different layer types (lines 1-10 of Alg. 1).

As shown in Lemma 1, the Hessian trace tr(H) is an effec-
tive sensitivity metric for weight-only MPQ in CNNs (Dong
et al. 2020; Yao et al. 2021). Motivated by this, we adopt the

(a) VT-PTQ (2021b) (b) LAMPQ (Proposed)

Figure 5: Comparison of metric values between (a) VT-
PTQ (2021b) and (b) LAMPQ for a DeiT-S model.

Hessian trace as our initial basis for layer sensitivity of ViTs
under a simplified four-linear-layer formulation. However,
directly applying this metric into ViTs faces two challenges.
First, computing Hi for each layer li requires second-order
derivatives with respect to all parameters, leading to sig-
nificant overhead. Second, as ViTs contain four layer types
while CNNs have only one, assuming that all types exhibit
the same accuracy change per unit metric value is invalid.

To address these challenges, we first replace tr(Hi) with
tr(Fi), noting that the expected Hessian Hi of each layer ap-
proximates its Fisher information matrix Fi as in Lemma 2.
Lemma 2 (Hessian and Fisher information matrices). Th

Assume that loss L is the negative log-likelihood. Let ε,

p(y|x, ε), q(x) as the model parameters, conditional proba-

bility of y given input x, and an empirical distribution of x,

respectively. Then, the expected Hessian of layer li

Ex→q(x)Ey→p(y|x,ω)[Hi] → Fi,

where Fi denotes the Fisher information matrix of layer li.

Proof. Refer to Section ‘Theoretical Analysis’ of the Sup-
plementary Materials.

Next, we need to normalize sensitivity metrics across
layer types, so that their values correspond to an equivalent
amount of accuracy degradation. To achieve this, we intro-
duce a type-specific scaling factor ωt, which converts a unit
metric value into an equivalent amount of accuracy drop for
each layer type. We define the type-scaled sensitivity metric
!i for layer li as:

!i = ωttr(Fi), (1)
where ωt ↑ {ωqkv,ωproj,ωfc1,ωfc2} is assigned based on the
layer type t. This scaling enables fair comparison of sensi-
tivity across heterogeneous components by expressing their
metric values in terms of expected accuracy impact.

Then, how can we determine ωt without investigating all
layers which leads to an excessive computation? Our idea is
to approximate it from a few sampled layers of each type.
Specifically, we define ωt = A(t)/tr(F(t)) as the ratio be-
tween the average accuracy drop A(t) and the average Fisher
trace tr(F(t)) when µ layers of type t are quantized to ϑ-bit
(µ ↓ L and ϑ < 32). As a result, LAMPQ effectively scales
metric values across different types, as shown in Figure 5(b).

Accuracy drop by 1-bit quantization of 𝑞𝑘𝑣 
layers; 32-bit: original DeiT-S model, 2-bit: its 
variant with the first block quantized to 2-bit
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Abstract

How can we accurately quantize a pre-trained Vision Trans-
former model? Quantization algorithms compress Vision
Transformers (ViTs) into low-bit formats, reducing memory
and computation demands with minimal accuracy degrada-
tion. However, existing methods rely on uniform precision,
ignoring the diverse sensitivity of ViT components to quan-
tization. Metric-based Mixed Precision Quantization (MPQ)
is a promising alternative, but previous MPQ methods for
ViTs suffer from three major limitations: 1) coarse granular-
ity, 2) mismatch in metric scale across component types, and
3) quantization-unaware bit allocation. In this paper, we pro-
pose LAMPQ (Layer-wise Mixed Precision Quantization for
Vision Transformers), an accurate metric-based MPQ method
for ViTs to overcome these limitations. LAMPQ performs
layer-wise quantization to achieve both fine-grained control
and efficient acceleration, incorporating a type-aware Fisher-
based metric to measure sensitivity. Then, LAMPQ assigns
bit-widths optimally through integer linear programming and
further updates them iteratively. Extensive experiments show
that LAMPQ provides the state-of-the-art performance in
quantizing ViTs pre-trained on various tasks such as image
classification, object detection, and zero-shot quantization.

Introduction
How can we compress a pre-trained Vision Transformer

model while maintaining accuracy? Vision Transformers
(ViTs) (Dosovitskiy et al. 2021; Touvron et al. 2021) have
recently gained significant attention due to their superior
performance across a wide range of computer vision prob-
lems (Li et al. 2022a; Gao et al. 2022; Liu et al. 2024). De-
spite their success, ViTs are difficult to deploy on resource-
limited devices due to their complex architecture, along with
significant memory and computational demands (Li et al.
2022c; Liu et al. 2023b). Model quantization (Wu et al.
2024; Kim, Kim, and Kang 2025) mitigates these challenges
by converting models into a low-bit format, which enables
higher compression rate and faster inference with minimal
performance loss over other model compression methods
such as pruning (He and Xiao 2024; Park et al. 2025) and
knowledge distillation (Xie et al. 2023; Gu et al. 2024).
Among the two approaches of model quantization, Post-
Training Quantization (PTQ) (Ma et al. 2024; Zhong et al.
2024) is more suitable for ViTs since quantization-aware
training (Li et al. 2022b; Yu et al. 2023) requires additional

(a) Block and module (b) Layer

Figure 1: Accuracy when quantizing a single component
of the DeiT-S model to 1-bit following Wu et al. (2024)
while keeping the others unchanged. Sensitivity varies sig-
nificantly across (a) blocks and modules, and (b) layers.

training that may take up to several days or even weeks.
Previous PTQ studies (Li et al. 2023; Liu et al. 2023a;

Moon et al. 2024) have achieved promising performance by
tackling ViT-specific problems such as inter-channel varia-
tion of post-LayerNorm activations (Li et al. 2023), power-
law distribution of post-Softmax activations (Wu et al.
2024), and outliers of block outputs (Ma et al. 2024). How-
ever, most of these methods employ uniform precision, ap-
plying the same bit-width across all components. This ap-
proach leads to suboptimal performance since different ViT
components (such as blocks, modules, and layers) exhibit
varying sensitivities to quantization (see Figures 1, 2, and 6).

Assigning different quantization bit-widths to each com-
ponent based on their quantization sensitivity, known as
Mixed Precision Quantization (MPQ) (Koryakovskiy et al.
2023; Rakka et al. 2024), aims to improve performance
by allocating higher bit-widths to critical network lay-
ers. Metric-based methods (Sun et al. 2022; Ma et al.
2023) emerge as the most practical choice among the MPQ
techniques. Other MPQ techniques such as gradient-based
methods (Huang et al. 2022; Shin et al. 2023), reinforce-
ment learning (Kim et al. 2024), and neural architecture
search (Wang et al. 2025), lack scalability as they demand
substantial computational resources; they take 10 to 300
GPU hours even for a small model such as ResNet-18 with
only 11M parameters (Kim et al. 2024). Metric-based MPQ
works in three steps: selecting a granularity for partitioning,

https://github.com/snudatalab/LampQ

