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Abstract

Vision Transformers (ViTs) have become one of the most
commonly used backbones for vision tasks. Despite their re-
markable performance, they often suffer significant accuracy
drops when quantized for practical deployment, particu-
larly by post-training quantization (PTQ) under ultra-low
bits. Recently, reconstruction-based PTQ methods have
shown promising performance in quantizing Convolutional
Neural Networks (CNNs). However, they fail when ap-
plied to ViTs, primarily due to the inaccurate estimation
of output importance and the substantial accuracy degra-
dation in quantizing post-GELU activations. To address
these issues, we propose APHQ-ViT, a novel PTQ approach
based on importance estimation with Average Perturbation
Hessian (APH). Specifically, we first thoroughly analyze
the current approximation approaches with Hessian loss,
and propose an improved average perturbation Hessian
loss. To deal with the quantization of the post-GELU ac-
tivations, we design an MLP Reconstruction (MR) method
by replacing the GELU function in MLP with ReLU and
reconstructing it by the APH loss on a small unlabeled
calibration set. Extensive experiments demonstrate that
APHQ-ViT using linear quantizers outperforms existing PTQ
methods by substantial margins in 3-bit and 4-bit across
different vision tasks. The source code is available at
https://github.com/GoatWu/APHQ-ViT.

1. Introduction
The success of Transformer-based models in natural lan-
guage processing (NLP) [7, 45] has inspired their application
to various computer vision tasks, such as image classifica-
tion [3, 11, 32], object detection [2, 6, 53, 57] and instance
segmentation [42, 48, 51, 52, 56]. Due to their sophisticated
architectures for representation learning, substantial memory
B Corresponding Authors
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Figure 1. (a) shows the box plot of activations for each linear layer
in vit-small.blocks.5 and 6 by using the 0.99 quantile, highlighting
the varying ranges of post-GELU activations. (b) and (c) display
that the activation range of fc2 is significantly reduced after MLP
Reconstruction, while the weight range only exhibits slight changes.

usage and computational overhead make it a great challenge
to deploy these models on resource-constrained devices [23].

Model quantization has recently emerged as a promising
solution to reduce the computational cost of deep learning
models. This technique converts the weights or activations
from float-point precision to low bit-width, while preserving
the original model architectures. Most current quantiza-
tion approaches are generally categorized into two groups:
quantization-aware training (QAT) [5, 12] and post-training
quantization (PTQ) [15, 40]. QAT methods typically achieve
superior accuracy compared to PTQ by performing end-to-
end training on the full pretraining dataset. Nevertheless,
they are often time-intensive and encounter substantial limi-
tations when the original dataset is inaccessible. In contrast,
PTQ methods are more applicable as they rely solely on
a small unlabeled calibration dataset instead of requiring

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

9686



access to the full training set. PTQ methods can be further
divided into two categories, i.e., the one that only involves
calibration [27, 29, 35, 50], and the reconstruction-based
one [20, 36, 49, 54], where the later generally achieves su-
perior accuracy by introducing an efficient fine-tuning pro-
cess. Despite their promising performance in quantizing
CNNs [25, 30, 46], the reconstruction-based methods suffer
from the following two limitations when applied to ViTs.

1) Inaccurate estimation of output importance. Repre-
sentative reconstruction-based PTQ methods employ the
block-reconstruction framework [25, 46], which fine-tunes
the AdaRound [39] weights to ensure that the output of the
quantized block closely matches the output of the original
full-precision one. The mean squared error (MSE) between
the quantized and original outputs is one of the most com-
monly used metrics to evaluate quantization quality. How-
ever, this approach is suboptimal, since it treats all output
tokens and dimensions equally, overlooking the critical im-
portance of the class token and the importance variations
across channels in ViTs as shown in Sec. C of the supple-
mentary material. Some works leverage the Hessian matrix
based on Fisher information to explore the distinct impor-
tance [8, 25, 50], while fail to surpass the MSE loss due to
the inaccurate approximation on the Hessian matrix.

2) Performance degradation in quantizing post-GELU
activation. As shown in Fig. 1 (a), the quantization error
in post-GELU activations stems from two primary factors.
First, the activation distribution is highly imbalanced: neg-
ative activations are densely concentrated within a narrow
interval [−0.17, 0], while positive activations follow sparse
distributions. Second, the activation range varies signifi-
cantly, reaching up to 40 in certain layers. Some works
have attempted to deal with the imbalanced activation dis-
tribution by a twin-uniform quantizer that employs separate
scaling factors for positive and negative activations [50], or
employ a hardware-friendly logarithmic quantizer with an
arbitrary base [47]. However, they necessitate specialized
hardware support for the quantizer, limiting their practicality
in real-world applications.

To address the above issues, we propose a novel quan-
tization approach dubbed APHQ-ViT for the post-training
quantization of Vision Transformers. As illustrated in Fig. 2,
to tackle the inaccurate estimation of output importance,
we thoroughly investigate the current approximation meth-
ods with Hessian loss, and propose an improved average
perturbation Hessian (APH) loss for block reconstruction.
We show that applying APH to explore the importance of
output can stabilize the reconstruction process, and further
promote precision. To deal with performance degradation
in quantizing post-GELU activations, we develop the MLP
Reconstruction method (MR), by replacing the GELU activa-
tion function with ReLU. As shown in Fig. 1(b) and (c), MR
not only reduces the activation range while maintaining the

weight range, but also alleviates the imbalanced activation
distributions, thus reducing the quantization error.

The main contributions of our work lie in three-fold:
1) We thoroughly analyze the limitations of existing Hes-

sian guide quantization loss, and propose an improved Av-
erage Perturbation Hessian (APH) loss by mitigating the
estimation deviations, which facilitates both the block-wise
quantization reconstruction and MLP reconstruction.

2) We develop a novel MLP Reconstruction (MR) method
by replacing the GELU activation function in MLP with
ReLU, which simultaneously alleviates imbalanced acti-
vation distribution and significantly reduces the activation
range, making the model more amenable to quantization.

3) We extensively conduct experiments on public datasets
across various vision tasks in order to evaluate the perfor-
mance of our method. Experimental results demonstrate that
the proposed method, utilizing only linear quantizers, signif-
icantly outperforms the current state-of-the-art approaches
with distinct Vision Transformer architectures, especially in
the case of ultra-low bit quantization.

2. Related Work
Model quantization, which aims to map the floating-point
weights and activations to lower bit widths, has become
one of the most widely used techniques for accelerating the
inference of deep learning models. It can be roughly di-
vided into two categories: Post-Training Quantization (PTQ)
and Quantization Aware Training (QAT). Among the quan-
tization methods for Vision Transformers, QAT methods
[5, 12, 18, 26] often achieve higher accuracy. However, QAT
methods often require a large amount of training resources,
limiting their universality. By contrast, PTQ methods only
take a small calibration dataset to adjust quantization param-
eters, making them resource-efficient.

The PTQ methods can be further categorized into two
groups, i.e., the calibration-only methods that solely involve
the calibration stage, and the reconstruction-based methods
that additionally incorporate a reconstruction stage.

Calibration-only methods can efficiently obtain a quan-
tized model. PTQ4ViT [50] employs a twin-uniform quan-
tizer to reduce the activation quantization error, and adopts
a Hessian guided loss to evaluate the effectiveness of differ-
ent scaling factors. RepQ-ViT [27] decouples the quantiza-
tion and inference processes, specifically addressing post-
LayerNorm activations with significant inter-channel varia-
tions. NoisyQuant [31] reduces quantization error by adding
a fixed uniform noisy bias to the values being quantized.
IGQ-ViT [38] employs a group-wise activation quantizer to
balance the inference efficiency and quantization accuracy.
ERQ [55] introduces the GPTQ approach [14] to ViTs and
proposes an activation quantization error reduction module to
mitigate quantization errors, along with a derived proxy for
output error to refine weight rounding. AdaLog [47] designs
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a hardware-friendly arbitrary-base logarithmic quantizer to
handle power-law activations and a progressive hyperparam-
eter search algorithm. However, these methods still suffer
substantial quantization loss under low-bit quantization.

Reconstruction-based methods often achieve quantized
models with higher accuracy, by additionally employing
quantization reconstruction. Numerous approaches have
been developed for CNNs. AdaRound [39] adopts a refined
weight rounding strategy to minimize the task loss, outper-
forming conventional rounding-to-nearest methods. BRECQ
[25] improves performance by leveraging cross-layer depen-
dencies through block-wise reconstruction. QDrop [46] em-
ploys random activation dropout during block reconstruction,
facilitating obtaining smoother optimized weight distribu-
tions. Although effective for CNNs, these methods yield sub-
optimal results when applied to ViTs. I&S-ViT [54] employs
a three-stage smooth optimization strategy to address the
quantization inefficiency and ensure stable learning. DopQ-
ViT selects optimal scaling factors to mitigate the impact of
outliers and preserve quantization performance. OASQ [36]
addresses outlier activations employing distinct granularities
in the quantization reconstruction. Although these methods
generally outperform calibration-only approaches, they still
struggle to reach an acceptable performance under ultra-low
bit quantization.

3. The Proposed Approach
As shown in Fig. 2, the proposed APHQ-ViT approach fol-
lows the block-wise quantization pipeline. In each block, we
first perform MLP Reconstruction, followed by quantization
reconstruction based on QDrop. The average perturbation
Hessian loss is applied in both reconstructions to explore the
distinct output importance. The overall pipeline of APHQ-
ViT is summarized in Algorithm 1. The average perturba-
tion Hessian loss and MLP Reconstruction are described in
Sec. 3.2 and Sec. 3.3, respectively.

3.1. Preliminaries: Hessian in BRECQ

The Hessian guided metric proposed by BRECQ [25] stands
out as one of the most prevalent metrics for evaluating
the quantization quality of CNNs. It assumes that the de-
quantized weight Ŵ can be represented as the original
weight W perturbed by ϵ, i.e., Ŵ = W + ϵ. The quality
of quantization is measured by estimating the quantization
loss through a Taylor expansion:

E[L(Ŵ )]− E[L(W )] ≈ ϵ⊤J̄ (W ) +
1

2
ϵ⊤H̄(W )ϵ, (1)

where J̄ (W ) and H̄(W ) are the Jacobian and Hessian matri-
ces w.r.t the weight W , respectively.

Supposing the convergence of a pre-trained model to be
quantized, existing works often drop the first-order term

Algorithm 1 APHQ-ViT for Block-wise Quantization.

Input: The full-precision model M, the full-precision
block B to be quantized, the calibration data Dcalib, and
the loss function L.
# Calculate the Average Perturbation Hessian:

1: Compute the raw output O of B based on Dcalib.
2: Calculate the perturbed outputs O+ and O−.
3: Compute f(O)/f(O+)/f(O−) by forward passing

O/O+/O− through the remaining blocks of M.
4: Calculate L(f(O), f(O+)) and L(f(O), f(O−)) and

obtain J̄ (O+) and J̄ (O−) by backward propagation.
5: Calculate the average perturbation Hessian matrix H̄

based on Eq. (8).
# MLP Reconstruction:

6: Replace the GELU activation of MLP by ReLU.
7: for i = 0, · · · , max iter do
8: Calculate ODirect and OClamp by Eqs. (11) and

(12).
9: Calculate LDistill by Eq. (14).

10: Perform backward propagation and update MLP.
11: end for

# Quantization Reconstruction:
12: for i = 0, · · · , max iter do
13: Calculate the quantized output Ô by QDrop [46].
14: Calculate LAPH based on Eq. (9).
15: Perform backward propagation and update the

AdaRound [39] weights in B.
16: end for

Output: The quantized block B̂.

ϵ⊤J̄ (W ) and approximate the Hessian matrix with squared
gradient, resulting in the quantization loss:

E[L(Ŵ )]− E[L(W )] ≈
∑
i

(
(Ôi −Oi) ·

∂L
∂Oi

)2

, (2)

where O is the output, and Ô is the de-quantized one of O.
The above Hessian guided quantization loss adopts two

approximations as in BRECQ: 1) the Hessian matrix is ap-
proximated by the Fisher Information Matrix (FIM) [13];
2) the diagonal elements of FIM are approximated by the
squared gradients w.r.t. the output. These approximations
achieve high accuracy, when the task loss is the Cross-
Entropy (CE) loss, and the model’s predicted distribution
aligns closely with the true data distribution. However, in
practice, models are often unable to fit the true data distribu-
tion well, leading to inevitable approximation errors. Addi-
tionally, these approximations fail to generalize to tasks such
as segmentation and object detection. As a consequence,
when applied to ViTs, the loss in Eq. (2) is inferior to the
MSE Loss in many ViT architectures as shown in Table 4.
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Figure 2. Framework overview of APHQ-ViT. In the block-wise quantization process, we first reconstruct the MLP layer, followed by
quantization reconstruction, both of which are optimized by the proposed Average Perturbation Hessian (APH) loss. The MLP Reconstruction
(MR) method replaces the GELU activation function with ReLU and reduces the post-GELU activation range. The detailed implementation
of the APH loss is visualized at the bottom.

3.2. Average Perturbation Hessian Loss

To address the limitations of the Hessian guided loss in
Eq. (2), we develop a perturbation based estimation method
that only relies on two fundamental assumptions as below:

A.1) When performing Taylor series expansions for the
loss, the third and higher-order derivatives can be omitted
without significantly sacrificing the accuracy [10, 37, 39].

A.2) The influence of individual elements on the final
output is assumed to be independent, allowing the use of the
diagonal Hessian as a practical substitute for the computa-
tionally intensive full Hessian [10, 43].

It is worth noting that A.1) and A.2) are widely used
in various model compression methods, including BRECQ,
which further rely on additional, stronger assumptions to
achieve their results.

We first extend the loss function to ensure compatibility
across diverse tasks. Instead of the conventional CE loss, we
regard quantization as a knowledge distillation process on a
small unlabeled calibration dataset. This allows us to directly
employ distillation loss to address different tasks. Specifi-
cally, for classification, we adopt the KL divergence between
the output logits as the distillation loss. For two-stage object

detection and instance segmentation, we combine the KL
divergence from the classification head and the smooth L1
distance [16] from the regression head as the distillation loss.
Compared to the CE Loss, these distillation losses share
the following common characteristics: L(Ô,O) ≥ 0, and
L(Ô,O) = 0 if and only if O = Ô. According to the ex-
treme value theorem [21], if L is differentiable at Ô = O,
then we have:

J̄ (O) =
∂L(Ô,O)

∂Ô

∣∣∣∣∣
Ô=O

= 0. (3)

Based on Eq. (3), we treat the errors introduced by quanti-
zation or MLP Reconstruction as small perturbations denoted
by ϵ, and perform a Taylor expansion as below:

L(O + ϵ) = L(O) + ϵ⊤J̄ (O) +
1

2
ϵ⊤H̄(O)ϵ+O(∥ϵ∥3)

=
1

2
ϵ⊤H̄(O)ϵ+O(∥ϵ∥3) ≈ 1

2
ϵ⊤H̄(O)ϵ,

(4)

where L(O+ϵ),L(O) are the abbreviations of L(O+ϵ,O)
and L(O,O), respectively, H̄(O) is the Hessian matrix of

9689



L w.r.t O, and O(∥ϵ∥3) represents the sum of the third and
higher-order derivatives. As depicted in Eq. (3), L(O) and
J̄ (O) are zeros, and O(∥ϵ∥3) is omitted according to A.1).

Based on A.2), we follow BRECQ by utilizing the block-
diagonal Hessian and disregarding the inter-block dependen-
cies. By definition, the diagonal elements of the Hessian
matrix are the second partial derivatives of the loss function:

H̄
(O)
i,i =

∂2L
∂O2

i

=
∂

Oi

(
∂L
Oi

)
. (5)

For the i−th diagonal element, we perturb O by ∆O =
10−6: O+ = O+∆O · 1 and O− = O−∆O · 1, where 1
equals 1 for all elements. Based on the mean value theorem
[21], there exists an O′ between O− and O+ such that

H̄
(O′)
i,i =

J̄
(O+)
i − J̄

(O−)
i

2 ·∆Oi
, (6)

where J̄ (O+) and J̄ (O−) are the Jacobian matrices at
O+ and O−, which are computed through backward-
propagation. As the perturbation ∆O is small enough, we
approximate H̄(O)

i,i by H̄
(O′)
i,i . The perturbation Hessian loss

is thus formulated as below:

LPH =
∑
i

(
Ôi −Oi

)2
· H̄(O)

i,i . (7)

It is worth noting that using distinct Hessians for different
samples may lead to an unstable training process. To ad-
dress this issue, we compute the average Hessian across all
samples and utilize the mean value to formulate the final
reconstruction loss as below:

H̄i,i =
1

N

N∑
n=1

H̄
(O(n))
i,i , (8)

LAPH =
∑
i

(
Ôi −Oi

)2
· H̄i,i, (9)

where O(n) is the output of the n−th sample, and N is the
sample size.

Ideally, LAPH and LPH have the following properties.

Theorem 3.1. The expectation of the APH loss is consistent
with that of the PH loss, i.e., E [LAPH] = E [LPH], under
certain independence assumptions.

Theorem 3.2. When utilizing mini-batch gradient descent,
the variance of the gradient of the quantization parameter θ
w.r.t. the APH loss is smaller than that of the PH loss under
certain independence assumptions:

Var

[
∂LAPH

∂θ

]
≤ Var

[
∂LPH

∂θ

]
. (10)

We refer to Sec. A.1 and Sec. A.2 of the supplementary
material for detailed proof. Theorems 3.1 and 3.2 imply that
the gradient of the APH loss is an unbiased estimation on that
of the PH loss, while effectively reducing its variance, under
certain independence assumptions. As claimed in [22, 24],
lower gradient variance results in faster convergence and
improved training stability. Therefore, our proposed APH
loss is expected to outperform the PH loss.

Compared to the Hessian in BRECQ, our method only
requires one additional forward and backward pass, while
maintaining the same training complexity. As a result, the ex-
tra computational overhead is negligible. The key advantages
of our method lie in two-fold: 1) APH is deduced directly
from the definition, thus eliminating errors introduced by the
Fisher Information Matrix; 2) APH is theoretically gener-
alizable to other tasks besides classification, such as object
detection and segmentation.

3.3. MLP Reconstruction

As depicted in Sec. 1, quantizing post-GELU activations in
ViTs incurs two significant challenges: 1) the post-GELU ac-
tivation distribution is highly imbalanced, i.e., concentrating
within the narrow interval (-0.17, 0], which leads to approx-
imation errors during quantization [50]. 2) the activation
range of post-GELU activations varies substantially.

In this section, we propose an MLP Reconstruction
method to address the above two issues simultaneously. To
deal with the imbalanced distribution, we replace all GELU
activation functions in MLP with ReLU. Subsequently, we
perform the feature knowledge distillation [19], and recon-
struct MLP individually. Specifically, for each MLP, we
obtain its original input and output using the unlabeled data.
By following Sec. 3.2, we compute the average perturbation
Hessian to determine the output importance. Thereafter, we
replace the MLP activation function with ReLU and utilize
the Hessian importance to calculate the weighted L2 dis-
tance between the output with ReLU and the original one
with GELU, formulated as below:

LDirect = (OGELU −ODirect)
2 ⊙ H̄, (11)

where ODirect = FC2(ReLU(FC1(X))) is the output of
reconstructed MLP with ReLU for input X , OGELU is the
output of the original MLP with GELU, and H̄ is the average
perturbation Hessian.

The reason ReLU can be used as a replacement for GELU
lies in the fact that, in deeper Transformers, ReLU may suf-
fer from the dying ReLU problem [33], which is why GELU
is typically used during training. However, as described in
[34], neural networks with ReLU activations also theoreti-
cally possess universal approximation capabilities. In this
paper, the MLP module are reconstructed individually for
each layer, which is of shallow depth, thus avoiding the dy-
ing ReLU problem. This enables the network to achieve
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Table 1. Comparison of the top-1 accuracy (%) on the ImageNet dataset with different quantization bit-widths. Here ‘Opt.’ means whether
or not using an optimize-based PTQ method, ‘PSQ’ refers to ‘Post-Softmax Quantizer’, and ‘PGQ’ refers to ‘Post-GELU Quantizer’. ‘*’
indicates that the results are reproduced by using the official code. ‘TUQ’, ‘MPQ’, ‘GUQ’, ‘SULQ’, and ‘TanQ’ are the abbreviations of
‘Twin-Uniform Quantizer’ in PTQ4ViT, ‘Matthew-effect Preserving Quantizer’ in APQ-ViT, ‘Groupwise Uniform Quantizer’ in IGQ-ViT,
‘Shift-Uniform-Log2 Quantizer’ in I&S-ViT, and ‘Tangent Quantizer’ in DopQ-ViT, respectively.

Method Opt. PSQ PGQ W/A ViT-S ViT-B DeiT-T DeiT-S DeiT-B Swin-S Swin-B

Full-Prec. - - - 32/32 81.39 84.54 72.21 79.85 81.80 83.23 85.27

PTQ4ViT [50] × TUQ TUQ 3/3 0.10 0.10 3.50 0.10 31.06 28.69 20.13
RepQ-ViT [27] × log

√
2 Uniform 3/3 0.10 0.10 0.10 0.10 0.10 0.10 0.10

AdaLog [47] × AdaLog AdaLog 3/3 13.88 37.91 31.56 24.47 57.47 64.41 69.75
I&S-ViT [54] ✓ SULQ Uniform 3/3 45.16 63.77 41.52 55.78 73.30 74.20 69.30

DopQ-ViT [49] ✓ TanQ Uniform 3/3 54.72 65.76 44.71 59.26 74.91 74.77 69.63
QDrop* [46] ✓ Uniform Uniform 3/3 38.31 73.79 46.69 52.55 74.32 74.11 75.28

APHQ-ViT(Ours) ✓ Uniform Uniform 3/3 63.17 76.31 55.42 68.76 76.31 76.10 78.14

PTQ4ViT [50] × TUQ TUQ 4/4 42.57 30.69 36.96 34.08 64.39 76.09 74.02
APQ-ViT [8] × MPQ Uniform 4/4 47.95 41.41 47.94 43.55 67.48 77.15 76.48

RepQ-ViT [27] × log
√
2 Uniform 4/4 65.05 68.48 57.43 69.03 75.61 79.45 78.32

ERQ [55] × log
√
2 Uniform 4/4 68.91 76.63 60.29 72.56 78.23 80.74 82.44

IGQ-ViT [38] × GUQ GUQ 4/4 73.61 79.32 62.45 74.66 79.23 80.98 83.14
AdaLog [47] × AdaLog AdaLog 4/4 72.75 79.68 63.52 72.06 78.03 80.77 82.47
I&S-ViT [54] ✓ SULQ Uniform 4/4 74.87 80.07 65.21 75.81 79.97 81.17 82.60

DopQ-ViT [49] ✓ TanQ Uniform 4/4 75.69 80.95 65.54 75.84 80.13 81.71 83.34
QDrop* [46] ✓ Uniform Uniform 4/4 67.62 82.02 64.95 74.73 79.64 81.03 82.79
OASQ [36] ✓ Unifrom Uniform 4/4 72.88 76.59 66.31 76.00 78.83 81.02 82.46

APHQ-ViT(Ours) ✓ Uniform Uniform 4/4 76.07 82.41 66.66 76.40 80.21 81.81 83.42

expressive capability comparable to that by using GELU.
To address the activation range issue, we design an alter-

native clamp loss to constrain the range effectively. Specifi-
cally, we compute the p-th percentile of all positive values
and restrict the activations within this p-th percentile. The
clipped output is formulated as:

AFC2 = ReLU(FC1(X)),

Oclamp = FC2(clamp(AFC2, Quantilep(AFC2))).
(12)

Accordingly, the clipped reconstruction loss is written as:

LClamp = (OGELU −Oclamp)
2 ⊙H. (13)

The MLP Reconstruction loss is finally formulated as:

LDistill = LDirect + α · LClamp, (14)

where α is a trade-off hyperparameter fixed as α = 2. It
is important to note that LDirect cannot be omitted. By
solely using LClamp leads to vanishing gradients for hard-
clipped activations. In regions where activations are hard-
clipped, the gradients tend to be zero, hindering the effective
update of the MLP parameters. By incorporating LDirect

that leverages unclamped activations, the gradient vanishing
issue is mitigated, thus facilitating effective learning.

4. Experimental Results and Analysis
4.1. Experimental Setup

Datasets and Models. For the classification task, we evalu-
ate our method on ImageNet [41] with representative Vision
Transformer architectures, including ViT [11], DeiT [44]
and Swin [32]. For object detection and instance segmen-
tation, we evaluate on COCO [28] by utilizing the Mask
R-CNN [17] and Cascade Mask R-CNN [1] frameworks
based on the Swin backbones.
Implementation Details. All pretrained full-precision Vi-
sion Transformers are obtained from the timm library1.
The pretrained detection and segmentation models are ob-
tained from MMDetection [4]. Following existing works
[25, 36, 46, 54], we randomly select 1024 unlabeled images
from ImageNet and 256 unlabeled images from COCO as
the calibration sets for classification and object detection,
respectively. We adopt channel-wise uniform quantizers for
weight quantization and layer-wise uniform quantizers for
activation quantization, including the attention map. We
follow the hyper-parameter settings as used in QDrop [46]
by setting the batch size, learning rate for activation quanti-
zation, learning rate for tuning weight, the maximal iteration
1https://github.com/huggingface/pytorch-image-models

9691



Table 2. Quantization results (%) on COCO for the object detection and instance segmentation tasks. Here, ‘Baseline’ refers to the results by
using only uniform quantizers for calibration. * and † indicate that the results are re-produced by using the official code.

Method Opt. PSQ W/A
Mask R-CNN Cascade Mask R-CNN

Swin-T Swin-S Swin-T Swin-S
APb APm APb APm APb APm APb APm

Full-Precision - - 32/32 46.0 41.6 48.5 43.3 50.4 43.7 51.9 45.0

Baseline* × Uniform 4/4 34.6 34.2 40.8 38.6 45.9 40.2 47.9 41.6
RepQ-ViT [27] × log

√
2 4/4 36.1 36.0 44.242.7† 40.2 47.0 41.1 49.3 43.1

ERQ [55] × log
√
2 4/4 36.8 36.6 43.4 40.7 47.9 42.1 50.0 43.6

I&S-ViT [54] ✓ SULQ 4/4 37.5 36.6 43.4 40.3 48.2 42.0 50.3 43.6
DopQ-ViT [49] ✓ TanQ 4/4 37.5 36.5 43.5 40.4 48.2 42.1 50.3 43.7

QDrop* [46] ✓ Uniform 4/4 36.2 35.4 41.6 39.2 47.0 41.3 49.0 42.5
APHQ-ViT (Ours) ✓ Uniform 4/4 38.9 38.1 44.1 41.0 48.9 42.7 50.3 43.7

number in both MLP Reconstruction and QDrop reconstruc-
tion as 32, 4e-5, 1e-3 and 20000, respectively. In addition,
we set the percentile p = 0.99 in Eq. (12).

4.2. Quantization Results on ImageNet

We first compare our method to the state-of-the-art ap-
proaches for post-training quantization of ViTs on ImageNet:
1) the calibration-only methods including PTQ4ViT [50],
APQ-ViT [8], RepQ-ViT [27], ERQ [55], IGQ-ViT [38]
and AdaLog [47]; and 2) the reconstruction-based methods
including DopQ-ViT [49], QDrop [46] and OASQ [36].

As summarized in Table 1, for 4-bit quantization, some
of the compared methods suffer a remarkable degradation in
accuracy due to severe quantization loss of weights and acti-
vations. However, the performance of the proposed APHQ-
ViT remains competitive compared to the full-precision
models and consistently outperforms existing methods. As
for 3-bit quantization, calibration-only methods yield an
extremely low performance (e.g. 0.1%) in most scenarios.
Reconstruction-based methods like DopQ-ViT and I&S-ViT
also suffer significant accuracy loss on models that are chal-
lenging to quantize (e.g. ViT-S and DeiT-T). By contrast,
APHQ-ViT maintains more stable accuracy when reducing
the precision from 32 bits to 3 bits. It surpasses the second-
best method, DopQ-ViT, by 10.71% when using the DeiT-T
backbone and achieves an average improvement of 7.21%.

4.3. Quantization Results on COCO

We further evaluate our method on COCO for object de-
tection and instance segmentation. As shown in Table 2,
the baseline method, which employs only uniform quantiz-
ers and QDrop, achieves lower accuracy compared to other
calibration-only and reconstruction-based methods that uti-
lize specific quantizers. By employing the APH loss and
MLP Reconstruction, our method achieves results on par
with or superior to those using specific quantizers.

Table 3. Ablation results w.r.t the top-1 accuracy (%) of the pro-
posed main components on ImageNet with the W3/A3 setting.

Method ViT-S ViT-B DeiT-T DeiT-S Swin-S

Full-Prec. 81.39 84.54 72.21 79.85 81.80

QDrop 38.31 73.79 46.69 52.55 74.11
+APH 59.11 76.05 53.82 67.40 75.44

+APH +MR 63.17 76.31 55.42 68.76 76.10

4.4. Ablation Studies

Effect of the Main Components. We first evaluate the ef-
fectiveness of the proposed Average Perturbation Hessian
(APH) loss and the MLP Reconstruction (MR) method. As
displayed in Table 3, applying the APH loss on QDrop recon-
struction significantly promotes the top-1 accuracy across
distinct Vision Transformer architectures. Specifically, the
accuracy is improved by 20.80%, 14.85%, and 7.13% when
using ViT-S, DeiT-S, and DeiT-T on W3/A3, respectively.
MLP Reconstruction consistently boosts the accuracy when
combined with the APH loss.

Average Perturbation Hessian. To validate the effec-
tiveness of the proposed APH loss, we compare it with the
alternative representative quantization loss, including the
MSE loss [46] and the BRECQ based Hessian (BH) loss.
We further compare it with the original Perturbation Hessian
(PH) without averaging. As shown in Table 4, the PH loss
outperforms other quantization losses in most ViT architec-
tures, and the APH loss further improves the accuracy.

MLP Reconstruction. We separately reconstruct the
MLP module, i.e., performing MLP Reconstruction one by
one without utilizing QDrop reconstruction. As summarized
in Table 5, except for a performance drop of over 1% on DeiT-
T, the accuracy loss on other models is less than 0.5%. On
ViT-B, the accuracy even surpasses that of the full-precision
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Table 4. Ablation results w.r.t the top-1 accuracy (%) of the pro-
posed Perturbation Hessian, compared to other losses on ImageNet
with the W3/A3 setting. “BH”, “PH” and “APH” denote “BRECQ-
based Hessian”, “Perturbation Hessian” and “Average Perturbation
Hessian”, respectively.

Method ViT-S ViT-B DeiT-T DeiT-S Swin-S

Full-Prec. 81.39 84.54 72.21 79.85 83.23

MSE [46] 38.31 73.79 46.69 52.55 74.11
BH [25] 54.33 66.62 49.27 63.72 75.20

PH 55.14 72.80 52.25 66.12 75.40
APH 59.11 76.05 53.82 67.40 75.44

Table 5. Ablation results w.r.t the top-1 accuracy (%) of the pro-
posed MLP Reconstruction method on ImageNet.

Method ViT-S ViT-B DeiT-T DeiT-S Swin-S

Full-Prec. 81.39 84.54 72.21 79.85 83.23

MLP Recon. 80.90 84.84 71.07 79.38 83.12

model by adopting the MR method.
We provide more ablation results in Sec. B of the supple-

mentary material.

4.5. Analysis of Inference Efficiency on MR

MLP Reconstruction replaces the GELU activation function
with ReLU. Unlike GELU, which incurs additional compu-
tational overhead, ReLU can be folded into the preceding
linear layer. As a consequence, the proposed MR method
not only promotes quantization accuracy but also accelerates
inference. Since quantization below 8 bits typically requires
specialized hardware [9, 25, 55], we benchmark the quan-
tized model at W8A8 on an Intel i5-12400F CPU. As shown
in Table 6, 8-bit quantization generally achieves a 1.4 to 1.6
times speedup. By replacing GELU with ReLU via MR, we
further improve inference efficiency.

4.6. Discussion on Training Efficiency

The MLP Reconstruction method in APHQ-ViT introduces
additional training overhead. However, the extra training
cost is acceptable. As shown in Table 7, our method incurs
less training overhead, compared to QAT methods such as
LSQ. Furthermore, our approach requires only 1024 unla-
beled images as a calibration set, eliminating fine-tuning on
the entire dataset, as is typically required by QAT methods.

5. Conclusion
In this paper, we propose a novel post-training quantization
approach dubbed APHQ-ViT for Vision Transformers. We
first demonstrate that the current Hessian guided loss adopts

Table 6. Comparison of latency and throughput of ViTs under
W8A8 quantization to full-precision models. “AF” indicates the
adopted activation function. “Lat.” refers to the model latency
(in milliseconds). “TP” stands for the throughput (in images per
second). “SR” is the speedup rate.

Model AF Bits Lat. TP SR

DeiT-T
GELU 32 30.93 32.08 ×1
GELU 8 22.34 44.76 × 1.40
ReLU 8 20.66 48.40 × 1.51

DeiT-S
GELU 32 100.03 9.97 ×1
GELU 8 63.89 15.65 × 1.57
ReLU 8 58.40 17.12 × 1.72

DeiT-B
GELU 32 346.93 2.88 ×1
GELU 8 217.96 4.59 × 1.59
ReLU 8 198.80 5.03 × 1.75

Swin-S
GELU 32 255.56 3.90 ×1
GELU 8 180.42 5.54 × 1.42
ReLU 8 171.88 5.82 × 1.49

Swin-B
GELU 32 411.07 2.43 ×1
GELU 8 282.28 3.54 × 1.44
ReLU 8 264.38 3.78 × 1.54

Table 7. Comparison of the training time cost and accuracy (%)
under W3/A3 by using distinct quantization methods on a single
Nvidia RTX 4090 GPU.

Model Method PTQ Data
Size

Time
Cost Acc.

DeiT-S
LSQ [12] × 1280 K ∼170 h 77.3

QDrop [46] ✓ 1024 47 min 52.6
APHQ-ViT ✓ 1024 62 min 68.8

Swin-S
LSQ [12] × 1280 K ∼450 h 80.6

QDrop [46] ✓ 1024 130 min 74.1
APHQ-ViT ✓ 1024 170 min 76.1

an inaccurate estimated Hessian matrix, and present an im-
proved Average Perturbation Hessian (APH) loss. Based
on APH, we develop an MLP Reconstruction method that
simultaneously replaces the GELU activation function with
ReLU and significantly reduces the activation range. Ex-
tensive experimental results show the effectiveness of our
approach across various Vision Transformer architectures
and vision tasks, including image classification, object de-
tection, and instance segmentation. Notably, compared to
the state-of-the-art methods, APHQ-ViT achieves an average
improvement of 7.21% on ImageNet with 3-bit quantization
using only uniform quantizers.
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