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Abstract

Post-training quantization (PTQ) has stood out as a cost-
effective and promising model compression paradigm in
recent years, as it avoids computationally intensive model
retraining. Nevertheless, current PTQ methods for Vision
Transformers (ViTs) still suffer from significant accuracy
degradation, especially under low-bit quantization. To ad-
dress these shortcomings, we analyze the prevailing Hessian-
guided quantization loss, and uncover certain limitations
of conventional Hessian approximations. By following the
block-wise reconstruction framework, we propose a novel
PTQ method for ViTs, dubbed FIMA-Q. Specifically, we
firstly establish the connection between KL divergence and
FIM, which enables fast computation of the quantization
loss during reconstruction. We further propose an efficient
FIM approximation method, namely DPLR-FIM, by employ-
ing the diagonal plus low-rank principle, and formulate
the ultimate quantization loss. Our extensive experiments,
conducted across various vision tasks with representative
ViT-based architectures on public datasets, demonstrate that
our method substantially promotes the accuracy compared
to the state-of-the-art approaches, especially in the case
of low-bit quantization. The source code is available at
https://github.com/ShiheWang/FIMA-Q.

1. Introduction
By leveraging the powerful self-attention mechanism [2, 5],
Vision Transformers (ViTs) have recently established them-
selves as a fundamental architecture in the computer vision
community [9, 33, 34, 37, 38], challenging the longstand-
ing dominance of Convolutional Neural Networks (CNNs)
[11, 14, 27]. However, the improved performance comes
at the cost of larger model sizes, more parameters, and in-
creased computational overhead. In order to facilitate the
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(a) Complete FIM
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(b) Diagonal FIM
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(c) Low-Rank FIM
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(d) DPLR-FIM

Figure 1. Illustration on the heatmap of FIM for the class token. (a)
shows the complete FIM, where the diagonal elements are notably
prominent, and the off-diagonal elements are also non-negligible.
(b) and (c) display the diagonal approximation and low-rank ap-
proximation on FIM, respectively, both of which omit critical infor-
mation from the complete FIM. (d) shows the proposed diagonal
plus low-rank approximation on FIM, which clearly achieves im-
provement over compared approaches.

deployment of ViTs on resource-constrained hardware, sub-
stantial research efforts have been devoted to developing
model compression techniques.

Model quantization, as one of the most effective model
compression methods, aims to convert floating-point weights
or activations to low-bit integers, thereby reducing mem-
ory consumption and computational cost [13]. However,
this process inevitably introduces quantization loss, lead-
ing to accuracy degradation. Conventional approaches em-
ploy Quantization-Aware Training (QAT) [8, 10, 16] to re-
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cover performance through end-to-end retraining. Despite
the significantly improved accuracy, QAT methods often re-
quires training on the entire pretraining dataset, incurring pro-
hibitive computational costs. Consequently, Post-Training
Quantization (PTQ) methods, which calibrate quantization
parameters on a small unlabeled data, have emerged as a
promising alternative [15, 25, 29].

While current PTQ methods have delivered promising
performance for CNNs, they suffer from significant perfor-
mance degradation when applied to ViTs, primarily due to
the imbalanced and asymmetric activation distributions of
ViTs. Although numerous studies have developed special-
ized quantizers to accommodate the unique structure and
distribution of ViTs, these approaches still underperform at
low bit-widths [18, 30, 32]. This propels us to examine the
fundamental aspects of existing PTQ methods, and observe
that most of them rely on a loss function to guide parameter
tuning for minimizing quantization error. Consequently, the
formulation and measurement of quantization loss substan-
tially influence the performance of quantized models.

Motivated by our observation that many existing meth-
ods essentially employ Hessian-guided quantization loss
[6, 7, 15, 32], we investigate the construction of the founda-
tional quantization loss through Fisher Information Matrix
(FIM) approximation in this work. Considering the com-
putational intractability of exact Hessian computation, we
explore viable approximation strategies. The existing diag-
onal approximation method, introduced by BRECQ [15],
serves as a candidate, initially replacing the Hessian with
FIM, followed by a diagonal approximation.

However, our in-depth analysis of FIM approximation
reveal two critical findings: 1) As validated in Table 3, the di-
agonal approximation proposed by BRECQ achieves inferior
performance compared to simple mean square error (MSE)
loss on ViTs. This is particularly surprising since the MSE
loss, being agnostic to task-specific objectives, should the-
oretically underperform Hessian-based methods in case of
block-wise quantization. 2) As shown in Fig. 1 (a), the visu-
alization of the complete FIM for the class token implies that
both the diagonal elements and the off-diagonal inter-token
correlations of FIM are important. This finding suggests that
the prevailing diagonal approximation approach discards
potentially valuable off-diagonal components that may be
crucial for maintaining the performance.

To address these issues, we conduct a rigorous analysis
of FIM approximation. Our investigation challenges the
hypothesis of BRECQ, revealing that FIM is linearly pro-
portional to the gradient of the Kullback-Leibler (KL) diver-
gence, instead of the square of the gradient as BRECQ posits.
Building upon this insight, we firstly propose a rank-one
approximation method that preserves critical off-diagonal
correlations and extend it to a low-rank approximation. Sub-
sequently, inspired by the diagonal plus low-rank approx-

imation, we further incorporate the diagnal and low-rank
components, formulating a more concise estimation on FIM,
as displayed in Fig. 1 (d).

The main contributions of this paper are summarized in
the following three aspects:

1) We conduct a thorough analysis on FIM approxima-
tion adopted by the prevailing Hessian-guided loss for post-
training quantization. By exploring the relationship between
KL divergence and FIM, we reveal that FIM is linearly pro-
portional to the gradient of KL divergence.

2) We propose a novel rank-one approximation method
for FIM and further extend it to low-rank approximation. By
combining with the diagonal approximation, we formulate a
new loss for quantization reconstruction.

3) We extensively evaluate the performance of our pro-
posed method on image classification and object detection
across various ViT-based network architectures. The experi-
mental results demonstrate that our method, with a simple
uniform quantizer, significantly outperforms the state-of-the-
art approaches that adopt specialized quantizers, especially
in the case of low-bit quantization.

2. Related Work
Current quantization approaches are primarily divided into
two categories: Quantization Aware Training (QAT) and Post
Training Quantization (PTQ). QAT [8, 10, 16, 17] integrates
quantization directly into the training process, which re-
quires a tremendous amount of training data, computational
resources, and time. In contrast, PTQ requires only a smaller
dataset and lower costs for the fine-tuning process. Currently,
numerous PTQ methods have demonstrated promising per-
formance when applied to CNNs. AdaRound [25] pioneers
the adaptive quantitative rounding strategy, bringing revo-
lutionary progress in low-bit quantization. BRECQ [15]
introduces the block reconstruction framework with a Hes-
sian quantization loss. Successively, QDrop [29] develops
the randomly dropping quantization.

Due to the unique structure and properties of ViTs, the
straightforward application of PTQ methods originally de-
signed for CNNs [15, 25] does not perform well on ViTs.The
problem can be summed up in two aspects: 1) inter-channel
variation in layernorm and 2) non-uniform distribution in
softmax and GELU. FQ-ViT [20] designed Power-of-Two
Factor and log 2 quantizer to solve both problems first. To
solve the inter-channel variation, many studies are dedicated
to identifying suitable group quantization techniques, such
as PEG [1] and IGQ-ViT [24]. RepQ-ViT [18] introduced
a scale reparameterization technique, enabling the applica-
tion of layer-wise quantizers. Meanwhile, to further match
distributions of activation values after softmax and GELU,
PTQ4ViT [32] proposed twin uniform quantization. Build-
ing on PTQ4ViT, APQ-ViT [6] worked on preserving the
Matthew effect of post-Softmax activations and presented
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Figure 2. Framework overview of the proposed FIMA-Q method. We follow the block-wise quantization pipeline. For each block, we
compute the difference between outputs before and after quantization, perform forward propagation through the rest of the networks,
calculate the KL divergence, and conduct backward propagation to obtain the gradients. Based on the output difference and gradients, we
compute the low-rank approximation and diagonal approximation on FIM respectively, and combine them to formulate the DPLR-FIM loss
for quantization reconstruction.

a unified Bottom-elimination Blockwise Calibration. Fur-
thermore, AdaLog [30] developed a non-uniform quantizer
to adaptively select the logarithm base, further improving
the accuracy. From an alternative perspective, we observe
that many works [6, 7, 15, 32] have employed the hessian
matrix as an importance metric. In this paper, we focus on
a more accurate approximation of the Hessian matrix and
more effective Hessian-guided quantization loss.

3. The Proposed Method

Fig. 2 illustrates the framework of the proposed FIMA-Q
method. Basically, FIMA-Q is built upon the QDrop [29]
framework. Specifically, we reconstruct each block in the
ViTs individually. Apart from replacing the MSE loss in
QDrop with the DPLR-FIM based quantization loss pro-
posed in Sec. 3.3, we maintain the other steps as utilized in
QDrop. The overall pipeline of the FIMA-Q for a certain
Transformer block is summarized in Algorithm 1.

3.1. Preliminaries

BRECQ introduces a Hessian-guided quantization loss that
models quantization as output perturbation during block-
wise quantization. Through Taylor expansion, it specifically
minimizes the second-order term as below:

minE
[
−∆z(b)⊤H(z(b))∆z(b)

]
, (1)

where z(b) is the output of the block, ∆z(b) is the difference
between the output before and after quantization, H(z(b)) is
the Hessian matrix of the task loss Ltask w.r.t. z(b).

Due to the large size of the Hessian matrix, BRECQ
employs a diagonal approximation. Specifically, BRECQ
estimates the diagonal of the negative Hessian using squared
gradient values:

−H(z(b)) ≈ Diag

(
(
∂Ltask

∂z
(b)
1

)2, · · · , (∂Ltask

∂z
(b)
a

)2

)
. (2)

However, within the PTQ framework, the absence of la-
beled data prevents task loss from being directly computed.
Therefore, BRECQ adopts the KL divergence between pre-
and post-quantization distributions to approximate the task
loss. When calculating the negative Hessian matrix, BRECQ
utilizes several approximations: 1) utilizing the Fisher Infor-
mation matrix (FIM) to approximate the negative Hessian
matrix. 2) using the diagonal FIM to approximate the full
FIM. 3) adopting squared gradients of the task loss to ap-
proximate the diagonal of the FIM. 4) applying the gradient
of KL divergence instead of the task loss.

We analyze the validity of these approximations as fol-
lows. First, we demonstrate the soundness of approximat-
ing the negative Hessian with the Fisher information matrix
(FIM) in Sec. 3.2. Second, while the diagonal approximation
on FIM is generally acceptable, we argue it introduces un-
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Algorithm 1 Pipeline of Block-wise FIMA-Q.

Input: Full-precision model M, full-precision block
Bfull, quantized block Bquant, calibration data Dcalib,
rank r, maximal iteration number max iter, and itera-
tion interval x.
Output: The optimized quantized block Bquant.
# Calculate Rank-One FIM:

1: Generate the raw input Xraw and output z(b) of Bfull,
the quantized input Xquant of Bquant based on Dcalib.

2: Generate the model output Oraw and Oquant by perform-
ing forward propagations through the network starting
from Braw and Bquant based on Xraw, respectively.

3: Calculate the perturbation ∆z(b) and the loss
LKL(∆z(b)) based on Eq. (9), and perform backward
propagation to compute the gradient ∇LKL(∆z(b)).
# Perform Quantization Reconstruction:

4: Initialize the current rank k = 1, and the next data
iteration y = x.

5: for i = 1, · · · , max iter do
6: if k < r and i = y then
7: Calculate ∆z(b)

′
and ∇LKL(∆z(b)

′
).

8: Calculate B in Eq. (19).
9: Set k := k + 1 and y := y + x.

10: end if
11: Calculate LDPLR with Eq. (21) and perform BP.
12: Update all the AdaRound weights by [25] and acti-

vation scaling factors in Bquant.
13: end for

necessary limitations and develops an improved approach in
Sec. 3.3. Third, we identify the squared gradient approxima-
tion utilized in BRECQ is inaccurate and provide elaborate
analysis in Sec. 3.2. Finally, we show the KL-divergence
gradient substitution is well-justified, and provide the proof
in Sec. A.1 of the supplementary material.

3.2. Relationship Between FIM and KL-Divergence

Our method fundamentally relies on replacing the Hessian
in Eq. (1) with FIM for optimization. We therefore first
establish the validity of this replacement.

Specifically, on the calibration set, the expected value of
reconstruction loss is written as:

E [Lcalib] = −E
[
∆z(b)⊤H(z(b))∆z(b)

]
. (3)

Since the Hessian matrix is a function of the sample and the
full-precision block output z(b), we assume that it is inde-
pendent of the perturbation ∆z(b) caused by quantization.
Therefore, we can deduce the following:

E [Lcalib] = −E
[
∆z(b),⊤E

[
H(z(b))

]
∆z(b)

]
. (4)

Theorem 3.1. When the expected gradient of the log-
likelihood of model outputs becomes zero, FIM F (z(b))

equals to the expected negative Hessian, i.e.,

F(z(b)) = E
[(

∇z(b) log p(y; z(b))
)(

∇z(b) log p(y; z(b))
)⊤]

,

(5)

where log p(y; z(b)) is the log-likelihood function.

We provide the detailed proof in Sec. A.2 of the supple-
mentary material. Based on Theorem 3.1 and Eq. (3), the
target to optimize can be written as:

minE
[
∆z(b),⊤F(z(b))∆z(b)

]
. (6)

Note that FIM is an inherent attribute of the network
block. In BRECQ, directly approximating the diagonal ele-
ments of FIM as the squared gradient is inaccurate. Actually,
by definition, the following equation holds

Diag
(
F(z(b))

)
= E

[(
∇z(b) log p(y; z(b))

)2]
= E

[(
∇z(b) log p(y; z(b))

)]2
+Var

(
∇z(b) log p(y; z(b))

)
.

(7)

In BRECQ, FIM is regarded as a sample-dependent matrix,
and the second variance term in Eq. (7) is omitted, resulting
in larger approximation errors.

Thereafter, we derive the relationship between the KL-
divergence and FIM to propose an improved approximation
of FIM. The KL-divergence based loss is defined as:

LKL(∆z(b)) = DKL(p(y; z
(b))∥p(y; z(b) +∆z(b)))

=
∑
x

p(y; z(b)) log
p(y; z(b))

p(y; z(b) +∆z(b))
.

(8)

Accordingly, LKL(∆z(b)) satisfies the following property.

Theorem 3.2. When adopting the KL-divergence as the task
loss, the following relationship holds:

LKL(∆z(b)) =
1

2
∆z(b),⊤F(z(b))∆z(b). (9)

We provide the detailed proof in Sec. A.3 of the supple-
mentary material. Differentiating both sides of Eq. (9) w.r.t.
∆z(b) yields the following:

∇LKL(∆z(b)) =
∂LKL(∆z(b))

∂∆z(b)
= F(z(b))∆z(b). (10)

By adopting the diagonal form approximation on FIM
employed in prior works, we can derive that

F
(z(b))
Diag = Diag

(
∇LKL(∆z(b))1

∆z
(b)
1

, · · · , ∇LKL(∆z(b))a

∆z
(b)
a

)
,

(11)

14894



which indicates that the diagonal elements of FIM is linearly
correlated with the gradient of KL-divergence, rather than
being related to the squared gradient as claimed in BRECQ.

3.3. Improved Approximations of FIM

In this section, we establish improved estimations on FIM.
Concretely, for the i−th sample, we denote that

∇LKL(∆z(b,i)) = F(z(b))∆z(b,i). (12)

Therefore, ∇LKL(∆z(b)) and ∆z(b) are rewritten as

∇LKL(∆z(b)) =

n∑
i=1

∇LKL(∆z(b,i)),

∆z(b) =

n∑
i=1

∆z(b,i).

(13)

By assuming the independence between samples, Eq. (10)
holds when using Eq. (13).

Our optimization problem now reduces to optimizing
Eq. (6) under the constraints that FIM satisfies Eq. (10)
while being symmetry and positive definite. As the solution
is not unique, we present four distinct quantization losses
based on different approximation forms of FIM.

1. Diagonal approximation. By assuming FIM is diago-
nal and based on Eq. (11), the loss is formulated as:

Ldiag =

(
∇LKL(∆z(b))

∆z(b)

)⊤ (
∆z(b,i)

)2
. (14)

2. Rank-one approximation. By assuming FIM

F
(z(b))
rank−1 = uu⊤ where u ∈ Ra×1, we have

u =
∇LKL(∆z(b))√

∇LKL(∆z(b))⊤∆z(b,i)
. (15)

We refer to Sec. A.4 of the supplementary material for
details. Given the i−th sample, the loss is written as

Lrank−1 =

(
∆z(b,i)⊤∇LKL(∆z(b))

)2
∇LKL(∆z(b))⊤∆z(b,i)

, (16)

which maintains an O(a) computational complexity. Un-
like the diagonal approximation that treats block outputs as
independent contributors to the task loss, our method cap-
tures collective dependencies among elements of the output,
without introducing extra computational overhead.

3. Low-rank approximation. Before extending the rank-
one approximation to rank-k, we first establish the following
corollary.

Corollary 3.1. When k > 1, it is typically difficult to find
a low-rank matrix u ∈ Ra×k such that F(z(b)) = uu⊤

satisfying Eq. (10).

We refer to Sec. A.5 of the supplementary material for a
detailed description. Accordingly, we consider relaxing the
constraint of symmetry to compute the low-rank FIM.

Specifically, by taking the Moore-Penrose inverse of
∆z(b), the rank-k FIM is computer as

∆z(b),+ =
(
∆z(b)⊤∆z(b)

)−1

∆z(b)⊤,

F
(z(b))
rank−k = ∇LKL(∆z(b))∆z(b)+.

(17)

Consequently, the optimization objective for the i−th
sample is formed as

Lrank−k = ∆z(bi)⊤F(z(b))∆z(b,i) = A ·B · C, (18)

where

A = ∆z(b,i)⊤∇LKL(∆z(b)),

B =
(
∆z(b)⊤∆z(b)

)−1

,

C = ∆z(b)⊤∆z(b,i).

(19)

The computational complexity of computing A and C is
O(ak), and B can be preprocessed. Therefore, the overall
complexity of computing Lrecon is O(ak), which is accept-
able for small rank k.

It is worth noting that the low-rank approximation re-
quires that the matrix ∆z(b)⊤∆z(b) is invertible, implying
that the rank of ∆z(b) should be k. Therefore, we need to
obtain k linearly independent perturbations and their corre-
sponding gradients. We employ a progressive strategy to
gradually increase k in practice. Specifically, we initialize
with a rank of 1 and increase 1 rank by x iterations. For
every x iteration, we recompute the averaged quantization
perturbations and averaged gradients based on Eq. (13), and
concatenate them with the previously computed perturba-
tions ∆z(b) and gradients ∇LKL(∆z(b)).

4. DPLR approximation. As shown in Fig. 1, the low-
rank approximation of the FIM may degrade the impact
of individual outputs on task loss. Thus, we combine the
diagonal and low-rank approximate and obtain the following
diagonal plus low-rank (DPLR) form:

F
(z(b))
DPLR = α · F(z(b))

rank−k + (1− α) · F(z(b))
diag . (20)

Accordingly, the optimization objective is finally formu-
lated as below:

LDPLR = α · Lrank−k + (1− α) · Ldiag. (21)

In this work, we adopt Eq. (21) based on DPLR-FIM
approximation in Eq. (20) as the ultimate quantization loss.
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Table 1. Comparison of the top-1 accuracy across various ViT-based models on ImageNet. “*” denotes the results are based on our
re-implementation as QDrop is originally designed for CNNs, “OP” indicates whether the PTQ method is an optimization-based one. “SQ”
signifies that the method requires a specific quantizer rather than a standard uniform quantizer. The best results are highlighted in bold.

Method OP SQ W/A ViT-S ViT-B DeiT-T DeiT-S DeiT-B Swin-S Swin-B

Full-Prec - - 32/32 81.39 84.54 72.71 79.85 81.80 83.23 85.27

PTQ4ViT [32] × ✓ 3/3 0.10 0.10 3.50 0.10 31.06 28.69 20.13
RepQ-ViT [18] × ✓ 3/3 0.10 0.10 0.10 0.10 0.10 0.10 0.10
AdaLog [30] × ✓ 3/3 13.88 37.91 31.56 24.47 57.47 64.41 69.75
I&S-ViT [35] ✓ ✓ 3/3 45.16 63.77 41.52 55.78 73.30 74.20 69.30

DopQ-ViT [31] ✓ ✓ 3/3 54.72 65.76 44.71 59.26 74.91 74.77 69.63
QDrop* [29] ✓ × 3/3 41.05 74.75 46.88 50.95 72.97 74.67 76.57

FIMA-Q (Ours) ✓ × 3/3 64.09 77.63 55.55 69.13 76.54 77.26 78.82

PTQ4ViT [32] × ✓ 4/4 42.57 30.69 36.96 34.08 64.39 76.09 74.02
APQ-ViT [6] × ✓ 4/4 47.95 41.41 47.94 43.55 67.48 77.15 76.48

RepQ-ViT [18] × ✓ 4/4 65.05 68.48 57.43 69.03 75.61 79.45 78.32
ERQ [36] × ✓ 4/4 68.91 76.63 60.29 72.56 78.23 80.74 82.44

IGQ-ViT [24] × ✓ 4/4 73.61 79.32 62.45 74.66 79.23 80.98 83.14
AdaLog [30] × ✓ 4/4 72.75 79.68 63.52 72.06 78.03 80.77 82.47
I&S-ViT [35] ✓ ✓ 4/4 74.87 80.07 65.21 75.81 79.97 81.17 82.60

DopQ-ViT [31] ✓ ✓ 4/4 75.69 80.95 65.54 75.84 80.13 81.71 83.34
QDrop* [29] ✓ × 4/4 71.84 82.63 65.27 72.64 79.96 81.21 82.99
OASQ [23] ✓ × 4/4 72.88 76.59 66.31 76.00 78.83 81.02 82.46

FIMA-Q (Ours) ✓ × 4/4 76.68 83.04 66.84 76.87 80.33 81.82 83.60

PTQ4ViT [32] × ✓ 6/6 78.63 81.65 69.68 76.28 80.25 82.38 84.01
APQ-ViT [6] × ✓ 6/6 79.10 82.21 70.49 77.76 80.42 82.67 84.18

NoisyQuant [21] × ✓ 6/6 78.65 82.32 - 77.43 80.70 82.86 84.68
RepQ-ViT [18] × ✓ 6/6 80.43 83.62 70.76 78.90 81.27 82.79 84.57
IGQ-ViT [24] × ✓ 6/6 80.76 83.77 71.15 79.28 81.71 82.86 84.82
AdaLog [30] × ✓ 6/6 80.91 84.80 71.38 79.39 81.55 83.19 85.09
I&S-ViT [35] ✓ ✓ 6/6 80.43 83.82 70.85 79.15 81.68 82.89 84.94

DopQ-ViT [31] ✓ ✓ 6/6 80.52 84.02 71.17 79.30 81.69 82.95 84.97
QDrop* [29] ✓ × 6/6 79.59 84.68 71.48 79.15 81.69 83.01 84.94
OASQ [23] ✓ × 6/6 80.60 83.81 71.52 79.50 81.72 82.76 84.91

FIMA-Q (Ours) ✓ × 6/6 80.64 84.82 71.53 79.52 81.74 83.19 85.01

4. Experimental Results and Analysis

In this section, we evaluate the performance of our method
across distinct vision tasks including image classification,
object detection and instance segmentation with various ViT-
based architectures, by comparing to the state-of-the-art PTQ
approaches. We also perform extensive ablation studies on
the proposed components.

4.1. Experimental setup

Datasets and Models. For the image classification task, we
adopt the ImageNet [26] dataset for validation, based on vari-
ous vision transformer architectures, including ViT [9], DeiT
[28], and Swin [22]. For object detection and instance seg-
mentation, we evaluate on the COCO [19] dataset based on

the representative Mask R-CNN [12] and Cascade R-CNN
[3] models that utilize Swin Transformer as the backbone.

Implementation Details. Similar to [18, 32], all the pre-
trained full-precision Vision Transformers for classification
are obtained from the timm library1. The pretrained detection
and segmentation models are obtained from MMDetection
[4]. By following the reconstruction-based PTQ methods
[15, 23, 29, 35], we randomly select 1024 unlabeled images
from ImageNet and 256 unlabeled images from COCO as the
calibration sets for classification and object detection, respec-
tively. We adopt the vanilla channel-wise uniform quantizers
for weight quantization and layer-wise uniform quantizers
for activation quantization, including post-Softmax activa-

1https://github.com/huggingface/pytorch-image-models
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Table 2. Quantization results (%) on COCO for the object detection and instance segmentation tasks. “*” and “†” indicate the results are
based on our re-implementation or re-production using the officially released source code. The best results are highlighted in bold.

Method Opt SQ 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 × × 4/4 34.6 34.2 40.8 38.6 45.9 40.2 47.9 41.6
PTQ4ViT [32] × ✓ 4/4 6.9 7.0 26.7 26.6 14.7 13.5 0.5 0.5
APQ-ViT [6] × ✓ 4/4 23.7 22.6 44.7 40.1 27.2 24.4 47.7 41.1

RepQ-ViT [18] × ✓ 4/4 36.1 36.0 44.242.7† 40.2 47.0 41.1 49.3 43.1
ERQ [36] × ✓ 4/4 36.8 36.6 43.4 40.7 47.9 42.1 50.0 43.6

I&S-ViT [35] ✓ ✓ 4/4 37.5 36.6 43.4 40.3 48.2 42.0 50.3 43.6
DopQ-ViT [31] ✓ ✓ 4/4 37.5 36.5 43.5 40.4 48.2 42.1 50.3 43.7

QDrop* [29] ✓ × 4/4 36.2 35.4 41.6 39.2 47.0 41.3 49.0 42.5
FIMA-Q (Ours) ✓ × 4/4 38.7 37.8 44.2 41.1 48.7 42.5 50.4 43.7

tions. We fix the rank for the proposed DPLR-FIM module
as k = 15.

As established in Theorem 3.1, the FIM can substitute for
the Hessian matrix when the loss function corresponds to the
log-likelihood, specifically the Cross-Entropy loss. In order
to adapt this framework to the detection and segmentation
tasks, we employ the classification head from the regional
proposal network (RPN) as the task output. Specifically, we
compute FIM using the KL divergence between the clas-
sification outputs from RPN by the original and quantized
models. We apply block reconstruction exclusively to the
backbone network and Feature Pyramid Network (FPN),
while conducting calibration-only quantization for the RPN
and Region of Interest (ROI) modules.

4.2. Comparison to the State-of-the-art Approaches

Quantization Results for Classification on ImageNet. We
first evaluate the performance of our method on the classifica-
tion task on ImageNet in terms of top-1 accuracy, compared
to the state-of-the-art PTQ approaches. To highlight the
advantages of our method, we report results across various
representative Transformer architectures, including ViT-S/B,
DeiT-T/S and Swin-S/B, under 6, 4 and 3 bits.

As displayed in Tab. 1, FIMA-Q consistently promotes ac-
curacy across different settings, with particularly significant
gains in case of low-bit quantization. Concretely, for 6-bit
quantization, our method achieves either superior or compet-
itive accuracy compared to the second-best approaches. For
4-bit quantization, while most existing methods suffer sub-
stantial accuracy degradation, our method maintains robust
performance in most cases. As for the challenging 3-bit quan-
tization, the performance of competing methods degrades
dramatically, some of which even exhibit extremely poor
results, such as PTQ4ViT [32] and RepQ-ViT [18]. In com-

parison, our proposed FIMA-Q achieves minimal accuracy
loss, surpassing the second-best approach by 5.31% on aver-
age. It is worth noting that many compared approaches such
as PTQ4ViT, RepQ-ViT, AdaLog and DopQ-ViT attempt
to boost the performance by designing specific quantizers
(SQ), which however are generally difficult to implement on
hardware in practice. In contrast, our method only utilizes
a standard uniform quantizer, making it hardware-friendly
while reaching superior accuracy.
Quantization Results for Object Detection and Instance
Segmentation on COCO. As shown in Tab. 2, our method
achieves the best results under W4/A4 in most cases for ob-
ject detection and instance segmentation. To establish a fair
comparison baseline, we adapt RepQ-ViT by replacing its
specialized quantizer with a standard uniform quantizer. No-
tably, the methods that exclusively adopt uniform quantizers
including Baseline and QDrop consistently underperform ap-
proaches employing specific quantizers. These results imply
the inherent limitations of uniform quantization in handling
activation distributions. Despite this challenge, our method
can significantly mitigate the quantization error by leverag-
ing the proposed FIM-based loss, reaching state-of-the-art
performance even when using a standard uniform quantizer.

4.3. Ablation Study

As we mainly analyze the FIM-based reconstruction and pro-
pose a quantization loss based on DPLR-FIM approximation
in this paper, we evaluate its effectiveness by comparing to
distinct quantization losses and studying the influence of
different ranks on the DPLR-FIM component.
On distinct quantization losses. We choose the MSE loss
as the baseline method, and compare with the conventional
representative Hessian-guided loss adopted by BRECQ [15],
denoted by BRECQ-FIM. We also report the results of our
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Table 3. Comparison of the top-1 accuracy (%) by using different quantization losses across distinct Transformer architectures on ImageNet.

#Bits (W/A) Method ViT-S ViT-B DeiT-T DeiT-S DeiT-B Swin-S Swin-B

3/3

MSE [29] 41.05 74.75 46.88 50.95 72.97 74.67 76.57
BRECQ-FIM [15] 14.65 11.61 36.57 49.20 58.76 66.26 70.15
Diag-FIM (Ours) 60.02 76.29 55.54 68.68 76.32 75.08 77.87
LR-FIM (Ours) 64.09 77.46 55.25 68.91 76.33 76.03 77.59
DPLR-FIM (Ours) 64.09 77.63 55.55 69.13 76.54 77.26 78.82

4/4

MSE [29] 71.84 82.63 65.27 72.64 79.96 81.21 82.99
BRECQ-FIM [15] 63.70 76.26 61.99 72.52 76.59 80.52 81.80
Diag-FIM (Ours) 75.88 83.02 66.81 76.79 80.19 81.18 83.35
LR-FIM (Ours) 76.47 83.04 66.78 76.66 80.30 81.60 83.15
DPLR-FIM (Ours) 76.65 83.04 66.84 76.87 80.33 81.82 83.60
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Figure 3. Influence of the rank k on the accuracy of DPLR-FIM on
ImageNet.

method using the diagonal estimation, low-rank estimation
as well as their combination, denoted by Diag-FIM, LR-FIM,
and DPLR-FIM, respectively.

As shown in Tab. 3, despite incorporating second-
order Hessian information, BRECQ-FIM generally performs
worse than the conventional MSE loss, due to the inaccu-
rate estimation on FIM. In contrast, based on our finding
that FIM is linearly proportional to the KL divergence gra-
dient rather than its square, both the proposed Diag-FIM
and LR-FIM unleash the potential of Hessian-guided losses,
substantially surpassing MSE and BRECQ-FIM. Their com-
bination dubbed DPLR-FIM further boosts the performance,
promoting the accuracy of MSE by 23.04% and 18.18%
on ViT-S and DeiT-S under W3/A3 respectively, with an
average improvement of 8.74%.
Influence of rank k on DPLR-FIM. As the rank k plays
an important role in DPLR-FIM, we study its influence on
both accuracy and efficiency of DPLR-FIM. As illustrated in
Fig. 3, our method performs steadily when using various val-
ues of k at 4 bits. Under 3-bit quantization, the accuracy of
DPLR-FIM improves with higher ranks, showing a gradual
upward trend despite minor fluctuations.

In regards of efficiency, as described in Sec. 3.3, the
computational complexity of the loss Lrecon is O(ak), indi-
cating that higher ranks linearly increase the reconstruction

Table 4. The training time cost (GPU Minutes) using different
ranks k on a single Nvidia RTX 4090 GPU.

Model Qdrop* Ours

k=1 k=5 k=10 k=15

DeiT-T 100 100 115 150 180
DeiT-S 105 105 120 160 225
DeiT-B 145 150 160 240 310
Swin-S 160 165 235 360 420
Swin-B 170 180 250 420 480

time cost. This necessitates balancing between accuracy and
computational efficiency. To explore the trade-off, Table 4
illustrates the impact of the rank k on the reconstruction time
for 3-bit quantization. The results reveal that the training
time cost slightly increases as k becomes large for small
models but grows substantially for large network architec-
tures such as Swin-B. However, the overall training cost
remains affordable, requiring less than 480 GPU minutes on
a single Nvidia RX 4090 GPU.

5. Conclusion

In this paper, we propose a novel approach dubbed FIMA-
Q for post-training quantization of Vision Transformers.
Specifically, we propose a more accurate approximation
method for FIM. Specifically, we first demonstrate that FIM
is proportional to the gradient of KL-divergence, based on
which we develop a novel estimation method dubbed DPLR-
FIM by integrating both the diagonal and off-diagonal in-
formation. Extensive experimental results across distinct
vision transformer architectures validate the effectiveness
of FIMA-Q for various visual tasks. The results reveal that
our method has achieved significant performance improve-
ments in the cases of low-bit quantization, especially with
an average improvement of 5.31%, compared to the current
state-of-the-art approaches in 3-bit quantization.
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