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Abstract

Advancements in hardware accelerators, such as graph-
ics processing units and neural processing units, have sig-
nificantly propelled computer vision research. The vision
transformer (ViT), leveraging the multi-head self-attention
(MHSA) mechanism, has surpassed convolutional neural net-
works (CNNs) in accuracy but faces challenges in mobile and
edge deployment due to its large size and computational de-
mands. In addition, as privacy concerns push for on-device
training, research on quantization methods for ViTs, par-
ticularly gradient quantization, has gained attention. Unlike
CNNs, ViTs face challenges due to outliers and a complex
loss landscape. To address this, we propose a gradient quan-
tization framework that stabilizes training by adapting quan-
tization points based on interquartile ranges and construct-
ing an outlier-robust loss function. Additionally, we employ
a scaling method to align quantized gradients with original
gradients and adaptively assign the learning rate based on
quantization error analysis. When quantizing weights, acti-
vations, and gradients to INT8, our method improves perfor-
mance by 0.52% and 0.21% over DeiT-Base and Swin-Base,
respectively, and achieves near parity with MobileViT-S with
only a 0.09% accuracy drop. Furthermore, a 2.06× speedup
was observed when applying our framework to MobileViT in
a CUDA 11.8 environment.

Introduction
With advancements in hardware accelerators, such as graph-
ics processing units (GPUs) and neural processing units
(NPUs), to support high-performance computing, deep neu-
ral network (DNN)-based computer vision (CV) tasks have
become actively researched (He et al. 2016; Ding et al.
2021; Lee and Kim 2022). In particular, vision transform-
ers (ViTs), which apply transformer blocks utilized in nat-
ural language processing to CV tasks, have attracted at-
tention because they achieve significantly higher accuracy
than convolutional neural networks (CNNs). However, ViTs
rapidly increase the model size and computation cost owing
to the multi-head self-attention (MHSA) with many param-
eters and high dimensionality, making it difficult to deploy
ViT models on mobile/edge devices with limited hardware
resources (Han et al. 2022; Lee et al. 2024). Consequently,
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compression methods such as quantization (Peng et al. 2023;
Kim, Lee, and Kim 2024; Kang, Choi, and Kim 2024) and
pruning (Kim and Kim 2022; Yang et al. 2023; Xu et al.
2024; Lee and Kim 2024) have been actively researched to
embed ViT models into mobile/edge devices. Quantization,
which can effectively solve the memory problem stemming
from the increased computational costs and parameters of
ViT, has attracted significant attention (Chen et al. 2024).
Quantization is a compression method that converts 32-bit
floating-point (FP) values into lower-precision (e.g., 8-bit)
hardware-friendly data formats (e.g., fixed points and inte-
gers). Recent ViT quantization studies have primarily fo-
cused on post-training quantization (PTQ) (Lin et al. 2021;
Yuan et al. 2022) for weight, activation, and MHSA because
of the much higher training cost of ViTs compared to CNNs.
However, the need for on-device training (Zhu et al. 2022;
Lee, Lee, and Kim 2024; Chun, Lee, and Kim 2024) has
recently emerged due to privacy issues, and federated learn-
ing (Ovi et al. 2023) to distribute the extreme computational
load imposed on the cloud is also receiving great attention.
Therefore, not only forward propagation (i.e., weight, ac-
tivation, MHSA) but also backward propagation (i.e., gra-
dient) quantization becomes important, and eventually, re-
search on quantization-aware training (QAT) (Lee, Kim, and
Ham 2021; Yao et al. 2021) of ViT to realize gradient quanti-
zation is essential. It is noteworthy that as small ViTs (Mehta
and Rastegari 2021; Cai et al. 2022) have recently been pro-
posed along with the development of dedicated hardware
(You et al. 2023), an environment capable of performing
QAT for ViTs with high accuracy is being realized based
on CNN gradient quantization studies (Zhao et al. 2021).

Although gradient quantization can reduce computational
costs and save memory during backpropagation, it also leads
to training instability due to the low representational pre-
cision. The conventional nearest-to-rounding (NR) method
(Lee, Kim, and Ham 2021) is a deterministic rounding ap-
proach that incurs minimal quantization error due to round-
ing. However, according to (Gupta et al. 2015), gradient
quantization using NR may cause the network to diverge ow-
ing to biased gradients during training. Instead, prior stud-
ies (Zhu et al. 2020; Chmiel et al. 2021) employed stochas-
tic rounding (SR) to eliminate the bias caused by quantiza-
tion and thus stabilize training. Nonetheless, SR generates
random numbers for each tensor, which is inappropriate for
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high-dimensional models such as ViTs. Furthermore, unlike
weight and activation, gradients converge to zero as training
progresses; therefore, the impact of outliers is significant,
leading to significant errors in the quantization projection.

In this paper, we propose the GradQ-ViT framework to
address training instability and quantization errors caused by
outliers in ViT gradient quantization. The proposed method
adaptively assigns precision based on the interquartile range
(IQR) by considering the gradient distribution and redesigns
the loss function to be robust to outliers. In addition, the
learning rate is adaptively assigned during training, and
the gradient scaling (GS) algorithm is used to scale gra-
dient changes due to quantization, thereby stabilizing the
training process. With weight(W)/activation(A)/gradient(G)
quantized to 8-bit integer (INT8) form, GradQ-ViT achieved
0.52% and 0.21% higher accuracy than the baseline (i.e.,
FP32) on the DeiT-Base (Touvron et al. 2021) and Swin-
Base (Liu et al. 2021) models, respectively. We also suc-
ceeded in INT8 quantization on MobileViT-S, a lightweight
hybrid ViT model, with only 0.09% accuracy degradation
compared to the baseline. We implemented a custom ker-
nel, which enables low-precision integer operations such as
Matmul and convolution operations, in the CUDA 11.8 envi-
ronment for the quantized MobileViT-S and, consequently,
achieved 2.06× acceleration in inference and training com-
pared to FP32. The contributions of this paper are as follows:

• We propose a new loss function that is robust to outliers
in ViT gradient quantization by combining the cross en-
tropy and Huber losses.

• We propose an IQR-based adaptive precision assignment
method for ViT gradient quantization that considers the
gradient distribution.

• We propose a GS algorithm to restore the ViT gradient
changed by quantization after the dequantization process
by scaling the magnitude and direction of the quantized
gradient similarly to the original gradient.

• We adaptively assign the learning rate by measuring
the similarity of ViT gradients and quantization error,
thereby stabilizing training.

Background
Related Works on Gradient Quantization
Because backpropagation requires more computation and
greater memory bandwidth than forward propagation, many
gradient quantization studies have been conducted to reduce
the training and resource costs incurred by backpropagation.
In (Zhu et al. 2020), authors proposed a quantization solu-
tion that can be executed by converting operations used in
CNNs to INT8 format with the objectives of maximizing
computational efficiency and significantly reducing mem-
ory usage. To achieve this, they constructed a quantization
framework that utilizes INT8 operations in both forward and
backward propagation. In addition, to improve the accuracy
of gradient quantization, they used a method to find appro-
priate clipping values based on cosine similarity. These val-
ues help minimize errors during the quantization process by
constraining the gradient value within an appropriate range.

The clipping method ensures the stability of training by min-
imizing the difference between the quantized and original
gradients. Furthermore, they deployed SR methods to elim-
inate quantization bias. In (Zhao et al. 2021), the channel-
wise distribution of the gradient was analyzed and found
to be divided into a Gaussian distribution and an inverted-
T distribution, which is important information when opti-
mizing quantization parameters. Based on this analysis, we
applied gradient vectorized quantization by deploying SR to
eliminate network bias stemming from quantized gradients.
This is an effective way to adjust precision by considering
the distribution characteristics of each gradient and elimi-
nating bias that may occur during the quantization process.

Challenges of gradient quantization in ViTs
The gradient plays a critical role in model training and per-
formance optimization, as it is used in the backpropagation
algorithm to update parameters and minimize the loss func-
tion. When employing gradient quantization, it is essential
to minimize quantization error, as low-precision represen-
tations can distort the original information and potentially
destabilize convergence during training. As shown in Fig-
ure 1, the gradient has a distribution with a very narrow
range and large outliers. Previous studies have used clip-
ping values to address projection errors caused by outliers
in weight and activation quantization during forward propa-
gation (Li, Dong, and Wang 2019). However, this approach
has limitations in handling outliers during gradient quan-
tization in backpropagation. Because these outliers signif-
icantly increase the gradient of the loss function, they re-
quire substantial adjustments when updating the parame-
ters. Therefore, to mitigate projection errors caused by out-
liers, applying clipping may unintentionally hinder the up-
date of parameters requiring significant adjustments, harm-
ing the training process. According to (Frumkin, Gope, and
Marculescu 2023), the loss spaces of ViTs contain a greater
number of local minima compared to those of CNNs. In
such loss spaces, clipping methods can cause minor updates
to become trapped in local minima, thereby hindering con-
vergence. Additionally, gradient quantization during train-
ing can significantly impact learning rate adjustments and
the behavior of optimizers. Therefore, a complex loss space
presents challenges to gradient quantization. Gradient quan-
tization during training can trap the model in local minima,
causing suboptimal performance. To avoid this, the learning
rate must be adaptively assigned based on the similarity be-
tween the original and quantized gradients.

Convergence Theory
Convergence theory describes whether a given model
reaches the minimum loss function throughout training.
Inspired by (Zhu et al. 2020), we adopt a convergence-
theory-based approach to stabilize training in the presence
of gradient quantization. To apply this theory, we assume
the loss function L(θ) to satisfy the following conditions:

Assumption 1: L(θ) is a convex function

Assumption 2: L(θ)− L(θ∗) ≤ β
2 ||θ − θ∗||2
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Figure 1: Box plot visualization of outliers of the normalized (a) weight, (b) activation, and (c) gradient in the DeiT-Tiny model.

where θ∗ is the optimal parameter that minimizes the loss
function and β is the smoothing constant. Assumption 1
states that the function L(θ) is convex, and Assumption 2
states that L(θ) is smooth and differentiable across all in-
tervals. Previous studies (Duchi, Hazan, and Singer 2011;
Yin et al. 2019) assumed the convexity and differentiability
of the model. When applying the quantized gradient in the
AdamW algorithm, a popular optimizer for ViTs, the follow-
ing parameter update rules are used:

θt+1 = θt − ηtQ(∇Lt(θt)), (1)
where ∇Lt(θt) denotes the gradient at time t and ηt rep-
resents the learning rate. The gradient is quantized through
the function Q(·), which incurs quantization errors that may
significantly hinder network convergence. When consider-
ing these errors, if the loss function L(θ) satisfies Assump-
tions 1 and 2, model convergence can be expressed as fol-
lows (see the supplementary materials for a detailed proof):

E[∥θt − θ∗∥2] ≤ F (θ0, θ
∗)√

T
+

η2(σ2 + σ2
q )

2λT
. (2)

where E[∥θt − θ∗∥2 is the error between parameter θt and
optimal parameter θ∗ at iteration time t. Let F (θ0, θ

∗) de-
note the loss between the initial parameter θ0 and optimal
parameter θ∗, where σ2 and σ2

q are the variances of the gra-
dient and quantization error, respectively. Furthermore, let
λ be a constant related to the strength of the convex func-
tion L(θ). In Eq.(2), the F (θ0,θ

∗)√
T

term naturally approaches
zero as training progresses with global time(T ). However,

the
η2(σ2+σ2

q)

2λT term becomes difficult to train stably as the
quantization error (σ2

q ) and learning rate (η) increase. Ac-
cording to Eq.(2), to ensure learning stability in a network
with a quantized gradient, the propagated quantization error
must be minimized, and the learning rate must be appropri-
ately controlled.

Proposed Method
Overall Process
We propose a GradQ-ViT framework based on convergence
theory to stabilize the training of gradient-quantized ViT
models, as shown in Figure 2. We first (1) limit the out-
lier magnitude by implementing a loss function that com-
bines the outlier-robust Huber loss with the traditional cross-
entropy loss. The Huber loss exhibits linearity for large er-
rors and quadratic growth for small errors, which can sig-
nificantly reduce the size of outliers. We then (2) use IQR
to analyze the proportion of gradient distributions and out-
liers. Based on this analysis, we adaptively assign quantiza-
tion points to minimize the quantization error incurred by
outliers during training. Following quantization, (3) the gra-
dient is restored through dequantization. Owing to the er-
ror incurred by quantization, the quantized gradient has a
different magnitude and direction than the original gradient,
which may interfere with reaching a global minimum in the
loss space. To solve this problem, the quantized gradient is
scaled similarly to the original gradient following dequanti-
zation, ensuring a similar direction and magnitude. Finally,
(4) the learning rate of each layer is adaptively assigned by
considering the cosine similarity of the gradients and quanti-
zation error, thereby ensuring stable training. By effectively
minimizing the quantization error caused by outliers and ap-
propriately adjusting the learning rate, the proposed method
achieves stable training with high accuracy. Algorithm 1 de-
scribes the overall gradient quantization process.

Cross-Huber Blend Loss
The conventional cross-entropy loss function (Zhang and
Sabuncu 2018) measures the difference between the pre-
dicted and label probability distributions, with higher loss
values indicating lower prediction accuracy. This loss func-
tion propagates large gradients to significantly update pa-
rameters. In other words, higher loss values are associated
with larger gradients and outliers. To reduce the magnitude
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Figure 2: Overview of proposed method. The output computed from forward propagation is passed through the loss function (1)
to propagate the gradient. In the quantization process (2), the central 50% range and outliers are analyzed based on IQR to assign
quantization precision. In (2), positive ranges with large outlier ratios are assigned more precision. During the dequantization
process, the quantized gradient is scaled (3), completing the detailed restoration process, and an adaptive learning rate is
assigned to each layer (4).

of outliers in the loss function, the function must be robust to
outliers. One loss function that satisfies this requirement is
the Huber loss function (Huber 1992). Unlike cross-entropy
loss, this function grows linearly as the loss increases, mak-
ing it less sensitive to outliers. The function can be expressed
by the following formula:

Lβ(a) =

{
1
2a

2 if |a| ≤ β

β
(
|a| − 1

2β
)

otherwise
. (3)

where a is the loss value and β is the hyperparameter. The
two loss functions can be combined as

L(y, ŷ) =
∑
i

[(1− δ) (−yi log(ŷi)) + δ · Lβ(yi − ŷi)] .

(4)
where δ is a hyperparameter that controls the influence be-
tween the cross-entropy and Huber losses. The integrated
Cross-Huber blend loss (CH-Loss) can effectively solve
classification and outlier problems by simultaneously using
the features of the two losses.

IQR-Driven Quantization Strategy
We propose the IQR-based quantization strategy (IQS),
which adaptively assigns quantization points based on the
characteristics of the gradient distribution considering the
IQR, a statistical measure encompassing the middle 50%
of a given dataset. In the gradient distribution, most values
are densely distributed near zero, indicating small parame-
ter updates. However, a large gradient (i.e., outlier) indicates
that the parameter update requires a significant adjustment.
During the initial stages of training, large outliers naturally

appear due to significant changes in the weights. To reflect
all characteristics of these distributions, we perform quan-
tization by adaptively assigning quantization points without
clipping:

xq =


⌊
(

x−Q3
Q3 × ((2b − 24)× Pr)

)
⌉ if x > Q3

⌊
(

x−Q1
Q1 × (2b − 24)×Nr

)
⌉ if x < Q1

⌊
(

log2(x−Q1)
log2(Q3−Q1) × 24

)
⌉ otherwise

(5)

where b denotes bit precision, ⌊·⌉ denotes the rounding oper-
ation, and Q1 and Q3 denote the lower and upper quartiles,
respectively. During the adaptive quantization point assign-
ment process, we apply 4-bit logarithmic quantization in the
IQR (i.e., Q1 ≤ x ≤ Q3). Logarithmic quantization (Chmiel
et al. 2021) has 2n quantization points, making it effective
for values that are densely distributed near zero. Because the
gradient has many values close to zero, logarithmic quanti-
zation can be used to minimize the quantization error stem-
ming from low precision. In other areas, quantization points
are assigned based on the positive proportion (Pr) and neg-
ative proportion (Nr) of outliers in the distribution. For ex-
ample, if b is 8-bit, Nr is 60%, and Pr is 40% of the total
outliers, the quantization points in the negative region ex-
cluding the IQR are assigned (28 − 24) × 0.6 = 144 quan-
tization points according to Eq.(5). Positive regions are as-
signed (28 − 24) × 0.4 = 96 quantization points. In the
naive quantization process, uniform quantization points are
assigned in the layer, resulting in large errors due to outliers.
However, the proposed method minimizes quantization error
by assigning more quantization points to regions with large
outlier ratios. The proposed quantization strategy effectively
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Algorithm 1: Overall gradient quantization process

Require: Full precision gradient g, precision b, loss func-
tion parameters δ, β

Ensure: Quantized gradients Gq and updated model pa-
rameters

1: Calculate IQR (Q1, Q3) from gradient distribution
2: for each layer do
3: Apply IQS quantization:
4: if Q1 ≤ g ≤ Q3 then
5: gq = ⌊

(
log2(g−Q1)
log(Q3−Q1) × 24

)
⌉

6: else if g < Q3 then
7: gq = ⌊

(
g−Q3−xmin

xmin
× (2b−4 ×Nr)

)
⌉

8: else
9: gq = ⌊

(
g−Ku

xmax−Ku
× 2b−4 × Pr

)
⌉

10: end if
11: Compute Cross-Huber Blend Loss:
12: L =

∑
i [(1− δ) (−yi log(ŷi)) + δ · Lβ(yi − ŷi)]

13: Apply Gradient scaling:
14: dq =

gq
∥gq∥2

15: ĝq =
(

∥g∥2

∥gq∥2

)
· dq · ∥g∥2

16: cos sim =
g⊤gq

∥g∥2∥gq∥2

17: g̃q = ĝq · cos sim
18: Update learning rate:
19: ηt+1 = ηt · (α ·Qe(g, gq) · β · cos sim) +

∑
i |θi|

20: Update model parameters using g̃q and ηt+1

21: end for

reduces the quantization error(σ2
q ) presented in Eq.(2), en-

abling the model to converge more stably.

Gradient Scaling for Efficient Dequantization
The quantization process changes the gradient magnitude
and direction, which can significantly affect model train-
ing. Consequently, although dequantization is typically per-
formed by inversely applying the scale factor to restore the
original values, gradient quantization requires more precise
reconstruction. To achieve this, we determine the similar-
ity between the original and quantized gradients and use the
GS algorithm following dequantization to restore the orig-
inal gradient. First, we normalize the original gradient (g)
and quantized gradient (gq) to obtain their respective direc-
tion vectors. The normalized direction vector of the quan-
tized gradient is as follows:

dq =
gq

∥gq∥2
, (6)

Subsequently, the magnitude of gq is adjusted to match that
of g. This is done by calculating the magnitude ratio be-
tween gq and g, and multiplying g by the direction vector
dq , thereby equalizing the vector magnitude:

ĝq =

(
∥g∥2
∥gq∥2

)
· dq · ∥g∥2, (7)

To precisely determine the directional similarity between g
and gq, we then compute the cosine similarity between the
two vectors as follows:

cos sim =
g⊤gq

∥g∥2∥gq∥2
, (8)

Finally, we apply cosine similarity to gq to adjust gq so that
it closely matches g:

g̃q = ĝq · cos sim. (9)
Our gradient quantization solution can effectively reduce the
error propagation, as the quantized gradient vector has a sim-
ilar direction and magnitude to those of the original vector.

Adaptive Learning Rate Allocation
An appropriate learning rate must be assigned to perform
training in the quantized network through convergence the-
ory. Specifically, an extremely low learning rate may lead to
an insufficient parameter update magnitude, hindering net-
work convergence. We therefore propose the adaptive learn-
ing rate allocation (ALA) algorithm that allocates learning
rates per layer by measuring the similarity between the orig-
inal and quantized gradients, along with the quantization er-
ror. The ALA algorithm can be expressed as follows:

ηt+1 = ηt · (α ·Qe(x, xq) · β · Cossim(x, xq)) +
∑
i

|θi| .

(10)
where Qe(x, xq) is the quantization error function, and
Cossim(x, xq) is the cosine similarity function between the
original and quantized gradients. The hyperparameters α
and β determine the influence of quantization error and simi-
larity, respectively. The

∑
i |θi| term is an L1-regularization,

which is used to enhance model generalizability. Experi-
mentally, we set α and β to 1 and 0, respectively, to sta-
bilize the convergence of the initial epoch. At the begin-
ning of training, the propagating quantization error is large;
therefore, according to convergence theory, a small learning
rate can be used to stabilize the training process. As train-
ing progresses, α and β are adjusted to 0 and 1, respectively,
to enhance the influence of gradient similarity and reach a
minimum in the loss space. These changes help the network
retain an optimal training state by reducing the influence of
quantization error and increasing the influence of similarity
between gradients. Thus, ALA enables effective control of
the learning rate(η) in Eq.(2) and enhances the stability of
model training, allowing for optimal parameter updates.

Experimental Results
Experimental Environments
We evaluate the performance of the proposed algorithm on
the image classification task using the ImageNet dataset
(Russakovsky et al. 2015) with the PyTorch framework in
a GPU (RTX-3090) environment. We used three representa-
tive ViT models (i.e., DeiT (Touvron et al. 2021), Swin (Liu
et al. 2021), and MobileViT (Mehta and Rastegari 2021))
to demonstrate the GradQ-ViT’s compatibility with vari-
ous ViT models. Throughout the experiments, the weight,
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activation, and gradient (W/A/G) were quantized to INT8.
For the DeiT and Swin models, we used the official code,
while the MobileViT setup was configured manually with
the AdamW optimizer and cosine scheduler due to the lack
of official training code. To evaluate the practical GPU ac-
celeration effect of the proposed quantization framework,
we implemented a custom kernel code for convolution and
Matmul operations in a CUDA 11.8 environment, making
full use of the parallel processing power of the GPU.

Ablation Studies
In this study, a quantization strategy based on the IQR was
combined with a CH-loss function to effectively minimize
the quantization error incurred by outliers. Furthermore, we
developed a detailed restoration process through GS, with
the learning rate adaptively assigned by analyzing the gra-
dient similarity and quantization error. The proposed meth-
ods provide a solution to stabilize training in the gradient
quantization framework. Figure 3(a) shows the effectiveness
of IQS and CH-LOSS in minimizing the quantization error.
When SR-based quantization was employed with the naı̈ve
method, the quantization error was very large during train-
ing. This indicates that by regulating the magnitude of out-
liers, the proposed method effectively reduces the quantiza-
tion error and stabilizes training. Figure 3(b) shows results
with and without ALA, where Ours is the result of apply-
ing all algorithms, and SR is the result of applying only
the ALA and SR quantization methods. When using ALA,
the accuracy curve was very smooth, indicating enhanced
training stability. In contrast, SR exhibited very large oscil-
lations in accuracy, whereas the naive method without ALA
converged to zero. These results suggest that the proposed
method is highly effective against outliers, further enhanc-
ing model stability.

Table 1 presents training results for the DeiT-Tiny model
to evaluate the impact of the proposed methods. The severe
accuracy drop associated with the ALA method can be at-
tributed to the high quantization error during training us-
ing SR, as well as the high error in cosine similarity. We
observed that a lower learning rate was assigned than that
when using the combined algorithm, which negatively af-
fected training stability. These results demonstrate the im-
portance of appropriate learning rate assignments. However,
a large improvement in accuracy was observed when ALA
was used in combination with IQS. Because this configura-
tion accounts for the gradient distribution, the highest accu-
racy recovery was achieved when the proposed algorithms
were integrated. Additionally, it suggests that when differ-
ent algorithms are integrated, they achieve the highest accu-
racy and complement each other to effectively optimize the
quantization process.

Comparison Results on Various Networks
Table 2 presents comparison results with existing quantiza-
tion methods (i.e., Quantformer (Wang et al. 2022) and Q-
ViT (Li et al. 2022)) using the DeiT and Swin models on the
ImageNet dataset. Here, F/B denotes the precision used dur-
ing forward and backward propagation, respectively. The SR
method uses a scale factor for the minimum and maximum

(a) Quantization error of each
method

(b) Accuracy curve of each
method

Figure 3: Quantization error and accuracy measurements as
epochs in the DeiT-Tiny model. (a) Quantization error ac-
cording to the IQS and CH-Loss, (b) accuracy curve accord-
ing to the ALA algorithm.

ALA IQS CH-Loss GS Baseline
(%)

Accuracy
(%)

✓

72.2

65.62
✓ ✓ 69.48
✓ ✓ ✓ 71.27
✓ ✓ ✓ ✓ 72.21

Table 1: Accuracy Results (%) according to Each Proposed
Scheme

values of each layer and performs rounding using random
numbers generated for each tensor. The proposed quantiza-
tion method outperformed the baselines in terms of accuracy
for both the DeiT and Swin networks, with the exception of
the Swin-T model, which exhibited a slight degradation in
accuracy despite gradient quantization. These results indi-
cate that the proposed method is a quantization solution that
successfully accounts for the characteristics of ViTs (e.g.,
outliers, complex loss space). It should be noted that the pro-
posed method achieves high accuracy using only determinis-
tic rounding rather than the SR method used in conventional
gradient quantization. In contrast, Quantformer (Wang et al.
2022) exhibited a significant accuracy drop despite using a
mix of different precision levels and employing a group-
wise quantization strategy. To the best of our knowledge,
no such gradient-based quantization of ViT models has been
studied to date. Thus, the proposed method represents a sig-
nificant step forward as the first INT8 training quantization
framework to be implemented without loss of accuracy.

Table 3 presents evaluation results of the proposed gra-
dient quantization method on the lightweight MobileViT
model. For the initial layers, this architecture uses the CNN-
based MobileNetV2 model, which is a hybrid transformer
network that uses depth-wise convolutional blocks, which
are more sensitive to quantization than the ViT model (Kim,
Lee, and Kim 2024). To the best of our knowledge, attempts
to quantize the gradients of MobileViT have not been made
because depth-wise convolution blocks are known to incur
significant quantization errors, as mentioned in (Zhu et al.
2020). Therefore, please note that the results of compar-
ative experiments on MobileViT have not been presented.
Nevertheless, the proposed method successfully quantized
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Model Method Baseline
(%)

Precision
(F/B)

Accuracy
(%)

Drop
(%) Model Method Baseline

(%)
Precision

(F/B)
Accuracy

(%)
Drop
(%)

SR 72.2 8/8 57.75 14.45 SR 81.2 8/8 65.89 15.31
Quantformer 72.2 4/32 69.9 2.3 Quantformer 81.2 4/32 78.3 2.9

Q-ViT 72.86 4/32 72.79 0.07 Q-ViT 80.9 4/32 80.59 0.31DeiT-T

Ours 72.2 8/8 72.21 -0.01

Swin-T

Ours 81.2 8/8 81.15 0.05
SR 79.8 8/8 69.52 10.28 SR 83.2 8/8 69.83 13.37

Quantformer 79.9 4/32 78.2 1.7
Q-ViT 79.92 4/32 80.11 -0.19 Quantformer 83.2 4/32 81 2.2DeiT-S

Ours 79.8 8/8 80.26 -0.46

Swin-S

Ours 83.2 8/8 83.37 -0.17
SR 81.8 8/8 74.38 7.42

Quantformer 81.8 4/32 79.7 2.1 SR 84.5 8/8 72.73 11.77DeiT-B
Ours 81.8 8/8 82.32 -0.52

Swin-B
Ours 84.5 8/8 84.71 -0.21

Table 2: Comparison of Accuracy Results with Previous Research (%) in the ImageNet Dataset

Model Method Baseline(%) Accuracy(%) Drop(%)

MobileViT-XXS SR 69.76 56.25 13.51
Ours 69.58 0.18

MobileViT-XS SR 75.21 61.74 13.47
Ours 75.07 0.14

MobileViT-S SR 79.05 66.02 13.03
Ours 78.96 0.09

Table 3: Accuracy Results (%) of MobileViT using the Ima-
geNet Dataset

W/A/G to INT8 with a negligible accuracy drop of less than
0.2% from the baseline, independent of the size of the Mo-
bileViT model (i.e., XXS, XS, S). This suggests that the
quantization strategy of the proposed method, which ac-
counts for the gradient distribution, has significant strength
in complex depth-wise convolution blocks. Consequently,
the proposed method achieves excellent accuracy in high-
dimensional networks such as DeiT and Swin, as well as
lightweight networks such as MobileViT.

Acceleration Results on NVIDIA GPUs
We developed a custom kernel code to verify the practi-
cal efficiency of INT8 operations on a GPU for the Mo-
bileViT model. This code was implemented in the CUDA
11.8 environment for convolution and Matmul operations.
Although the conventional method (Zhu et al. 2020) relies
on global memory, we instead used shared memory to re-
duce DRAM access. This was done to minimize the la-
tency caused by memory access and verify the effective-
ness of quantization operations. Shared memory facilitates
data sharing between groups of threads in the CUDA en-
vironment, thereby enabling high-throughput data process-
ing. This allows each thread to access the data faster, sig-
nificantly reducing the overall computation time. The kernel
implementation was designed by considering complex data
access patterns and memory usage. Each operation was pro-
cessed in INT8 units to reduce computational costs and in-
crease processing speed. Table 4 lists the end-to-end times
for the lightweight ViT model across different precisions for
forward operations, backward operations, and overall iter-
ation. When both F/B were quantized to INT8, respective
speedups of 2.04× and 2.27× were observed compared to

Precision
(F/B)

Forward
(ms)

Backward
(ms)

Iteration
(ms)

32/32 84.37 180.42 281.45
8/32 41.19 180.42 240.73
4/32 27.83 180.42 206.72
8/8 41.19 79.38 136.58

Table 4: Running time of MobileViT on the GeForce RTX
3090 system

FP32. Additionally, the total iteration time measurement in-
dicated a 2.06× speedup compared to FP32. When com-
paring forward and backward operations to INT4 and FP32
results (i.e., 4/32), respectively, the forward operation was
1.48× slower, while the backward operation and overall iter-
ation exhibited speedups of 2.27× and 1.51×, respectively.
These results indicate that the backward operation accounts
for a significant portion of the computation in the entire
training process, suggesting that gradient quantization is es-
sential to reducing training costs. Our experiments demon-
strate that the gradient access approach utilizing custom ker-
nels and shared memory can significantly accelerate Mobile-
ViT computations on the GPU.

Conclusion

In this study, we proposed solutions to reduce outliers in gra-
dient quantization for ViT networks based on convergence
theory. We combined an IQR-based quantization strategy
with the CH-Loss function to minimize projection errors
from outliers. The GS method optimized propagated quan-
tization error by maximizing the similarity between original
and quantized gradients, while the ALA algorithm, consid-
ering gradient similarity and quantization error, stabilized
training. Our approach achieved high accuracy across ViT
networks, especially in lightweight models like MobileViT.
Unlike prior studies, we also verified GPU-level acceleration
via custom kernel code and developed the first INT8 train-
ing framework for ViT models. We hope that our work will
accelerate future research on gradient quantization.
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