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TP-ViT: truncated uniform-log2 quantizer and progressive
bit-decline reconstruction for vision Transformer quantization
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Abstract: Vision Transformers (ViTs) have achieved remarkable success across various artificial intelligence-based computer
vision applications. However, their demanding computational and memory requirements pose significant challenges for de-
ployment on resource-constrained edge devices. Although post-training quantization (PTQ) provides a promising solution by
reducing model precision with minimal calibration data, aggressive low-bit quantization typically leads to substantial perfor-
mance degradation. To address this challenge, we present the truncated uniform-log2 quantizer and progressive bit-decline
reconstruction method for vision Transformer quantization (TP-ViT). It is an innovative PTQ framework specifically designed
for ViTs, featuring two key technical contributions: (1) truncated uniform-log2 quantizer, a novel quantization approach which
effectively handles outlier values in post-Softmax activations, significantly reducing quantization errors; (2) bit-decline optimiza-
tion strategy, which employs transition weights to gradually reduce bit precision while maintaining model performance under
extreme quantization conditions. Comprehensive experiments on image classification, object detection, and instance segmenta-
tion tasks demonstrate TP-ViT’s superior performance compared to state-of-the-art PTQ methods, particularly in challenging
3-bit quantization scenarios. Our framework achieves a notable 6.18 percentage points improvement in top-1 accuracy for
ViT-small under 3-bit quantization. These results validate TP-ViT’s robustness and general applicability, paving the way for

more efficient deployment of ViT models in computer vision applications on edge hardware.

Key words: Vision Transformers; Post-training quantization; Block reconstruction; Image classification; Object detection;

Instance segmentation

1 Introduction

The vision Transformer (ViT) architecture (Dosovitskiy
et al., 2021) has revolutionized computer vision by leveraging
its innovative self-attention mechanism, establishing itself as a
formidable alternative to traditional convolutional neural net-
works (CNNs). ViT-based models have achieved state-of-the-
art (SOTA) performance across diverse artificial intelligence
(AI)-driven engineering applications, including but not limited
to image classification (Mahmood et al., 2024; Zhang ZC et al.,
2024), object detection (Chen et al., 2024; Gao et al., 2024),
semantic segmentation (Li MH et al., 2024; Zheng et al., 2025),
and image processing (Tian et al., 2024; Xia et al., 2025). The
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key advantage of ViT lies in its ability to capture global contex-
tual information, which has significantly advanced vision-based
automation and the development of intelligent systems.

Despite their remarkable performance, Transformer-based
models like ViT face significant deployment challenges in real-
world engineering applications due to their large model size
and high computational demands. The self-attention mecha-
nism, while highly effective in capturing global dependencies,
introduces substantial memory and processing overhead, par-
ticularly when processing high-resolution images, where com-
putational complexity grows quadratically with input size (Za-
mir et al., 2022). These limitations pose critical obstacles
for real-time deployment on resource-constrained platforms,
which often operate under strict power and latency constraints.
To address these challenges, neural network quantization has
emerged as a promising solution, effectively reducing model size
and computational requirements while maintaining acceptable
accuracy. By compressing model parameters into lower-bit
representations, quantization significantly enhances the fea-
sibility of deploying ViT models in practical and large-scale
applications.
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There are two primary types of quantization in neural net-
works: quantization-aware training (QAT) (Kim et al., 2022;
Nagel et al., 2022; Zhong et al., 2022; Liu SY et al., 2023) and
post-training quantization (PTQ) (Li YH et al., 2021; Jiang YF
et al., 2025; Zhong et al., 2026). QAT incorporates quantiza-
tion constraints during the training phase, requiring retraining
on labeled datasets to mitigate accuracy loss. Although effec-
tive, this approach imposes significant computational burdens,
particularly for large Transformer models, making it resource-
intensive and time-consuming. In contrast, PTQ operates on
pre-trained models, requiring only a small amount of unla-
beled calibration data to perform quantization. This method
provides a computationally efficient alternative, enabling rapid
compression of Transformer-based models without demanding
additional training resources or extensive datasets.

Quantizing ViTs using PTQ to low-bit widths presents
significant challenges, often resulting in substantial accuracy
degradation. A primary obstacle lies in quantizing the acti-
vations of specialized layers such as LayerNorm and Softmax,
whose unique data distributions render conventional quanti-
zation techniques ineffective. To mitigate these issues, recent
advances have introduced layer-specific quantization strategies
tailored to preserve model performance. For post-LayerNorm
activations, RepQ-ViT (Li ZK et al., 2023) employs a channel-
wise quantization approach to capture inter-channel variations,
followed by reparameterizing into a layer-wise format. This
method maintains accuracy while optimizing inference effi-
ciency. For post-Softmax activations, PTQ4ViT (Yuan et al.,
2022) employs a twin uniform quantizer (UQ) to accommo-
date the non-Gaussian distribution of attention maps better,
while FQ-ViT (Lin Y et al., 2023) leverages a log2 quantizer
(LQ) to adapt to the long-tailed distribution characteristic of
attention outputs. Furthermore, I&S-ViT (Zhong et al., 2026)
proposes the shift-uniform-log2 quantizer (SULQ) to enhance
the quantization efficiency. However, SULQ does not account
for the presence of outliers, which may introduce quantization
errors.

Despite these advancements, current layer-specific acti-
vation quantization techniques alone are insufficient for main-
taining model accuracy at extremely low-bit widths. As ev-
idenced by empirical results, RepQ-ViT (Li ZK et al., 2023)
achieves 65.05% top-1 accuracy on ViT-S with 4-bit quantiza-
tion but suffers catastrophic performance degradation (0.43%)
when compressed to 3-bit. The dramatic accuracy collapse
is primarily caused by excessive numerical precision loss dur-
ing aggressive quantization, leading to substantial quantiza-
tion errors in both activations and weights. To address this,
reconstruction optimization-based PTQ methods have been ex-
plored to minimize quantization errors and enhance accuracy.

Among these methods, BRECQ (Li YH et al., 2021) and
1&S-ViT (Zhong et al., 2026) both employ multi-stage block
reconstruction strategies. BRECQ has two stages: the first
quantizes weights to the target bit-width and then performs
block reconstruction using full-precision activations and the
quantized weights; the second quantizes activations to the
target bit-width and then performs block reconstruction us-
ing the quantized activations and weights. I1&S-ViT follows
a similar approach: it first quantizes the activations to the
target bit-width, then uses full-precision weights and quan-

tized activations to block reconstruction, and finally performs
block reconstruction after quantizing the weights to the target
bit-width. However, traditional block reconstruction methods
directly quantize both activations and weights to the target
bit-width, but these methods may bring more quantization
errors.

To address the challenges, we propose TP-ViT, a novel
PTQ framework that effectively reduces quantization errors by
introducing two key innovations: the truncated uniform-log2
quantizer (TULQ) and the bit-decline optimization strategy
(BDOS).

First, we observe that SULQ (Zhong et al., 2026) improves
post-Softmax activation quantization efficiency; however, its
log2 transformation introduces outliers that are not properly
handled in the subsequent uniform quantization, potentially
leading to increased quantization errors. The conventional UQ
(Li RD et al., 2019) employs percentile truncation to mitigate
outlier effects by identifying and removing potential outliers
through a percentile coefficient. However, as demonstrated in
Fig. 1, directly applying this approach to SULQ proves in-
flexible (inappropriately addressing some outliers) and yields
suboptimal performance. Therefore, we propose TULQ, which
introduces two adjustable coefficients to correctly control the
truncated range. This dual-coefficient mechanism could effec-
tively reduce outlier impact in activation quantization, thereby
minimizing quantization errors and enhancing overall quan-
tized model performance.
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Fig. 1 Illustration of the proposed TULQ

Furthermore, existing PTQ methods employing multi-
stage block reconstruction optimization, including BRECQ
(Li YH et al., 2021) and the smooth optimization strategy
(SOS) (Zhong et al., 2026), typically adopt a direct quantiza-
tion approach where both weights and activations are imme-
diately quantized to the target bit-width, as demonstrated in
Fig. 2a. However, this abrupt quantization leads to substantial
error accumulation, significantly degrading model accuracy.
Therefore, we introduce BDOS, which gradually quantizes the
model to the target bit to reduce quantization errors. As il-
lustrated in Fig. 2b, BDOS introduces transition weights to
quantize model weights to the target bit level progressively.
This gradual quantization process effectively minimizes quan-
tization errors, enabling the model to preserve its classification
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Fig. 2 Illustration of the proposed BDOS: (a) traditional
block reconstruction; (b) our proposed BDOS. The descrip-
tion of each parameter is shown in Section 3

accuracy better than approaches that apply direct quantization
to the final bit level. By integrating TULQ and BDOS, TP-ViT
effectively enhances the robustness of ViTs under low-bit quan-
tization, bridging the performance gap between full-precision
and quantized models.

2 Related works

2.1 Vision Transformers

ViT and its variants have emerged as pivotal backbone
networks in the computer vision community. ViT (Dosovitskiy
et al., 2021) first introduces the self-attention mechanism into
image classification, replacing convolutional layers with Trans-
former blocks, thereby achieving competitive results. After-
ward, several variants are proposed to improve the performance
further. DeiT (Touvron et al., 2021) alleviates dependence on
large-scale training datasets through data augmentation and
knowledge distillation techniques. Meanwhile, the Swin Trans-
former (Liu Z et al., 2021) introduces a shifted windows mech-
anism to enhance local attention through hierarchical feature
maps and information exchange between windows. However,
the high performance of ViTs is built on a high computational
load, which hinders their application in edge devices (Mehta
and Rastegari, 2022; Zhang JN et al., 2022).

2.2 ViT quantization

Model quantization, a crucial technique for model com-
pression, involves converting floating-point weights and acti-
vations into lower-bit representations. It is primarily divided
into QAT and PTQ. QAT (Zhong et al., 2022; Liu SY et al.,
2023; Zhou et al., 2023) requires retraining of models on the
entire training dataset to minimize performance degradation.
In contrast, PTQ methods only require calibration on a small-
scale dataset, making the methods suitable for rapid deploy-
ment, but maintaining accuracy advantages at low-bit widths
remains challenging.

First, in the ViT architecture, key components such as
Softmax and LayerNorm have significant impacts on the quan-
tization performance of the model. This indicates that tradi-
tional UQs may not be suitable for such layers. Given this,
some researchers have proposed a series of more targeted quan-
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titative paradigms to improve the quantitative performance of
ViT models. PTQ4ViT (Yuan et al., 2022) is proposed using
dual-grained quantization to address data distribution dispar-
ities. In contrast, FQ-ViT (Lin Y et al., 2023) employs powers
of two quantization for LayerNorm and symmetric quantiza-
tion for Softmax. APQ-ViT (Ding et al., 2022) focuses on
preserving the Matthew effect in Softmax to maintain sta-
bility in attention computations. To enhance quantization
efficiency, 1&S-ViT (Zhong et al., 2026) proposes SULQ), effec-
tively addressing the limitations of standard log2 quantization.
TSPTQ-ViT (Tai et al., 2023) proposes a two-scaled quanti-
zation scheme for post-Softmax and post-GELU activations,
mitigating the high outlier sensitivity in ViT activation distri-
butions by assigning separate quantization ranges to different
activation regions. Meanwhile, ADFQ-ViT (Jiang YF et al.,
2025) introduces a per-patch outlier-aware quantizer, designed
to handle outliers and irregular distributions, particularly in
post-LayerNorm activations. Additionally, AIQViT (Jiang RQ
et al., 2025) leverages a low-rank compensation mechanism and
a dynamic focusing quantizer, allowing ViTs to better adapt
to different tasks.
mixed-precision strategies to preserve accuracy under low-bit
constraints; for example, AMP-ViT (Tai and Wu, 2025) auto-
matically assigns higher bit-widths to sensitive layers, achiev-

Additionally, several recent works adopt

ing improved performance without increasing overall compu-
tational cost significantly. Among them, the SULQ quantizer
of 1&S-ViT (Zhong et al., 2026) improves post-Softmax activa-
tion quantization efficiency; however, the log2 transformation
would introduce outliers, which may affect the performance of
the quantization model. To tackle this, we propose a new quan-
tization scheme specifically designed to reduce outlier effects
and enhance performance.

Furthermore, the reconstruction-based PT(Q methods can
mitigate accuracy degradation. BRECQ (Li YH et al.,
2021) introduces block-wise reconstruction to refine quantized
weights. Building upon this, QDrop (Wei et al., 2023) im-
proves low-bit quantization by integrating activation quan-
tization with dropout during reconstruction. Expanding on
block-wise reconstruction, PD-Quant (Liu JW et al., 2023)
leverages global information from the full-precision model for
quantization parameter optimization. Furthermore, outlier-
aware (Ma et al., 2024) introduces reconstruction granularity,
revealing its impact on outlier mitigation. However, existing
reconstruction-based methods directly quantize weights and
activations to the target bit-width in a single step, potentially
leading to quantization errors. To address this, we explore
a progressive quantization optimization approach, aiming to
reduce quantization errors and enhance model performance.

3 Preliminaries

3.1 Structure of ViTs

The input image [ is first divided into IV flattened two-
dimensional (2D) patches. Each patch is then projected into
a vector space RP using an embedding layer, resulting in the
embedding matrix Xo € RV*P. The embedding X is then
fed into L stacked Transformer blocks. Each block consists of
the multi-head self-attention (MHSA) module, the LayerNorm
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module, and the multi-layer perceptron (MLP) module. For
the [*® Transformer block, when the input is X; and the output

is Y}, the computations are as follows:
A; = MHSA(LayerNorm(X;)) + X, (1)
Y; = MLP(LayerNorm(A;)) + A;.

MHSA allows the model to compute attention across dif-
ferent parts of the input sequence in parallel. Given the input
X, it operates as follows:

[Qi7 K, V;] = Xllwacv + bqu7
Attni(Qi, K;, V;) = Softmax Ql—KzT \ 7 (2)
vV DPh

MHSA(X,) = [Attny, Attno, ..., Attn,]WO + b°,

i=1,2,...,h,

where W0 ¢ RPXBDr) pakv ¢ R3Pr WO ¢ RUPIXD ang
b° € RP. Q;, Ki, and V; are the query, key, and value ma-
trices for the i*" attention head, respectively. “O” denotes the
output. “gkv” denotes their concatenated linear projections.
Attn; denotes scaled dot-product attention for head 7. h is the
number of attention heads and D, is the feature size of each
head.

As demonstrated above, large-scale matrix multiplica-
tions of activations A (can also be X or Y') and weights W
are the primary contributors to computational overhead.

3.2 Quantizers

1. UQ. UQ is one of the most widely used quantization
methods for activations and weights, defined as

{:rq =UQ(z,b) = clamp({f] +2,0,2° — 1),

3
ZTaq = D-UQ(zq) = s(zq — 2) = =z, ®)

where z4 and xqq represent the quantized value and the de-
quantized value, respectively, |-] is the rounding operation, b is
the quantization bit-width, and clamp(-) constrains the output
between 0 and 2° — 1. Importantly, s is the quantization scale
and z is the offset coefficient, both of which are determined by
the lower and upper bounds of = as follows:

_ max(z)—min(z)

= |-ekid]. "

2. SULQ. SULQ is a novel quantizer (Zhong et al., 2026)
for post-Softmax activations, which could improve the quanti-
zation efficiency. It can be represented as

zq = SULQ(z,b) = UQ(—log,y(x + 1), b),
aq = D-SULQ(zq) = 2L 7PV _p ~ o)

where 7 is the shift parameter that can be adjusted based on
the distribution of each layer. However, SULQ applies UQ
without addressing outliers introduced by the log2 transfor-
mation, which may potentially lead to significant quantization
€rTors.

3.3 Block reconstruction

Reconstruction techniques focus on bridging the perfor-
mance gap between quantized model and the full-precision
model by reducing the output deviation. The reconstruction
objective can be defined as follows:

2

min HBZ(W, A) - BL(Wy, A, (6)

where B'(-) and BL(-) denote the outputs of the [*" full-
precision and quantized Transformer blocks, respectively. Wy
and A, correspond to the quantized weights and activations,
respectively.

4 Methods

This section presents our proposed TP-ViT method for
PTQ of ViTs, which introduces two key innovations to ad-
dress current limitations in low-bit quantization. First, we de-
velop TULQ), a novel approach that dynamically clips outliers
during post-Softmax activation quantization to minimize the
quantization errors. Second, we propose BDOS, an iterative
quantization framework that progressively reduces bit-widths
through intermediate precision stages while performing block-
wise reconstruction. This strategy significantly reduces quan-
tization errors and enhances quantized model performance,
making TP-ViT highly effective for low-bit quantization sce-
narios. The process of our method is shown in Fig. 3.
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Fig. 3 Illustration of multi-head self-attention (a) and the proposed TP-ViT, which consists of TULQ (b) and BDOS (c).

TULQ focuses on post-Softmax activation quantization in (a)



4.1 Truncated uniform-log2 quantizer

Although SULQ (Zhong et al., 2026) improves quanti-
zation efficiency by employing fine-grained quantization levels
near zero, it fails to account for a critical limitation: it fails to
account for the outliers induced by log2 transformation, which
is a critical limitation for quantization performance. Although
post-Softmax activations are bounded in (0, 1], their logarithms
span a wide negative range, creating numerical outliers that
dominate the quantization error. These extreme values can
substantially amplify quantization errors, ultimately degrad-
ing model performance. To overcome this issue, we try to
mitigate the influence of outliers and stabilize the quantization
process.

One commonly used technique for outlier suppression in
activation quantization is percentile search truncated (PST)
quantization (Li RD et al., 2019). This method confines the
model’s attention to the dominant activation distribution by
truncating extreme values beyond empirically determined per-
centile thresholds, thereby improving quantization robustness.
PST achieves this by adjusting the quantization scale s and
the offset coefficient z as follows:

s — bet(@y)—pct(z,1-7)
- b I

z= L_ pct(ozcs,lfl'v)"‘ 7 (7)
where pct(-) is a statistical function used to determine the
relative position of a value in data. Specifically, the pct(x,~)
function returns the = percentile value in the input x.

Although PST improves quantization performance, we
identify its suboptimal efficacy for post-Softmax activations.
This limitation stems from its reliance on a single coefficient to
jointly control both the quantization scale s and offset coeffi-
cient z parameters, resulting in inflexible truncated boundaries
that often lead to suboptimal value clipping. To empirically
validate this limitation, we integrate PST into SULQ and eval-
uate its effectiveness on post-Softmax activation quantization
(Fig. 4). Our experiments reveal that although SULQ-+PST
reduces the quantization error compared to standalone SULQ),
the performance gain is marginal (+0.5 percentage points
(PPs)). Strikingly, when we adjust the offset coefficient z after
applying SULQ+PST, we observe a substantially larger im-
provement (+1.55 PPs). This significant discrepancy demon-
strates the following: (1) The PST current truncated strategy
is not fully optimized for post-Softmax distributions. (2) The
control of s and z is critical for effective outlier handling. These
findings strongly suggest that post-Softmax activations require
a more flexible truncated mechanism.

To address the inherent limitations of PST in post-
Softmax activation quantization, we propose TULQ. Unlike
conventional approaches that independently constrain extreme
values, which often lead to suboptimal coefficient selection,
TULQ introduces a dual-parameter mechanism for more effec-
tive dynamic range control as follows:

1. The coefficient o adaptively determines the quantiza-
tion scale s by optimizing the retention ratio of the activation
distribution.

2. The coefficient  adjusts the offset coefficient z to se-
lectively eliminate small-value regions while preserving critical
information, thereby robustly mitigating outlier effects.
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This coordinated parameterization enables TULQ to
achieve superior quantization precision compared to rigid trun-
cated methods, particularly for the heavy-tailed distribution
characteristic of post-Softmax activations. The updated quan-
tization formulae are as follows:

s=a X max(z)—min(x)
2b_1 )
(8)

¥ = L_ﬁ % mir;(ac)—‘ ,

where a and B satisfy a < 8 < 1. It could correctly address
the outliers by adjusting o and (3, as shown in Fig. 1. Notably,
our proposed quantizer degenerates into SULQ when o« = 8 =
1, ensuring that it remains flexible across different activation
distributions.

In summary, we propose TULQ to enhance the perfor-
mance of SULQ by effectively mitigating the influence of out-
liers and reducing quantization errors. The TULQ quantiza-
tion process is defined as follows:

Tq = clamp( {w—‘ +2,0,2° — 1), (©)

Taq = gl=swa=a)] _ N,

where s and z are obtained from Eq. (8).

As shown in Fig. 3b, in the quantization process for the
post-Softmax activations of different layers, these two coef-
ficients, o and (3, can be searched to recognize the outliers
and then truncated to minimize the quantization errors. The
expression is as follows:

(10)

. 2
Join flzaq — 2|

As illustrated in Fig. 4, TULQ achieves the lowest quanti-
zation loss across all the blocks, demonstrating its effectiveness
in preserving activation information. Furthermore, TULQ at-
tains a top-1 accuracy of 56.61% on 3-bit DeiT-S with only
quantized activations, significantly outperforming both SULQ

(+6.18 PPs) and SULQ-+PST (+5.68 PPs). These results

—=—SULQ (acc.: 50.43%)

—=— SULQ+PST (acc.: 50.93%)
—— SULQ+PST with shift (acc.: 52.48%)
—+—TULQ (ours) (acc.: 56.61%)

Post-Softmax activation loss (x107°)

1 2 3 4 5 6 7 8 9 10 11 12
Block index

Fig. 4 The quantitative comparison of post-Softmax activa-
tion quantization errors in 3-bit DeiT-S (12-block architec-
ture) across different quantizers, evaluated without recon-
struction optimization techniques. “SULQ-+PST” means
that we add the percentile search truncated to SULQ, while
“SULQ-+PST with shift” means that we shift the offset co-
efficient z after applying SULQ with PST. Our proposed
method named TULQ (red line) achieves the smallest loss
compared to other methods and attains the best perfor-
mance of 56.61% top-1 accuracy
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highlight the superiority of our proposed TULQ in reducing
quantization errors and improving model performance, mak-
ing it a promising solution for low-bit quantization in ViTs.
Notably, this gain comes with only a modest increase in cali-
bration time (approximately 17 s more than SULQ), making
it a practical and effective solution for low-bit quantization in
ViTs.

4.2 Bit-decline optimization strategy

Multi-stage block reconstruction techniques have demon-
strated remarkable success in PTQ for ViTs, as exemplified
by BRECQ (Li YH et al., 2021) and I&S-ViT (Zhong et al.,
2026). Although these methods achieve SOTA performance
in 4-bit quantization scenarios, they exhibit significant per-
formance degradation when applied to more aggressive 3-bit
quantization regimes. Current approaches typically employ a
sequential quantization strategy: first, quantize either weights
or activations while keeping the other in full precision, followed
by quantization of the remaining component. At each stage
of this process, block reconstruction is performed at the end
to update the weights. Our empirical analysis reveals that al-
though the initial quantization stage (of either weights or acti-
vations alone) maintains satisfactory accuracy, the subsequent
joint quantization of both weights and activations introduces
substantial quantization errors, leading to severe performance
deterioration.

To overcome the limitation, we propose a progressive
quantization framework that employs a multi-stage BDOS for
block reconstruction. The intermediate 8-bit model, recon-
structed under the same full-precision supervision, provides a
high-quality initialization for the final 3-bit stage. By reduc-
ing the bit-width (e.g., FP32—8-bit—3-bit), BDOS greatly re-
duces the optimization difficulty of ultra-low-bit quantization
and decreases the error.

The conventional procedure of block reconstruction, as
exemplified by I1&S-ViT (Zhong et al., 2026), follows a se-
quential approach. Initially, the activations are quantized to
the target bit-width, and block reconstruction is performed
to optimize the weight to adapt to the quantization of ac-
tivations. Subsequently, the quantized activations are held
constant, and the weights are quantized. Block reconstruc-
tion is then applied again to optimize the weight quantiza-
tion, thereby restoring the model’s performance. This proce-
dure offers two benefits. First, specialized activations (e.g.,
post-Softmax and post-LayerNorm) require customized quan-
tization schemes, making fixed quantized activations prefer-
able to avoid re-quantization overhead. Second, the strategy
of quantizing weights while keeping activations fixed demon-
strates lower optimization complexity compared to simultane-
ous weight and activation quantization.

Therefore, following this criterion, we only focus on pro-
gressively quantizing the weights during block reconstruction.
The multi-stage BDOS can be divided into three stages, as
shown in Fig. 3c.

1. Stage 1:
weight learning. We first quantize the activation A to the

activation quantization and full-precision

target bit-width Aq while keeping the weights learning W in
full precision. The quantized activation will be fixed in the fol-

lowing process. To mitigate the quantization errors introduced
by activation quantization, we apply block reconstruction to
update the weights W to W, For the I*" Transformer block
B!, the learning procedure of block reconstruction at this stage
is formulated as follows:

Aq =UQ(A),

o _ : 1 Ut 2 (11)
wh = ar%vnfun |B'(W,A) - BL(W', A",
where UQ is the uniform quantization (Eq. (3)) used for ac-
tivations. Notably, the post-Softmax activations adopt our
proposed TULQ (Eq. (9)).

As discussed in Zhong et al. (2026), this process could
provide a smoother and more stable loss landscape, which al-
leviates the training challenges associated with reconstruction.

2. Stage 2: transitional bit-width weight quantization. To
quantize the weights to the target low-bit representation, we
first perform a transitional quantization on the weights W
to obtain an intermediate bit-width weight W;. For example,
we can use 8-bit as the transitional bit-width for lower-bit
quantization, because 8-bit quantization is nearly lossless. The
optimization procedure for this stage is

Ws =UQW™),
W = argmin | B(W, A) — BLW,, 4. (12)
Wt

3. Stage 3: target weight quantization. At the final stage,
the weights Wof* obtained from the previous stages are quan-
tized to the target bit-width Wy. Block reconstruction is then
applied to restore the performance of the quantized model,
with the reconstruction procedure given as follows:

Wq = UQ(WCE*%
. . ! . 2 (13)
W{ = argmin HB (W,A) — Bq(Wq,Aq)H .
Wq

Note that throughout the stages, the reconstruction tar-
get BL(W7 A) remains the original full-precision block output;
the intermediate bit-width models serve only as optimized ini-
tializations for the subsequent lower-bit stage, not as new su-
pervision signals.

To improve the block reconstruction performance, the
quantization process can be progressively refined through it-
erative bit-width reduction with multiple rounds. Specifically,
when quantizing to a target 3-bit model, we implement a multi-
stage approach: transition weights are first quantized to 8-bit,
then progressively reduced to 4-bit, before achieving the fi-
nal 3-bit precision.
each quantization step to minimize the reconstruction loss.

Block reconstruction is performed after

Although this multi-round BDOS consistently improves final
model performance compared to direct quantization, the per-
formance gains are relatively marginal compared to a single
round. Given the significant increase in computational time
required for each additional round, the single-round BDOS is
sufficient.

Compared to other multi-stage block reconstruction ap-
proaches (Li YH et al., 2021; Zhong et al., 2026), our pro-
posed BDOS could significantly reduce the quantization er-
rors during block reconstruction. This improvement cannot be
achieved simply by increasing the number of iterations in block
reconstruction.



5 Experiments

5.1 Experimental settings

1. Models and tasks. To validate the effectiveness of our
proposed TP-ViT framework and its core components (TULQ
and BDOS), we conduct comprehensive experiments on two
benchmark datasets: ImageNet (Deng et al., 2009) for im-
age classification and COCO (Lin TY et al., 2014) for ob-
ject detection and instance segmentation. Our evaluation en-
compasses multiple vision Transformer architectures, including
ViT (Dosovitskiy et al., 2021), DeiT (Touvron et al., 2021),
and Swin Transformer (Liu Z et al., 2021) with small and base
scales. For the ImageNet classification task, we evaluate the
models under standard protocols.
applicability, we further assess performance on COCO using
cascade mask R-CNN (Cai and Vasconcelos, 2018) with Swin
Transformer backbone for object detection and instance seg-

To demonstrate broader

mentation tasks.

2. Implementation details. The pre-trained full-precision
models used in our experiments are sourced from the Timm
library. For the quantization process, we employ a channel-
wise uniform quantization for weights, while layer-wise uniform
quantization is used for activations, except post-Softmax ac-
tivations that are quantized using our proposed TULQ. Con-
sistent with preceding studies (Zhong et al., 2026), we ran-
domly sample 1024 images from both the ImageNet and COCO
datasets for optimization. The optimization process uses the
Adam optimizer (Kingma and Ba, 2017) with an initial learn-
ing rate of 4 x 10~° and a weight decay of 0.2. For the image
classification tasks on ImageNet, we set the batch size to 64
and conduct 1000 iterations for all cases, except the 6-bit quan-
tization scenario using 200 iterations. For the object detection
and instance segmentation tasks on COCO, we optimize only
the backbone, set the batch size to 1, and perform 1000 itera-
tions. The TULQ parameters n, «, and S are determined via
grid search during the calibration phase. The parameter 7 is
set following the same setting as in SULQ. Meanwhile, both «
and (3 are searched in the range [0.7, 1.0] with a step size of 0.01
under the constraint @ < 8 < 1, ensuring fine-grained adapta-
tion to the activation distribution of each layer. Additionally,
we do not employ our proposed BDOS for 6-bit quantization.
For 3-bit and 4-bit quantization, BDOS is set to one round,
with the transition weights quantized to 8-bit precision. Ex-
periments are conducted with PyTorch on a single NVIDIA
3090 GPU.

5.2 Image classification on the ImageNet dataset

This subsection evaluates the performance of different
quantization methods on the ImageNet dataset for image clas-
sification tasks. We select various vision Transformers and
their variants, including ViT-S, ViT-B, DeiT-S, DeiT-B, Swin-
S, and Swin-B, to comprehensively assess the effectiveness of
these methods under 3-bit, 4-bit, and 6-bit quantization set-
tings for both weights and activations. Here, S denotes small
and B denotes the base version. Table 1 presents the top-1
accuracy of each method under different quantization settings.
We can find the following:

1. In the 3-bit quantization setting, our TP-ViT method
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achieves superior PTQ performance across different backbones.
Specifically, it improves the top-1 accuracy of 3-bit ViT-S
(+6.18 PPs) and 3-bit ViT-B (+3.25 PPs) over the SOTA
method 1&S-ViT, respectively. Additionally, our method
achieves the highest accuracy on DeiT-S and DeiT-B, with
58.52% and 73.56%, respectively. These results demonstrate
the adaptability of our quantization strategy to different model
architectures and its effectiveness in preserving classification
accuracy under extremely low-bit quantization scenarios.

2. In the 4-bit quantization setting, our method consis-
tently outperforms SOTA methods, including 1&S-ViT (Zhong
et al., 2026) and outlier-aware (Ma et al., 2024). For example,
on ViT-S, our method achieves a top-1 accuracy of 75.95%, sur-
passing that of 1&S-ViT (74.87%) and recent mixed-precision
method AMP-ViT (55.88%). It also exceeds the 4-bit quan-
tization result of ORQ-ViT (68.49%) by a large margin. Our
method also narrows the gap between quantized and full-
precision accuracy to 1.53 PPs on ViT-B and 1.32 PPs on
DeiT-B. These results highlight the robustness of our quanti-
zation method across different models and settings. The com-
bination of TULQ and BDOS effectively mitigates the impact
of quantization, ensuring high classification accuracy.

3. In the 6-bit quantization setting, the performance gap
between our method and SOTA methods narrows, including
the mixed-precision method. For instance, on 6-bit quan-
tized DeiT-S, our method achieves a top-1 accuracy of 79.41%,
slightly lower than that of outlier-aware (Ma et al., 2024)
(79.50%). This suggests that as the quantization bit-width in-
creases, the gap between the quantized and full-precision mod-
els diminishes, making it more challenging to achieve optimal
results across all models. However, our method still achieves
Notably, the 6-bit
quantized ViT-B attains a top-1 accuracy of 84.79%, which
is even 0.25 PPs higher than that of the full-precision model.
This highlights the potential of our method in achieving near

commendable results on certain models.

or even super full-precision performance in higher bit-width
quantization settings.

5.3 Object detection and instance segmentation on
the COCO dataset

To demonstrate the applicability of our proposed quanti-
zation method in real-world computer vision tasks, we evaluate
its performance on the COCO dataset using the 4-bit quan-
tized cascade mask R-CNN model with Swin-T and Swin-S
backbones. Our
method achieves SOTA performance in both object detection
and instance segmentation tasks, highlighting its effectiveness

The results are summarized in Table 2.

in maintaining high accuracy under low-bit quantization set-
tings. From Table 2, TP-ViT achieves the best overall perfor-
mance across all settings. Compared to 1&S-ViT, our method
improves AP”** (+0.1 PPs) and AP™** (4+0.1 PPs) on Swin-
T. On Swin-S, our method achieves an improvement over 1&S-
ViT, reaching the highest 50.4% AP"** and 43.7% AP™,
These results indicate the strong generalization ability of our
method across different vision tasks and its potential for prac-
tical applications.
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Table 1 Quantization results for image classification on the ImageNet dataset

2026 27(1):250081

Top-1 accuracy (%)

Method Bit-width (W /A)

ViT-S ViT-B DeiT-S DeiT-B Swin-S Swin-B

Full-precision 32/32 81.39 84.54 79.85 81.80 83.23 85.27
PTQ4ViT (Yuan et al., 2022) 3/3 0.01 0.01 0.01 0.27 0.35 0.29
BRECQ (Li YH et al., 2021) 3/3 0.42 0.59 14.63 46.29 11.67 1.70
QDrop (Wei et al., 2023) 3/3 4.44 8.00 22.67 24.37 60.89 54.76
PD-Quant (Liu JW et al., 2023) 3/3 1.77 13.09 29.33 0.94 69.67 64.32
RepQ-ViT (Li ZK et al., 2023) 3/3 0.43 0.14 4.37 4.84 8.84 1.34
1&S-ViT (Zhong et al., 2026) 3/3 45.16 63.77 55.78 73.30 74.20 69.30
AIQVIT (Jiang RQ et al., 2025) 3/3 41.32 43.68 55.36 66.15 71.42 63.01
TP-ViT (ours) 3/3 51.34 67.02 58.52 73.56 74.65 70.44
PTQ4ViT (Yuan et al., 2022) 4/4 42.57 30.69 34.08 64.39 76.09 74.02
APQ-ViT (Ding et al., 2022) 4/4 47.95 41.41 43.55 67.48 77.15 76.48
BRECQ (Li YH et al., 2021) 4/4 12.36 9.68 63.73 72.31 72.74 58.24
PD-Quant (Liu JW et al., 2023) 4/4 1.51 32.45 71.21 73.76 79.87 81.12
RepQ-ViT (Li ZK et al., 2023) 4/4 65.05 68.48 69.03 75.61 79.45 78.32
1&S-ViT (Zhong et al., 2026) 4/4 74.87 80.07 75.81 79.97 81.17 82.60
ADFQ-ViT (Jiang YF et al., 2025) 4/4 72.14 78.71 75.06 78.75 80.63 82.33
Outlier-aware (Ma et al., 2024) 4/4 72.88 76.59 76.00 78.83 81.02 82.46
AIQVIT (Jiang RQ et al., 2025) 4/4 70.63 74.15 72.75 79.19 80.93 81.22
AMP-ViT (Tai and Wu, 2025) 4% /4% 55.88 61.84 68.43 76.14 77.20 76.51
ORQ-VIiT (He et al., 2025) 4/4 68.49 73.22 70.13 76.66 80.06 81.60
TP-ViT (Ours) 4/4 75.95 83.01 76.08 80.48 81.52 82.86
PTQ4ViT (Yuan et al., 2022) 6/6 78.63 81.65 76.28 80.25 82.38 84.01
APQ-ViT (Ding et al., 2022) 6/6 79.10 82.21 77.76 80.42 82.67 84.18
BRECQ (Li YH et al., 2021) 6/6 54.51 68.33 78.46 80.85 82.02 83.94
PD-Quant (Liu JW et al., 2023) 6/6 70.84 75.82 78.40 80.52 82.51 84.32
TSPTQ-ViT (Tai et al., 2023) 6/6 79.34 82.01 77.27 80.25 82.41 84.12
1&S-ViT (Zhong et al., 2026) 6/6 80.43 83.82 79.15 81.68 82.89 84.94
ADFQ-ViT (Jiang YF et al., 2025) 6/6 80.54 83.92 79.04 81.53 82.81 84.82
Outlier-aware (Ma et al., 2024) 6/6 80.60 83.81 79.50 81.72 82.76 84.91
AIQVIT (Jiang RQ et al., 2025) 6/6 80.21 83.68 78.98 81.40 82.81 84.39
AMP-ViT (Tai and Wu, 2025) 6% /6% 79.98 82.70 78.70 81.25 82.62 84.50
ORQ-ViT (He et al., 2025) 6/6 80.48 83.77 79.14 81.35 82.81 84.98
TP-ViT (ours) 6/6 80.65 84.79 79.41 81.72 82.93 85.05

“Bit-width (W /A)” denotes the quantization bit-width of weights and activations as W bits and A bits, respectively.

quantization. The best results are in bold

Table 2 Performance of the 4/4 quantized cascade mask
R-CNN model on the COCO dataset

AP (%)
Method Swin-T Swin-S

Box Mask Box  Mask

Full-precision 50.4 43.7 51.9 45.0

PTQ4VIiT (Yuan et al., 2022) 14.7 13.5 0.5 0.5
APQ-VIT (Ding et al., 2022) 27.2 24.4 47.7 41.1
BRECQ (Li YH et al., 2021) 41.2 37.0 44.5 39.2

QDrop (Wei et al., 2023) 23.9 21.2 24.1 21.4
PD-Quant (Liu JW et al., 2023)  35.5 31.0 41.6 36.3
RepQ-ViT (Li ZK et al., 2023) 47.0 41.4 49.3 43.1

1&S-ViT (Zhong et al., 2026) 48.2 42.0 50.3 43.6
AIQVIT (Jiang RQ et al., 2025) 47.1 41.4 49.8 43.4
TP-ViT (ours) 48.3 42.1 50.4 43.7

AP denotes the average precision. The box is APP* referring to

the AP of bounding boxes for object detection tasks, while the
P™asK referring to the AP of segmentation masks for

instance segmentation tasks. The best results are in bold

mask is A

5.4 Ablation studies

To further investigate the contributions of the proposed
TULQ and BDOS to the overall performance, we conduct ab-
lation studies on 3-bit quantized ViT-S for image classification
on the ImageNet dataset. The I&S-ViT (Zhong et al., 2026)

* Mixed-precision

method is adopted as the baseline. The results are summa-
rized in Table 3. The baseline 1&S-ViT model without TULQ
or BDOS components achieves 45.16% top-1 accuracy. Im-
plementing TULQ alone increases accuracy to 46.53%, con-
firming its capability to mitigate outlier effects and reduce
quantization errors. The independent application of BDOS
yields further improvement to 50.42%, demonstrating the ef-
ficacy of our bit-decline strategy in block reconstruction opti-
mization. The combined implementation of both TULQ and
BDOS achieves optimal performance with 51.34% top-1 accu-
racy, surpassing all other configurations. These experimental
results conclusively validate the effectiveness of TULQ and
BDOS in enhancing quantized model performance.

5.4.1 Effect of TULQ

We implement a UQ for 3-bit activation quantization
in the full-precision ViT-S model while employing special-
ized quantizers exclusively for post-Softmax activations. Four
quantization methods are evaluated: UQ, LQ, SULQ, and
our proposed TULQ. As shown in Table 4, UQ yields the
poorest performance. LQ demonstrates superior results com-
pared to UQ by better accommodating the long-tail distribu-
tion of post-Softmax activations. SULQ builds upon LQ to
further enhance quantization efficiency, achieving suboptimal



Table 3 Ablation studies on the ImageNet classification of
TULQ and BDOS of 3-bit quantized ViT-S

Model TULQ BDOS Top-1 acc. (%)
Full-precision 81.39
. X X 45.16
VIT-5 v x 46.53
X v 50.42
v v 51.34

Acc. refers to accuracy. The best result is in bold

Table 4 Ablation studies on the ImageNet classification of
different quantizers applied to post-Softmax activations of
ViT-S

Model W/A Method Top-1 acc. (%)
32/32 Full-precision 81.39
. 32/3 UQ 41.39
VIT-5 32/3 LQ 50.19
32/3 SULQ 52.29
32/3 TULQ (ours) 54.09

Acc. refers to accuracy. W /A denotes the quantization bit-width
of weights and activations as W bits and A bits, respectively.
The best result is in bold

performance. Our TULQ method effectively mitigates outlier
effects, ultimately delivering the best performance with 54.09%
top-1 accuracy. As shown in Fig. 5, TULQ achieves the small-
est reconstruction loss among all quantizers, highlighting its
effectiveness.

5.4.2 Effect of BDOS

To explore the potential of BDOS, we first examine the
impact of different quantization bits for the transition weights
in a single round of BDOS. In these experiments, we employ
a UQ for all weights and activations, except post-Softmax
activations, which are quantized using our proposed TULQ
quantizer. As shown in Table 5, the model using BDOS with
8-bit transition weights achieves the best top-1 accuracy of
51.34%, which is significantly higher than the accuracy ob-
tained without BDOS (46.53%). Meanwhile, we analyze the
reconstruction loss from the final stage with varying transition
weights, as shown in Fig. 6. The results indicate that using
8-bit transition weights yields the smallest reconstruction loss.
This is because 8-bit quantization is nearly lossless, allowing
8-bit transition weights to provide a better initialization for
low-bit quantization models by minimizing the quantization
error.

In addition, we examine the impact of varying the number
of BDOS rounds on the quantization results. Table 6 shows the
top-1 accuracy of the ViT-S model under a final quantization
bit of 3-bit, with different numbers of rounds in the BDOS
process. Specifically, we observe that using three rounds of
BDOS achieves a top-1 accuracy of 51.49%, which is 0.15 PPs
higher than that of a single round. The performance gain
from increasing the number of rounds is relatively limited,
suggesting that the improvement is marginal compared to the
substantial gains achieved with just one round.

Moreover, Fig. 7 illustrates the block reconstruction loss
as the number of BDOS rounds increases. The losses between
each block generally decrease with more rounds, indicating a
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Block reconstruction loss

1 2 3 4 5 6 7 8 9 10 11 12
Block index

Fig. 5 Comparison of the reconstruction loss in the 12-block
32/3 quantized ViT-S using different quantizers

Table 5 The effectiveness of the transition weights with
ViT-S as the quantized model

Model N w Top-1 acc. (%)
Full-precision 81.39
. 0 32—>3 46.53
VIT-S 1 32583 51.34
1 32—>6—>3 50.95
1 32—-4—3 51.12

N represents the number of rounds. Acc. refers to accuracy. W
denotes the quantization bit-width of weights as W bits. The
best result is in bold. When the target quantization bit is 3-bit,
the transition weights in one round of BDOS are quantized to 4-,
6-, and 8-bit, respectively

2000 1

—=— 4-bit transition weights sk
6-bit transition weights

—=— B-bit transition weights

1750 1

s
o
(=]
(=]

12504

1000

7501

Block reconstruction loss

500

2501

1 2 3 4 5 6 7 8 9 110 1 12
Block index

Fig. 6 Comparison of the reconstruction loss in the 12-
block 3/3 quantized ViT-S using different quantization bits
for the transition weights in one round of BDOS. Adopting
8-bit transition BDOS (red line) achieves the smallest loss

positive correlation between the number of BDOS rounds and
the reduction in reconstruction loss. This suggests that mul-
tiple rounds of BDOS allow for a more nuanced quantization
process, potentially reducing quantization errors and improv-
ing the model’s ability to generalize. However, increasing the
number of BDOS rounds also significantly increases the time
required for quantization. For example, each additional BDOS
round for ViT-S increases the quantization time by approxi-
mately 12 min, but the performance increment is subtle, which
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Table 6 Quantitative results of BDOS testing at different
rounds when the target quantization bit is 3-bit and the
quantized model is ViT-S

Model N w Top-1 acc. (%)
Full-precision 81.39
ViT-S 0 32 =3 46.53
1 32 —+8—=3 51.34
2 32—+8—=4—3 51.42
3 32—+8—26—-4—3 51.49

N represents the number of rounds. Acc. refers to accuracy. W
denotes the quantization bit-width of weights as W bits. The
best result is in bold

—e— 3-round BDOS
—=— 2-round BDOS
—*— 1-round BDOS
—#— Without BDOS
1500180

2000 1

1750 1

1250 1¢q
1000
40

7501
20

Block reconstruction loss

500
2501
0 4

1 2 3 4 5 6 7 8 9 10 M 12
Block index

Fig. 7 Comparison of the reconstruction loss in the 12-block
3/3 quantized ViT-S using different rounds of BDOS. As
the number of BDOS rounds increases, the reconstruction
loss gradually decreases. A trade off between time cost and
accuracy should be considered

indicates that one round of BDOS is enough.
5.5 Time efficiency

Fig. 8 illustrates the quantization time and accuracy of
various PTQ methods on the 3/3 DeiT-S model. Our proposed
method demonstrates relatively good time efficiency, requiring
only 42 min. Additionally, our method achieves outstanding
performance in terms of accuracy, reaching a top-1 accuracy
of 58.52%, which is the highest among all PTQ methods. In
comparison, other methods without block reconstruction op-
timization, such as PTQ4ViT (Yuan et al., 2022) and RepQ-
ViT (Li ZK et al., 2023), while having their own advantages
in quantization time, fail to match our method’s accuracy.
These results indicate that our method maintains competitive
accuracy levels while operating within acceptable quantiza-
tion time, achieving an optimal balance between efficiency and
performance.

5.6 Comparison of visualization results

To visually demonstrate the effectiveness of our proposed
method, we select six images from the ImageNet validation set
and apply Grad-CAM (Selvaraju et al., 2020) to compare the
visualization results with those of 1&S-ViT (Zhong et al., 2026),
both based on 3-bit quantized ViT-S, as shown in Fig. 9. The
visualizations indicate that our method more effectively high-
lights discriminative features, as seen in images 2 and 3. Addi-
tionally, images 5 and 6 show that our 3-bit quantized ViT-S

[T TP-VIT (ours)
60 18S-ViT *
¢
50
g
2 40
©
§ 30 | PD-%uant:
S ‘ QDrop
g 20 *
s BRECQ
*
10 .
RepQ-ViT
PTQAVIT
0 30 60 90 120 150

Quantization time (min)

Fig. 8 The quantization time and accuracy using different
PTQ methods to perform 3-bit quantization on DeiT-S

maintains a stronger focus on informative objects without be-
ing distracted by class-independent elements. By employing
TULQ and BDOS, our method achieves a lower quantization
error and superior classification performance, resulting in a
6.18 PPs improvement in top-1 accuracy for 3-bit quantization
compared to 1&S-ViT.

6 Conclusions

In this study, we propose a novel PTQ framework, TP-
ViT, tailored for ViTs to address significant performance
degradation during low-bit quantization. Our approach in-
troduces TULQ and BDOS. TULQ mitigates the impact of
outliers in activation quantization, reducing quantization er-
rors, while BDOS enhances model performance through pro-
gressive quantization. Experiments on ImageNet and COCO
datasets demonstrate the efficacy of TP-ViT, achieving sub-
stantial improvements in top-1 accuracy and outperforming
SOTA methods in object detection and instance segmenta-
tion tasks. Ablation studies validate the contributions of both
TULQ and BDOS, showing that our method achieves high ac-
curacy while maintaining time efficiency. This work provides
a robust PT(Q framework for efficient deployment of ViTs on
resource-constrained hardware, with potential for further ap-
plication to other Transformer-based architectures.
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