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Supplementary Material

We provided additional information and analyses, which are
listed below:

• Appendix A: We provided additional implementation
details.

• Appendix B: We included additional analysis on acti-
vation variance and quantization sensitivity.

• Appendix C: We presented additional experimental re-
sults, both quantitative and qualitative.

• Appendix D: We provided additional ablation studies.

A. Additional implementation details

Implementation details This study implemented the
super-resolution (SR) models [2, 13, 16, 17, 25] by quantiz-
ing both the weights and the activations. The entire training
procedure consisted of three stages: (1) bound initialization,
(2) gradient-guided bit allocation (GBA), and (3) bit-aware
fine-tuning. In the first stage, bound initialization was per-
formed for one epoch with a batch size of 16. The input im-
age patch size was fixed at 384×384. In this stage, the quan-
tization bounds for activations, lak and ua

k, were initialized
using the MinMax method [11] and then continuously up-
dated via an exponential moving average (EMA) with decay
rate β = 0.9. Similarly, the quantization bounds of weights,
lwk and uw

k , were initialized using the optimal mean squared
error (OMSE) method [6]. All continuous bit offset param-
eters sk were initialized to zero. In the second stage, GBA
was conducted with fixed weights. GBA consisted of two
sub-stages, each dedicated to computing the gradients of bit
offsets gak and gwk for activations and weights, respectively.
Each sub-stage ran for two epochs with a batch size of 2,
and the initial learning rate was set to 0.1. The third stage,
bit-aware fine-tuning, was also conducted for two epochs
with a batch size of 2. In this phase, the quantization ranges
for both activations and weights (lak, u

a
k and lwk , u

w
k ) were

treated as learnable parameters and updated independently
during training with a learning rate of 0.01. Additionally,
we compared two settings: one applying mixed-precision
quantization (MPQ) only to activations, and another apply-
ing MPQ to both activations and weights. All experiments
were implemented using the PyTorch framework [21] in
Python and executed on an NVIDIA RTX 3090 GPU.

B. Additional analyses

Sample-wise and channel-wise variance Figure 1
presents a quantitative visualization of channel-wise acti-
vation variance per layer and channel-wise activation vari-

Figure 1. The heatmaps visualize activation variance in randomly
selected layers and channels of the EDSR ×4 model after pass-
ing 10 randomly selected images from Urban100. Darker colors
indicate higher variance. The left map shows large variance dif-
ferences across channels, while the right map reveals significant
variance fluctuations within channels depending on the input im-
age samples.

ance across input samples. The left part of Fig. 1 shows the
per-channel variance of activations in each layer of the SR
model, computed from a single input sample, supporting the
need for dynamic activation range normalization (DAN).
For instance, in the sixth layer, channels 6 and 7 exhibit
activation variances of 1656 and 55, respectively, indicating
a variance disparity exceeding 30 times. This imbalance
in channel-wise activation variance can result in suboptimal
quantization. When a fixed quantization range is uniformly
applied across channels, channels with high variance may
suffer from excessive clipping, whereas channels with low
variance may not fully utilize the available precision. The
right part of Fig. 1 illustrates how the activation variance
of each channel within a single layer varies across different
input image samples. Even within the same channel, the
variance can range from several tens to several hundreds
depending on the input. For example, some channels ex-
hibit activation variances as high as 786 for certain samples,
while for other samples, the activation variances drop below
50, indicating substantial sample-dependent fluctuation. In
other words, even within the same channel, the activation
distribution can vary significantly depending on the input,
making it difficult to effectively handle all samples using
a fixed normalization range. The channel-wise imbalance
and sample-dependent variability in activation distributions
are key factors that degrade quantization performance and
training stability in SR models where batch normalization
(BN) [10] has been removed [17]. DAN addresses these
issues by dynamically normalizing the activation distribu-



Figure 2. Layer-wise activation quantization is analyzed using two
metrics in the EDSR model. The blue line shows the quantization
error, i.e., the MSE between the original output and the output
after quantizing only one layer’s activation. The red line represents
the sensitivity estimated by the gradient of the activation bit offset
parameter for each layer.

tion of each channel by input sample. By reducing both
inter-channel and inter-sample variance disparities, DAN
effectively minimizes quantization error and significantly
improves overall training stability.

Quantization sensitivity estimation Figure 2 compares
the effects of activation quantization across different layers
of the EDSR [17] model using two distinct evaluation met-
rics. The blue curve shows the mean squared error (MSE)
between the model’s original output and the output after
quantizing the activations of a single layer to 4-bit preci-
sion, with all other layers kept at 32-bit. The red curve rep-
resents the quantization sensitivity estimated using GBA,
which leverages the magnitude of the gradient gk with re-
spect to the bit offset parameters sk of each layer k. In
GBA, smaller gradient magnitudes are interpreted as indi-
cating greater quantization sensitivity for the corresponding
layer. Accordingly, as derived from Eq. (6) in the main text,
the sign of the gradient values is inverted to enable a direct
comparison with the quantization error. GBA quantitatively
estimates the quantization sensitivity of each layer by mea-
suring the magnitude and direction of the gradient gk propa-
gated to the continuous bit offset parameter sk of each layer
with respect to the loss function Lgrad during backpropa-
gation. A small value of gk indicates that the currently as-
signed bit-width is insufficient to reduce the loss, suggest-
ing that the corresponding layer requires higher precision.
Based on this gradient-driven sensitivity information, GBA
adaptively increases or decreases the bit-width of each layer
to perform efficient MPQ. The results in Fig. 2 show that the
sensitivity estimated by GBA closely aligns with the actual
quantization error, clearly demonstrating that GBA reliably
captures the layer-wise impact of quantization.

Theoretical basis of GBA This section provides a mathe-
matical proof that a small gradient in the negative direction
during backpropagation is not merely a heuristic indication
of insufficient bit-width, but a direct outcome derived from
the chain-rule structure of fake quantization [11]. In this
context, a small gradient in the negative direction with re-
spect to the bit-width indicates that increasing the bit-width
would considerably reduce the loss, suggesting that the cur-
rent precision is insufficient and results in large quantization
errors. Therefore, such a gradient serves as a direct signal
that more bit-width should be allocated to that layer.

As defined in Eq. (2) of the main text, the quantization
step ∆k depends on the bit-width bk, where k denotes the
layer index. To be consistent with the definition of the layer-
wise gradient in Eq. (6) of the main text, gk reflects the
averaged bit-width sensitivity accumulated across the cali-
bration samples. For the loss Lgrad in Eq. (3), the gradient
with respect to the bit parameter sk is computed using the
chain-rule as follows:

∂Lgrad

∂sk
=

∂Lgrad

∂bk
· ∂bk
∂sk

. (S1)

Since ∂bk
∂sk

> 0, the sign of the gradient gk =
∂Lgrad

∂sk
is

identical to the sign that determines the direction of ∂Lgrad

∂bk
.

Considering the influence of bk on the quantization step
∆k, the derivative can be written as follows:

∂Lgrad

∂bk
=

∂Lgrad

∂∆k
· ∂∆k

∂bk
. (S2)

As the quantization step increases, the quantization error
increases (∂Lgrad

∂∆k
> 0), while increasing the bit-width de-

creases the step size (∂∆k

∂bk
< 0). Therefore, the resulting

expression is derived as follows:

∂Lgrad

∂bk
< 0 ⇒ gk =

∂Lgrad

∂sk
< 0. (S3)

Thus, gk < 0 mathematically indicates that increasing
the bit-width reduces the loss. Therefore, GBA effectively
estimates the quantization sensitivity of each layer based on
the direct derivative of the loss with respect to the bit-width
and incorporates bit precision as a learnable differentiable
parameter within the optimization procedure. These deriva-
tions provide a theoretical foundation for gradient-driven bit
adjustment.

Methodological novelty and effectiveness of GBA Al-
though gradient information has been utilized in various
quantization frameworks, the interpretation and integration
of gradient information into precision optimization differ
substantially across existing methods. From the perspective
of MPQ, this section highlights the methodological novelty
and practical effectiveness of the proposed GBA framework
compared to representative gradient-based approaches.



Table 1. Performance comparison with PTQ-based static quantization methods, all applied with fine-tuning, on the EDSR and RDN models
for ×2 scaling (which is different from the ×4 scaling used in the main text). W/A denotes the bit precision for weights and activations,
respectively, and MP indicates whether mixed precision was applied.

Method Venue W/A
Processing

Time
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

EDSR CVPRW’17 32 / 32 – 37.99 0.961 33.57 0.917 32.16 0.900 31.98 0.987 38.55 0.977

EDSR-MinMax+FT – 4 / 4 49 sec 35.37 0.918 32.07 0.878 30.95 0.859 30.14 0.881 35.42 0.934
EDSR-Percentile+FT – 4 / 4 67 sec 27.93 0.893 27.97 0.876 28.22 0.869 25.47 0.857 22.75 0.918
EDSR-PTQ4SR CVPR’23 4 / 4 127 sec 36.73 0.945 32.76 0.901 31.55 0.883 30.82 0.907 36.46 0.959
EDSR-AdaBM CVPR’24 4 / 4MP 50 sec 37.18 0.952 33.01 0.908 31.65 0.888 31.08 0.913 37.34 0.978
EDSR-AdaBM⋆ CVPR’24 4MP / 4MP 50 sec 37.16 0.952 33.01 0.908 31.65 0.888 31.09 0.918 37.37 0.969
EDSR-Ours – 4 / 4MP 26 sec 37.59 0.957 33.22 0.912 31.92 0.895 31.32 0.916 37.56 0.969
EDSR-Ours⋆ – 4MP / 4MP 26 sec 37.65 0.958 33.25 0.913 31.97 0.895 31.43 0.918 37.73 0.971

EDSR-MinMax+FT – 3 / 3 49 sec 34.20 0.926 31.00 0.880 30.14 0.861 27.64 0.852 32.13 0.935
EDSR-Percentile+FT – 3 / 3 67 sec 28.23 0.892 27.98 0.871 28.17 0.863 25.41 0.847 22.72 0.913
EDSR-PTQ4SR CVPR’23 3 / 3 127 sec 34.72 0.941 31.19 0.891 30.32 0.871 27.69 0.866 32.20 0.948
EDSR-AdaBM CVPR’24 3 / 3MP 50 sec 35.51 0.932 31.92 0.886 30.75 0.863 29.24 0.879 34.71 0.944
EDSR-AdaBM⋆ CVPR’24 3MP / 3MP 50 sec 34.84 0.941 31.30 0.892 30.38 0.871 27.85 0.868 32.58 0.950
EDSR-Ours – 3 / 3MP 26 sec 36.68 0.953 32.57 0.905 31.41 0.887 30.02 0.901 36.18 0.964
EDSR-Ours⋆ – 3MP / 3MP 26 sec 37.10 0.955 32.86 0.908 31.64 0.891 30.60 0.908 36.88 0.966

RDN CVPR’18 32 / 32 – 38.05 0.961 33.64 0.918 32.19 0.900 32.22 0.930 38.59 0.977

RDN-MinMax+FT – 4 / 4 162 sec 32.40 0.882 29.89 0.836 29.28 0.815 27.05 0.810 30.51 0.892
RDN-Percentile+FT – 4 / 4 462 sec 23.84 0.616 23.74 0.660 25.07 0.649 21.56 0.601 17.46 0.583
RDN-PTQ4SR CVPR’23 4 / 4 757 sec 33.43 0.927 30.40 0.875 29.65 0.854 27.07 0.846 30.32 0.920
RDN-AdaBM CVPR’24 4 / 4 MP 167 sec 33.86 0.931 30.75 0.881 29.89 0.858 27.40 0.856 31.81 0.939
RDN-AdaBM⋆ CVPR’24 4MP / 4MP 167 sec 33.86 0.930 30.69 0.878 29.84 0.855 27.32 0.852 31.81 0.939
RDN-Ours – 4 / 4MP 87 sec 37.65 0.958 33.35 0.912 32.00 0.895 31.65 0.919 37.61 0.970
RDN-Ours⋆ – 4MP / 4MP 87 sec 37.16 0.954 32.87 0.908 31.69 0.891 30.56 0.907 36.59 0.965

RDN-MinMax+FT – 3 / 3 162 sec 31.26 0.885 28.66 0.817 28.30 0.791 25.62 0.786 28.26 0.884
RDN-Percentile+FT – 3 / 3 462 sec 24.21 0.909 24.16 0.853 25.25 0.841 21.79 0.820 17.78 0.878
RDN-PTQ4SR CVPR’23 3 / 3 757 sec 33.32 0.931 30.26 0.876 29.57 0.857 26.83 0.845 29.78 0.920
RDN-AdaBM CVPR’24 3 / 3MP 167 sec 33.68 0.928 30.55 0.880 29.82 0.859 27.16 0.854 31.40 0.938
RDN-AdaBM⋆ CVPR’24 3MP / 3MP 167 sec 33.71 0.932 30.60 0.881 29.80 0.859 27.18 0.853 31.41 0.938
RDN-Ours – 3 / 3MP 87 sec 36.76 0.951 32.59 0.900 31.52 0.885 30.22 0.896 35.73 0.953
RDN-Ours⋆ – 3MP / 3MP 87 sec 36.64 0.949 32.58 0.902 31.47 0.886 30.10 0.895 35.83 0.954

• GradQ-ViT [5]: This method is designed for image clas-
sification and focuses on improving training stability by
quantizing gradients during backpropagation. It does not
consider quantization sensitivity or mixed-precision bit
allocation, and its primary objective is to enhance training
efficiency rather than to optimize precision assignment.

• Chauhan et al. [4]: This method perturbs pretrained
weights within an ϵ-neighborhood and assigns bit-widths
through complex integer linear programming (ILP) based
on the expected gradient norm at the perturbed points.
However, such perturbation-based estimation cannot ac-
curately reflect the discrete distortion characteristics in-
duced by real quantization, making it difficult to precisely
approximate actual quantization error. In addition, al-
though gradient information is utilized, its interpretation

and intended role are fundamentally different from those
in GBA.

• BMPQ [12]: This method is based on QAT and incurs
significantly high training overhead. It indirectly esti-
mates layer sensitivity by statistically approximating the
magnitude of weight gradients (∂L/∂W ) and assigns bit-
widths through ILP-based global optimization. However,
it uses the magnitude of weight gradients merely as a sur-
rogate measure for sensitivity, and does not directly incor-
porate the effect of bit-precision changes on the loss. Fur-
thermore, it fails to capture inter-layer correlations, mak-
ing it difficult to guarantee globally optimal bit allocation.

Prior mixed-precision approaches performed bit alloca-
tion solely in the discrete integer bit-width space, where
bit-widths are inherently non-differentiable, making it im-



Table 2. Performance comparison with PTQ-based 6-bit quantization methods applied to the EDSR and RDN models with ×4 scaling,
which differs from the 4-bit and 3-bit quantization settings used in the main text. W/A denotes the bit precision for weights and activations,
respectively, and MP indicates whether mixed precision was applied.

Method Venue W/A
Processing

Time
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

EDSR CVPRW’17 32 / 32 – 32.10 0.894 28.58 0.781 27.56 0.736 26.04 0.785 30.35 0.907

EDSR-MinMax+FT – 6 / 6 49 sec 31.89 0.882 28.43 0.773 27.45 0.728 25.89 0.774 30.10 0.895
EDSR-Percentile+FT – 6 / 6 67 sec 24.77 0.784 24.44 0.712 24.78 0.685 22.08 0.674 19.97 0.781
EDSR-PTQ4SR CVPR’23 6 / 6 127 sec 31.93 0.887 28.44 0.777 27.48 0.732 25.82 0.777 29.83 0.898
EDSR-AdaBM CVPR’24 6 / 6 MP 50 sec 31.97 0.888 28.48 0.778 27.48 0.732 25.90 0.778 30.14 0.901
EDSR-AdaBM⋆ CVPR’24 6MP / 6MP 50 sec 31.92 0.887 28.46 0.777 27.48 0.732 25.88 0.778 30.02 0.899
EDSR-Ours – 6 / 6 MP 26 sec 32.02 0.891 28.53 0.780 27.53 0.735 25.98 0.782 30.25 0.903
EDSR-Ours⋆ – 6MP / 6MP 26 sec 32.06 0.891 28.54 0.780 27.54 0.735 26.00 0.783 30.27 0.904

RDN CVPR’18 32 / 32 – 32.24 0.895 28.67 0.784 27.63 0.739 26.29 0.793 30.63 0.911

RDN-MinMax+FT – 6 / 6 162 sec 30.70 0.853 27.74 0.746 26.90 0.700 25.01 0.731 28.71 0.862
RDN-Percentile+FT – 6 / 6 462 sec 20.62 0.798 20.09 0.688 21.37 0.669 18.09 0.648 14.58 0.719
RDN-PTQ4SR CVPR’23 6 / 6 757 sec 31.48 0.882 28.12 0.772 27.23 0.727 25.43 0.766 28.84 0.891
RDN-AdaBM CVPR’24 6 / 6MP 167 sec 31.65 0.881 28.25 0.770 27.28 0.723 25.52 0.763 29.51 0.891
RDN-AdaBM⋆ CVPR’24 6MP / 6MP 167 sec 31.63 0.882 28.22 0.770 27.27 0.724 25.48 0.762 29.36 0.889
RDN-Ours – 6 / 6MP 87 sec 32.18 0.894 28.64 0.783 27.61 0.738 26.25 0.791 30.52 0.908
RDN-Ours⋆ – 6MP / 6MP 87 sec 32.24 0.894 28.64 0.783 27.61 0.738 26.23 0.790 30.51 0.907

possible to optimize precision directly using gradient infor-
mation. Consequently, existing methods relied on indirect
sensitivity estimation, such as approximating the statisti-
cal magnitude of weight gradients or evaluating metrics ob-
tained from perturbing pretrained weights within a small
neighborhood, followed by ILP-based discrete search.
However, such heuristic search procedures fail to accurately
reflect the actual change in quantization loss caused by bit-
width variation and cannot effectively model global inter-
layer dependencies, since each layer is optimized indepen-
dently.

To address these limitations, GBA redefines bit-width as
a learnable continuous parameter and directly optimizes
it using gradients (∂L/∂s) computed from the loss func-
tion, explicitly modeling the effect of precision adjustments
on quantization loss. GBA captures the actual loss change
induced by bit-width variation without updating weights
and with only a small calibration set. In addition, the bit-
widths of different layers are inherently connected through
gradient flows, such that a bit change in one layer affects
the loss gradients of others, enabling the consideration of
inter-layer dependencies. As a result, GBA performs joint
optimization across the entire network rather than indepen-
dent layer-wise assignment, allowing global bit allocation
to emerge intrinsically through gradient-based learning
without complex ILP procedures and minimizing perfor-
mance degradation. Thus, GBA fundamentally overcomes
the limitations of prior discrete-search-based approaches by
enabling differentiable precision optimization in a con-

tinuous space.

C. Additional experimental results

Comparison on scaling factor of 2 In addition to the ×4
scale SR network evaluation in the main text, we further
evaluated our method on the ×2 scale setting. Table 1 com-
pares the proposed method with existing post-training quan-
tization (PTQ)-based approaches [8, 11, 14, 22] applied to
the EDSR [17] and RDN [25] models under the ×2 scale
configuration. For a fair comparison, we followed prior
studies [8, 22] by keeping the first and last layers fixed to
8-bit precision. In the table, the ⋆ symbol indicates a mod-
ified version of AdaBM [8], where mixed precision (MP)
is applied to both weights and activations, as opposed to its
default configuration, which applies MP only to activations.
To ensure a fair comparison, we also included the results of
AdaBM⋆ with MP applied to both weights and activations.
The proposed method consistently outperformed existing
PTQ-based techniques in terms of peak signal-to-noise ra-
tio (PSNR) and structural similarity index measure (SSIM).
Notably, under the 3-bit quantization setting, our method
(RDN-Ours⋆) achieved a PSNR of 30.10dB on Urban100
[9], which was 2.92dB higher than AdaBM⋆ (27.18dB) un-
der the same conditions.

Comparison on 6-bit quantization The proposed
method consistently achieved high performance not only
in low-bit settings but also under higher-bit configurations.



Table 3. Performance comparison of PTQ-based quantization methods applied to the CARN model with ×4 scaling, which was not
included in the main text where only the EDSR and RDN models were evaluated. W/A denotes the bit precision for weights and activations,
respectively, and MP indicates whether mixed precision was applied.

Method Venue W/A
Processing

Time
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

CARN ECCV’18 32 / 32 – 31.95 0.891 28.51 0.780 27.51 0.734 25.82 0.777 30.08 0.904

CARN-MinMax+FT – 4 / 4 36 sec 24.12 0.726 23.53 0.661 23.12 0.604 21.94 0.646 23.52 0.767
CARN-Percentile+FT – 4 / 4 69 sec 18.41 0.683 17.37 0.581 19.34 0.491 16.33 0.548 12.49 0.601
CARN-PTQ4SR CVPR’23 4 / 4 96 sec 28.45 0.782 26.39 0.701 25.71 0.658 23.91 0.679 26.62 0.795
CARN-AdaBM CVPR’24 4 / 4MP 38 sec 29.47 0.817 26.89 0.715 25.94 0.661 24.21 0.695 27.16 0.822
CARN-AdaBM⋆ CVPR’24 4MP / 4MP 38 sec 29.43 0.815 26.87 0.715 25.92 0.662 24.29 0.698 27.42 0.825
CARN-Ours – 4 / 4MP 19 sec 31.41 0.880 28.16 0.766 27.24 0.723 25.32 0.755 28.94 0.878
CARN-Ours⋆ – 4MP / 4MP 19 sec 31.38 0.880 28.07 0.767 27.24 0.724 25.32 0.754 28.85 0.877

CARN-MinMax+FT – 3 / 3 36 sec 18.59 0.570 18.69 0.531 18.86 0.534 17.61 0.326 18.65 0.409
CARN-Percentile+FT – 3 / 3 69 sec 17.58 0.540 16.76 0.542 18.78 0.543 15.89 0.514 12.05 0.551
CARN-PTQ4SR CVPR’23 3 / 3 96 sec 23.29 0.625 22.89 0.596 21.78 0.554 20.81 0.559 22.95 0.661
CARN-AdaBM CVPR’24 3 / 3MP 38 sec 25.52 0.682 24.15 0.607 23.77 0.564 22.04 0.575 23.47 0.672
CARN-AdaBM⋆ CVPR’24 3MP / 3MP 38 sec 25.31 0.672 23.98 0.592 23.37 0.552 21.83 0.567 23.22 0.651
CARN-Ours – 3 / 3MP 19 sec 29.51 0.848 26.77 0.736 26.63 0.700 24.21 0.707 26.23 0.820
CARN-Ours⋆ – 3MP / 3MP 19 sec 30.42 0.854 27.48 0.744 26.85 0.706 24.50 0.715 27.26 0.835

Table 4. Performance comparison of PTQ-based quantization methods applied to the SRResNet model with ×4 scaling, which was not
included in the main text where only the EDSR and RDN models were evaluated. W/A denotes the bit precision for weights and activations,
respectively, and MP indicates whether mixed precision was applied.

Method Venue W/A
Processing

Time
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

SRResNet CVPR’17 32 / 32 – 31.86 0.889 28.42 0.778 27.46 0.733 25.67 0.772 29.84 0.900
SRResNet-MinMax+FT – 4 / 4 48 sec 30.54 0.861 27.20 0.751 26.74 0.707 24.73 0.730 27.07 0.860
SRResNet-Percentile+FT – 4 / 4 90 sec 21.87 0.820 21.17 0.708 21.98 0.684 19.06 0.692 15.28 0.758
SRResNet-PTQ4SR CVPR’23 4 / 4 110 sec 30.96 0.868 27.85 0.757 27.01 0.712 24.90 0.736 28.23 0.868
SRResNet-AdaBM CVPR’24 4 / 4MP 50 sec 31.37 0.875 28.03 0.762 27.07 0.714 25.17 0.746 28.96 0.879
SRResNet-AdaBM⋆ CVPR’24 4MP / 4MP 50 sec 31.36 0.875 28.08 0.763 27.16 0.718 25.22 0.748 29.07 0.881
SRResNet-Ours – 4 / 4MP 24 sec 31.51 0.882 28.21 0.771 27.33 0.728 25.44 0.761 29.26 0.889
SRResNet-Ours⋆ – 4MP / 4MP 24 sec 31.65 0.884 28.27 0.771 27.33 0.727 25.50 0.763 29.50 0.892

SRResNet-MinMax+FT – 3 / 3 48 sec 29.22 0.823 26.66 0.719 26.21 0.680 23.78 0.681 25.30 0.800
SRResNet-Percentile+FT – 3 / 3 90 sec 21.64 0.799 21.04 0.693 21.84 0.669 18.85 0.661 15.16 0.729
SRResNet-PTQ4SR CVPR’23 3 / 3 110 sec 29.69 0.830 26.99 0.726 26.45 0.684 24.04 0.689 26.54 0.816
SRResNet-AdaBM CVPR’24 3 / 3MP 50 sec 30.11 0.847 27.28 0.739 26.66 0.676 24.25 0.703 27.01 0.834
SRResNet-AdaBM⋆ CVPR’24 3MP / 3MP 50 sec 30.06 0.846 27.26 0.739 26.63 0.695 24.22 0.701 26.96 0.834
SRResNet-Ours – 3 / 3MP 24 sec 30.89 0.870 27.80 0.760 27.06 0.718 24.89 0.740 28.28 0.870
SRResNet-Ours⋆ – 3MP / 3MP 24 sec 31.06 0.874 27.88 0.760 27.10 0.719 25.01 0.744 28.38 0.872

In particular, since the previous study AdaBM [8] reported
results for both 4-bit and 6-bit settings, we additionally
conducted 6-bit quantization experiments under the same
conditions for a fair comparison. Table 2 summarizes the
PSNR and SSIM results when applying 6-bit quantization
to the EDSR [17] and RDN [25] models. The results
show that the proposed method maintained performance
comparable to full-precision even at 6 bits. For example,

our method achieved 27.54dB on BSD100 [18], with only
a 0.02dB drop compared to the 32-bit baseline. Similarly,
our method with the RDN model also demonstrated stable
performance across most benchmark datasets, achieving
26.23dB on Urban100 [9] and 30.51dB on Manga109
[19], while maintaining high reconstruction quality even
after quantization. These results indicate that the proposed
method effectively minimized information loss under



Table 5. Performance comparison of PTQ-based quantization methods applied to the ResNet-18 model for image classification under
various bit-widths. MPQ indicates whether mixed-precision quantization was applied. Classification accuracy (%) is reported for 4-, 6-,
and 8-bit settings, along with the full-precision (FP32) baseline.

Model Method Venue MPQ
Bit-width

FP32
4 6 8

ResNet-18

AdaRound ICML’20 ✗ 67.26% 70.17% 70.78% 71.00%
BRECQ ICLR’21 ✗ 68.21% 70.44% 70.80% 71.00%
Qdrop ICLR’22 ✗ 69.54% 70.52% 70.83% 71.00%
PTMQ AAAI’24 ✓ 67.57% 70.23% 70.79% 71.00%
Ours – ✓ 68.33% 70.30% 70.83% 71.00%

Table 6. Quantitative results of 4-bit post-training quantization for EDSR (×4) on Set5 and Urban100 datasets with varying numbers of
calibration images. # indicates the number of calibration images used. Each value is reported as mean ± standard deviation over three
trials, where calibration images were randomly sampled in each trial.

#
Set5 (×4) Urban100 (×4)

PSNR SSIM PSNR SSIM

20 31.58 ± 0.038 0.880 ± 0.000 25.56 ± 0.029 0.760 ± 0.001
60 31.58 ± 0.023 0.880 ± 0.001 25.58 ± 0.030 0.760 ± 0.001

100 31.58 ± 0.029 0.881 ± 0.001 25.61 ± 0.011 0.762 ± 0.001
150 31.64 ± 0.026 0.882 ± 0.000 25.62 ± 0.008 0.763 ± 0.001
300 31.63 ± 0.005 0.881 ± 0.000 25.62 ± 0.005 0.764 ± 0.002
500 31.64 ± 0.005 0.882 ± 0.001 25.64 ± 0.017 0.764 ± 0.002
800 31.63 ± 0.016 0.882 ± 0.000 25.62 ± 0.019 0.765 ± 0.002

Table 7. Quantitative results of 4-bit quantized EDSR (×4) on
Set5 and Urban100 datasets with varying learning rates.

Learning rate
Set5 (×4) Urban100 (×4)

PSNR SSIM PSNR SSIM

0.001 31.60 0.880 25.58 0.760
0.005 31.58 0.878 25.56 0.760
0.01 31.61 0.881 25.61 0.762
0.05 31.60 0.880 25.60 0.760

high-bit settings and provided more consistent performance
compared to existing PTQ-based approaches [8, 11, 14, 22].

Comparison on additional SR models Although pre-
vious experiments in the main text focused on validat-
ing our method on EDSR [17] and RDN [25], this sec-
tion presents extended evaluations on other SR architec-
tures such as CARN [2] and SRResNet [13] to assess the
generalizability of the proposed framework. Table 3 and
Table 4 show the results of applying the proposed method
to the CARN and SRResNet models under 4-bit and 3-bit
quantization settings. For fair comparison, the first and
last layers were fixed to 8-bit precision, as in prior exper-
iments, while the remaining layers were quantized using
flexible bit-width allocation. In the case of CARN, the

proposed method maintained stable performance even in
low-bit settings. For example, under the 3-bit configura-
tion, our method achieved a PSNR of 30.42dB on Set5 [3],
significantly outperforming AdaBM⋆ [8], which recorded
25.31dB under the same setting, by a margin of 5.1dB. This
performance gap remained consistent across more complex
datasets with abundant high-frequency details such as Ur-
ban100 [9] and Manga109 [19], indicating that our method
effectively reduced bit usage without compromising SR
quality. Furthermore, the total quantization processing time
was only 19 seconds, confirming that the proposed method
offers a highly practical trade-off between precision and
efficiency. A similar trend was observed with SRResNet.
Despite its relatively lightweight architecture, the proposed
method achieved strong performance across all bit-width
settings. For instance, in the 3-bit setting, SRResNet-Ours⋆

achieved 31.06dB on Set5, outperforming AdaBM⋆ by 1dB.
Notably, our method also showed clear advantages on Ur-
ban100 and Manga109 while maintaining an entire quan-
tization processing time of just 24 seconds. These results
demonstrate that the proposed framework is not limited to
specific network architectures but can be effectively applied
to a wide range of SR models, consistently delivering high
accuracy and computational efficiency compared to existing
PTQ-based quantization methods [8, 11, 14, 22].



Comparison on ResNet-18 for image classification Al-
though this study focused on SR models, we extended the
proposed quantization framework to the image classifica-
tion task using ResNet-18 [7] to verify its generalizability.
Table 5 compares the results of applying various PTQ meth-
ods [15, 20, 23, 24] to ResNet-18. The proposed method
achieved a classification accuracy comparable to PTMQ
[24], a PTQ method based on MPQ. In particular, under
the 8-bit setting, it achieved 70.83% accuracy, which was
similar to that of widely used existing methods. Under the
6-bit and 4-bit settings, it recorded 70.30% and 68.33%,
respectively—showing slight performance drops but still
maintaining competitive accuracy compared to other PTQ-
based methods. These results demonstrate that although the
framework was originally optimized for SR, it could be suc-
cessfully applied to general vision tasks such as image clas-
sification.

Additional qualitative results In addition to the quanti-
tative evaluation, we conducted a qualitative comparison to
visually assess the reconstruction quality of different PTQ
methods. Due to the large number of output images, only
representative examples were included in the main text,
with more examples shown in Fig. 3 and Fig. 4. Both fig-
ures present 4-bit quantized results using the EDSR [17]
and RDN [25] models, respectively. Figure 3 shows quali-
tative results from the 4-bit quantized EDSR model. While
the 4-bit quantized EDSR model generally maintained over-
all structural consistency across different methods, notice-
able differences emerged in fine details such as text clarity,
edges, and high-frequency textures. For instance, in Ur-
ban100 img083, the proposed method restored the sharpest
character contours and clean textures among all methods.
In contrast, MinMax [11] introduced strong color noise
and structural distortions, while Percentile [14] suffered
from blur and detail loss. MinMax+FT and Percentile+FT
yielded slight improvements after fine-tuning but still failed
to accurately recover fine structures. PTQ4SR [22] and Ad-
aBM [8] produced more stable and visually coherent results,
but the proposed method achieved the most faithful visual
restoration with superior edge preservation, texture clarity,
and noise suppression. Figure 4 presents the results for the
4-bit quantized RDN model. Due to its deep residual archi-
tecture, RDN tended to exhibit higher sensitivity to quan-
tization, especially in scenes with repetitive patterns and
high-frequency structures. This was evident in Urban100
img023 and img024, where the MinMax [11] method pro-
duced severe color noise that disrupted the regular line pat-
terns, resulting in visually unstable outputs. Although Per-
centile [14] reduced some of these artifacts, it still suffered
from texture blurring and color smearing. Fine-tuned ver-
sions, MinMax+FT and Percentile+FT, alleviated structural
distortions to some extent, but remained limited in pre-

Table 8. Quantitative comparison of 4-bit quantized EDSR (×4)
using different candidate values of θk for bit offset selection.
Each candidate value of θk represents a discrete set of bit offset
values allowed for layer k, defining the range of bit-width adjust-
ments around the base bit bbase.

Candidate values of θk
Set5 (×4) Urban100 (×4)

PSNR SSIM PSNR SSIM

{-1, 0, 1} 31.67 0.881 25.62 0.762
{-2, –1, 0, 1, 2} 31.56 0.880 25.52 0.762

{-3, –2, –1, 0, 1, 2, 3} 31.41 0.880 25.38 0.757

serving uniformity and restoring sharp details. PTQ4SR
[22] and AdaBM [8] provided better edge alignment and
noise suppression, yielding more visually coherent results.
However, in challenging cases such as img027 and img031,
which contained repetitive architectural patterns and com-
plex shading, the proposed method achieved the most sta-
ble reconstruction. It successfully preserved structural pat-
terns, edge sharpness, and inter-channel consistency, deliv-
ering visual quality most closely aligned with the output of
the full-precision (FP32) model.

D. Additional ablation studies
Effect of calibration data size For a fair comparison, all
experiments presented in the main text used 100 randomly
sampled images from the DIV2K training dataset [1] as the
calibration data, following the same setting as prior meth-
ods. In this supplementary section, we conducted an ad-
ditional ablation study to analyze more precisely the im-
pact of the number of calibration images on quantization
performance. Table 6 shows the PSNR and SSIM results
on the Set5 [3] and Urban100 [9] datasets when the num-
ber of calibration images varied among 20, 60, 100, 150,
300, 500, and 800. The results revealed that increasing the
number of calibration samples gradually improved PSNR
up to a certain point; however, in the case of Urban100, the
performance gain continued beyond 100 images, with only
marginal improvements thereafter. On the other hand, as the
number of calibration images increased, the overall quan-
tization time grew linearly, introducing a practical trade-
off. Accordingly, we fixed the calibration set size to 100
images in all experiments to balance performance and effi-
ciency while ensuring a fair comparison with existing meth-
ods. This setting provided a practical compromise, offering
stable quantization quality while minimizing unnecessary
computational overhead.

Fine-tuning bounds with learning rate We analyzed the
effect of the learning rate on performance during the fine-
tuning of quantization bounds (i.e., the lower and upper
bounds) for weights and activations. This fine-tuning stage



Figure 3. Qualitative results of 4-bit EDSR models quantized by different PTQ methods on Urban100 (×4 scaling). The left image shows
the original, and the right image highlights the region of interest. The cropped images from this region are compared.



Figure 4. Qualitative results of 4-bit RDN models quantized by different PTQ methods on Urban100 (×4 scaling). The left image shows
the original, and the right image highlights the region of interest. The cropped images from this region are compared.



Figure 5. Bit offset values for each layer’s weight and activation
across three candidate sets. The x-axis represents the layer in-
dex, and the y-axis shows the offset from the base bit-width. Each
residual block in EDSR has two layers: Layer a is before activa-
tion, and Layer b is after (e.g., ReLU). The bar color reflects the
data type (weight or activation) and layer stage, visualizing bit-
precision variation across the network.

Table 9. Ablation study on the effect of λfeat for 4-bit quantized
EDSR (×4).

λfeat

Set5 (×4) Urban100 (×4)

PSNR SSIM PSNR SSIM

0 31.61 0.881 25.61 0.762
5 31.61 0.881 25.61 0.761

10 31.67 0.881 25.62 0.762
15 31.66 0.881 25.61 0.761
20 31.66 0.882 25.61 0.761
25 31.63 0.881 25.62 0.760

was conducted over 2 epochs using calibration data, where
both rapid convergence and stable improvement in quanti-
zation performance were required within a limited number
of training iterations. Table 7 presents the PSNR and SSIM
results on the Set5 [3] and Urban100 [9] datasets when the
initial learning rates were set to 0.001, 0.005, 0.01, and 0.05,
respectively, during the bound fine-tuning process. The re-
sults showed that all learning rate settings yielded relatively
similar performance, but the setting of 0.01 consistently
achieved the most stable and superior results across both
datasets. Accordingly, all experiments reported in the main
text fixed the learning rate of the bound fine-tuning stage to
0.01, allowing effective adjustment of quantization bounds
within 2 epochs.

Table 10. Ablation study on the effect of calibration patch size
for 4-bit quantized EDSR (×4).

Patch size
Set5 (×4) Urban100 (×4)

PSNR SSIM PSNR SSIM

240 31.63 0.882 25.62 0.762
288 31.62 0.882 25.62 0.764
336 31.61 0.880 25.59 0.761
384 31.67 0.881 25.62 0.762
432 31.64 0.880 25.60 0.760
480 31.58 0.880 25.60 0.760

Effect of candidate set for bit offset We conducted an
ablation study to analyze how the range of candidate bit
offsets for θk used to adjust the bit precision of each layer
k affected quantization performance. Here, θk denotes
a discrete set of candidate values for the bit offset (e.g.,
{−1, 0, 1}), which defines how much the bit-width of layer
k can be increased or decreased around the base bit-width
bbase. This experiment aimed to evaluate the impact of the
size and span of the candidate values of θk on overall per-
formance and stability in a framework where the optimal
bit-width for each layer k was selected by applying ±θk
around bbase. Table 8 presents the quantitative comparison
of PSNR and SSIM results on the Set5 [3] and Urban100 [9]
datasets for various candidate values of θk, applied to the
EDSR model with 4-bit quantization. Figure 5 visualizes
the final distribution of weight and activation bit-width per
layer when the proposed method was applied to the EDSR
[17] (×4) model. The results showed that an excessively
wide candidate set for θk tended to increase instability in
bit selection, which slightly degraded overall performance.
In particular, under a 4-bit base setting, extreme downward
adjustments such as θk = −3 bits could negatively affect
performance due to representational loss. However, this ef-
fect may vary depending on the base bit-width or hardware
characteristics, so the candidate values for θk should be cho-
sen according to the specific deployment context. In our
main experiments, we used {−1, 0, 1} as the candidate val-
ues for θk, considering the trade-off between performance
and stability.

Loss weighting factor We investigated the influence of
the feature-alignment loss weight λfeat on the performance
of 4-bit quantized EDSR (×4). The weighting factor λfeat

is introduced in Eq. (1) of the main text, where it balances
the contribution of the feature-alignment loss term Lfeat

relative to the reconstruction loss Lrec within the overall
optimization objective. Since excessively large or small
weighting may disrupt stable convergence during quantiza-
tion, it is important to assess the impact of this hyperparam-
eter. Table 9 reports PSNR and SSIM results on the Set5



Table 11. Ablation study on the effect of batch size during fine-
tuning quantization bounds for 4-bit EDSR (×4).

Batch size
Set5 (×4) Urban100 (×4)

PSNR SSIM PSNR SSIM

2 31.67 0.881 25.62 0.762
4 31.67 0.881 25.62 0.762
8 31.57 0.881 25.61 0.763
16 31.66 0.881 25.62 0.762

[3] and Urban100 [9] datasets when λfeat was varied from
0 to 25. Across all tested values, the performance remained
consistently stable, indicating that the influence of λfeat

is minimal. Among them, λfeat = 10 yielded the most
stable performance across both datasets, and was therefore
adopted for all experiments in the main manuscript. These
results verify that the proposed framework is robust to the
choice of λfeat and does not require sensitive tuning of this
hyperparameter.

Calibrating patch size We further evaluated the effect of
calibration patch size on the performance of 4-bit quantized
EDSR (×4). Since calibration data are used to estimate
activation and weight ranges for quantization, the spatial
resolution of input patches may influence the stability of
range estimation, especially when only a small calibration
set is available. As shown in Tab. 10, PSNR and SSIM re-
sults on the Set5 [3] and Urban100 [9] datasets remained
highly consistent when the patch size varied from 240 to
480. Among all tested settings, a patch size of 384 provided
the most stable performance and was therefore chosen as
the default configuration in the main experiments. These
results demonstrate that the proposed framework is robust
to calibration patch size and does not require precise tuning
of spatial resolution during the calibration stage.

Fine-tuning batch size We also analyzed the impact
of batch size during the fine-tuning stage of quantization
bound adjustment for 4-bit EDSR (×4). Since this step re-
lies on a small calibration set, excessively large or small
batch sizes may influence convergence behavior and stabil-
ity. As reported in Table 11, PSNR and SSIM results on the
Set5 [3] and Urban100 [9] datasets exhibited minimal varia-
tion across batch sizes ranging from 2 to 16, with batch sizes
of 2 and 4 showing nearly identical performance. However,
batch size 2 provides the advantage of lower memory con-
sumption and lighter computational overhead during fine-
tuning, making it a practical choice. Therefore, batch size 2
was adopted as the default configuration in subsequent ex-
periments. These results confirm that the proposed frame-
work is robust to batch size selection and does not require
sensitive hyperparameter tuning.

Figure 6. Comparison of fine-tuning performance on Set5 (×4) in
terms of PSNR. Our method achieves higher reconstruction quality
and faster convergence than prior PTQ methods.

Stability and convergence analysis Figure 6 shows the
PSNR convergence trend by epoch when the RDN [25] ×4
model was quantized to 4-bit and fine-tuned. The proposed
method converged rapidly within just 2 epochs while main-
taining stable performance, whereas existing methods either
converged more slowly or exhibited unstable performance
fluctuations during fine-tuning. In particular, AdaBM [8]
employed a strategy of dynamically adjusting the bit-width
of each layer throughout the fine-tuning process. However,
this approach often caused optimization instability due to
inconsistencies between the bit-widths and the correspond-
ing quantization ranges. When the bit-width changed dur-
ing training, the quantization range was not updated imme-
diately, resulting in the same activation values being quan-
tized with different scales across epochs. This led to un-
stable oscillations in quantization error and, ultimately, de-
graded reconstruction performance. In contrast, the pro-
posed method fixed the bit-widths before fine-tuning and
pre-adjusted the quantization ranges accordingly. As a re-
sult, it was able to quickly recover performance with only
brief training, achieving both high convergence stability
and efficiency. While other baseline methods showed grad-
ual improvements in performance over fine-tuning epochs,
there was a clear gap in both initial convergence speed and
final performance compared to the proposed method.
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