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1 TRAINING DETAILS OF MILO

The training of our model was conducted using the AdamW [Loshchilov

and Hutter 2019] optimizer with default parameters f; and 2, and
a weight decay of 107, We used a batch size of 16 and employed a
MultiStepLR scheduler with a step size of 1000 iterations. The pro-
posed metric is implemented using the PyTorch framework [Paszke
et al. 2019]. In our implementation we set L = 4. Training was per-
formed on an NVIDIA Quadro RTX 8000 GPU for approximately
one day, when trained with 10,000 reference images along with all
corresponding distorted versions. The loss function applied was
the L2 loss between the ground truth MOS and the predicted MOS,
formally defined as:

£ = [MOSpreq — MOSg2

Model checkpoints were saved every 100,000 iterations, and train-
ing was terminated when the maximum correlation on the Kadid
training data split was reached. To create the augmented perceptual
dataset, we used the ImageNet dataset [Deng et al. 2009]. Each image
is cropped to the largest possible square region and then resized to
a resolution of 256 X 256.

For training the latent space masking, the perceptual dataset
is encoded by the VAE of stable diffusion models [Rombach et al.
2022]. This encoding process preserves essential perceptual and
semantic information when transforming the RGB images into a
lower-dimensional latent representation. For the latent masking,
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the same training setup and model architecture are used as for
image-space masking.

In terms of training time, MILOj requires approximately 2.5 hours
for 100,000 iterations, whereas MILO, completes the same number
of iterations in just 26 minutes.

2 FR-IQA EXPERIMENTATION
2.1 Experimental Setup

We employ a broad set of full-reference image quality assessment
(FR-IQA) metrics to predict perceptual scores, which are then cor-
related with ground-truth human opinion scores across multiple
datasets. The evaluated methods include traditional metrics such as
MAE, PSNR, and SSIM [Wang et al. 2004], FSIM [Zhang et al. 2011],
FLIP [Andersson et al. 2020], and HDR-VDP-2 [Mantiuk et al. 2011],
as well as learning-based approaches like VGG [Johnson et al. 2016],
LPIPS [Zhang et al. 2018], DISTS [Ding et al. 2020], DeepWSD [Liao
etal. 2022], TOPIQ [Chen et al. 2024], PieAPP [Prashnani et al. 2018],
and WaDIQaM [Bosse et al. 2017]. We additionally include the en-
hanced versions of selected metrics using the visual masking model
of Cogalan et al. [2024]. The performance of all metrics is assessed
on four well-established IQM datasets: CSIQ [Larson and Chandler
2010], TID2013 [Ponomarenko et al. 2015], KADID-10k [Lin et al.
2019], and PIPAL [Jinjin et al. 2020]. CSIQ and TID2013 primarily
feature synthetic distortions, with dataset sizes ranging from 1k to
3k images. The KADID-10k dataset consists of 81 pristine images
and applies 25 traditional distortions, like Gaussian blur or JPEG
compression, at five distinct levels. In contrast, PIPAL is the most
comprehensive dataset, containing 23k images with a diverse set of
distortions. Each reference image in PIPAL features 116 distortions,
including 19 generated by GAN-based methods.

For training the learnable metrics, we split the more comprehen-
sive KADID dataset randomly by reference image, using an 80-20
ratio for training and testing. The training is performed separately
and tested on the disjoint test set as well as on the other three
datasets, respectively. For the data augmentation, we synthesize
arbitrary distortion counterparts using the forward model of KA-
DID for random clean images out of the ImageNet dataset [Deng
et al. 2009]. The corresponding MOS scores are predicted using the
metric ensemble of the masking-aware E-metrics of Cogalan et al.
[2024] (see Sec. 3.1 of the main paper).
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Fig. 1. Visualization of predictions of three representative images under dif-
ferent levels of noise. Higher levels represent a stronger distortion intensity.

For each dataset, three evaluation metrics are used: Spearman’s
rank correlation coefficient (SRCC), Pearson’s linear correlation co-
efficient (PLCC), and Kendall’s rank correlation coefficient (KRCC).
PLCC quantifies the accuracy of predictions, SRCC assesses their
monotonicity, and KRCC measures ordinal association. Since PLCC
captures linear correlation, it requires both the metric output and
MOS to be on the same scale. To ensure comparability, metric scores
are mapped to MOS values using a four-parameter logistic function,
following standard IQM practices [Ding et al. 2020; Liao et al. 2022].

2.2 Distortion Levels

In the paper, we employ the forward distortion model of KADID10k
[Lin et al. 2019]. In the work of Lin et al. [2019], the authors define
five levels per distortion type, e.g., setting five gradularly increas-
ing kernel sizes for gaussian blur. These predefined intensities (i.e.
levels) are also used for the training of MILO to account for varying
severity of image artifacts. Given that these different levels are used,
it can be interesting to evaluate how the metric interprets human
quality judgements under different levels of the same distortion.
Such evaluation is given in Fig. 1 for three representative images.
While the noise level is linearly increasing, the MOS relationship is
non-linear, indicating that a more complex relationship was learned
by the metric. Also, we can observe slightly different curves per
image, suggesting that the MOS is content dependent. At the same
time, the overall trend is always decreasing MOS with higher level,
which follows our natural understanding of distortion behaviour.

3 DETAILED APPLICATION RESULTS

This section provides extended quantitative results for the appli-
cation of our proposed perceptual metric as a loss function in im-
age restoration tasks. Here, we report results across four key do-
mains: image denoising, blind diffusion-based denoising, single-
image super-resolution, and face restoration. In each case, we report
performance on standard benchmarks and compare against state-of-
the-art. The main paper demonstrated that integrating our metric as
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supervision leads to consistent improvements in perceptual image
quality.

Image Denoising. We use the BSD400 dataset [Martin et al. 2001]
for training and evaluate on five standard benchmarks as in the
Restormer study [Zamir et al. 2022]. Synthetic white Gaussian noise
with standard deviations o = 15, 25, and 50 is added during training.
Table 1 reports results across the three noise levels. Our metric-
guided model achieves sharper reconstructions and enhanced detail
preservation, outperforming the ¢, particularly under high-noise
conditions. Only for the simple, not perceptually accurate method
PSNR, this difference is not highlighted. When applying the LPIPS
loss, the results exhibit checkerboard-like artifacts, which explains
the relatively low quantitative performance.

Blind Diffusion-based Denoising. To test the flexibility of our loss
in blind denoising, we apply it in a stable diffusion-based pipeline.
The denoising network is trained without access to the noise level,
and the model is supervised using our perceptual metric. Table 2
shows results for the same o = 15, 25, and 50 settings. Despite the
lack of explicit noise information, our loss improves restoration
quality robustly across all no-reference metrics.

Super-Resolution. We evaluate our loss on three super-resolution
benchmarks: Real [Lin et al. 2024], RealSR [Cai et al. 2019], and
DIV2K-val [Agustsson and Timofte 2017]. The task involves 4X
upscaling, and we supervise the DiffBIR architecture [Lin et al. 2024]
using our perceptual loss. Table 3 summarizes the results. Across all
datasets, our model produces more natural details compared to the
MAE-based standard loss, also reflected in improved scores from
metrics such as CLIP-IQA and MUSIQ.

Face Restoration. We test our method on two face datasets—LFW
[Huang et al. 2008] and Wider [Zhou et al. 2022]—for blind face
restoration. As noted in the main paper, existing no-reference met-
rics often penalize perceptually improved restorations in this setting.
Tables 4 report results separately for LFW and Wider. Models trained
with our loss produce visually superior results (please see the pro-
vided HTML file), particularly in restoring detailed facial features.
However, most no-reference metrics assign lower scores to these
outputs, reflecting a known misalignment between NR-IQA scores
and perceptual quality in face restoration tasks [Hu et al. 2025;
Voznesensky et al. 2022].
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Table 1. Quantitative results for the denoising task at different noise levels (o) given by multiple metrics and our ensemble. The baseline is standard MAE loss,
which is also the method that is applied in the original Restormer framework. Numbers in parentheses indicate the number of reference images used for
training (each paired with 25 distortion types at 5 levels). Each reference image is paired with all 25 distortions unless marked with *, where only one random
distortion per reference is used. The curriculum learning variants are based on the MILO (1M*) model.

Method o=15 \ o=25 \ o =50

PSNRT SSIMT LPIPS| Ens.| | PSNRT SSIM! LPIPS| Ens. |PSNRT SSIM{ LPIPS| Ens.|
MAE 3442 09391 0.0598 0.2007 | 31.98 0.9046 0.0966 0.2582 | 28.86 0.8342 0.1686 0.3615
LPIPS 23.15  0.5506 0.0343 0.1942 | 19.64 0.4061 0.0596 0.2765 | 1570 0.2478 0.1245 0.3963
MILO (10k) 3428 0.9383 0.0553 0.1940 | 31.84 0.9038 0.0887 0.2472 | 28.69 0.8331 0.1525 0.3458
MILO (50k) 3440 0.9392 0.0532 0.1962 | 31.96 0.9050 0.0837 0.2493 | 28.81 0.8337 0.1432 0.3487
MILO (100k*) 3422 09384 0.0526 0.1944 | 31.78 0.9040 0.0834 0.2451 | 28.65 0.8333 0.1451 0.3427
MILO (1M*) 3426 0.9383 0.0484 0.1897 | 31.82 0.9038 0.0766 0.2385 | 28.66 0.8332 0.1340 0.3373
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MILO (curriculum cosine) 34.22 0.9378 0.0436 0.1860 | 31.76 0.9028 0.0691 0.2323 | 28.62 0.8309 0.1256 0.3313

Table 2. Comparison of diffusion-based blind denoising using the original DiffBIR framework and our extended version with latent masking from MILO.
Results are reported for different noise levels (o) using the established no-reference metrics TOPIQ, CLIP-IQA, and MUSIQ.

Method oc=15 | o=25 | o =50

TOPIQT CLIP-IQAT MUSIQT | TOPIQT CLIP-IQAT MUSIQT | TOPIQT CLIP-IQAT MUSIQT
DiffBIR  0.6955 07303  69.8351 | 0.6844  0.7160  69.3131 | 0.6651  0.6895  68.3026
MILO 06972 07433 700311 | 0.6874  0.7307  69.6133 | 0.6731 07097  69.0815

Table 3. Comparison of diffusion-based blind super-resolution results using the original DiffBIR framework and our MILO-based latent masking extension.
Results are reported on three datasets and evaluated by the common no-reference metrics TOPIQ, CLIP-IQA, and MUSIQ.

Method Real Dataset RealSR Dataset DIV2K-val

ToplQ T CLIP-IQAT MUSIQT ToplQ 1 CLIP-IQAT MUSIQT ToplQt CLIP-IQAT MUSIQ 1
DiffBIR 0.7072 0.7706 72.9941 0.6211 0.6609 64.2512 0.6773 0.7398 69.4571
MILO 0.7062 0.7769 73.5812 0.6817 0.7217 65.9904 0.7112 0.7600 70.8609

Table 4. Comparison of diffusion-based blind face restoration results using the original DiffBIR framework and our MILO-based latent masking extension.
Results are reported on two datasets and evaluated by the common no-reference metrics TOPIQ, CLIP-IQA, and MUSIQ.

LFW Dataset Wider Dataset
Method
ToplQ {1 CLIP-IQA{T MUSIQT ToplQ 1 CLIP-IQAT MUSIQ 1
DiffBIR 0.7640 0.7948 76.4206 0.7528 0.8083 75.3224
MILO 0.6993 0.7420 76.0020 0.6873 0.7613 75.6032
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Full Image (MILO) Input DiffBIR MILO

Fig. 2. Visual comparison of using MILO for perceptually guided optimization in comparison to the original loss of DiffBIR [Lin et al. 2024]. Comparisons are
given for diffusion-based blind denoising (first two rows), blind super-resolution (two middle rows), and face restoration (last two rows).
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