FinPercep-RM: A Fine-grained Reward Model and Co-evolutionary Curriculum
for RL-based Real-world Super-Resolution

Supplementary Material

1. Detailed Formulations of Alignment Algo-
rithms

This section details the mathematical formulations of the
three primary Reinforcement Learning from Human Feed-
back strategies discussed in the main paper: Reward Feed-
back Learning [8], Direct Preference Optimization (DPO)
for diffusion [5], and Group Relative Policy Optimiza-
tion [3]. We demonstrate how our FinPercep-RM can be
integrated into each framework.

1.1. Reward Feedback Learning (ReFL)

ReFL [8] is a direct optimization method designed to fine-
tune diffusion models using feedback from a reward model
without the need for a complex PPO pipeline. It leverages
the observation that image quality becomes identifiable at
the later stages of denoising.

Formulation. Let €y (x4, ¢, ¢) be the noise prediction net-
work with parameters 6, where x; is the latent at timestep ¢,
and c is the text prompt. ReFL randomly samples a timestep
t € [Tstart, Tena) (typically late steps, e.g., [30, 40] for a 40-
step scheduler). It then predicts the clean latent z( directly

from x;:
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where «; denotes the noise schedule parameters. The
predicted image I,..q = D(Zo) is then scored by our
FinPercep-RM R(-). The ReFL objective is:
EReFL(e) = AEcny [¢(R(Ipred))]+ )
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where ¢(+) is a weighting function (e.g., ReLU) and the sec-
ond term is a pre-training regularization.

1.2. Diffusion Direct Preference Optimization
(Diffusion-DPO)

Diffusion-DPO [5] reformulates the RLHF objective to di-
rectly optimize the policy on preference pairs (%, z') us-
ing the Evidence Lower Bound (ELBO) as a proxy for log-
likelihood.

Derivation. The objective encourages the model to lower
the denoising error for the preferred image x* relative to a

frozen reference model 6,.¢, while allowing the error for the
rejected image 2! to increase:
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where dpsg () = ||e — eg(@r, t, ¢)||3 — ||e — ewef(24, 2, €)||3.
In our context, the pairs (2, z!) are labelled using the score
S tge—global from our FinPercep-RM.

1.3. Group Relative Policy Optimization (Flow-
GRPO)

Flow-GRPO [3] introduces Group Relative Policy Opti-
mization to Flow Matching models. It computes advantage
without a value network by using group statistics.

ODE-to-SDE Conversion. To enable exploration, the de-
terministic ODE dx; = v;dt is converted into an SDE:

2
dry = (vt(xt) - U;Vlogpt(xt)> dt + odw. 4)

Objective. For a prompt c, a group of G outputs {z}}5
is generated. The advantage A; is normalized within the
group based on rewards R; from FinPercep-RM:

- Ry —mean({Ry,..., Rg}) 5)
" std({Ri,...,Rg}) +e
The GRPO objective is:
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2. Extended Ablation and Comparison Studies

2.1. Ablation on Loss Components

To rigorously evaluate the contribution of each loss term in
our training objective, we performed a step-wise ablation
study. We start with the baseline ranking loss and progres-
sively incorporate the map loss and alignment loss. The
results, presented in Table 1, confirm that each component
provides a cumulative benefit to the final perceptual quality.



Model | Lrank Lmap Latign | MUSIQT  MANIQA 1

A v X X 71.052 0.628
B v v X 72.804 0.651
Full v v v 73.456 0.658

Table 1. Ablation study on the training objectives of FinPercep-
RM. We progressively add the ranking loss, fine-grained map loss,
and anchor alignment loss. Model A represents a standard prefer-
ence model baseline; Model B incorporates fine-grained spatial su-
pervision; the Full model adds score alignment for stability across
training stages.

2.2. Performance Comparison with Other Reward
Models

To demonstrate the superiority of our proposed FinPercep-
RM in the context of Real-ISR, we conducted a compara-
tive experiment against several state-of-the-art reward mod-
els widely used in the Text-to-Image (T2I) domain. Specif-
ically, we compared our method with ImageReward [8],
HPSv2 [7], PickScore [2], CLIP Score [1], and Aesthetic
Score [4].

Reward Model | MUSIQ 1 | MANIQA
Aesthetic Score [4] 71.12 0.589
CLIP Score [1] 70.56 0.591
PickScore [2] 71.65 0.605
HPSv2 [7] 72.03 0.618
ImageReward [8] 71.56 0.628
FinPercep-RM (Ours) ‘ 73.45 0.658

Table 2. Quantitative comparison with state-of-the-art T2I reward
models on the RealLQ250 benchmark. Our FinPercep-RM sig-
nificantly outperforms general-purpose reward models in the ISR
task, indicating the necessity of fine-grained defect awareness.

3. Additional Qualitative Results

We provide additional visual comparisons on real-world
datasets to demonstrate the robustness of our method. As
shown in Fig. 1, our method generates more plausible de-
tails while effectively suppressing artifacts, yielding the
best visual results.

4. FinPercep-RM Architecture Details

The FinPercep-RM adopts an Encoder-Decoder architec-
ture designed to simultaneously predict a global quality
score and a local degradation map.

4.1. Encoder

We utilize the CLIP-IQA model [6] as the backbone en-
coder. It processes the input image into a sequence of patch
embeddings. We extract multi-scale feature maps {fi}7_;

from intermediate transformer layers to capture hierarchi-
cal visual information. Specifically, given an input image
I € RHXWX3 the encoder outputs features from layers
{6,12,18,24} of the backbone, ensuring that both low-
level texture information and high-level semantic informa-
tion are preserved for the subsequent decoding task.

4.2. Decoder

The decoder consists of a Feature Pyramid Network (FPN)-

like structure.

 Lateral Connections: Each selected feature map f; from
the encoder is projected to a common channel dimension
via 1 x 1 convolutions.

* Upsampling Path: Lower-resolution features are upsam-
pled and added to higher-resolution features.

* Prediction Head: The final fused feature map is passed
through two 3 x 3 convolution layers followed by a Sig-
moid activation to produce the Perceptual Degradation

Map (Mfg—pdm)'
4.3. Global Score Head

The global score is computed by spatially weighting the
encoder’s final semantic feature ff;nq with the predicted
degradation map:

fweighted = ffinal © Downsample(Mfg—pdm)- (7)

This weighted feature vector is then fed into a 3-layer MLP
to regress the scalar quality score Stgc—giobar. This mecha-
nism explicitly forces the global score to be aware of local
defects identified by the decoder.

5. Implementation and Training Details

5.1. FinPercep-RM Training

* Loss Weights: In Eq. (8) of the main paper, we set
Amap = 1, Arank = 0.8, and Agign = 0.6. The high
weight on the map loss enforces accurate localization.

* Optimizer: AdamW with 8, = 0.9, 85 = 0.999, weight
decay le — 4.

* Learning Rate: le — 5 for the encoder backbone (fine-
tuning) and 1e — 4 for the newly added decoder and MLP
head. Cosine annealing scheduler.

* Batch Size: 64. Trained for 50 epochs on FGR-30k.

5.2. Co-evolutionary Curriculum Learning (CCL)

The CCL training process is structured into N = 3 stages

to balance stability and performance. The detailed configu-

ration is as follows:

* Training Schedule: Each stage consists of 10,000 steps,
totaling 30,000 steps for the complete training process.

* Learning Rate: The initial learning rate is set to 1 x 10~°
and decays according to a cosine annealing schedule.
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Figure 1. Qualitative comparisons with state-of-the-art Real-ISR methods on on RealSR based on RLHF method of REFL [8].



e Stage 0 (Warm-up): The Generator is trained using the
frozen CLIP-IQA (RMj) reward. This stage ensures ini-
tial stability by optimizing for global perceptual quality
without the complexity of fine-grained local feedback.

» Stage 1 (Partial Expansion): The FinPercep-RM intro-
duces a lightweight version of the decoder with fewer pa-
rameters. This allows the Generator to adapt to coarse-
grained local defect penalties without being overwhelmed
by high-frequency signals.

e Stage 2 (Full Expansion): The full parameters of the
FinPercep-RM decoder and adapters are activated. The
Generator fine-tunes against this fully capable reward
model to meticulously refine local textures and eliminate
subtle artifacts.

6. User Study Configuration

To rigorously evaluate perceptual quality, we conducted a
user study with 20 human raters.

Interface. Raters were presented with a web interface
showing the Low-Resolution input (for reference) and two
super-resolved images side-by-side (Ours vs. Baseline, ran-
domized order).

Criteria. Raters were asked to select the better image

based on two distinct criteria:

1. Fidelity: Which image better preserves the identity and
structure of the original content?

2. Realism: Which image looks more like a natural
photograph, free from Al-generated artifacts or over-
smoothing?

Dataset. We randomly sampled 50 images from each of
the four test datasets (Total = 200 comparisons per rater).
The results reported in the main paper (Table 2) are the av-
eraged preference rates.

7. Broader Impacts

Our work on fine-grained perceptual reward models for
Real-ISR has potential positive impacts but also carries cer-
tain risks that must be acknowledged.

Positive Impacts.

* Restoration of Historical Archives: Our method can
significantly improve the quality of restoring old pho-
tographs and films, helping to preserve cultural heritage
with higher fidelity.

* Medical Imaging: In medical scenarios where high-
resolution details are crucial (e.g., MRI or CT scans), our
fine-grained perception approach could potentially aid in
clearer visualization, though rigorous validation is needed
before clinical use.

* Content Creation: The ability to generate high-fidelity
textures benefits the creative industry, including game de-
velopment and VFX, by reducing the manual effort re-
quired for texture upscaling.

Potential Risks and Mitigation.

* Hallucination and Misinformation: Like all genera-
tive SR models, our method may hallucinate plausible
but non-existent details. In contexts like surveillance
or forensics, this could lead to misidentification. We
strongly advise against using generative SR for legal evi-
dence without expert verification.

» Bias Amplification: If the training data (e.g., FGR-30k
or the pre-trained T2I priors) contains biases regarding
race, gender, or age, the model might hallucinate biased
features during restoration (e.g., changing facial charac-
teristics). We plan to audit our FGR-30k dataset for de-
mographic balance in future work.

» Deepfakes: The enhanced realism could be misused to
create convincing deepfakes. We support the develop-
ment of robust detection methods and digital watermark-
ing to trace Al-generated content.
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