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Abstract. Blind Face Restoration (BFR) encounters inherent challenges
in exploring its large solution space, leading to missing details and identity
ambiguity in deterministic outputs. While diffusion models offer powerful
generative priors, their potential is often constrained by deterministic sam-
pling processes that lack exploration in the vast solution space. To tackle
this, we propose Likelihood-Regularized Policy Optimization (LRPO),
the first online reinforcement learning (RL) framework that uniquely
leverages the inherent stochasticity of diffusion models for the BFR task.
Instead of relying on a single deterministic mapping, LRPO systematically
explores multiple diverse restoration candidates per input. By evaluating
these trajectories, our framework steers the denoising policy towards
optimal solutions, significantly increasing the likelihood of high-quality
outputs. To effectively facilitate this exploration mechanism, LRPO incor-
porates three key innovations: 1) a composite reward function balancing
human preference and fidelity, 2) ground-truth-guided likelihood regular-
ization, and 3) a noise-level advantage assignment. Extensive experiments
demonstrate that LRPO significantly improves face restoration quality
over baselines and achieves state-of-the-art performance. Source code is
available at the GitHub repository BFR RL.

Keywords: Blind Face Restoration - Reinforcement Learning - Diffusion
Models

1 Introduction

Blind Face Restoration (BFR), which aims to reconstruct high-quality (HQ) faces
from low-quality (LQ) inputs with unknown degradations, has made rapid progress
in recent years. Modern BFR methods typically exploit various types of priors to
establish direct mappings from LQ to HQ. These priors can be categorized into
several types: (1) geometric priors (e.g., facial landmarks [7,18], parsing maps [5],
and component heatmaps [45]) that provide structural guidance; (2) generative
priors [4,35,43|] derived from pre-trained models such as StyleGAN [15, 16],
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Fig. 1: (Left) Our proposed online RL-based face restoration framework: an LQ face is
input to the policy network 7y, which generates a group of HQ face candidates. The
reward function evaluates each candidate and converts the scores into within-group rel-
ative advantages that guide policy optimization for the next iteration. The comparisons
(Right) demonstrate the quality improvement achieved through RL optimization over
the base model.

Reward

which enable realistic detail reconstruction; (3) discrete codebook priors [9,51]
improve restoration fidelity; and (4) diffusion priors [6,20,36,40,47] are built
upon the denoising and noise-adding diffusion model. Diffusion models offer
distinct advantages including robust generative capability, stable optimization,
and superior control over output diversity, making them particularly effective for
producing high-quality, visually pleasing face restorations.

However, despite the advantages of diffusion priors, BFR remains fundamen-
tally challenging. The task is an ill-posed inverse problem where a single LQ
input can correspond to multiple plausible HQ solutions, making it difficult to
determine the optimal restoration. Current methods are constrained by their
deterministic nature. They learn a fixed one-to-one mapping that produces a
single output without considering alternative solutions. This lack of exploration
within the vast solution space prevents these methods from discovering potentially
superior restorations, leading to suboptimal results [50].

To address these exploration limitations, we formulate the BFR denoising
process as a reinforcement learning (RL) optimization problem. RL has demon-
strated remarkable success across various domains, particularly in language
models [28,44] and vision models [8,21,34,46], by enabling diverse exploration
strategies rather than deterministic outputs. Building on recent advances that
successfully integrate RL with diffusion models [21,41]—where the denoising
process is formulated as a Markov decision process—we leverage RL’s exploration
capabilities alongside diffusion models’ inherent randomness to systematically
search BFR’s solution space for optimal restorations that enhance both fidelity
and perceptual quality.
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To this end, we construct a BFR-native online RL framework: Likelihood-
Regularized Policy Optimization (LRPO). As the first to apply online RL to
this task, our framework utilizes a policy network to generate multiple diverse
HQ candidate faces from each LQ input, effectively exploring the solution space
rather than following a single deterministic trajectory. As shown in Figure 1
(left), this multi-candidate sampling strategy allows systematic exploration of
potential solutions. A reward function evaluates each candidate, and relative
advantages computed among candidates from the same input guide the policy
network optimization. However, naively transferring standard RL algorithms to
BFR inevitably triggers reward hacking and disrupts the strict perception-fidelity
balance. To overcome these fundamental limitations, we construct LRPO with
three core innovations specifically tailored for diffusion dynamics: (1) We design
a composite reward function that evaluates restoration quality by incorporating
human preferences, perceptual quality, and fidelity metrics. (2) To prevent reward
hacking [1,29]—where the policy exploits reward signals while deviating from
authentic facial distributions-we implement ground-truth (GT)-guided likelihood
regularization during the training phase that anchors the policy to the true
data manifold. (3) We propose a noise-level advantage assignment mechanism
that weights the advantages according to the importance of each denoising step,
ensuring more effective policy updates. It is worth noting that our LRPO is
designed as a highly data-efficient post-training paradigm rather than training
from scratch. Specifically, we apply this RL-based exploration directly to a fully-
trained face restoration model (e.g., DiffBIR) using only a small subset of the
training data, ensuring minimal training cost.

In summary, our main contributions are as follows:

— We are the first to formulate the BFR learning process as an RL-driven
multi-candidate exploration. Rather than simply applying existing algorithms,
we construct the LRPO framework to overcome the limitations of single
deterministic trajectory generation by exploring multiple restoration candidates
through RL training.

— We introduce three critical components for our proposed LRPO framework: a
multi-faceted reward function that captures diverse restoration quality aspects,
GT-guided likelihood regularization that maintains authentic facial distribu-
tions while preventing reward exploitation, and adaptive advantage weighting
that optimizes learning across different denoising stages.

— Our LRPO framework delivers substantial improvements in face restoration
quality and establishes new state-of-the-art performance on standard evaluation
metrics.

2 Related Work

Diffusion-based Blind Face Restoration. Blind Face Restoration (BFR) aims
to recover high-quality face images from these degraded inputs while preserving
identity consistency and perceptual quality. Recently, diffusion models [12,30]
have gained popularity due to their generative diversity and training stability.
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DR2 [36] uses a diffusion model for degradation removal, followed by refinement
through an enhancement module. DifFace [47] constructs a posterior distribution
to map LQ images to HQ counterparts, utilizing the error-shrinkage property
of pre-trained diffusion models for robust restoration. To accelerate training,
LDM |[26] recommends training diffusion in the latent space. DiffBIR [20], built
on LDM, employs ControlNet to guide restoration using low-quality faces as
control signals. Some variations of diffusion models have been used for face
restoration. InterLCM [19] leverages the latent consistency model (LCM) to
improve semantic consistency and restore images efficiently. FlowIE [52] uses
conditional rectified flow for faster inference with comparable restoration quality.
Despite their generative power, existing diffusion-based BFR methods typically
rely on deterministic sampling trajectories, which restrict their ability to explore
the vast solution space. Consequently, they often settle for suboptimal restorations
with compromised identity or missing details. In contrast, our LRPO framework
breaks this deterministic constraint. By harnessing the inherent stochasticity
of diffusion models through online reinforcement learning, we formulate the
restoration as a multi-candidate exploration process, effectively navigating the
solution space to discover the optimal, high-fidelity face.

RL in Vision Generation. Reinforcement learning has recently achieved
remarkable success in improving large language model reasoning, particularly
through policy gradient approaches such as PPO [27] and GRPO [2§]. In the
text-to-image (T2I) generation field, many methods have explored incorporating
policy gradient approaches (e.g., PPO) to align with human preferences. These
methods explicitly cast diffusion denoising as a multi-step decision process and
update the policy accordingly. DDPO [2| improves alignment and aesthetics by
optimizing rewards tied to human feedback. DPOK [8] studies online RL with
Kullback—Leibler (KL) regularization on SD [26]. As a complementary approach
to RL, Diffusion-DPO [32] successfully adapts direct preference optimization to
diffusion likelihoods, achieving significant improvements in human-preference
alignment on SDXL [24]. Beyond standard diffusion models, Flow-GRPO [21] is
the first to bring GRPO into flow-matching model. Building on this, TempFlow-
GRPO [10] further improves efficiency and stability by introducing trajectory
branching and enabling process-level rewards without an intermediate reward
model. Motivated by these successes, we present the first integration of policy
gradient-based online RL into the BFR domain.

3 Preliminary

BFR Problem Modeling. BFR is an ill-posed inverse problem. From a mathe-
matical perspective, given a low-quality observation cr,q, the posterior distribution
of its corresponding high-quality @, denoted as p(xo|crq), has multiple feasible
solutions [23]. This posterior can be modeled as a mixture distribution:

K

p(@olerq) = Y wy - pr(@olerq)- (1)
k=1
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Here, K represents the number of possible high-quality solutions. Each distribu-
tion pg(xolcrq) represents a real face distribution compatible with ¢y, having
a specific identity, expression, or detail, with a peak at py. The wy denotes the
probability of the k-th solution, where Y wy = 1. This multi-solution nature
poses a challenge for existing methods. Without dedicated exploration mecha-
nisms, restoration models tend to converge toward average solutions, resulting in
blurry faces with weakened textural detail [22].

Diffusion Process as MDP. Diffusion models generate data through forward
noise addition and reverse denoising processes. In the forward diffusion process,
the data is progressively perturbed by Gaussian noise, defined as g(@¢|xi—1) =
N(yazxi—1, (1 — ay)I), where oy € (0, 1] controls the noise intensity, and @,
represents the noisy data at time step t.

The denoising process recovers data via the conditional distribution pg(@:—1|®:, ),

where ¢ is a condition. In the DDIM [31] framework, the network predicts the
noise (x4, t, ). The one-step denoising formula (from ¢ to ¢t — 1) is given by:

T — /1 — - eg(axe, t, C /
M@(wtatac) =4/ Qg1 - ! i 0( i ) + 1-—- (07 _02 '69($t7t7c)a

Qi
(2)
xi_1 = po(ze,t,c) +or €, € ~N(0,I), (3)

where oy = n\/ll_f‘;fl . (1 — ), and 7 € [0, 1] controls the randomness. When
n = 0, the sampling is deterministic, producing a fixed generation path. When
n > 0, random noise ¢ is introduced, bringing randomness.

[8] proposes that DDIM can be formulated as a Markov Decision Process
(MDP) defined by the tuple (S, A, pg, 7, P, R). At time step ¢, the state is s; =
(c,t, ;). The action is the denoised sample predicted by the model, a; = x;_1,
with the policy defined as m(a¢|s;) = mg(x;_1|®s,c). The state transition is
deterministic, given by P(s¢y1]8¢,a;) £ (d¢,0q,), where 6. denotes the Dirac
distribution at c. The initial state distribution is Py(so) = (p(c), N'(0,1)). The
reward is provided only at the final step: R(s¢, a;) £ r(zo,c). When 1 > 0, the
DDIM MDP can achieve reinforcement learning training.

4 Methodology

LRPO is an approach that constructs a BFR-native optimization algorithm
using online RL, as shown in Figure 2. First, we initialize its policy network
with an off-the-shelf diffusion-based face restoration model. Specifically, we
employ DiffBIR [20] (our base model), a ControlNet-based [48] approach that
uses the LQ input as a control signal to guide restoration. Rather than naively
applying standard RL algorithms, we propose three core innovations tailored
for the BFR task: (1) We design a composite reward function that provides
comprehensive assessments for the diffusion denoising process. (2) We propose
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a ground-truth-guided likelihood regularization term to structurally anchor the
policy to authentic facial manifolds. (3) We develop a noise-aware advantage
assignment mechanism to appropriately weight advantages based on the physical
significance of each denoising step. LRPO is designed to post-train off-the-shelf
face restoration models via RL. Crucially, since the fully-trained base model
already possesses strong face restoration capabilities, our RL alignment is highly
data-efficient, requiring only a limited subset of standard training data to extend
the performance frontier.
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Fig. 2: The overview of our proposed LRPO framework. The policy network produces
multiple HQ restoration candidates from a single LQ input, which are then assessed
by the reward function and transformed into advantage scores. The framework assigns
weighted advantage scores to individual denoising steps according to their contribution
to restoration quality, and integrates ground-truth-guided likelihood regularization into
the RL optimization objective to maintain fidelity.

4.1 Multi-Candidate Exploration via Relative Advantage

Instead of forcing the diffusion model to learn a deterministic trajectory, we
formulate the optimization as a multi-candidate exploration process. Inspired
by recent advances in group-based RL [28], we sample a group of G trajec-
tories {{azT ,wgp) oo :cél)}}iG:l from the policy mg,,,, obtaining G candidate
reconstructions :cé )7 which are decoded from wél) in latent diffusion. We then

compute their rewards () = r(d; 2" ,&gT), where gt denotes the ground truth

corresponding to 5’30) Then, the advantage of the i-th sampled trajectory at time
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t is calculated by normalizing the group-level rewards:

YO r@ — mean({r( 1)

CT T, W

By utilizing this relative advantage, the policy model is updated by maximizing
the following objective:

Tra(0) = CLQNP(CLQ%{ﬂ?(”}¢G=1~77901d('\CLQ)
1 G T2 A , .
Z T Z min ( )Agl),clip (r@(@), 1—€1+ 6) A,@) — ﬁDKL(W9||Wref)] )
2:1 t=0

()

with T" denoting the total timesteps and et

where Tt(i)(g) _ Tl 1|mt’.(;>CLQ)
o (2 L)’
denotes the initialized pretralned model.

Due to the inherent randomness of the diffusion model, given the same LQ
face crq, a set of diverse candidate faces {mol) :i(()2)7 . A(G } can be generated
from policy my. Ideally, when my learns a posterior dlstributlon capturing different
potential solutions, the generated samples cluster around distinct peaks {py} in
the solution space. Such diverse candidates enable the optimization process to
make meaningful comparisons and drive policy improvements.

Once obtaining the candidate set, we evaluate each generated sample :izg)
using the composite reward function r(-). The transformation of absolute rewards
() into within-group relative advantages Aﬁ“ (See Eq. 4) improves the ability to
distinguish between high and low-quality solutions while reducing sensitivity to
reward scaling. The core insight of this transformation is redirecting optimization
from absolute quality assessment to relative comparison. Consequently, the policy

gradient update direction is proportional to:

G T-1

Z Z Vg log 71'9( §“ |s£i)) . (6)
i=1 t=0

Thus, when a sample’s reward exceeds the group average, its advantage AE” is
positive, increasing the policy’s selection probability; conversely, below-average
rewards yield negative advantages Af/ ), reducing selection likelihood for subopti-
mal solutions. This group sampling approach enables parallel exploration of the
policy’s learned solution space. To fully exploit this mechanism and adapt it to
the unique physical dynamics of BFR, we introduce three key innovations that

structurally reformulate the optimization objective.

4.2 Likelihood-Regularized Policy Optimization

Composite Reward Function. To effectively guide the optimization of the
policy network my and enable it to find a better balance in the complex Perception-
Distortion Tradeoff [3], we design a multi-objective composite reward function,
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R(&o,xgT). This composite function measures the quality of generated face

images @ from three complementary perspectives:

— Human Preference Reward (rpret): We employ a Face Reward Model [39],
pre-trained on a human preference dataset, to score the overall realism and
naturalness of facial details, ensuring alignment with human aesthetic prefer-
ences.

— Perceptual Quality (raq): We incorporate CLIPIQA [33], a no-reference image
quality assessment metric, to objectively measure perceptual quality using
knowledge from pre-trained CLIP [25] models.

— Fidelity Reward (rgq): We formulate a fidelity reward based on feature simi-
larity and wavelet low-frequency constraints to enforce identity consistency,
resulting in substantial fidelity improvements (see the supplementary material
for implementation details).

The final total reward R(-) is defined as the weighted sum of these three compo-

nents:

R(Zo, xar) = Mrpres(To) + AoTaq(To) + Asrada (o, TaT)- (7)

where A(.) are the weight coefficients for each term.

Ground-truth Guided Likelihood Regularization. Optimization based
solely on reward maximization is susceptible to reward hacking-the policy may
exploit reward function biases to produce aesthetically pleasing but unfaithful
outputs. We address this by replacing the standard KL divergence penalty with
a ground-truth (GT) guided likelihood regularization Rijikelihood, activated only
in the final S timesteps.

The regularization leverages GT supervision by using ideal denoising trajec-
tories derived from #%T. For each GT image, we pre-compute the ideal latent
trajectory {wGT}?:O through forward noising. During training, when the policy
my samples a state x;, we apply regularization by maximizing the log-likelihood
of the model producing the ideal subsequent state =% . Thus, the regularization
item is defined as:

2§ — po(zr,t, enq) |13
202 ’

Riikelihood = — log o (x4, cLQ) X (®)
where ug and oy refer to the mean and standard deviation of DDIM’s one-step
denoising, with the detailed form provided in Sec. 3.

In standard RL frameworks, KL divergence prevents policy collapse by an-
choring the new policy to the pre-trained reference model m..s. However, in the
BFR task, m.f often yields inferior, blurry priors when conditioned on severely
degraded inputs. Forcing a KL constraint would structurally lock the policy
into these suboptimal priors. By completely discarding the KL divergence and
substituting it with Eq. 8, we grant the model the freedom to break away from
inferior priors while safely steering the exploration towards the authentic facial
manifold.

Noise-Level Advantage Assignment. Conventional GRPO-based approaches |8,
21] treat all timesteps equally when assigning advantage weights, ignoring the
inherently non-uniform importance of different steps in the diffusion process. To
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address this, inspired by previous work [10], we introduce a noise-level-aware
advantage assignment approach that correlates advantage weights with the ex-
ploration magnitude achieved at each denoising step. In DDIM sampling, the
single-step exploration radius from x; to x;_1 is determined by the standard devi-
ation oy of the added noise. Therefore, we set the timestep weight w; proportional
to oy:

1
wy X o, St = Z wy = 1. (9)

The specific form of o, is detailed in Sec. 3. After normalizing the weights {w; }~ 1,
we apply them to weight the original advantage A§”, yielding the final advantage
/IEZ) for policy update:

AW =, A, (10)
Since o; decreases from high initial values to nearly zero, early denoising steps
possess greater exploration capability. By weighting these steps more heavily
in advantage computation, we facilitate enhanced exploration that yields more
diverse high-quality restoration outcomes. Simultaneously, it reduces interference
during the high-frequency detail refinement that occurs in later denoising phases.
LRPO Optimization Objective. By unifying these diffusion-native strategies,
we construct the final LRPO optimization objective. It fundamentally reformu-

lates Eq. 5 by embedding the noise-aware advantages AE” and substituting the
restrictive KL penalty with our likelihood regularization Rl(flzehhood:

TLrpo () = Eey  mp(eno) (#0}6 ~mp (lera)

G T-—1

1 1 GV (CIRARC At :

a Z T Z min (rﬁ )(6>A£ )7 Chp (7“15 )<9)a 1- €, 1+ 6) A§ )) - aRl(ilZelihood‘| ’
=1 t=0

(11)

5 Experiments

5.1 Experimental Settings

Experimental hyperparameters and composite reward function configurations are
provided in the supplementary material.

Training and Testing Data. For our RL post-training, we utilize only a small
subset of face images randomly sampled from the FFHQ [13] dataset, highlighting
the high data efliciency of our LRPO framework. The degradation strategy from
HQ to LQ is based on the following degradation function:

I = { (Tq @ ko), +ns] i }T (12)

where the HQ images are first convolved with a Gaussian kernel k,, followed by
a downsampling with a factor of , and then corrupted with Gaussian noise ng.
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LQ CodeFormer DifFace OSEDiff DiffBIR Ours GT

Fig. 3: Qualitative results on the CelebA-Test dataset. (Zoom in for details)

CodeFormer _DifFace _OSEDiff FlowlE DiffBIR

Fig. 4: Qualitative results on real-world datasets. (Zoom in for details)

Subsequently, the images undergo JPEG compression with a quality factor of
g. Finally, the LQ image is resized back to the original 512 x 512. Here, o, r,
0, and ¢ are randomly sampled from the intervals [0.1,12], [1,12], [0,15], and
[30, 100], respectively. Following previous work [9,35], we employ the synthetic
dataset CelebA-Test [14] and two real-world datasets [35] (i.e., LFW-Test and
WebPhoto-Test) to validate our method.

Evaluation Metrics. On the CelebA-Test dataset, we utilized six common
reference-based metrics: SSIM [37], PSNR, LPIPS [49], CLIP Score [11], Deg.
(ArcFace embedding angle to GT) [35], and LMD (mean L2 distance to GT
over 98 landmarks) [9], along with four non-reference metrics: MUSIQ [17],
MANIQA [42], CLIPIQA [33], and Aesthetic.

Comparison Methods. We compare with not only the base models but also
the latest state-of-the-art methods, including GFPGAN [4], CodeFormer [51],
VQFR [9], DR2+SPAR [36], RestoreFormer [38], DifFace [47], OSEDiff [40],
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DiffBIR [20], FlowIE [52] and InterLCM [19]. Among them, FlowIE and InterLCM
use ODE solvers. For fairness, all baselines use face-specific checkpoints; LRPO
and DiffBIR both start from the BFR checkpoint. DiffBIR serves as a public
ControlNet-based backbone for reproducible post-training: LRPO freezes SwinlIR,
updates only the second-stage ControlNet, and can extend beyond BFR by
replacing task-specific checkpoints and rewards.

5.2 Main Results

Table 1: Performance comparisons on CelebA-Test. The highest score for each metric
is highlighted in red, the second-highest in blue. Metrics with 71 indicate higher is better,
J means lower is better. Values in parentheses represent our method’s improvements
over the base model.

Methods | SSIMt PSNRt LPIPS) CLIP Scoret|Deg.). LMDJ|MUSIQt MANIQA? Aesthetict CLIPIQAT

Input 0.6994 25.33 0.4866 0.7894 47.94 3.7560 | 17.00 0.3957 4.0484 0.2957
GFP-GAN | 0.6772 24.65 0.3646 0.8410 34.58 2.4110| 73.90 0.6522 5.6992 0.6781
CodeFormer | 0.6925 25.85 0.3335 0.8931 31.08 1.9963 | 74.23 0.6520 5.8103 0.6493
VQFR 0.6654 23.76 0.3557 0.8562 42.48 2.9444 | 73.84 0.6544 5.7844 0.6750
DR2+SPAR | 0.6512 22.89 0.4146 0.7437 57.24 4.5449| 70.19 0.6374 5.6602 0.5960
DifFace 0.6762 24.80 0.3994 0.8380 45.81 2.9766 | 68.96 0.6204 5.4708 0.5711
OSEDift 0.6864 23.96 0.3478 0.7962 46.20 2.8871| 73.41 0.6560 5.7720 0.6120
FlowIE 0.6769 24.85 0.3442 0.8961 33.44 2.1995| 74.08 0.6720 5.6782 0.6866
InterLCM 0.6819 24.88 0.3349 0.8905 33.68 2.1519| 75.16 0.6781 5.7735 0.6748
DiffBIR 0.6775 25.44 0.3811 0.8877 35.16 2.2661 | 74.46 0.6752 5.7943 0.7200

0.7021 26.15 0.3635 0.9100 31.19 1.9533| 75.24 0.6808 5.8126 0.8061
LRPO <0urs) (+0.0246) (+0.71) (+0.0176) (+0.0223) (+3.97) (+0.3128)| (+0.78) (+0.0056) (+0.0183) (+40.0861)

Results on Synthetic Data. As shown in Table 1, LRPO achieves improvements
on all metrics compared with DiffBIR on the synthetic CelebA-Test dataset. These
results indicate that our RL framework simultaneously improves perceptual
quality and identity preservation in restored faces. Furthermore, LRPO achieves
superior performance compared to state-of-the-art approaches across the majority
of evaluation metrics, including SSIM, LMD, and MUSIQ, confirming that it
enhances identity consistency while maintaining perceptual quality.

Figure 3 demonstrates LRPO’s superior performance over methods that fail

to restore faces. LRPO delivers more realistic textures than the baseline, better
identity alignment than OSEDiff, and more natural results without the over-
smoothing seen in OSEDIiff and DiffBIR. The supplementary material contains
the complete qualitative results.
Results on Real-world Data. Table 2 shows the quantitative performance eval-
uation on real-world datasets LEW-Test and WebPhoto-Test. LRPO demonstrates
significant performance gains compared to the base DiffBIR and outperforms
other state-of-the-art approaches on MUSIQ and CLIPIQA metrics. Qualitative
results are illustrated in Figure 4. Due to severe degradation in real-world inputs,
many approaches fail to restore texture details. In contrast, our method recovers
more details while introducing fewer artifacts.
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Table 2: Performance comparisons on wild datasets. The highest score is highlighted
in red, and the second-highest in blue. Metrics with 1 indicate higher is better, | means
lower is better. Values in parentheses represent our method’s improvements over the
base model.

Dataset l LEFW-Test [ WebPhoto-Test
Methods | MUSIQf CLIPIQAT | MUSIQT CLIPIQA®T
Input 26.87 0.2834 18.63 0.4128
GFP-GAN 73.57 0.6983 72.09 0.6888
CodeFormer 70.69 0.6335 71.16 0.6573
VQFR 74.39 0.7100 70.91 0.6767
DR2+4+SPAR 72.22 0.6427 63.65 0.5586
DifFace 69.85 0.6110 65.21 0.5821
OSEDiff 73.40 0.6327 72.60 0.6454
FlowlE 64.29 0.5974 71.45 0.6838
InterLCM 74.18 0.6588 73.91 0.6658
DiffBIR 73.71 0.7296 67.45 0.6630
LRPO (ours) 74.60 0.8073 72.71 0.7040
(+0.89) (+0.0777) (+5.26) (40.0410)

Human Preference Evaluation. A user study was conducted with 30 partici-
pants of varying backgrounds to evaluate 100 face images from the CelebA-Test
dataset. Participants evaluated our method against the base model (DiffBIR)
on two criteria: fidelity (identity preservation) and realism (naturalness with
minimal artifacts). As shown in Table 3, our method outperforms the base model
in both fidelity and realism according to human preferences. This confirms that
the base model enhanced by LRPO aligns with human preferences, as validated
by human subjective assessment.

5.3 Ablation Study

We conduct the ablation study on the synthetic dataset. As shown in Table 4,
we analyze the effects of four key components: Reinforcement Learning (RL),
Kullback-Leibler divergence (KL), GT-guided likelihood regularization (Reg.),
and noise-level advantage assignment (AdA). The variants are designed to isolate
each component under comparable training settings. Variant 2 corresponds to the
standard GRPO objective with the KL divergence term, while Variant 1 removes
this KL term from the optimization objective. Variants 3 and 4 both follow the
GRPO training framework but isolate the two LRPO-specific designs: Variant 3
adds GT-guided likelihood regularization while assigning the advantage uniformly
across timesteps, whereas Variant 4 uses the proposed noise-level advantage
assignment without the likelihood regularization term. LRPO combines both Reg.
and AdA to jointly improve fidelity preservation and timestep-aware exploration.
Variant 1 demonstrates improvements across all metrics after incorporating RL,
confirming that RL directly enhances BFR performance. However, adding KL
divergence in Variant 2 degrades all metrics without improving visual quality (See
Figure 5(a)). We therefore remove KL divergence from the RL objective in Eq. 11,
reducing computational cost while maintaining visual quality. Without AdA
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Vanant 1 Variant 2

Table 3: User study. Participants selected
the winner between DiffBIR and LRPO
restored images in terms of fidelity and
realism.

Comparison Fidelity % Realism %
DiffBIR vs LRPO 39.4% vs 60.6% 29.5% vs 70.5%

Table 4: Ablation Study of LRPO
Struct |RL KL Reg AdA|SSIM{ LMD} CLIPIQA?

Base 0.6775 2.2661 0.7200
Reg only v 0.7150 2.1864 0.3654
Variant 1| v/ 0.6849 2.0503 0.7809
Variant 2| v/ v 0.6750 2.1602 0.7816
Variant 3| v/ v 0.6867 2.0078 0.7852
Variant 4| v/ V' 0.6806 1.9551 0.7778 Variant 4 Ours GT
LRPO v v v ]0.7021 1.9533 0.8061

Fig. 5: Ablation study visualizations.

(Variant 3), the model suffers from detail blurring caused by over-optimization
during late denoising stages (Figure 5(b)). Removing Reg. (Variant 4) leads to
decreased SSIM scores and poor fidelity, with the model producing unrealistic,
fantasy-like textures as shown in Figure 5(c). Furthermore, applying GT-guided
regularization alone with RL disabled (“Reg only” in Table 4) preserves high
SSIM but collapses perceptual quality, confirming that the perceptual gains stem
from RL-based exploration rather than from GT supervision alone.

Figure 7 illustrates the training dynamics of the reward score: the noise-level
advantage assignment consistently outperforms uniform weighting, achieving
superior reward scores and faster discovery of optimal restoration solutions. Here,
one training step denotes one complete denoising trajectory on which the policy
is updated.

Table 5: Ablation of Reward Functions. Fig. 6: Quantitative metrics under
Reward Composition | Deg. | CLIPIQA + MUSIQ 1+ different group sizes G.
THd 33.06 0.6823 65.09
Tpref 36.93 0.7375 74.19 * = ¢
Tpret + Taq 43.07  0.8170 76.93 . TIN5
Tpref + Tfid 32.52 0.7355 73.51 4 \/ 3 \ H
Tpret + Thd + Taq 3119 0.8061 75.24 L ) .

3 [ 3 3 3

Qo

§ [
G G

We conduct an ablation on the composite reward to justify our reward setting
in Table 5. While rgq alone ensures fidelity and identity consistency, it lacks
perceptual details. Using 7prer alone improves perceptual quality but weakens
identity consistency, and combining 7pyer With 7,4 further increases CLIPIQA and
MUSIQ at the cost of substantially worse Deg. The full composition is therefore
crucial: it balances perceptual quality with fidelity and identity preservation.
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Reward Score
Reward Score

—— W/ AdA
wo/ AdA

0 200 800

400 600 g 3
Training Steps Training Steps

Fig. 7: Reward scores during training with ~ Fig. 8: Reward curves of different S values
and without noise-level advantage assign-  within the likelihood regularization term.
ment.

LQ InterLCM InterLCM (+our) GT LQ InterLCM InterLCM (+our) GT

Fig. 9: On the CelebA-Test dataset, we qualitatively compare InterLCM with InterLCM
(+ours).

In addition, Figure 6 shows the experiments conducted to select the number
of trajectories G within each group. Because G = 9 exhibits superior performance
in terms of both structural similarity and identity consistency, we set G =9 for
the training stage. The proposed likelihood regularizer is applied only during the
last S denoising steps. Throughout training, varying S leads to different reward
curves, as shown in Figure 8. Choosing an excessively large S introduces overly
strong penalties that conflict with the RL learning trajectory, ultimately causing
training collapse. S = 5 achieves convergence to a higher reward score without
causing training collapse; therefore, we adopt S = 5.

5.4 Scalability to Few-Step Diffusion

To directly address the applicability of our RL framework to rapidly developing
few-step generation paradigms, we validate LRPO’s generality by applying it
to InterLCM, a state-of-the-art few-step diffusion face restoration model. Fig. 9
presents a qualitative comparison between the baseline InterLCM and its coun-
terpart fine-tuned with LRPO (denoted as +ours). The results demonstrate that
InterLCM (+ours) yields more realistic and richer facial details while maintaining
high inference speed. This validates that LRPO successfully generalizes across
diverse diffusion solvers and remains highly effective for ultra-fast inference
scenarios.
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5.5 SFT vs. RL Exploration

Table 6: SFT vs. RL on
CelebA-Test.
CLIP

Deg.. MANIQAT MUSIQT g %o

\ N
LRPO LRPO SFT  36.35  0.665 74.94  0.868
LRPO 31.19 0.681  75.24 0.910

Fig. 10: SFT vs. RL, zoom in for details on two ex-
amples.

To isolate RL exploration, we compare LRPO with a same-reward SFT variant
that removes group sampling, relative advantage, and PPO clipping (Table 6,
Figure 10). SFT directly backpropagates the reward gradient; it is consistently
worse and shows stylization and missing details, confirming that the gains come
from RL exploration under GT-guided regularization.

6 Limitations

LRPO can still struggle with highly individualized attributes, such as complex
jewelry and accessories (Figure 11). These rare objects are underrepresented in
the base model’s training data, leading to blurred or distorted high-frequency
details. Inference speed matches the base model, but RL post-training adds online
sampling and reward computation; future work will improve data diversity and
training efficiency.

=
LQ CodeFormer DIffBIR Ours

Fig. 11: Failure cases on rare individualized objects such as jewelry.

7 Conclusion

We propose LRPO, the first online reinforcement learning framework for BFR.
By combining RL exploration, composite image rewards, GT-guided likelihood
regularization, and noise-level advantage assignment, LRPO moves beyond deter-
ministic restoration while preserving identity. Experiments show consistent gains
over existing approaches in both perceptual quality and identity consistency.
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