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Diffusion models have emerged as a powerful tool for high-quality image
synthesis and are increasingly favored for restoration tasks such as image inpainting. This
work investigates face inpainting within the latent diffusion framework, where denoising is
performed by a UNet operating in a VAE-compressed latent space. We introduce PC-Refine,
a lightweight residual refinement module attached to the mid-block of the U Net, and
employ a parameter-efficient training strategy (pc_only) that freezes the original UNet while
optimizing only the newly added parameters. Using DDIM-based sampling on the
CelebAMask-HQ dataset, we evaluate performance with mask-only MAE and RMSE
metrics focused on unknown regions. A controlled multi-seed evaluation demonstrates that
PC-Refine consistently improves upon the baseline, showing that a single mid-block
refinement yields practical, stable gains with minimal additional trainable parameters.

Face Inpainting, Latent Diffusion, Parameter-Efficient, UNet, Refinement
Module

Image inpainting synthesizes plausible content for missing regions conditioned on visible context,
and face inpainting additionally requires identity-consistent structure and realistic fine-scale detail.
Recent progress in deep generative modeling supports semantically coherent completions, and
diffusion models provide strong fidelity through iterative denoising [1]. Latent diffusion improves
computational efficiency by performing diffusion in a compact VAE latent space [2].

Despite these advances, task adaptation for inpainting commonly relies on training or fine-tuning
large denoising UNets, which incurs substantial compute, storage, and checkpoint- management
overhead. Parameter-efficient adaptation methods, such as adapters [3] and low-rank updates [4],
reduce training cost across several domains. Still, lightweight residual refinement within dif-fusion
UNets remains underexplored for inpainting, especially for insertion choices that preserve pretrained
compatibility and stable optimization.

This study investigates parameter-efficient latent diffusion inpainting for faces by introducing
PC-Refine, a lightweight residual refinement module attached to the UNet mid-block, which
aggregates global semantic information. The insertion location is motivated by the interaction
between global semantics and bidirectional information flow across the U-shaped architecture. The
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design aims to decouple task adaptation from backbone retraining while maintaining compatibility
with pretrained weights.

A mask-aware ¢ onditioning formulation is adopted in latent space by concatenating the noisy
latent, the visible-region latent, and a downsampled mask. Training follows a PC-only protocol that
freezes the original UNet and updates only PC-Refine parameters. Masked-region error metrics
define evaluation to isolate synthesis quality on unknown pixels under aligned sampling conditions.

This formulation is expected to reduce adaptation costs and improve reproducibility under limited
resources, and to provide a basis for future extensions, such as iterative refinement.

schedules, finer-grained insertion into residual blocks, and perceptual criteria for quality
assessment.

Image inpainting has progressed from classical patch-based methods, which often fail in complex
scenes, to deep learning approaches that improve semantic plausibility via encoder—decoder
architectures and masked convolutions. Among generative models, denoising diffusion probabilistic
models (DDPMs) and their efficient samplers (e.g., DDIM [5]) have become particularly effective
for conditional inpainting. In contrast, latent diffusion reduces computational cost by operating in a
compact VAE-learned latent space.

Adapting such large diffusion models efficiently is a key practical concern. Parameter-efficient
techniques such as adapters, LoRA, and lightweight residual branches have been widely adopted to
fine-tune pretrained networks with minimal trainable parameters. In the context of diffusion-based
inpainting, this paradigm enables injecting task-specific refinements into a frozen UNet backbone,
achieving strong adaptation without retraining the entire model.

Predictive coding theory provides a conceptual basis for lightweight refinement, modelling
perception as an iterative error correction process within a hierarchical generative system, where
latent representations are continuously updated to minimise prediction errors while maintaining a
stable backbone [6, 7]. This iterative refinement philosophy fits well with the goal of diffusion
UNets, which is to make adaptation more efficient by using fewer parameters. These threads
together suggest a way to combine the generative power of diffusion models with a simple,
refinement-focused adaptation strategy that strikes a balance between semantic quality,
computational efficiency, and architectural simplicity.

A diffusion model defines a forward noising process and learns a reverse denoising process [1]. In
practice, the denoiser is implemented by a UNet [8] that predicts either the added noise or the clean
sample at each timestep.

Latent diffusion uses a VAE encoder E to map an image x to a latent z = E(x) [2, 9]. Diffusion is
performed in latent space, and a decoder D reconstructs the final image = D(). This improves
efficiency and allows higher-resolution training.
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3.3. Task formulation

Given an input image x and a binary mask M € {0, 1}HxW indicating missing pixels, the goal is to
reconstruct a complete image consistent with visible regions. Errors are evaluated only on the
masked region to measure true inpainting quality.

3.4. Mask-aware UNet conditioning

A mask-aware conditioning scheme is adopted in the latent space. The UNet input is formed by
concatenating (i) the noisy latent, (ii) the visible-region latent, and (iii) the downsampled mask,
resulting in a 9-channel input tensor. This explicitly exposes known context to the denoiser.

3.5. PC-Refine module

PC-Refine is attached to the UNet mid-block as a residual refinement:
ht = h + fO(GN(h)), (1)

where h is the mid-block feature map, GN(-) is Group Normalization, and 0 is a lightweight
convolutional network. k denotes the number of refinement iterations, and nblocks denotes the depth
of the refinement stack.

3.6. Parameter-efficient training (pc__only)

To reduce training costs, all original UNet parameters are frozen, and only the PC-Refine parameters
0 are optimized. This yields a compact adaptation while keeping compatibility with pretrained
weights.

4. Experiments
4.1. Dataset and preprocessing

Experiments are conducted on CelebAMask-HQ [10]. Images are resized to 256 % 256 using bicubic
interpolation, center-cropped, and then normalized to [—1, 1] per channel. Binary masks are
generated on the fly to simulate missing regions, including rectangular block masks and free-form
stroke masks. The block masks are created by sampling an aspect ratio and area fraction, then
placing a zero-valued rectangle at a random location. The free-form masks are drawn by a small
number of random strokes with varying width and length, and a rejection step is applied to keep the
missing-pixel fraction within a fixed range. This mixed mask strategy encourages robustness to both
structured occlusions and irregular missing areas.

4.2. Implementation details

Both the baseline and PC-Refine variants are trained for 20k steps. For sampling, DDIM with 50
steps is used. To reduce randomness, results are aggregated over seeds 0-9, and for each seed, n =
32 images are sampled using aligned conditions.

Training is conducted in the latent diffusion setting using a pretrained VAE and UNet. The noise
scheduler follows the standard DDPM formulation, and the UNet is trained to predict the added
noise at uniformly sampled timesteps. Optimization uses AdamW with a constant learning rate and
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fixed weight decay. Mixed precision (FP16) is enabled during training and sampling to reduce
memory usage and speed up throughput. For the baseline model, the full UNet is optimized. For the
parameter-efficient configuration, the pretrained UNet weights are frozen, and only PC-Refine
parameters are updated, substantially reducing the number of trainable parameters and simplifying
checkpoint management.

The sampling procedure is aligned between the baseline and PC-Refine models. For each seed,
the same sampled image list and mask generation parameters are used, and the same DDIM steps are
applied. This protocol isolates model differences from stochastic sampling effects, thereby providing
a controlled comparison.

4.3. Evaluation metrics

Mask-only MAE and RMSE are reported. Let Q = {(i, j) | Mij = 1} be the masked pixel set.
Then

MAEBmage = 5 Zgijyen [Xi — X, RMSEmaq = \/ w1 Zigea & —xy) 2)
5. Results and ablations
This section summarizes quantitative comparisons and ablation studies.
5.1. PC-Refine module

To enhance the inpainting capability of a latent diffusion UNet while keeping training cost low, a
lightweight residual refinement block (PC-Refine) is introduced and attached to the UNet mid-
block. Let h € RCxHxW denote the feature map at the UNet mid-block. PC-Refine applies a

residual transformation:
ht = h+ fO(GN(h)), (3)

where GN(-) is Group Normalization and fB(-) is a small convolutional network with SiL.U
activations. k denotes the number of refinement iterations applied sequentially; the best setting uses
k = 1. During training, a parameter-efficient scheme (pc_only) is adopted, in which the original
UNet weights are frozen and only PC-Refine parameters 6 are optimized.

5.2. Evaluation Metrics

Reconstruction quality is evaluated only on the unknown (masked) region to avoid trivial
improvements from unchanged known pixels. Let be the generated image, x the ground-truth image,
and M € {0, 1}HxXW, the binary mask where Mij = 1 indicates masked (unknown) pixels to be
synthesized. The mask-only MAE and RMSE are defined as follows:

~ ~ 2
MAEmask = 15 2 ijjen % — Xij|, RMSEmag = \/ T aien & —xy) (4)

where Q = {(i, j) | Mij = 1} is the set of masked pixels.
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5.3. Experimental setup

Latent-space inpainting is performed using a UNet with 9-channel input formed by concatenating
the noisy latent, the visible-region latent, and the downsampled mask. For sampling, DDIM with 50
steps is used. To reduce randomness, each reported number is aggregated over seeds 0... 9, and for
each seed n = 32 images are sampled under aligned conditions. All quantitative results are computed
only on the masked region.

5.4. Results

Table 1 shows that adding a lightweight PC-Refine block to the UNet mid-block and training it in a
parameter-efficient manner (pc_only) yields consistent improvements over the baseline model
trained for the same number of steps (20k). Specifically, PC-Refine achieves relative improvements
of 3.35% in MAE mask and 2.55% in RMSE mask, and outperforms the baseline across all 10
evaluated random seeds. In contrast, placing refinement blocks at multiple coarse UNet locations
(down/mid/up) or increasing mid-block depth (nblocks=2) does not further improve performance,
suggesting that a single well-placed refinement at the mid-block provides the best trade-of between
capacity and stability under the evaluated training setting.

Table 1. Ablation study on mask-only reconstruction metrics (mean+std over seeds 0-9). Lower is

better
Method Places Train mode MAE mask RMSE mask
Baseline (20k) - full UNet 0.120475 £ 0.005665 0.187630 +0.013859
PC-Refine (best) mid pc__only 0.116414 = 0.005272 0.182868 £ 0.014116

PC-Refine (multi-place) down, mid, up pc_ only 0.120251 + 0.006600 0.187884 + 0.015211
PC-Refine (deeper mid) mid (nblocks=2) pc__only 0.119046 = 0.006136 0.185605 + 0.014676

6. Discussion and limitations

The empirical results suggest that a single refinement branch placed at the UNet mid-block can yield
stable improvements under a constrained training budget. This observation is consistent with the
intuition that the mid-block aggregates global semantic information and serves as a natural
bottleneck for global-local interactions. At the same time, the ablations indicate that simply
increasing refinement capacity (e.g., adding multiple insertion sites or stacking deeper refinement
blocks) does not necessarily translate into better masked-region reconstruction. One plausible
explanation is that excessive modification to the feature hierarchy may disrupt pretrained
representations and degrade optimization stability under limited steps.

Several limitations remain. First, the evaluation focuses on a single dataset and a specific mask
generation policy; performance may vary across different occlusion patterns or out-of-domain data.
Second, the current analysis is driven primarily by mask-only reconstruction metrics under aligned
sampling. While these metrics provide a controlled estimate of fidelity on the unknown region, they
do not fully capture all aspects of visual realism. Third, the method is studied in a simplified
conditional setting that uses a null text embedding. Stronger conditioning signals (e.g., text prompts
or attribute guidance) may change the optimal insertion location and training protocol.

Despite these constraints, the proposed module offers a practical engineering trade-off. It allows
reusing pretrained diffusion backbones and adapting them with a compact set of parameters, which
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is appealing when compute, storage, or iteration speed is limited.
7. Conclusion

PC-Refine is presented as a lightweight residual refinement module for parameter-efficient latent
diffusion inpainting. With the PC-only training strategy, PC-Refine consistently improves mask-only
MAE/RMSE relative to a baseline model across multiple seeds. Under DDIM sampling with 50
steps and aligned evaluation over seeds 0-9 with n = 32 samples per seed, the best configuration
reduces mask-only MAE by 3.35% and mask-only RMSE by 2.55% relative to a baseline trained for
20k steps. Future work can proceed along multiple directions. On the modeling side, the refinement
schedule can be generalized beyond a single pass (k = 1) by exploring iterative refinement with
careful normalization and residual scaling, which may improve convergence without destabilizing
pretrained features. On the architectural side, finer-grained insertion at specific residual blocks
(rather than coarse down/mid/up placement) may yield more targeted adaptation. On the training
side, different freezing strategies (e.g., unfreezing only a small subset of normalization or attention
parameters) could be studied to balance stability and capacity. Finally, a broader robustness
evaluation across different mask distributions and data domains would help characterize when a
single mid-block refinement is sufficient and when additional adaptation is required.
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