InverFill: One-Step Inversion for Enhanced Few-Step Diffusion Inpainting

Supplementary Material

We first present ablations on the loss weights in Sec. 7.
Sec. 8 compares our method with other regularization tech-
niques, while Sec. 10 evaluates alternative inversion meth-
ods. Additional ablations for our proposed components are
in Sec. 9. Sec. 15 includes qualitative comparisons.

Note: All experiments in both the main paper and supple-
mentary use 10242 resolution. For all supplementary re-
sults, we use BrushBench [5] with its original captions.

7. Loss Weight Ablations

We evaluate the impact of reconstruction weights Appise
and Aimage i Lrecons (Sec. 4.3), along with the Gaussian
regularization A, (Sec. 4.5) and adversarial weights A,qy
(Sec. 4.6), using SANA-Sprint 0.6B [2]. All experiments
use the Re-Blending operation (Sec. 4.4) during training
and inference. For LADD adversarial loss, the discrimi-
nator learning rate is set to 1 x 1075, Detailed results are
provided in Tab. 4.

Table 4. Ablation study on key hyperparameters for each compo-
nent. The best setting from each block is propagated to the next.
Method  Anise  Aimage  Areg  Aaav  IRx10T  HPS, 02T AST  CLIPT

2.0 1.0 0 0 11.09 26.69 6.04  27.10

Sec. 4.3 1.0 2.0 0 0 10.91 26.67 6.06  27.05
1.0 1.0 0 0 1111 26.68 6.08  27.13

1.0 1.0 0.25 0 11.12 26.55 6.09 2713

Sec. 4.5 1.0 1.0 0.5 0 11.40 27.22 6.12 2715
T 1.0 1.0 1.0 0 11.36 26.58 6.10  27.14
1.0 1.0 2.0 0 11.03 26.56 6.09 2717

1.0 1.0 0.5 0.25 11.57 27.36 6.14  27.16

Sec. 4.6 1.0 1.0 0.5 0.5 11.65 27.93 615 2717
1.0 1.0 0.5 1.0 11.60 27.61 6.15  27.17

Tab. 4 summarizes the ablation results on the loss-weight
components. Based on this study, we use the final weights
Anoise = 1.0, Aimage = 1.0, Areg = 0.5, and Aygy = 0.5 for
all experiments reported in Tabs. | and 3.

8. Comparison with Regularization Loss in
SwiftEdit

We perform an ablation to compare our regularization loss
L4 with the Score Distillation Sampling loss Lsps used in
SwiftEdit [8]. As shown in Tab. 5, applying L., consis-
tently outperforms Lgps across all metrics (IR, HPS, AS,
and CLIP), demonstrating its effectiveness in preserving
image fidelity. Fig. 8 illustrates the qualitative difference
between the two losses. With the SDS-based loss, the recon-
struction collapses, as the inverted noise is over-regularized
and loses the semantic structure of the original image, pro-
ducing blurry and unrecognizable results. In contrast, our
Gaussian regularization loss L., preserves the semantic

Table 5. Quantitative comparison between the SDS loss Lsps and
our Gaussian regularization loss L,.4. For a fair evaluation, both
methods are tested on SANA-Sprint 0.6B using 2 NFEs.

Method IRy o7 HPS, 21 AST CLIPt
Lsps [8] 118 2650 610 27.12
Lreg (Ours) 1140  27.22 612 27.15

Masked GT Blend Inverted Noise ~ Reconstructed Image  Blend Inverted Noise ~ Reconstructed Image
(w/ Lsps) (w/Lsps) (W/ Lreg)

Figure 8. Qualitative comparison between our proposed reg-
ularization loss (L,cy) and the Score Distillation Sampling
(SDS) loss (Lsps) from SwiftEdit [8]. This visualization shows
that our L4 is crucial for preserving the original image content,
while using Lsps leads to significant information loss and poor re-
construction.

content and enables high-fidelity reconstruction from the in-
verted noise.

9. Ablation of Proposed Components

To better understand the contribution of each part in our
framework, we conducted an ablation study on both SANA-
Sprint 0.6B (Tab. 7) and SDXL-Turbo (Tab. 8). We estab-
lished a baseline for comparison by training a model with
the reconstruction loss from Sec. 4.3, using the masked im-
age as input. From this starting point, we then incrementally
added our proposed components: Re-Blending (Sec. 4.4),
Gaussian Regularization (Sec. 4.5), and the LADD adver-
sarial loss (Sec. 4.6).

Our results show that each component contributes incre-
mental gains in performance. As shown in Tab. 7, intro-
ducing the Re-Blending operation increases the IR score
from 7.93 to 11.11. The further addition of Gaussian Regu-
larization expands this improvement, and incorporating the
LADD adversarial loss leads to the highest scores, with an
IR of 11.65 and an HPS of 27.93. A similar pattern of
improvement is also noted in the experiments with SDXL-
Turbo (Tab. 8). This evaluation suggests that all three com-
ponents contribute effectively, collectively leading to the



Method IRx10T HPS,;02 AST CLIPT Runtime (seconds)|
DDIMInv (w/o Blending) (50 steps) + SDXL-Turbo 4.10 22.95 5.30 2640 4.18
DDIMInv (w/ Blending) (50 steps) + SDXL-Turbo 12.11 28.21 6.04 27.32 4.32
InverFill (Ours) + SDXL-Turbo 12.38 28.44 6.08 27.67 0.74

Table 6. Quantitative comparison of one-step InverFill versus the 50-step DDIM inversion baseline on BrushBench. For a fair comparison,

we run SDXL-Turbo with 4 NFEs.

performance of the full InverFill model.

Table 7. Ablation of components on SANA-Sprint 0.6B (2 NFEs).

Method IRx10T HPS, 02T AST CLIPt
Baseline [8] 7.93 24.79 5.96 26.40
InverFill
+ Re-Blending (Sec. 4.4) 11.11 26.68 6.08 27.13
+ Gaussian Reg. (Sec. 4.5) 11.40 27.22 6.12 27.15
+ LADD (Sec. 4.6) 11.65 27.93 6.15 2717

Table 8. Ablation of components on SDXL-Turbo (4 NFEs).

Method IRx10T HPS_ 42T AST  CLIPT
Baseline [8] 10.64 26.46 6.03 26.56
InverFill
+ Re-Blending (Sec. 4.4) 11.33 27.18 6.03 27.16
+ Gaussian Reg. (Sec. 4.5) 12.14 28.14 6.06 27.57
+ LADD (Sec. 4.6) 12.38 28.44 6.08 27.67

10. Other Inversion Approaches

We quantitatively compare InverFill with a 50-step DDIM
inversion process, using SDXL for inversion and SDXL-
Turbo blended sampling for inpainting. Based on Fig. 9, di-
rectly applying DDIM inversion to a masked image fails to
encode the masked regions, producing smooth, gray, null-
like structures in those areas. This loss of content signifi-
cantly degrades performance, as reflected in the low scores
reported in the first row of Tab. 6.

Next, we apply our proposed Re-Blending operation
(Sec. 4.4) to the DDIM-inverted noise. While this fills the
previously null-like regions, the resulting model (Row 2 in
Tab. 6) still struggles with scene harmonization. In con-
trast, our one-step InverFill method (Row 3) achieves higher
scores across all metrics and is significantly more efficient,
running in just 0.74 seconds, nearly six times faster than
the 50-step DDIM process (4.32 seconds). Combined with
the improved qualitative harmonization in Fig. 10, these re-
sults demonstrate that InverFill is both substantially more
effective and practical.

11. Additional Experiments

We evaluate InverFill on FFHQ [6] and DIV2K [1] to assess
robustness across diverse mask configurations and standard

Source Image DDIM Inverted Source Image DDIM inverted Source Image 0DIM Inverted
Noise Noise Noise

Figure 9. Visualization of DDIM inversion results. The masked
regions are not encoded, producing smooth, null-like areas in the
inverted noise and causing loss of content.

““A cat looking at a fish bowl with a goldfish’’

InverFill +
SDXL-Turbo

DDIM Inversion +
SDXL-Turbo

Ground Truth Mask

Figure 10. Qualitative comparison between InverFill and DDIM
inversion. InverFill achieves substantially better scene harmoniza-
tion and semantic consistency.

benchmarks, with results reported in Tab. 9. For all evalua-
tions, we use the same checkpoints as in Sec. 5 without any
modification or fine-tuning.

Datasets. For FFHQ, we sample 10K images. For DIV2K,
we use 900 images from the training and validation sets.
Following the same settings in Sec. 5.5, prompts are gener-
ated using Qwen-3 [12].

Mask Settings. For both FFHQ and DIV2K, we adopt
LaMa’s [11] strategy with polygonal thick- and thin-stroke
masks, and additionally include rectangular masks covering
half of the image. Masks are randomly sampled from these
configurations to ensure a diverse evaluation.

Additional Metrics. In addition to perceptual quality met-



Table 9. Quantitative results on FFHQ, DIV2K, and BrushBench.

BrushBench, respectively.

Red, Blue, and Black denote scores on FFHQ, DIV2K, and

Method NFEs FFHQ / DIV2K / BrushBench
FID] IRxi0T HPS 1927 AST CLIPT LPIPS| SSIM?t

SANA-Sprint 0.6B 2 27.12 2.81/5.22 2242/26.78 5.12/5.77 23.55/28.26 0.184/0.193/0.144 0.704/0.572/0.769
SANA-Sprint 0.6B + InverFill 2 2653 5.27/5.87 23.26/27.17 5.31/5.89 23.65/28.43 0.172/0.182/0.138 0.719/0.575/0.771
SANA-Sprint 0.6B 4 2732 2.66/525 2250/26.83 5.17/5.79 23.84/28.31 0.184/0.192/0.140 0.706/0.573/0.774
SANA-Sprint 0.6B + InverFill 4 2642 5.27/5.83 23.32/27.15 5.37/5.92 23.88/28.38 0.169/0.181/0.134 0.708/0.574/0.774
SDXL Turbo 4 2632 7.37/471 2573/26.81 5.67/5.92 25.24/2821 0.269/0.292/0.139 0.626/0.454/0.813
SDXL Turbo + InverFill 4 2590 8.35/5.27 26.14/27.03 5.76/5.95 25.29/28.25 0.262/0.287/0.133 0.655/0.455/0.815
SDXL Turbo + BrushNet 4 2555 7.86/5.11 25.05/26.05 5.53/5.76 24.72/28.41 0.204/0.469/0.185 0.728/0.292/0.755
SDXL Turbo + BrushNet + InverFill 4  25.49 7.91/5.17 25.17/26.18 5.55/5.79 24.85/28.39 0.206/0.469/0.178 0.727/0.293/0.757

rics, we report LPIPS and SSIM to assess consistency, in-
cluding results from the BrushBench evaluation. For FFHQ,
we additionally report FID [4].

12. Analysis of the Inversion Effect

We analyze the effect of the inversion network to explain
why initializing from well-aligned noise yields more coher-
ent and consistent outputs. Our intuition is that such noise
encodes the blending trajectory and preserves background
information, thereby enabling smoother blending during the
denoising process.

To further validate this observation, we compute LPIPS
between the predicted x( in background regions at interme-
diate timesteps and the input image, and report the results
in Fig. 11. We observe that initialization with well-aligned
noise consistently yields significantly lower LPIPS than
random initialization, supporting our hypothesis. Moreover,
Fig. 11 provides insight into the effectiveness of the Gaus-
sian regularization loss: the Jensen—Shannon divergence
(JSD) with respect to the Gaussian distribution is substan-
tially reduced when this regularization is applied, leading
to better-aligned latent noise while also satisfying the re-
quired Gaussian distribution for diffusion models, and con-
sequently yielding stable and coherent reconstructions.

13. Failure Cases

We report representative failure cases in Fig. 12. Overall,
the main limitation of our method stems from color incon-
sistencies between the inpainted region and the background.

14. Societal Impacts

Our work aims to provide a practical tool for creative pro-
fessionals, facilitating tasks such as photo restoration and
object removal. We acknowledge that realistic image ma-
nipulation technologies can be misused to generate decep-
tive content. To mitigate such risks, we advocate for the
parallel development of detection methods [3, 7, 9] for Al-
manipulated media and encourage the responsible use of

I Without InverfFill
With InverFill

J
(SANA-Sprint)

LPIPS 0.417

(SDXL-Turbo) 0.523

LPIPS

(SANA-Sprint) 0.453

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Metric Score (Lower is Better)

Figure 11. Quantitative analysis of inversion effects. We report
LPIPS in background regions at intermediate timesteps and JSD
with respect to the Gaussian prior. Lower values indicate better
alignment. Red bars denote results without InverFill, while Green
bars denote results with InverFill.

Figure 12. Representative failure cases of our method. While In-
verFill improves overall coherence, it may produce color inconsis-
tencies between the inpainted regions and the background.

these technologies.

15. More Qualitative Results

To provide a comprehensive visual comparison of InverFill,
Figs. 13 and 14 present an expanded set of qualitative re-
sults, further illustrating the improvements in coherence and
background harmonization highlighted in our work.



““A colorful parrot with its wings spread out™

”

““An angel with wings and a golden light above him'
QN Z

SANA-Sprint + SANA-Sprint + SDXL-Turbo + SDXL-Turbo + SDXL-Turbo + SDXL-Turbo +
BLD InverseFill BLD InverseFill BrushNet BrushNet + InverseFill
(2 steps) (2 steps) (4 steps) (4 steps) (4 steps) (4 steps)

Ground Truth Mask SDXL-Inpainting
(30 steps)

Figure 13. More qualitative comparison on BrushBench (Zoom in for best view)



““A female character in a blue uniform and boots”

Ground Truth SDXL-Inpaintin. SANA-Sprint + SANA-Sprint + SDXL-Turbo + SDXL-Turbo + SDXL-Turbo + SDXL-Turbo +
(30 S’:e s) 9 BLD InverseFill BLD InversefFill BrushNet BrushNet + InverseFill
p: (2 steps) (2 steps) (4 steps) (4 steps) (4 steps) (4 steps)

Figure 14. More qualitative comparison on BrushBench (Zoom in for best view)
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