
Object-Aware Image Reconstruction: Comparative Strategies for Se-
lective Enhancement in Latent Diffusion Models

Oliver Tong1

Received May 18, 2026
Accepted August 18, 2026
Electronic access October 31, 2026

We propose a method to use Latent Diffusion Models (LDMs) for selective, object-aware image reconstruction. This method
combines VAE encoding and decoding with Faster R-CNN automatic object detection and SAM segmentation. We compare
four reconstruction strategies: Decoded Object Deconstruction with Fade Mask Blending (DOD-FADE) and Decoded Object
Deconstruction with Segment Anything Model (DOD-SAM) operate in pixel space, while Latent Object Layering with Fade
Mask Blending (LOL-FADE) and Latent Object Layering with Segment Anything Model (LOL-SAM) operate in latent
space. The methods differ in both reconstruction domain (pixel versus latent space) and masking strategy (heuristic versus
segmentation-guided). We evaluate them on a benchmark of 11 images covering four object categories using Fréchet Inception
Distance (FID), Learned Perceptual Image Patch Similarity (LPIPS), boundary error, and a composite quality metric designed
to capture edge integration, background coherence, and object preservation. FID and LPIPS favor the pixel-space methods in
our benchmark, whereas boundary error favors the latent-space methods. LOL-SAM has the lowest boundary error (17.53,
compared with 64.45 for DOD-SAM) and the highest composite score on 9 of the 11 images. Its mean score is 0.6546, followed
by LOL-FADE (0.6006), DOD-SAM (0.5330), and DOD-FADE (0.5212). The different rankings show that the choice of metric
affects how the reconstruction methods are judged, particularly when boundary integration and object preservation are more
important than pixel-level similarity. We also tested mask-alpha values outside the conventional [0, 1] range. These produced
localized stylization and tonal compression effects, suggesting that the framework may also be useful for controlled stylization.

Keywords: Latent Diffusion Models, Object-Aware Image Reconstruction, Image Compositing, Segment Anything Model
(Sam), Variational Autoencoder, Latent-Space Blending, Perceptual Quality Metrics, Artistic Stylization

Introduction

Problem Motivation and Background

Latent Diffusion Models (LDMs), such as Stable Diffusion1,
are effective for global image synthesis, but controlling indi-
vidual image regions while preserving the surrounding con-
tent remains difficult. Changing a single object while keep-
ing its appearance, boundaries, and surrounding scene intact
is particularly challenging with standard image-generation
methods. We therefore focus on object-aware reconstruction,
which allows selected objects to be isolated while retaining
control over the rest of the image.

Formal Problem Definition

The object-aware image reconstruction problem is defined as
follows: Given an input image I and a detected object region
R, we isolate the foreground object and selectively process
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the background to reconstruct a composite image I′ with three
goals:

• Foreground Preservation: The object retains its original
details with minimal distortion.

• Background Coherence: The reconstructed background
remains visually coherent and free of noticeable artifacts.

• Boundary Integration: The transition between the fore-
ground and the reconstructed background is smooth, with
minimal visible compositing artifacts.

We try to maximize per-image composite quality Qimg
(I′) = wE ·E +wB ·B+wO ·O, where E, B, and O are edge
transition quality, background smoothness, and object preser-
vation, respectively. These terms are weighted by wE =
0.45,wB = 0.35,wO = 0.20 to reflect their relative visual im-
portance.

Research Questions and Hypotheses

We study three research questions:
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• RQ1 (Pixel vs. Latent Domain): Do latent space meth-
ods (LOL methods) improve boundary integration and
background coherence compared to pixel-space methods
(DOD methods), and at what cost does this come?

• H1: Latent-space methods will provide better boundary
integration and background coherence than pixel-space
methods, potentially at the cost of local detail preserva-
tion.

• RQ2 (Heuristic vs. Segmentation-Guided Masking):
Do SAM-guided segmentation masks outperform heuris-
tic fade masks (FADE) in reducing boundary artifacts and
improving boundary integration?

• H2: SAM-guided masks will produce better boundary
integration and fewer visible artifacts than heuristic fade
masks.

• RQ3 (Combined Effects): Does combining latent-space
reconstruction with SAM-guided masking (LOL-SAM)
improve overall composite quality compared with the
other reconstruction strategies?

• H3: The combination of latent-space reconstruction and
SAM-guided masking will produce the highest overall
composite quality.

Methodology Overview

Our framework combines VAE encoding and decoding with
the Segment Anything Model (SAM)2 to enable object-aware
image reconstruction. We compare four reconstruction strate-
gies that differ in reconstruction space and masking method:

• DOD-FADE (Decoded Object Deconstruction with
Fade Mask): Pixel-space reconstruction using smooth
edge blending to reduce boundary artifacts.

• DOD-SAM (Decoded Object Deconstruction with
SAM): Pixel-space reconstruction using SAM-produced
segmentation masks for object isolation.

• LOL-FADE (Latent Object Layering with Fade
Mask): Latent-space blending using heuristic transition
masks.

• LOL-SAM (Latent Object Layering with SAM):
Latent-space integration using interpolated SAM-guided
segmentation masks.

Contributions

Our main contributions are:

• Comparative Framework: We formulate the object-
aware reconstruction problem and compare four recon-
struction strategies using perceptual, boundary, and com-
posite quality metrics.

• Empirical Evaluation: We evaluate four reconstruction
strategies on an 11-image benchmark and find that LOL-
SAM achieves the highest composite score (0.6546), fol-
lowed by LOL-FADE (0.6006), DOD-SAM (0.5330),
and DOD-FADE (0.5212).

• Stylization Analysis: We show that extending mask al-
pha values beyond [0, 1] can produce localized styliza-
tion and tonal compression. We study these effects by
varying the mask scale and comparing the results with
standard image-processing filters.

Related Work

Diffusion models and latent-space generation. Denois-
ing diffusion probabilistic models (DDPMs)3 and their ac-
celerated variant DDIMs4 established diffusion-based itera-
tive generation as an alternative to GANs, with competitive
image quality5. Rombach et al.1 introduced LDMs, which
perform diffusion in a compressed VAE latent space rather
than directly in pixel space, reducing computational cost while
retaining image quality. Systems such as Stable Diffusion,
DALL-E 26, and Imagen7 use latent-space representations,
which also form the basis of the reconstruction methods stud-
ied here. Text conditioning methods such as CLIP8 and
GLIDE9 provide semantic control over generated content but
do not directly provide precise spatial control.

Localized editing and mask-based control. Several
diffusion-based methods provide more direct spatial control
over image changes. For instance, Prompt-to-Prompt10 mod-
ifies cross-attention maps to preserve or alter image content,
while DiffEdit11 derives edit masks from differences between
semantic prompts. Both approaches can be less precise when
edits involve complex spatial boundaries. Blended Diffu-
sion12 incorporates spatial masking directly into the diffusion
process but depends on hand-crafted masks. Null-Text In-
version13 enables high-fidelity editing through inversion, but
requires substantial computational effort. ControlNet14 and
GLIGEN15 incorporate spatial information through auxiliary
inputs such as structural maps or localized object descriptions.

Related approaches have also extended spatial editing be-
yond static images. Text2LIVE16 applies localized text-
guided editing to video, while classical style transfer uses per-
ceptual losses17 and instance normalization18 to control im-
age appearance. Unlike our approach, these methods gener-
ally do not use automatically detected objects and their seg-
mentation masks as the basis for reconstruction.
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Object detection and segmentation. Our pipeline relies on
Faster R-CNN19 for object detection and the Segment Any-
thing Model (SAM)2 for segmentation. SAM was trained
on over 1 billion masks and provides promptable segmen-
tation from inputs such as bounding boxes, allowing object
masks to be generated without task-specific fine-tuning. In our
pipeline, SAM removes the need for manually drawn segmen-
tation masks and generates the masks used for object-aware re-
construction. This differs from earlier segmentation architec-
tures such as FCN20, Mask R-CNN21, and DeepLab22, which
were developed for specific segmentation tasks.

Distinction from prior work. Existing methods address
different aspects of spatial editing, masking, and condition-
ing, but these approaches are not directly compared within a
common object-aware reconstruction framework. Our study
compares four reconstruction strategies that combine pixel-
or latent-space reconstruction with either heuristic or SAM-
guided masking. We further evaluate the reconstructed images
using a per-image composite quality metric. LOL-SAM com-
bines SAM-guided masking with latent-space reconstruction.

Methods

We implement four strategies for localized image manipula-
tion: DOD-FADE, DOD-SAM, LOL-FADE, and LOL-SAM.
We evaluate these strategies for image reconstruction and ad-
ditionally examine LOL-SAM for controlled stylization using
SAM-guided object masking and latent-space manipulation.

Preliminary Definitions and Architecture

VAE Architecture and Latent Space
We use the VAE component from Stable Diffusion v1.4
(weights exported via the diffusers library v0.4.2; see Rom-
bach et al.1 and the project code release23). The VAE con-
sists of an encoder E : RH×W×3 → Rh×w×4 and decoder D :
Rh×w×4 → RH×W×3), where (H,W ) denote the original im-
age dimensions and (h,w) = (H/8,W/8) are the spatial di-
mensions of the latent tensor. The encoder downsamples by a
factor of 8, reducing an image of size 512× 512× 3 to a la-
tent tensor of size 64×64×4. The compressed representation
contains coarse color and structural information while discard-
ing some high-frequency detail. Following the standard VAE
formulation described by Kingma and Welling24, the encoded
latent representation is written as:

z = E(I) = encode(I,σ) (1)

where σ is the VAE’s learned standard deviation of the la-
tent distribution. The decoder reconstructs the image as:

I′ = D(z) = decode(z) (2)

Object Detection and Masking

We use Faster R-CNN for object detection with a confidence
threshold τ = 0.8. For each detected object j with bounding
box B j = (xmin,ymin,xmax,ymax), we extract the correspond-
ing region of interest (ROI). For SAM-based methods, the de-
tected bounding box is used as a prompt to generate a segmen-
tation mask MSAM, j ∈ [0,1]H×W (see Kirillov et al.2). Because
mask quality depends on object class, bounding box quality,
and prompt configuration, we empirically validate the result-
ing masks rather than assuming pixel-perfect segmentation.

Model Licenses

The pretrained models used in this work are distributed un-
der their respective licenses. The Stable Diffusion v1.4 VAE
weights are distributed under the CreativeML Open RAIL-M
license. The Segment Anything Model (SAM)2 is distributed
under the Apache 2.0 license. For object detection, we use the
Faster R-CNN implementation with a ResNet-50-FPN back-
bone provided by Torchvision. The Torchvision implemen-
tation is released under the BSD 3-Clause license, and the
pretrained weights were trained on the COCO dataset25. The
COCO dataset is licensed under Creative Commons Attribu-
tion 4.0. The benchmark images are sourced from publicly
available datasets and are used in accordance with the terms
of their respective licenses. Full attribution and license infor-
mation are provided in the project repository23.

Reconstruction Strategies

We implement four reconstruction strategies by combining
two reconstruction domains (pixel space and latent space) with
two masking approaches (heuristic FADE and SAM-guided
segmentation). The resulting methods are DOD-FADE, DOD-
SAM, LOL-FADE, and LOL-SAM.

DOD with FADE (Decoded Object Deconstruction with fade
mask bending)

The DOD-FADE operates in pixel space and consists of three
stages:

Stage 1: Object Detection

Each input image is converted to RGB. Faster R-CNN extracts
the object bounding boxes:

{B1,B2, ...,Bn} = FastRCNN(I,τ = 0.8) (3)

Stage 2: Background Synthesis

The input image is first downscaled to 25% of its original di-
mensions and then passed through the VAE:

zbg = E(Idownscale(0.25)) (4)
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Ibg = D(zbg) (5)

The downscaling reduces computational cost, while VAE
encoding and decoding removes some fine-scale image de-
tails.

Stage 3: Alpha Blending and Composition
For each detected object j, we generate a FADE mask based
on the distance of each pixel from the ROI boundary. For a
crop of width w and height h, the distance at pixel (x,y) is

dedge(x,y) = min(x,(w−1)− x,y,(h−1)− y) (6)

We set the fade radius to r f ade = 0.08 ·min(w,h), corre-
sponding to 8% of the smaller ROI dimension. The fade mask
is defined as

MFADE, j(x,y) =
[︃

clip
(︃

dedge(x,y)
r f ade

,0,1
)︃]︃p

(7)

We set p = 1.5 based on empirical evaluation. In our tests,
values below 1 produced overly soft transition, while values
above 2 produced visible discontinuities. The mask is zero at
the ROI boundary and reaches 1 when dedge ≥ r f ade , creating
a transition band near the ROI boundary.

For object j, the composite is computed as:

Icomp, j = MFADE, j⊙ I j +(1−MFADE, j)⊙ Ibg (8)

where I j is the object ROI from the original image and Ibg
is the synthesized background. The final composite is

I f inal =
n

∑
j=1

MFADE, j⊙ I j +(1−max
j

MFADE, j)⊙ Ibg (9)

The maximum mask value is used in the background term
to avoid repeatedly applying the background contribution in
overlapping regions.

DOD with SAM (Decoded Object Deconstruction with SAM)
DOD-SAM replaces the heuristic FADE mask with a segmen-
tation produced by SAM2. Each Faster R-CNN bounding box
B j, together with the corresponding object center point c j, is
passed as a prompt p j to SAM (multimask output=false). The
returned mask is cropped to the ROI for compositing. When
SAM is unavailable or fails, we use the FADE mask instead.
We use the ViT-H backbone in the experiments for higher seg-
mentation quality. Lighter variants, such as ViT-L and ViT-B
reduce latency and VRAM usage at the cost of boundary ac-
curacy. Additional implementation details and optional mask
refinement steps are provided in the project repository23.

For object j, we generate the SAM mask as:

Mraw
SAM, j = SAMvar(I, p j) (10)

where the prompt p j =(B j,c j) consists of the bounding box
and center point, with multimask output=false. The raw mask
is first thresholded and then refined for blending:

Msmooth, j = Norm
(︂

sig
(︂

α ·
(︂

Gσ

(︂
Cl

(︂
Dil

(︂
1Mraw

SAM, j>t ,k
)︂)︂)︂
− τ

)︂)︂)︂
(11)

The sigmoid step is optional and is applied when a graded
alpha mask is desired. Masks are resized between image and
latent resolutions using bilinear interpolation. Blending fol-
lows Equation 8, using Msmooth, j as the alpha channel.

LOL with FADE (Latent Object Layering with Fade Mask
Blending)
Unlike pixel-space methods, LOL operates directly in the VAE
latent space. The main tensor shapes and VAE mappings are:

• Input image: I ∈ R(H×W×3) , where H and W are image
height and width.

• VAE encoder: E : R(H×W×3)→ R(C×h×w), where C = 4
is the latent channel dimension for SD v1.4 and (h,w) =
(H/8,W/8).

• VAE decoder: D : R(C×h×w)→ R(H×W×3).

• Latent tensor: z ∈ R(C×h×w) for a single image. For
batched inputs, z ∈ R(N×C×h×w) using the NCHW con-
vention.

Stage 1: Latent background preparation
We first downscale the input image by a factor sdown = 0.25 in
our implementation:

Idown = Downscale(I,sdown),

zbg = E(Idown) ∈ RC×hdown×wdown
(12)

where hdown = (sdown H)/8 = sdown h and wdown =
(sdown W )/8 = sdown w. For H =W = 512 and sdown = 0.25,
the full latent grid is 64×64, while the downscaled latent grid
is 16×16.

The background latent is then resized to the full latent reso-
lution:

zbg,int = Resize(zbg,(h,w)) ∈ RC×h×w (13)

We use bilinear interpolation on the spatial dimensions of
the latent tensor. Resizing the latent directly avoids an addi-
tional VAE encoding step that would otherwise be required
after upsampling the image in pixel space.

Stage 2: Latent subject encoding and masking.
For each detected bounding box B j, our implementation crops
the ROI in pixel space, resizes the crop to the encoder input
resolution, and encodes it with E to produce a per-subject la-
tent:

I j = Crop(I,B j)

z j = E (Resize(I j,(H,W ))) ∈ RC×h×w (14)
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This produces the subject latent z j directly on the full latent
grid (h,w), so no additional latent-space resizing is needed in
our implementation. If an ROI is encoded at a lower resolu-
tion, its latent is resized to (h,w) using Resizelatent .

The FADE mask computed in pixel space (see DOD with
FADE) is downsampled to latent resolution using bilinear in-
terpolation:

Mlat
FADE, j = Resize(MFADE, j,(h,w)) (15)

The mask is broadcast across the latent channels to obtain
the masked subject latent:

z j,masked = Mlat
FADE, j⊙ z j (16)

Stage 3: Latent integration and reconstruction
We merge the background and subject latents on the common
grid C× h×w using the FADE masks as blending weights.
Starting from z(0)merged = zbg,int , each subject j is integrated us-
ing its corresponding mask:

z( j)
merged = z( j−1)

merged⊙ (1−Mlat
FADE, j)+ z j⊙Mlat

FADE, j (17)

After all n subjects have been integrated, the merged latent
is decoded to pixel space:

I f inal = D(z(n)merged) ∈ RH×W×3 (18)

LOL with SAM (Latent Object Layering with SAM mask
blending)
LOL-SAM combines SAM segmentation masks with latent-
space blending. It uses the same tensor conventions as LOL-
FADE, with C = 4,(h,w) = (H/8,W/8), and NCHW layout
for batched tensors.

For object j, SAM produces a pixel-space mask from the
prompt p j:

Mpixel
SAM, j = SAM(I, p j) ∈ [0,1]H×W (19)

where p j = (B j,c j) contains the Faster R-CNN bounding
box B j and object center point c j. The SAM mask is then
resized to the latent grid using bilinear interpolation:

Mlat
SAM, j = Resize(Mpixel

SAM, j,(h,w)) (20)

The resized mask is normalized to the [0, 1] range:

Mnorm
SAM, j =

Mlat
SAM, j−min(Mlat

SAM, j)

max(Mlat
SAM, j)−min(Mlat

SAM, j)
(21)

The background and subject latents are then blended on the
full latent grid:

z( j)
merged = z( j−1)

merged⊙ (1−Mnorm
SAM, j)+ z j⊙Mnorm

SAM, j (22)

where z(0)merged = zbg,int , and the mask is broadcast across the
C latent channels. After all subjects have been integrated, the
merged latent is decoded:

I f inal = D(z(n)merged) (23)

Hyperparameters and Design Justifications

Table 1 summarizes all hyperparameters used across the vari-
ous methods.

Algorithmic Summary and Pseudo-code

Algorithm 1 provides pseudo-code for LOL-SAM method, il-
lustrating the complete pipeline.

Styled Image Synthesis via LOL-SAM

We evaluate LOL-SAM for stylized image synthesis from
photographic inputs. The method combines object masking
with latent-space manipulation to modify the selected object
while retaining the surrounding background.

To examine how mask scaling affects the output, we con-
duct four controlled experiments. The quantitative results are
shown in Tables 6 and 7, while visual comparisons are shown
in Figures 2 and 3:

• Mask-scale sweep: For each image, we changed the
mask rescaling factor sα using the values 0.0, 0.5, 1.0,
1.5, 2.0 and generated the corresponding outputs. We
measured the stylization strength by calculating the rela-
tive increase in high-frequency energy in the subject re-
gion. We also recorded statistics of the latent values be-
fore decoding, including the mean, standard deviation,
skewness, and the percentage of values outside the refer-
ence range.

• Latent-value analysis: For each sα , we recorded the dis-
tribution of latent values zmerged (c,u,v) right before de-
coding. We calculated the percentage of values that were
outside the reference latent range. As shown in Table
6, the variance of the latent values and the number of
out-of-range values generally increased as sα increased.
These results support the hypothesis that latent saturation
and clipping in the decoder may contribute to the stylized
output.

• Pixel-space α > 1 control: To test whether similar styl-
ization can be produced in pixel space, we scaled the
RGB values in the subject region by sα , kept the values
within the valid pixel range, and used the same back-
ground compositing process. This increased the local
contrast and saturation, but it also caused haloing and
color-shift artifacts. These artifacts were different from
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Table 1 Hyperparameters and design justifications for all four methods.

Parameter Method(s) Value Justification

Object detection threshold (τ) All 0.8 Balances detection recall vs. precision

Image downscaling factor All (Stage 1) 0.25 Reduces VAE computation; 4×4 pooling

Fade radius (r f ade) DOD-FADE, LOL-FADE 8% of min(w,h) Empirically tuned for smooth transitions

Power exponent (p) DOD-FADE, LOL-FADE 1.5 Matches perceptual smoothness; p < 1 too soft

SAM dilation kernel (k) DOD-SAM, LOL-SAM 5 Smooths mask boundaries; k = 3 insufficient

Gaussian blur (σ ) DOD-SAM, LOL-SAM 3.0 pixels Anti-aliasing for smooth transitions

VAE encoder stride All 8 Standard SD v1.4; 512→ 64 resolution

Algorithm 1: Latent Object Layering with SAM Masking (LOL-SAM)

1: procedure LOL-SAM(I,E,D,Detector,SAM)

2: Idown← Downscale(I,0.25)
3: zbg← E(Idown)

4: zbg,interp← Bilinear(zbg,size=(64,64))
5: {B1, . . . ,Bn}← Detector(I,τ=0.8)
6: zmerged ← zbg,interp

7: for each B j in {B1, . . . ,Bn} do
8: I j ← ExtractROI(I,B j)

9: z j ← E(I j)

10: MSAM, j ← SAM(I,B j)

11: Mlatent ← Bilinear(MSAM, j ,(64,64))
12: Mnorm← Normalize(Mlatent , [0,1])
13: zmerged ← zmerged · (1−Mnorm)+ z j ·Mnorm

14: end for
15: I f inal ← D(zmerged)

16: return I f inal

17: end procedure

those produced by latent rescaling, as shown in Table 6
and Figure 3.

• Filter and baseline comparisons: We compared the
stylized outputs to standard image-processing base-
lines, including unsharp masking, bilateral filtering, and
CLAHE. These filters reproduce some aspects of the styl-
ization, such as increased contrast and edge emphasis,
but none of the individual baselines reproduce the full
combination of texture, localized contrast amplification,
and tonal compression observed with latent alpha extrap-
olation (Table 7).

Taken together, these experiments show that mask-alpha ex-
trapolation changes the latent activation distribution, increas-
ing latent activation magnitudes and producing values outside
the range observed in standard reconstructions. These changes
interact with the nonlinear VAE decoder and contribute to the
resulting stylized appearance. The scripts used to reproduce
these analyses are provided in the project repository23.

Results

Benchmark and Evaluation Protocol

We evaluate all methods on a benchmark of 11 images cover-
ing four object classes: cars (3 images), cats (3 images), dogs
(2 images), and horses (3 images). The complete image set
and file names are available in the project repository23. For
reproducibility, we fix the seeds for all random components of
the pipeline.

All four methods (DOD-FADE, DOD-SAM, LOL-FADE,
LOL-SAM) use the same detection and prompt settings. SAM
is called with multimask output=false in the provided scripts.
Exact command-line arguments and configuration details are
provided in the project repository23.

Metrics

We evaluate the results using FID, LPIPS, IoU, boundary er-
ror, and an aggregate score:

• FID (ResNet-50 features): We compute the Fréchet dis-
tance from 2048-dimensional feature vectors extracted
from the average-pooling layer of a pretrained ResNet-
50, rather than the Inception-v3 network used in the stan-
dard FID formulation26. We use ResNet-50 to main-
tain consistency with the detection backbone. These val-
ues are therefore not directly comparable with standard
FID scores reported elsewhere. With only 11 images,
the 2048-dimensional covariance estimates are not full-
rank, and the resulting FID values have high sampling
variance. We therefore interpret the reported values as
directional rather than precise.

• LPIPS: Learned Perceptual Image Patch Similarity com-
puted using the VGG backbone over the foreground re-
gion. Lower values indicate greater perceptual similarity.

• IoU: Intersection-over-Union between the method mask
and an independent GrabCut reference segmentation.
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This measures agreement with the reference segmenta-
tion rather than accuracy against a known ground truth,
since GrabCut itself is a semi-automatic method and may
produce object boundaries that differ from those gener-
ated by SAM.

• Boundary error (E): The RMSE (Root Mean Square Er-
ror) of differences in image gradients between the recon-
structed and reference images within a band centered on
the object boundary. Lower values indicate smaller gra-
dient differences and smoother seam integration.

• Aggregate composite score (Qagg ): We use a weighted
aggregate score for summary reporting: Qagg = 0.5 · (1−
Ẽ)+ 0.3 · (1−˜︃FID)+ 0.2 · (1−˜︂LPIPS), where the tilde
denotes min-max normalization to [0,1] across the eval-
uated set. Qagg uses weights of 0.5, 0.3, 0.2 to boundary
error, FID, and LPIPS, respectively. The per-image Qimg
uses weights of 0.45, 0.35, 0.20 for edge quality, back-
ground smoothness, and object preservation. The two
scores are not directly comparable.

Informal Human Comparison

We also conducted a blind visual comparison to see if our met-
ric rankings matched human preferences. A small group of
viewers examined unlabeled reconstruction pairs (Method A
vs. Method B) and chose their preferred image. While limited
in scale, the viewers’ preferences generally aligned with the
Qimg rankings. A larger controlled study would be needed to
confirm these results more rigorously (see Future Work).

Visual Presentation

For each test image, we provide a standardized three-panel
presentation: original image (left), mask (SAM or FADE)
(center), reconstruction (right). Below each panel, we include
a compact numeric strip reporting: Qimg , IoU (when a ref-
erence mask is available), foreground LPIPS, and boundary
error E. Full per-image raw outputs, metric logs, and plotting
scripts are available in the project repository23.

Quantitative Summary

Table 2 reports the mean values for each method. The re-
sults show different performance trade-offs between pixel-
space (DOD) and latent-space (LOL) operations and between
heuristic FADE and SAM-based masking. DOD methods ob-
tain lower FID and foreground LPIPS, while LOL methods
obtain lower boundary error. Among the four methods, DOD-
SAM has the highest Qagg score.

Table 2 Mean quantitative results for the four reconstruction meth-
ods.

Method FID LPIPS (FG) IoU Boundary E Qagg

DOD-FADE 69.46 0.2425 0.3016 69.79 0.5000

DOD-SAM 71.79 0.2488 0.2457 64.45 0.5451

LOL-FADE 332.40 0.5776 0.3016 27.12 0.4459

LOL-SAM 354.86 0.6030 0.2457 17.53 0.5000

Analysis of Results

The four methods show different performance in terms of
boundary quality and foreground fidelity:

RQ1 – Pixel vs. Latent Trade-offs (H1):

The pixel-space methods (DOD-FADE: Qagg =0.5000, DOD-
SAM: Qagg =0.5451) and latent-space methods (LOL-FADE:
Qagg =0.4459, LOL-SAM: Qagg =0.5000) obtain relatively
similar aggregate scores. The differences become more ap-
parent when the individual metrics are considered. The DOD
methods have lower FID values (≈71) and lower foreground
LPIPS values (≈0.25), suggesting better preservation of the
foreground. The LOL methods, on the other hand, have
higher FID values (≈344) and higher LPIPS values (≈0.59),
which indicates greater foreground distortion. The boundary-
error results show the opposite trend. LOL-FADE and LOL-
SAM have errors of 27.12 and 17.53, respectively, compared
with approximately 67 for the DOD methods. The latent-
space methods therefore produce smoother transitions around
the object boundary, especially LOL-SAM. Overall, the re-
sults support H1: the latent-space methods improve boundary
smoothness, but this improvement comes with some loss in
foreground preservation.

RQ2 – Heuristic vs. Segmentation-Guided Masking (H2):

SAM-guided masks achieve lower IoU with GrabCut refer-
ence segmentations (IoUSAM = 0.2457) than the FADE heuris-
tic masks (IoUFADE = 0.3016). Because GrabCut is a semi-
automatic segmentation method rather than ground-truth an-
notation, the lower IoU primarily indicates disagreement be-
tween the two segmentation methods and does not necessar-
ily imply inferior mask quality. The SAM-based methods also
achieve lower boundary error in the latent space setting (LOL-
SAM: E=17.53 vs. LOL-FADE: E=27.12). This represents
a 35% reduction in boundary error and suggests that SAM-
guided masking produces smoother boundary transitions after
latent-space reconstruction. However, this reduction is smaller
than the difference in boundary error observed between the
pixel-space and latent-space methods overall. Taken together,
the results provide partial support for H2. SAM-guided mask-
ing improves boundary quality within the latent-space set-
tings, although the results do not show a corresponding im-
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provement in foreground fidelity.

RQ3 – Synergistic Effects (H3):
Hypothesis H3 predicted that LOL-SAM would produce the
highest composite quality as a result of the combined effects
of latent-space blending and SAM masking. The overall re-
sults provide only partial support for this hypothesis. LOL-
SAM has the lowest boundary error (E = 17.53), but its fore-
ground fidelity is substantially lower (LPIPS = 0.6030), re-
sulting in an aggregate quality score of Qagg = 0.5000. This
is comparable to DOD-FADE and does not establish a clear
overall advantage for LOL-SAM. The per-image results in Ta-
ble 3 are more favorable. LOL-SAM obtains the highest Qimg
score on 9 of 11 images, indicating a stronger performance at
the individual-image level than in the aggregate results. The
higher FID and LPIPS values contribute to the lower aggregate
score despite LOL-SAM having the lowest boundary error.
Overall, the pixel-versus-latent representation has a stronger
effect on aggregate quality, while SAM masking appears to
improve performance within the latent-space methods on in-
dividual images.

Per-Image Evaluation: Composite Quality as the Appro-
priate Artistic Criterion

Per-Image Assessment Methodology
To evaluate the compositing quality of individual images, we
tested all four methods using a custom three-part scoring sys-
tem alongside standard metrics like FID and LPIPS. While
standard metrics capture global image quality, our scoring sys-
tem focuses on specific visual features that drive human per-
ception: edge transition quality, background smoothness, and
object preservation.

• Edge Transition Quality (E): This metric is calculated
in a narrow boundary region around the extracted object
and evaluates how smoothly the gradients change across
the object boundary. Lower values indicate smoother
transitions between the foreground and the reconstructed
background.

• Background Smoothness (B): This metric is calculated
over the reconstructed background region and measures
how well extra high-frequency detail and remaining ar-
tifacts are reduced. It assigns higher scores to smoother
reconstructed backgrounds rather than strictly preserving
original sharp details. However, B may partly reflect the
natural smoothing effect of the VAE in the LOL meth-
ods, so it may not be a completely independent measure
of quality. Nonetheless, the weight sensitivity analysis
shows that LOL-SAM remains competitive even when B
is excluded. This is also true in the edge-only evaluation,
where B has zero weight.

• Object Preservation (O): Calculated using structural
similarity, this metric compares the extracted foreground
object to its corresponding region in the original image to
measure how well the source details and appearance are
preserved.

The overall per-image performance score was calculated as
a weighted combination:

Qimg = 0.45 ·E +0.35 ·B+0.20 ·O
Edge transition quality was given the highest weight be-

cause boundary artifacts can be especially noticeable in image
composites. For each test image, the method with the highest
Qimg score was considered the best-performing method.

Per-Image Results
Table 3 shows the per-image composite quality scores for all
11 test images and four methods. The results reveal differ-
ences between the methods across individual images that are
less clear in the aggregated metrics.

Table 3 Per-image composite quality for each method across the test
images.

Image DOD-FADE DOD-SAM LOL-FADE LOL-SAM Winner
car1.png 0.5371 0.5518 0.6622 0.6733 LOL-SAM

car2.png 0.4853 0.4788 0.6233 0.6225 LOL-FADE

car3.png 0.5563 0.5565 0.6743 0.6760 LOL-SAM

cat1.png 0.4670 0.4707 0.6391 0.6544 LOL-SAM

cat2.png 0.4802 0.5069 0.5029 0.6178 LOL-SAM

cat3.png 0.4844 0.4853 0.5663 0.6786 LOL-SAM

dog1.png 0.7134 0.7079 0.7962 0.7943 LOL-FADE

dog2.png 0.5428 0.5412 0.6359 0.6390 LOL-SAM

horse1.png 0.4270 0.4476 0.3430 0.4706 LOL-SAM

horse2.png 0.5236 0.5485 0.6319 0.7150 LOL-SAM

horse3.png 0.5160 0.5678 0.5313 0.6589 LOL-SAM

Per-Image Analysis
LOL-SAM achieved the highest composite quality score on 9
of 11 test images (81.8%), while LOL-FADE outperformed
the others on the remaining two. Neither DOD-FADE nor
DOD-SAM secure the top score on any image. For LOL-
SAM, the per-image scores range from 0.4706 to 0.7943, with
a mean of 0.6546. The mean scores for LOL-FADE, DOD-
SAM, and DOD-FADE are 0.6006, 0.5330, and 0.5212, re-
spectively. Overall, these results demonstrate that LOL-SAM
performs consistently across the test set.

Among the pixel-space methods, DOD-SAM has a higher
mean score than DOD-FADE (0.5330 vs 0.5212) and scores
higher on most of the test images. The difference between the
two methods ranges from 0.0002 for car3 to 0.0518 for horse3.
These images have more complex object boundaries, which
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suggests that the SAM-based mask may work better than the
heuristic fade mask in these cases.

In an informal visual comparison, viewers generally pre-
ferred LOL-SAM over the other methods, consistent with the
per-image Qimg rankings in Table 3. This suggests that Qimg
correlates well with subjective human perception. However, a
larger participant study is needed to establish statistical signif-
icance.

The qualitative results in Figure 4 reflect these differences.
Overall, LOL-SAM produces more coherent composites with
smoother boundary transitions. Conversely, in complex scenes
like cat2 and horse1, the DOD methods exhibit noticeable
boundary artifacts, such as haloing and color shifts. LOL-
SAM’s latent-space blending, however, maintains smoother
boundaries and achieves higher Qimg scores.

Composite Quality for Artistic Evaluation

These results show that traditional metrics, such as FID and
LPIPS, do not always show clear differences between the
methods when it comes to artistic quality. In comparison, the
per-image quality score provides a more direct way to com-
pare the methods in this evaluation. It combines three vi-
sual factors: edge smoothness (45%), background coherence
(35%), and object preservation (20%). These factors are not
directly measured by FID or LPIPS.

For artistic image reconstruction and object-aware editing,
LOL-SAM performed better than the other methods tested.
LOL-SAM had the highest per-image score on 9 of 11 im-
ages, which was also consistent with the preferences seen in
the informal visual comparisons. It also had the lowest bound-
ary error (E = 17.53). Its results were consistent across the
different object categories tested. Although LOL-SAM had
higher FID and LPIPS values (approximately 355 and 0.60,
respectively), it had a lower boundary error and higher per-
image composite scores. This suggests that the latent-space
approach may involve a trade-off between traditional techni-
cal metrics and the visual qualities measured by the composite
score. For the artistic reconstruction setting studied here, the
per-image composite quality score can provide additional in-
formation alongside overall metrics such as FID and LPIPS.

Human Preference Survey

We asked a small group of viewers to compare pairs of recon-
structed images without telling them which method was used
to create each image. The comparison included a subset of
the 11 benchmark images. Viewers generally preferred LOL-
SAM, which was consistent with the Qimg rankings in Table 3.
However, only a few participants took part in the study, and the
order of the images was not controlled. The sample was also
too small to determine whether the relationship between Qimg

and human preferences was statistically significant. These re-
sults provide some initial evidence that Qimg may be related
to human visual preferences, but a larger and more controlled
study would be needed to better examine this relationship.

Weight Sensitivity Analysis

We also tested whether the preference for LOL-SAM changes
with the Qimg weighting scheme. We recomputed the per-
image scores using three sets of weights: the original
weights (0.45/0.35/0.20 for edge/smoothness/preservation),
equal weights (1/3 each), and edge-only weighting (1.0/0/0).
The results are presented in Tables 4 and 5.

Table 4 Weight sensitivity: mean Qimg for each of the four methods
under alternative weighting schemes.

Scheme DOD-FADE DOD-SAM LOL-FADE LOL-SAM
Original (0.45/0.35/0.20) 0.5212 0.5330 0.6006 0.6546

Equal (1/3 each) 0.5382 0.5444 0.5696 0.6111

Edge-only (1.0/0/0) 0.2755 0.3007 0.5997 0.7063

Table 5 Weight sensitivity: per-image win counts (best Qimg on each
image) under alternative weighting schemes.

Scheme DOD-FADE DOD-SAM LOL-FADE LOL-SAM
Original 0/11 0/11 2/11 9/11

Equal 0/11 1/11 2/11 8/11

Edge-only 0/11 0/11 2/11 9/11

The method ranking LOL-SAM > LOL-FADE > DOD-
SAM > DOD-FADE is the same under all three weighting
schemes. LOL-SAM has the highest score on 8–9 of 11 im-
ages, depending on the weighting scheme, and its mean-score
advantage over LOL-FADE increases from 0.054 under the
original weighting to 0.107 with edge-only weighting. Un-
der edge-only weighting, the DOD methods have near-zero
edge scores, while their scores are higher under the original
weighting. This indicates that foreground preservation con-
tributes more to their original Qagg scores than boundary qual-
ity. Overall, the method ranking is not sensitive to the weight-
ing schema that was tested.

Applications: Styled Image Synthesis

Stylized Outputs
Using the mask-alpha extrapolation described in the Methods
section, Mstylized = 2.0 ·Mnorm

SAM , Figure 1 shows the resulting
stylized outputs. The subjects exhibit high-contrast brush-
stroke textures resembling an oil-painting style, while the
backgrounds retain smooth, gradual color transitions. These
examples demonstrate that the LOL-SAM framework can also
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support object-aware artistic stylization in addition to image
reconstruction.

Stylization Effects via Extended Latent Masking

Input LOL-SAM [0,1] LOL-SAM [0,2] Styled

cat2

cat3

horse1

horse2

horse3

dog1

Figure. 1 Stylization effects via extended latent mask scaling. Each
row displays the original input image, LOL-SAM reconstruction with
normal mask scaling [0,1], and extended mask scaling [0,2]. Ex-
tended scaling induces artistic brush-stroke textures and tonal com-
pression on the subject region.

Stylization Ablation Results

We evaluated the stylization effect using controlled ablation
experiments on all 11 benchmark images. Three patterns were
observed: (1) the latent statistics change consistently with the
mask-scale factor, (2) pixel-space scaling produces different

visual artifacts, and (3) standard filters do not produce the
same localized stylization effect.

Latent Activation Statistics Across Mask-Scale Factors

Table 6 shows the latent activation statistics recorded imme-
diately before decoding, averaged across all 11 images. As
the mask-scale factor sα increases from 0.0 to 2.0, the la-
tent standard deviation increases monotonically from 3.163 to
3.836, while the fraction of activations exceeding the reference
|z|> 1 range increases from 76.4% to 78.0%. The range of ex-
treme values (minimum and maximum) also expands substan-
tially. Thus, increasing the mask-scale factor produces greater
variation in the latent activations and places more activations
outside the reference range. This change may contribute to
the observed stylization, potentially through the nonlinear re-
sponse of the VAE decoder to these latent values.

Table 6 Latent activation statistics vs. mask-scale factor sα (mean
across 11 images).

sα Latent Std |z|> 1 (%) |z|> 3 (%) Styliz. Strength Qimg

0.0 3.163 76.4 37.1 0.295 0.692

0.5 3.154 76.4 37.2 0.333 0.679

1.0 3.276 77.1 38.5 0.458 0.641

1.5 3.511 77.6 39.8 0.653 0.588

2.0 3.836 78.0 40.8 0.736 0.558

Pixel-Space and Filter Control Comparisons

Table 7 compares latent-space mask extrapolation with pixel-
space alpha scaling and standard image filters. Two main dif-
ferences are observed:

• Pixel-space α > 1 produces weaker stylization: Pixel-
space scaling at sα =1.5 produces a stylization strength of
0.409, decreasing slightly to 0.399 at sα =2.0. In compar-
ison, latent-space scaling increases from 0.653 at sα =1.5
to 0.736 at sα =2.0. Simple RGB scaling therefore does
not produce the same stylization effect as latent-space op-
erations.

• Filters operate globally, not locally: Unsharp mask-
ing (1.477) and CLAHE (1.591) achieve high styliza-
tion strength values, but they enhance high-frequency en-
ergy across the entire image rather than selectively within
the object region. Both filters also produce lower edge
blending scores (0.032 and 0.026 respectively) than la-
tent methods (0.513–0.784), as well as lower background
smoothness scores (0.421 and 0.365 vs. 0.734–0.750).
These results indicate that they do not reproduce the
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object-aware stylization observed with latent alpha ex-
trapolation.

Table 7 Comparison of latent-space mask extrapolation vs. pixel-
space controls and filter baselines (mean across 11 images).

Method Edge Smooth Obj. Pres. Qimg Styliz.

Latent α = 1.0 0.681 0.734 0.387 0.641 0.458

Latent α = 1.5 0.579 0.726 0.368 0.588 0.653

Latent α = 2.0 0.513 0.734 0.350 0.558 0.736

Pixel α = 1.5 0.260 0.846 0.441 0.501 0.409

Pixel α = 2.0 0.255 0.840 0.428 0.494 0.399

Unsharp mask 0.032 0.421 0.954 0.353 1.477

Bilateral filter 0.137 0.675 0.885 0.475 0.554

CLAHE 0.026 0.365 0.862 0.312 1.591

Mask-Scale Sweep: Visual Comparison

Figure 2 shows a mask-scale sweep for two images from dif-
ferent object categories. As sα increases, the subject region
shows progressively stronger brush-stroke texture and tonal
compression, while the background remains smooth. The styl-
ization effect remains localized to the subject region and in-
creases as the mask-scale factor increases.

Input sα = 0.0 sα = 0.5 sα = 1.0 sα = 1.5 sα = 2.0

cat2: stylization strength 0.26→ 0.37→ 0.76→ 1.02→ 0.96

horse2: stylization strength 0.24→ 0.26→ 0.32→ 0.45→ 0.60

dog1: stylization strength 0.37→ 0.48→ 0.73→ 1.36→ 1.96

Figure. 2 Mask-scale sweep across sα ∈ {0.0,0.5,1.0,1.5,2.0}.
Progressive increase in sα produces progressively stronger styliza-
tion (brush-stroke texture, tonal compression) localized to the subject
region. Per-image stylization strength values (foreground Laplacian
energy ratio vs. original) are reported below each row.

Pixel-Space vs. Latent-Space Control: Visual Comparison

Figure 3 shows the visual outputs of latent-space mask extrap-
olation (sα =2.0), pixel-space alpha scaling (sα =2.0), and the

three filter baselines. Latent-space extrapolation creates local-
ized brush-stroke stylization on the subject while keeping the
background smooth. Pixel-space scaling increases the over-
all brightness and produces haloing around object boundaries,
but does not produce the localized brush-stroke texture seen
with the latent method. In contrast, the filter baselines apply
their effects globally, altering both the object and background
rather than isolating the subject.

Input Latent α=2 Pixel α=2 Unsharp Bilateral CLAHE

cat2

horse1

dog1

Figure. 3 Comparison of latent-space mask extrapolation (sα =2.0)
with pixel-space alpha scaling and standard image filters.

Qualitative Comparison: Pixel-Space vs. Latent-Space
Methods

Figure 4 shows side-by-side comparisons of the four methods
using selected benchmark images. The pixel-space methods
(DOD-FADE and DOD-SAM) preserve more details in the
foreground, but they also exhibit visible boundary artifacts,
such as sharp edges and color shifts. The latent-space meth-
ods (LOL-FADE and LOL-SAM) produce smoother transi-
tions around the object, but some foreground texture is lost.
Within each group, the visual difference between FADE and
SAM masks is relatively small, which is consistent with their
similar Qimg scores in Table 3. In the pixel-space methods,
both masks cover most of the ROI, with the main differences
occurring near the object boundaries. The project repository23

contains the per-image raw outputs, metric logs, and plotting
scripts used in the analysis.

Discussion

Key Findings and What We Learned

The results show a trade-off between preserving the fore-
ground object and improving boundary quality in object-aware
image reconstruction. The pixel-space methods (DOD) pre-
serve more foreground detail (LPIPS ≈0.25) but produce
sharper boundaries and higher gradient discontinuity (E ≈67).
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The latent-space methods (LOL) produce smoother bound-
ary transitions (E≈22), but with greater foreground distortion
(LPIPS≈0.59). In the aggregate score Qagg , these differences
result in relatively similar overall scores: DOD-SAM leads
slightly at 0.5451, DOD-FADE and LOL-SAM tie at 0.5000,
and LOL-FADE scores 0.4459. Thus, the lower boundary er-
ror of the LOL methods partly offsets their higher FID and
LPIPS values.

Within each domain, SAM-guided masks generally outper-
form the heuristic FADE masks. In latent space, LOL-SAM
reduces the boundary error from 27.12 to 17.53 relative to
LOL-FADE, with a Qagg difference of 0.054. In pixel space,
DOD-SAM also outperforms DOD-FADE, with a Qagg dif-
ference of 0.045. The largest per-image differences occur on
horse3, cat2 and horse2, which have relatively complex object
boundaries. These results indicate that the masking strategy
affects performance, although the choice between pixel- and
latent-space processing has a larger effect.

The per-image scores provide a different ranking from the
aggregate scores. LOL-SAM has the highest Qimg on 9 of 11
test images (81.8%), with an average score of 0.6546. The
corresponding averages are 0.6006 for LOL-FADE, 0.5330
for DOD-SAM, and 0.5212 for DOD-FADE. LOL-SAM has
the highest score on all three cat images, all three horse im-
ages, and two of the three car images. Neither DOD method
has the highest score on any image. The difference between
the aggregate and per-image rankings indicates that averaging
across images can mask differences in performance, particu-
larly when boundary quality has greater weight in the evalua-
tion.

The informal human comparisons also favored LOL-SAM,
consistent with the Qimg rankings in Table 3. The metric as-
signs 45% weight to edge transition, 35% to background co-
herence, and 20% to foreground preservation. However, the
small sample size and uncontrolled presentation order pre-
clude establishing a statistically significant relationship be-
tween Qimg and human preference.

Limitations

• Dataset scale: The benchmark contains only 11 images
across four object classes limiting how well the results
can be generalized to larger and more diverse datasets
with varied lighting and complex compositions.

• Segmentation dependency: The pipeline lacks automated
quality checks for detection or masking. Failures of
Faster R-CNN on occluded or atypical objects, as well as
SAM mask degradation (leakage or under-segmentation),
can propagate to the compositing results.

• Latent-space resolution: The VAE’s 8× spatial com-
pression (512×512→ 64×64) limits fine-detail preser-

vation, while unconstrained latent distributions during
blending may produce decoder saturation artifacts.

• Metric robustness: Although the weight-sensitivity anal-
ysis (Tables 4–5) shows stable method rankings, the com-
posite quality weights and individual metrics have yet to
be validated against large-scale human preference data.

• Computational cost: Synchronous per-ROI SAM infer-
ence scales with the number of objects, and wall-clock
latency and memory consumption across methods are not
reported.

• Mask heuristics: The FADE mask uses fixed parameters
(r f ade = 8%, p = 1.5) and does not adapt to object shape
or aspect ratio.

• Scope: This work focuses on artistic compositing
and does not evaluate photorealism preservation, color-
accurate blending, or physics-based boundary lighting.
The method has not been evaluated on other compositing
tasks.

Implications for Artistic Application

For artistic image reconstruction, LOL-SAM is well suited
to applications where visual coherence and smooth bound-
ary integration are important. Although LOL-SAM has higher
FID and LPIPS values, it achieves lower boundary error and
higher per-image scores. For the reconstruction setting eval-
uated here, this trade-off may be acceptable when boundary
quality and overall visual integration are prioritized. The re-
sults also show that FID and LPIPS alone do not fully reflect
the qualities emphasized in image compositing, supporting the
use of evaluation measures that account for boundary quality
and visual integration.

Future Work

• Learned blending and masking: Train models to learn
adaptive per-pixel blend weights in latent space and re-
place the heuristic FADE masks with learned interpola-
tion networks optimized for boundary quality.

• Hybrid latent-pixel architectures: Perform the initial
blending in latent space to improve global coherence,
then refine boundaries with pixel-space operations at an
intermediate resolution before decoding.

• Broader evaluation: Expand the benchmark to more
than 100 images covering a wider range of object cate-
gories and conduct more experiments to see how changes
in weights affect the results.
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Input DOD-FADE DOD-SAM Input LOL-FADE LOL-SAM

cat2 – pixel-space cat2 – latent-space

cat3 – pixel-space cat3 – latent-space

cat1 – pixel-space cat1 – latent-space

horse1 – pixel-space horse1 – latent-space

horse2 – pixel-space horse2 – latent-space

dog1 – pixel-space dog1 – latent-space

dog2 – pixel-space dog2 – latent-space

Figure. 4 Qualitative comparison of all object categories. Left three
columns: pixel-space methods (Input/DOD-FADE/DOD-SAM);
right three: latent-space methods (Input/LOL-FADE/LOL-SAM).
The latent-space methods produce smoother boundary blending but
can cause more distortion in the foreground object. Full results for
all 11 benchmark images are available in the project repository23.

• Perceptual validation: Conduct a larger human prefer-
ence study with both general and expert participants, con-
trolled presentation order, agreement measures such as
Krippendorff’s α , and preference margins. This would
provide a better comparison between Qimg and human
judgments.

• Task-specific metrics: Develop compositing metrics for
photorealism, color consistency, and physical plausibility
to extend the evaluation beyond artistic applications.
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