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A. Project Page and Algorithm

Please check the https://rishubhpar.github.io/DAEdit/ for
high-resolution visual results. We have provided the de-
tailed algorithm for both of our depth-aware editing tasks -
scene composition and object insertion in Alg.1.

B. User interface for providing depth input

Our method requires an input depth value dy for object
placement and composing scenes at a particular depth. Pro-
viding depth value for these tasks can be challenging to the

Algorithm 1 Algorithm of proposed approach

1: Scene Compositing

2: Define: w,;,q: guidance strengths; N': number of guidance steps; T¢:
annealed timestep; I ¢y, Ipg: foreground, background (fg/bg) images;
dyg,dpg: fgbg depths; cry, cpg: fg,bg text prompts; Ce: composed
scene text prompt; 64: depth conditioned SD-v2; dj,: depth value for
composing the scene Wy: diffusion features at timestep t

: (:c;ﬂg, \I/{E’T) + Nulllnversion (654, Irg, crg: dyg)

: (x%q, \II??T) + Nulllnversion (854, Ipg, by, dbg)

Myg, Mpg + DeGLaD (d¢g, dp) > Getting layered masks

tde < dpg ® Mypg + dyg ® (1— Myy)

: initialize: z7 beg

: fort =T to1ldo

9: if ¢t > T then

> denoising loop
> apply guidance only for ¢t < T,

10: forn =1to N do > guidance loop
11: \I'fdit < extract features (6’5,1, zt, Ce, dc)

12: Tt = Tt — Wynap Vi, L(U]9, W9 Wedity 1 guid. step
13: end for

14: end if

15: zi—1  Updatestep(zt,0sq) > single denoising step
16: end for

17: Object Placement

18: Define: wy,qr: guidance strengths; N: num. guidance steps; T¢:
annealed timestep; I: input background image; d: input image depth;
c: input image text prompts; 6;,,,: AnyDoor (inpainting model); ¢;nyp:
input box/mask for inpainting; dj: depth value for placing object

19: (W¢, x7) Nulllnversion(Ga,I7 cmp)

20: Mg, Myg + MPI(d, dp)

21: initialize z7 + N(p, 02?)

22: fort =T to 1 do

23: if T. >t > 0 then

> denoising loop

24: forn = 1to N do > guidance loop
25: \Ilfd“ <+ extract features (Gmp, T, Cinp)

26: Ty 4 Tt — Winas Ve, L(¥e, U§4Y)) > guidance step
27: end for

28: end if

29: Tr_1 Updatestep(mt7 Oinp, Cinp) D single denoising step
30: end for

user given a single image, and the user may have to do mul-
tiple trials to obtain the desired depth value. To this end,
we create a simple user interface to easily obtain the depth
value for editing. We first apply the SAM [9] image seg-
mentation model on the background scene and lift the seg-
mentation map in 3D as point clouds using the input depth
map. Next, we visualize the segmented point cloud from
the Bird’s Eye View (BEV) as shown in Fig. 1. The BEV
projection is a simpler representation and makes it easier
to understand the placement of the scene objects. A user
can select a point in BEV projection where they want to
place the object, and the corresponding depth value will be
used for placement. Alternatively, the above process can
be automated to accept input placement prompts ("An ob-
Jject between sofa and the wall’) by selecting a depth value



between the average depth of the sofa and the wall.

C. Ablations

We present ablations over crucial hyperparameters used in
the proposed approach.

C.1. Layered latent « - Comp vs FeatGLaC.

We ablate over the choice of the feature space to imple-
ment layered representation for effective depth-aware com-
positions. The ablation is provided in Fig. 2a). We ap-
ply layered latent a-compositing at some intermediate de-
noising timestep 7 to compose the foreground and back-
ground scenes. For the remaining 7" 7 timestep, we let
the composed latent denoise freely to generate a natural-
looking composite image. However, applying Layered a-
compositing in the latent space at 7 suffers from a trade-
off and leads to inferior scene composition results. Hav-
ing a higher 7 value does not allow enough flexibility for
the edited latent to blend both regions. On the contrary,
having a lower 7 value results in realistic blending but has
a significant loss in the identity of the foreground and the
background region. Our guidance method - FeatGLaC ad-
dresses this issue and achieves realistic blending while pre-
serving foreground and background regions.

C.2. Layered latent guidance vs FeatGLaC.

We perform an ablation over applying the guidance in lay-
ered latent space vs layered representation in U-Net feature
space in Fig. 2b). Guidance in layered latent space has
a tradeoff in the output generation, where applying guid-
ance for a small number of timesteps results in significant
identity change for the input scene, and guidance for more
steps results in unnatural blending in the output. In con-
trast, applying the guidance in the more expressive U-Net
feature representation results in natural scene compositing
(improved illumination effect on the foreground) along with
identity preservation.

C.3. Layered feature space editing vs Layered fea-
ture space guidance.

We also compare with a direct fusion of layered U-Net fea-
tures of the foreground and background image in Fig. 2c¢).
Manipulating the U-Net features is fragile and results in an
unnatural composition compared to manipulating the dif-
fusion latents. Our method uses the layers obtained from
DeGLaD in U-Net features to guide the diffusion latent
slowly, which is the most effective and keeps the diffusion
latent in the distribution of the original distribution, result-
ing in natural results.

C.4. Number of optimization steps.

We ablate over the number of optimization steps for guiding
the latent at each step of denoising in Fig. 3. Using a small
number of optimization steps results in significant identity
loss of the scene, and using a large number of optimization
steps can lead to artifacts in the scene’s appearance as it can
significantly alter the latent distribution. We use 5 optimiza-
tion steps for scene composition and 3 optimization steps
for object insertion, as the underlying inpainting model in
object insertion inherently preserves the scene background.

C.5. Guidance timestep for Object placement.

We ablate over the number of timesteps used for guidance
for object placement in Fig. 5. For object placement, we
first perform DeGLaD to get a layered representation, which
is used for latent a-compositing at intermediate timestep 7,
and then feature guidance is used for the remaining 7' 7
timesteps. Performing the fusion at later timesteps (1" =
40) results in a ‘cut-paste’ appearance, resulting in unnatu-
ral compositing, and the object can get cropped due to an
inaccurate mask. On the contrary, fusing early (I' = 20)
results in a strong prior from the inpainting model, which
generates the object at with an inaccurate occlusion.

C.6. Ablation over depth model.

Our method requires a depth map to obtain the layered rep-
resentation from DeGLaD for scene editing. We ablate over
different depth models to evaluate the robustness of our
framework. We predict depth maps from Marigold [7], Mi-
das [11] and Depth-Anything [15] model and perform ob-
ject placement in Fig. 4.

C.7. Hyperparameter ablation

We conduct a quantitative ablation study on key hyperpa-
rameters, including the number of timesteps used for guid-
ance and the weight assigned to the guidance loss. The re-
sults are presented in Tab. 1 and Tab. 2, respectively. To
evaluate the quality of generated images, we use LPIPS to
assess how well the appearance is preserved and KID (com-
puted on the COCO training dataset) to measure the real-
ism of the generated images. Additionally, we employ Im-
age Reward [13] metrics, a model trained to predict human
preference for an image given a specific prompt. This met-
ric evaluates how well the generated images align with the
prompt and estimates a human-assigned score, and we see
that the hyperparameter we chose visually also gives us the
best quantitative metrics.

D. Dataset details

D.1. Scene compositing.

We collect background images from the SSharmonization
dataset [5], and for foreground images, we take a variety
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Figure 1. User interface to provide object depth as input. Given a background image with its depth map and a 2D bounding box, we
segment the scene and lift the segmentation map to a 3D point cloud using the provided depth map. Next, we visualize the segmented
point cloud from Birds’ Eye View (BEV) for selecting the object depth. The BEV representation provides a convenient visualization for
selecting object depth, where the user can just select a point, and the corresponding depth value d,, will be used to place the object.

Table 1. Ablation over guidance timestep

Timestep | LPIPS # | KIDx10-2# | IR#
10 0.552 5.6 -0.557
20 0416 4.8 0.065
30 0.305 4.9 0.72
38 0.247 54 0.836
40 0.238 54 0.833
49 0.231 54 0.758

Table 2. Ablation over guidance weight

Weightage | LPIPS # | KIDx10-2# | IR#
0.3 0.369 51 -0.27
0.6 0.272 53 0.73
1.0 0.247 54 0.836
1.2 0.245 53 0.807
1.5 0.251 5.4 0.819

of images with different lighting from Google images. Our
dataset consists of around 2844 images with 80 background
images and 36 foreground images. To get the foreground

mask, we manually do an annotation to find the best MPI
plane where we can get a meaningful foreground region that
can be composed with other background images. To get the
prompt for the background and foreground scene, we use
an off-the-shelf image captioning model [1] to obtain the
text prompts. And to get the combined scene prompt, we
use simple heuristics like ‘a photo of a Tforeground objectgy
with ¥background scene promptq in the background’.

D.2. Object Placement.

Our object placement evaluation dataset consists of 491
background-object image pairs. All of these are collected
from Google images, consisting of outdoor and indoor
scenes with high diversity in illumination and appearances.
We manually annotate the background image with a plausi-
ble object bounding box and a depth value where the object
can be placed meaningfully with proper occlusion. A user
can use a simple interface (discussed in Sec.2 and Fig. 1)
in the birds’ eye view of the scene to define the appropriate
depth for object placement. Here also, we use [1] for anno-
tating the background scene, which is needed for null text
inversion.



Figure 2. a)Ablation with DeGLaDin latent representation. FusingDeGLaDlatents at the initial timestep leads to a signi cant loss in

the identity of the input scene, and fusion at a later timestep results in unnatural blendifgepa@@taC generates a realistic composite

image while preserving the identity of the background scenébtgtion with layered latent guidance. Instead of guiding the layered

feature, we apply the guidance on the layered latent representation. Guidance on latents does not have a signi cant change from the layered
latent fusion in a) and results in unnatural resut}ddeGLaDfusion in U-Net feature space Applying DeGLaDfusion directly at U-Net

features instead of using layered feature guidance leads to signi cant changes in the latents, resulting in unnatural compositions. Our
approach to slowly update the latents with guidance keeps the latents in distribution and results in realistic compositing.

Figure 3.Ablation over the number of optimization timesteps.Using a small number of optimization steps results in signi cant identity
loss of the scene, and using a large number of optimization steps can lead to artifacts in the scene's appearance as it can signi cantly alter

the latent distribution. We uggoptimization steps.



inpainting based approaches like IP-Adapter [16], Paint by
example [14], Anydoor [4] and few recent object inpainting
methods such as Brushnet [6], Mimic Brush [3], and Dipty-
chPrompting [12].

Method DINO-sim" | KID # depth# | Clip-sim"
IP-Adapter [16] 0.244 5.3 9.366 27.81
Figure 4.Ablation over depth predictors for object placement. DeGlad+Harmonizatior) ~ 0:576 47 2.985 68.5
; ; ; LOMOE [] 0.206 5.1 6.49 48.46
Our approac;h is ropust to the choice of monocular depth predictor Brushnet [¢] 0,209 oo 804 4390
and results in consistent edits. PbE [14] 0.273 4.9 6.733 60.12
Mimic Brush [3] 0.538 4.9 5.76 76.68
DiptychPrompting [12] 0.260 4.8 6.30 42.33
. . Anydoor [4] 0.507 4.9 3.176 83.23
E. Implementation details ours 0.545 48 | 2989 | 84:86

We perform ablation using different layers for guidance loss Table 3.Depth-Aware object insertion additional comparison.
calculation, and we observe that using the last two layersKID and depth are reported in X0 units.
of the u-Net seems to be effective for both of our applica-
tions. For the task of scene composition, instead of startin . .
from random noise, we start fro?n the DDIM inversion of gF'Z' Object Insertion + MasaCtrl [2]
the background image and then apply guidance from bothOur object placement framework uses a pre-trained object
the background and the foreground regions. Starting frominpainting diffusion model [4] as the backbone. Hence,
the background layer, the latent results in the scene lightingthe identity of the generated object is limited by the iden-
are inherited from the background scene. This is particu-tity preservation capability of the base inpainting network.
larly important in relighting applications, where we want However, we can improve upon the object identity by per-
to illuminate the foreground region with the lighting from forming a re nement step. Speci cally, we use MasaC-
the background. We give guidance from Oth timestep to trl [2], with the reference object image and the edited im-
38, similar to giving guidance tilb0th timestep, causes it age. MasacCtrl injects the identity features in the generated
to look similar to cut and paste without any scene effects object region, resulting in improved identity. We present
such as illumination. We useoptimization steps per iter-  the result in Fig. 7, where applying MasaCtrl improved the
ation for scene compositions aldsteps for object place- object appearance and recovered some of the ne features
ment. We use less number of steps for object placementfrom the vase.
since the inpainting model already does well in preserv- ) ) ) L
ing the appearance of the features outside of the bounding™3- Object Insertion without Inpainting model
box. Speci cally, for object placement, we perform latent Object insertion can be performed without relying on an in-
-comp at intermediate timestepwith the layered mask  painting model; however, using an inpainting model offers
we obtain fromDeGLaDand then perform feature guid- additional advantages such as adjusting the object's orien-
ance for the rest of the timesteps to preserve the foregroundtation and generating realistic shadows. For object insertion
There is a tradeoff between which timestefo use, and we  without inpainting, we can adopt a strategy similar to scene
found = 30 works best in most of the cases. The time composition. Speci cally, we use a depth-conditioned dif-
taken to generate a single image for object placemesfdis  fusion model to blend the object into the scene. Instead of

sec, and for scene composition, it takes aroBédec. a general foreground region, we treat the object mask as the
N foreground and the remaining scene as the background. The
F. Additional Results diffusion model then generates a coherent image where the

object is naturally composed into the scene according to the
provided mask as shown in Fig. 6 and Fig.5c in main pa-
We provide an additional comparison for object insertion per. However, this approach requires the user to manually
with a layered representation baseline, where we applyand accurately align the object mask to the desired location
DeGLaDin image space to obtain a layered representa-within the scene.

tion and then place the object at the desired depth. How-
ever, the inserted object does not blend well with the back-
ground scene, as the layered representation in the imag®©ur guidance method also allows us to control the lighting

space does not affect the color of the object placed. Tochange effect that happens during the compositing of two
this end, we apply image harmonization [8] on top of the different scenes. In Fig.9, we can see that increasing the
image space -comp output to generate realistic object in- guidance weightage reduces the relighting effect and gener-
sertion. We present our results in Fig. 10, along with other ates a composited image which looks closer to Image cut-

F.1. Additional Object Insertion Comparisons

F.4. Lighting control in Scene Compositing



Figure 5. Guidance timestep ablation for object placement. Selecting intermediate timesteps for fusion results in natural scene compositing
with accurate occlusions and realistic blending.

Figure 6. Results for object insertion without using any inpainting
methods Figure 8. Qualitative comparison with Object 3DIT [10]

Figure 9. Our Guidance loss weightage can be used to control the
strength of relighting, unlike other feedforward-based relighting
methods [8].

scene compositing without any large-scale training.

F.6. More results

_ _ _ _ We present more results for both scene compositing and ob-
Figure 7. Our method when combined with Masa-Ctrl [2], im- ject placement in Fig. 13 and Fig. 12.

proves identity of the inserted subject.

G. User Study

paste, and lowering the guidance weightage causes the foreopject placement. We compare our object insertion
ground region to follow the background scene lighting. method against three baselines: IP Adapter, Paint by Ex-
ample, and Anydoor. The evaluation focuses on three key
goals: scene realism, identity replication of the placed ob-
We provide additional comparison results for scene com- ject and background, and accurate placement at the intended
positing in Fig. 11. Our method is able to achieve realistic depth. To assess these goals, we carried out a user study

F.5. Scene compositing comparisons
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