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1 FURTHER DISCUSSION ON THE SHADING
ADAPTIVE TRANSFORMATION 7~

In the section of methodology, we outline how the shading adaptive
transformation 7~ functions within the SACA to reconcile the con-
tradiction between two training objectives and facilitate network’s
learning on the prior of global shading coherence. In support of
this argument, we offer an intuitive comparison in Figure 1. The
training hyperparameters are the same for both setups, saving for
the exclusion of 7™ in the first one. As can be seen, not utilizing 7~
results in the decreased shading diversity for the object across the
various scenes. The object may seem dark even in the scene with
bright lighting. As a contrast, the object’s shading exhibits more
dynamic changes when 7 is employed.

We also include a brief analysis in the main text to confirm that
the utilized 7~ can effectively handle the variations in the ambient
light color of the object. Figure 2 displays visual illustrations to
support this assertion. Take case 1-3 as the examples, when ob-
ject is in the scene with relatively uniform lighting, 7~ can largely
eliminate the shading difference between and ¢ and xo. However,
since the current 7~ does not take diffuse reflection and specular
highlight colors into account, the shading variances they initiated
are still hard to eliminate, especially in the samples as case 4. This is
also a topic that we plan to explore in the future research. Overall,
the current form of 7 is concise and theoretically rational. The
application of it has been shown to yield beneficial results for the
network’s learning.

2 VISUAL DEMONSTRATION OF THE FPTS’S
EFFECT

In the main text, the EoG indicator is employed to quantitatively
verify that FPTS can efficiently reduce the high-frequency signals
in the object area. Figure 3 further provides the visual evidences
to uphold this assertion. The top and bottom rows exhibit the se-
quences of predicted % during the denoising process, without or
with FPTS, respectively. In the absence of FPTS, the high-frequency
components in the object area will grow quickly. Though there is a
decline in the subsequently, they still be unreasonably high in the
end. The introduction of FPTS alleviates this problem. As depicted
in the figure, it softens the growth of high frequency components
in object area, regulating them to the reasonable extent eventually.

3 FURTHER INTRODUCTION TO THE
DATASET

The dataset used in this work is constructed based on 3D-FUTURE.
It consists of 20240 high-quality interior design rendering images
and the textured 3D models of included furniture. Condition images
are create based on Blender 3.6. We setup the object and camera
positions according to the annotation, place a daylight source above
them, and then execute the single-model rendering. Since a scene

image usually contains multiple furniture, it will correspond to
multiple condition images. The text prompt corresponding to each
scene image is obtained based on the annotation and LLaVA-1.5.
After leaving out the test objects and the scene images containing
them, there are 19127 different scene images and 49,963 condition-
text-output triples involved in training. The condition images can be
divided into five categories according to the furniture they contain:
bed (4148), sofa (12259), table (4129), chair (5195) and shelf (24232).
Figure 4 shows some examples of the training data.

4 IMPLEMENTATION DETAILS OF THE
COMPARISONS

Four alternative methods are selected for comparison in this paper.
This part provides the implementation details of them. All these
methods are diffusion-based. Unless otherwise specified, all meth-
ods use the same sampling setup as the proposed method, where
100-step DDIM sampler and the classifier-free guidance scale of 7
are used.

When performing BLIP-Diffusion, to achieve the control over
the pose of objects, the recommended paradigm ! that integrating
with ControlNet is used. Concretely, we use the original condition
image as the input to subject encoder, and the canny map of it as
the input to ControlNet.

For SD-Inpainting, we use the implementation provided by
Stable Diffusion WebUI 2. Masked content is set to latent nothing,
inpaint area is set to whole picture, and denoising strength is 1.

For InstructPix2Pix, we use the online demo 3 provided by the
original authors. Text CFG and image CFG are set to 7.5 and 1.5
according to the recommendation. The editing instruction is given
as “Change the background to..”.

For ControlNet, we use our dataset to train it based on its
original codebase 4. The base network is Stable Diffusion V2.1.
Except for the utilization of L4¢q, all the training hyperparameters
are same as the proposed method.

5 MORE VISUAL RESULTS

This part provides more visual illustrations about the experiments.
Figure 5,6 show more results about the application effect of scene
diffusion. Figure 7 shows more results about the comparison with
existing alternatives. Figure 8 shows the original images of the
results exhibited in the ablation study of main text. Figure 9,10
show more results about the expanded applications of the proposed
method.

Uhttps://huggingface.co/docs/diffusers/main/en/api/pipelines/blip_diffusion
Zhttps://github.com/AUTOMATIC1111/stable-diffusion-webui
3https://huggingface.co/spaces/timbrooks/instruct-pix2pix
“https://github.com/lllyasviel/ControlNet
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~

(Condition Image)

A image of a bedroom, A
Nightstand, A Dressing Table,
A King-size Bed, A Dressing
Chair, A Nightstand, 8k,
photorealistic, realistic light,
wide angle, cozy atmosphere

(Scene Description)

with T

Figure 1: The comparison between the setups with or without the shading adaptive transformation 7 . Each group of images
are produced in the same mini-batch.

Case 1
Case 2

Case 3
Case 4

c X T(c,xg)

Figure 2: The effect of shading adaptive transformation 7. Since 7 is solely conducted on the object areas, the background
areas in these images are omitted.
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w/o FPTS timestep

5 i .n

- U .n% —* "n% e "'mH = |

with FPTS

Figure 3: The comparison between the sequences of predicted Xy with or without FPTS.

Scene image Condition Images

Scene image Condition Images

Scene Description

A living room with a coffee table in the center, surrounded by a yellow
multi-seat sofa, an office chair, a wooden sideboard, and a wooden
sofastool, with a modern pendant lamp hanging above, creating a cozy
and inviting atmosphere.

Scene Description

A bedroom featuring a wardrobe, a black king-size bed, a round
nightstand, a rococo dressing table, and a dressing chair, with a
pendant lamp above, adding a tranquil ambiance to the room.

Figure 4: The examples of constructed condition-text-output data.
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Single-object

A detailed depiction of a bedroom scene, showcasing a single bed, A living room composition, showcasing a loveseat sofa and an
a desk, and an office chair, each positioned to complement the armchair, arranged to create a harmonious and inviting space.
room's overall ambiance.

A living room scene, featuring dining chairs and an accompanying A living room visualized with a table, a corner table, a loveseat
dining table, arranged to evoke a welcoming atmosphere. sofa, and a sofastool, each element thoughtfully positioned to craft
a cohesive and inviting atmosphere.

A living room scene, elegantly set with a dining table, dining chairs, A depiction of a living room furnished with an office chair, a TV
and a sideboard, curated to blend seamless functionality with stand, a nightstand, and a corner table, arranged to balance
sophisticated style. functionality with aesthetic appeal.

A living room setting with a king-size bed as the focal point, A living room setting, highlighted by an armchair, a corner cabinet
accompanied by a TV stand and a nightstand. and a corner table, meticulously placed to enhance the space's
comfort and aesthetics.

A living room featuring a multi-seat sofa and an armchair, A bedroom with a king-size bed, wardrobe, office chair, and white
arranged for cozy gatherings. walls, arranged for elegance and comfort.

Figure 5: More results about the application effect of Scene Diffusion in Single-object and Multi-object scenarios.

407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459

461
462
463
464



465
466
467

469
470
471
472
473
474
475
476

478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522

(Condition Image)

@ Object Ctrl.
@ Style Ctrl.
@ Color Ctrl.
@ Material Ctrl.

A living room detailed
with a sofa, soft white
walls,gray ceramic tile
floor, a coffee table, a
office chair, harmonious
layout of the whole room.

(Scene Description)
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Variable Scene Description Text

ei

e V]
A bright, airy living room A cozy setup with soft A modern industrial living The cozy living room with A Scandinavian-inspired
with a sofa, large lighting, a sofa, a sleek room with a sofa , high soft lighting, a sofa, thick living room with natural

windows and minimalist glass coffee table, plush ceilings, black shelving, plush area rugs, light, a sofa, a sofastool
black and white artwork area rugs , an art and exposed brick walls introducing open shelving. and a white rugs.
on the walls. paintings of human faces. with metal accents.

A modern simple living colorful, boho-chic The minimalist living A warm, earth-toned A luxurious living room
room with a sofa and an living room with a sofa , room, with a sofa and living room with a sofa, with a sofa, plush textiles,
artwork on the gray wall, vibrant rugs, wooden concrete floors, adds a wooden flooring, and the the modular bookcase,

introduces indoor  flooring , a smalll table. black shelving unit geometric shelving filled and accents in deep
greenery for a fresh displaying modern art with ceramic and wooden blues and gold.
touch. pieces. decor.

Variable Position & Posture of Object

A bedroom with a king-
size bed, showcasing soft
pink walls, white ceramic
floor, a nightstand and a
sideboard.

(Scene Description)

Figure 6: More results about the application effect of Scene Diffusion in Variable Scene Description Text and Variable Position
& Poseture of Object scenarios.
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Cond. Image

Figure 8: The original images of the results exhibited in the ablation study of main text.

Scene Desc.

A bedroom showcasing a
king-size bed,
accompanied by a
wardrobe, a nightstand,
and a pendant lamp for a
touch of elegance.

A living room featuring a
chair, a multi-seat sofa, a
sofastool, an armoire, a
coffee table, and a corner
table.

A living room, showcasing
a sideboard, a
comfortable sofa, a sleek
TV, and a cozy chair.

A living room, highlighted
by a loveseat sofa , a
coffee table and an
artwork.

A cozy living room set up
with a sleek desk and a
comfortable dining chair.

BLIP-Diffusion

SD-Inpainting  InstructPix2Pix

= o

ControlNet
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Cond. Image Cond. Image
aa sl
, pE—
+ Scribble Ctrl. + Seg. Map Ctrl. + M-LSD Ctrl. + Scribble Ctrl. + Seg. Map Ctrl. + M-LSD Ctrl.

Cond. Image Cond. Image

+ Scribble Ctrl. + Seg. Map Ctrl.  + M-LSD Cirl.

Figure 9: More results about the expanded application of Scene Diffusion in Integrating with Existing ControlNet.
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Cond. Image Pred. Images

Figure 10: More results about the expanded application of Scene Diffusion in Generalizing to Real Image Fragment.
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