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S1. Overview

In this supplementary material, we mainly present the fol-

lowing contents:

» More technical details of our ATA model structure
(Sec. S2);

¢ More technical details of the evaluation metrics (Sec. S3);

* More qualitative comparison for the subject-position vari-
able inpainting task (Sec. S4);

* Qualitative comparison for the subject-position fixed in-
painting task with user-provided layout (Sec. S5);

* More details of the user study (Sec. S6);

 More results of ATA with different aspect ratios (Sec. S7);

* Visualization and analysis of the attention map (Sec. S8);

* More analysis of the RDT module (Sec. S9);

* Prospect of future works (Sec. S10).

S2. More Details of Model Structure

In this section, we provide a more detailed description of the
model structure. We adopt the architecture Hunyuan-DiT-
g/2 [4] as our base model, which has 40 blocks and an em-
bedding dimension of 1,408. Our ATA model consists of
4 modules: Feature extraction, Reverse displacement trans-
form, Feature fusion, and Diffusion denoising (refer to the
main paper Fig. 2 for overall architecture).

Feature Extraction. We use a tiny Swin-Transformer [7]
backbone as the feature extractor for the subject image, and
pre-process the input with an 8 x 8 window size. This pro-
cess yields a set of multi-scale feature maps, denoted as
{C},--+ ,CN}, with N = 4 and the dimensions of C} be-
ing C' x H x W. Following each Swin-Transformer [7]
stage, the number of channels is doubled compared to
the previous stage, while the spatial dimensions (height
and width) are halved, resulting in a new feature map of
2C x H/2 x W/2 dimension. Since the 4 subject feature
maps will be injected into the subject cross-attention mod-
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Figure S1. The model structure of Hunyuan-DiT [4] (the base
model of our ATA).

ule (after the displacement transform), which requires the
injected feature to have a unified dimension, we use a con-
volutional layer to adjust the features, mapping them to the
same dimension for future injection.

Reverse Displacement Transform. Given that our foun-
dational model is based on a DiT framework, we opt for
the DiT block [9] enhanced with Adaptive Layer Norm
(AdaLN) to serve as the architecture for the PosAgent block
A;. The PosAgent block takes the output from the Swin-
transformer ® as its input, incorporating time embedding
t, text embedding C, and positional switch embedding
Cp on the conditional side, fusing them with the input via
a Layer Normalization technique. The output from each
of these blocks is then utilized to perform a reverse trans-
formation on the feature map {C},---,CN} initially ex-
tracted by the Swin-transformer ®, effectively restructur-
ing it in a reverse manner. [le., the transformation param-
eters predicted by the first PosAgent block A; are used to
transform the last (deepest) feature map C¥, while the last
PosAgent block Ay will transform the first (shallowest)
feature map C7.

Feature Fusion. We employ a pre-trained cross-attention
mechanism as our subject cross-attention module, which is
initialized with identical weights to the base model’s cross-



attention module. Subsequently, the output from this atten-
tion module is combined with the output from the original
self-attention module using a trainalilnh weight. This
setup allows the model to dynamically adjust the in uence
of these two attention modules depending on the specic
requirements of various Hunyuan-DiT blocks.

Diffusion Denoising. After all features are fused,"A per-
forms a T-step denoising process as Hunyuan-DiT (struc-
ture shown in Fig. S1) and obtains the inpainted image.

S3. Evaluation Metrics

. . . . oo Figure S2. Comparison between ouf44 and existing methods
In this section, we provide a more detailed description of ysing user-provided subject layout. The comparison methods ex-
the evaluation metrics. We quantitatively evaluate the per- hibit unsuitable relative sizes and relationships between

formance of the model from the following perspectives: Im- foreground and background; while our method achieves harmo-
age Quality, Extension Ratio, Text-alignment, Multi-subject nious positional relationships.
Rate, and Position Rationality.
1) Image Quality: We calculate the Exchet Inception
Distance (FID) [3] score on the MSCOCO [5] dataset to the given foreground subject since it cannot recognize it in
evaluate the quality of generated images. the prompt. In this case, the generated result will contain
2) Extension Ratia To evaluate the subject extension multiple similar subjects, which may not be what the user
ratio, we adopt the OER [2] metric which calculates the con- wants. As a result, we adopt FlorenceV2 [10] to detect and
sistency between the foreground subject mask of the genercount the number of the subject in the generated result given
ated image against the ground truth subject mask. Speci -the subject name. Then we calculate the ratio that the num-
cally, we rst use BiRefNet [11] to segment the generated ber of the detected subject is greater than the desired num-
image and obtain an accurate madk of the foreground  ber of the subject as the multi-subject rate.
subject. For subject-position xed background inpainting  5) Postion Rationality: We leverage GPT-40 to evaluate
methods, since the subject's position is expected to be theeach image based on placement, size, and spatial relation-
same position in the original image, the subject mask of the ships. Each image is scored with a maximum score of 100,
originalimageM, =1 m serves as the ground truth sub- and the average score determines the rationality.
ject mask. Then the OER score can be computed as follows:
P S4. More Comparisons on Subject-Position
RelU(M  M,).

OER = N (S1) Variable Inpainting

Fig. S4 presents additional qualitative comparisons against

where ReLU is the activation function. The smaller the i, s methods on the Subject-Position Variable Inpaint-

OER score, the better subject Tconsistency is achieved by, g a5k Consistent with the results in the main paper, when
the inpainting model. Since our'A can adaptively deter-

combining previous inpainting methods with LayoutGPT

mine a suitable position and size of the subject, and generatgy, g iect-position variable inpainting, they often generate
an _lnpalnted image with the subject in th_e NEw position, We g, ts with layouts that are either illogical or have incorrect
utilize FlorenceV2 [10] to detect a bounding box of the sub- proportions. Even when a suitable layout is produced, pre-

ject, and rescale the original subject mask to tthe de- ;5 s inpainting methods fail to grasp subject positioning,
tected bounding box as the ground truth subject magk causing background-text con icts or missing objects. In

The OER score for our PAs: contrast, our method A generates high-quality inpainted

_ P Rel LM MO results with a harmonious positional relationship between
OER = VI : (52)  the subject and the inpainted background, as well as good
° text-background alignment.
3) Text-alignment To measure the text-image align- Furthermore, to eliminate the in uence of LayoutGPT

ment, following Imagen3 [1], we choose VQA [6] score and facilitate fairer comparison, for the methods combined
which evaluates the alignment between an image and a textvith LayoutGPT in main paper Fig. 5 and Fig. S4, we re-
prompt by using a visual-question-answering model to an- place LayoutGPT with the user-provided subject layout. As
swer simple yes-or-no questions about the image content. shown in Fig. S2, the comparison methods exhibit unsuit-

4) Multi-subject Rate: In the text-guided background able relative sizes and relationships between fore-
inpainting task, sometimes the model will repeatedly draw ground and background.



S5. Comparisons on Subject-Position Fixed In-
painting with User-provided Layout

As mentioned in the main paper, our method is capable of
both subject-position variable and subject-position xed in-
painting, which can be exibly switched by setting the po-
sition switch embedding. To evaluate the performance on
the Subject-Position Fixed Inpainting task, we have under-
taken an exhaustive qualitative analysis, with the same user-
provided subject layout for both comparison methods and
our method. As depicted in Fig. S5, our approachAA
demonstrates its effectiveness by generating satisfactory in-
painting results when the position of the subject is xed.

The previous inpainting methods suffer from problems in- Figure S3. The visualization of attention maps of our model with

. o . . . position switch (PS) on and off. As the denoising process pro-
cluding missing certain objects in the background (not well gresses, the model with the position switch on gradually focuses

aligned with text), subject expansion, multiple subjects (0f jig attention towards the subject, effectively adapting to the po-
inaccurate number), and inappropriate subject size or subsition offset; while when the position switch is off, the model's
ject mispositioned. In contrast,”A generates high-quality  attention remains concentrated on the subject region in the origi-
results with minimal occurrences of subjects expanding be-nal image, without any position offset.

yond the boundaries or multiple subjects, and achieves a

good text-background alignment. Moreover, our method jization experiment. This experiment involves comparing
excels at creating a more harmonious visual relationship bethe model's attention maps (of the subject cross-attention

tween the generated background and the subject. layers) with the position switch embeddii@y activated
. (subject position change enabled) and deactivated (subject
S6. Details of User Study position xed). Fig. S3 illustrates the changes of the atten-

We conduct a user study to assess the rationality of the subtion distribution as the denoising process progresses. When
ject position and overall quality of the inpainted results. In the .p.osmcr)]n switch 'S_ enablﬁd (ensblllmg adaptlve SlébJeCt
the user study, we invited 31 participants majoring in com- POSition change)Ce = E,, the model's attention gradu-
puter science to conduct the experiment, and each partic-""”y,s_h'ftS towards the subject, effectively a'd.aptlng.to the
ipant received 40 sets of test questions. Fig. S6 present?_os't'on offs_et. In con_trast, W_h_en the position SW'_tC_h IS
some sample sets in the user study. Each set of test queéysabled ( xing the subject position tp that of _the original
tions consists o inpainted images: one generated bysA Image),Cp = Eo, the models aftention remains concen-

and another from a different method, along with the source Fated on the subject region in the original image, without
image and the text prompt. Each set of test images are shuf@ny position offset. Without subject-position adaptation, the

ed to ensure that the questionnaire is blindly evaluated by model can gene_rgte a wel_I-mpayntmg image, butits SUbJ.eCt'
the participants. Participants are asked to choose the bettep@ckground position relationship may not be as harmonious
image based othe rationality of the subject positioand &S When the position switch is activated.

overall image quality. Then we calculate the average pref- .
erence between A and the other 4 compared methods, S9. Analysis of RDT module

and the results are shown in Fig. 6 in the main paper, wherejn sec. 4.3 and Sec. S2, we introduce the pipeline and de-
our ATA receives the most preference from the participants, sign details of the proposed Reverse Displacement Trans-

demonstrating our superior position rationality. form module. In this section, we analyze the necessity of
. . the RDT module. The RDT module is designed to predict a
S7. More Results of Different Aspect Ratios suitable position for the subject, where the text information

We conduct extensive comparisons for images with Differ- is injected through the condition channel, which is the focus
ent Aspect Ratios. As illustrated in Figures S7, S8, SA A of Subject-Position Variable Inpainting task. Without RDT

demonstrates its versatility by producing high-quality im- M°dule, the extracted feature only contains the subject ap-
age outputs across a range of aspect ratios pearance information, which will lead to the generated sub-

ject being in a totally random position or even with distor-

S8. Visualization & Analvsis of Attention Ma tions du_n_ng the subjection fusion stage. We furthe_r evaIL_Jate
y P the additional cost brought by the RDT module, including

To provide a more intuitive assessment of the position the time cost during training stage and inference stage, as
switch's performance, we perform an attention map visu- shown in Tab. S1. Following Pinco [8], we also leverage



Table S1. Analysis of RDT module, where we test the time cost
during training stage and inference stage and the GPT-40 score.

(5]

Methods | training(s/epoch) | inference(s/image) | rationality by GPT4t

w/o RDT 976.5 8.41 86.2
w/ RDT 1044.5 8.94 92.8

GPT-40 to evaluate each image based on the rationality of [6]
the subject's position (with maximum score 100). From
Tab. S1, we can see that the RDT module has markedly
improved the position rationality score (86.82.8) while
bringing marginal time cost to the overall training (6.5%)

and inference (5.9%) pipelines. [7]

S10. Prospect

In our proposed “Text-Guided Subject-Position Variable
Background Inpainting task”, we only focus on the position
of one single subject, aiming to adaptively adjust the single
subject position and generate a harmonious image. How-
ever, for the multi-subjects scenario, it would become more
complex since the relative positioning and hierarchical con-
straints should be taken into consideration. Different from
Subject-Position Fixed Inpainting where the multi-subjects
can be combined in one image as the input, for Subject-
Position Variable Inpainting, the multi-subjects should be [10]
adaptively adjusted separately, but with the constraint of rel-
ative position to align with the text prompt. Also, the con-
ict of multi-subjects' positions should be avoided where
the overlap of multi-subjects might happen. In conclusion,
the multi-subjects scenario is quite a meaningful but dif -
cult direction, and our next step will consider multi-subject
adaptive positioning and might adopt an additional relative
position rationality module for evaluation and constraint.
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Figure S4. More Qualitative results for tBeibject-Position Variablénpainting task. We highlight the unreasonable extension parts with
boxes and the unreasonable layouts with purple boxes, and label the missing objects with corresponding . Please zoom in for
more details.
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