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Supplementary Material

This appendix provides additional details and analyses
for SIGMA. Section 7.1 presents an extended description
of the interleaved dataset, including task coverage, attribute
design, and the construction pipeline with special tokens
and interleaving strategies. Section 7.2 further explains
how generated data and existing corpora are combined into
a unified training set. Section 8 introduces the evalua-
tion protocols, including XVerseBench and a comprehen-
sive benchmark covering compositional generation, selec-
tive generation, style and relation transfer, and layout-based
generation. Section 9 describes the evaluation and train-
ing protocols, detailing how multi-condition inputs are han-
dled for all baselines and providing additional implemen-
tation details. Section 10 reports the user study setup and
analyzes human preferences across different tasks, show-
ing that SIGMA is consistently favored over strong base-
lines. Section 11 presents representative failure cases and
discusses the conditions under which SIGMA may strug-
gle. Section 12 provides additional qualitative results across
various tasks. Finally, Section 13 provides additional quali-
tative results and visual comparisons across various tasks.

7. Dataset
7.1. Dataset Overview
To make SIGMA actually learn which attribute should
be taken from which reference, we curate a large-scale,
text–image interleaved dataset with explicit attribute anno-
tations. The final corpus contains about 700K interleaved
sequences, each mixing text spans, special tokens, and
one or more condition images. The data covers six major
task families: compositional generation (100K), selective
extraction (226K), style transfer (153K), relation transfer
(41.6K), image editing (70K), and conditional layout gen-
eration (110K). This diversity is important: SIGMA is ex-
pected to see not only “one prompt + one image” cases, but
also multi-image, cross-attribute, and asymmetric-reference
cases at training time.

Pure vision–text pairs are not enough for that goal.
While vision–text paired data provides useful supervision,
it falls short when the model must track multiple visual
sources, resolve which text span refers to which image,
or propagate an intermediate relation (e.g., “make C look
like A stylized as B”). Models trained on such data tend
to blur visual and semantic correspondences across modali-
ties, producing less coherent multi-source generations. Our
dataset therefore switches the supervision unit from “cap-
tion ↔ image” to “interleaved sequence ↔ image”: ev-
ery sequence explicitly tells the model when a new visual

source appears and what semantic role it plays.
To make these roles machine-readable, we introduce 14

special tokens that indicate specific visual entities or at-
tributes (identity, subject, clothing, style, texture, lighting,
emotion, pose, background, environment, perspective, lay-
out, text, and select), together with a small functional to-
ken for explicit extraction of designated objects. Instead
of describing “a red bag next to the person” only in free-
form text, we insert the corresponding token right before
the textual mention and then place the referenced image in
the sequence. This tokenization does two things at once: it
anchors the text span to the correct image group, and it dis-
ambiguates which attribute we want to pull from that im-
age. In compositional generation, where several reference
images may contain overlapping content or similar colors,
this explicit anchoring is crucial. Otherwise, the model eas-
ily drifts and copies the wrong source.

Another key design choice is that the dataset is in-
tentionally attribute dense. Many samples contain mul-
tiple attribute tokens within the same image, for exam-
ple <subject> <clothing> and <background> ap-
pearing together. This reflects the realistic setting of inter-
leaved generation because when users provide several ref-
erence images, the ambiguity of what should be transferred
increases very quickly. Training on such densely annotated
and multi attribute cases helps SIGMA learn to extract only
the factors that are explicitly requested by the instruction
and to take them from the correct reference image rather
than mixing all visual cues together. Together with the scale
of the dataset, which contains 700K samples, and the diver-
sity of included tasks, this design enables SIGMA to main-
tain strong controllability at inference time even when the
input conditions are heterogeneous and user specified.

7.2. Dataset Construction
Data Sources and Generation. Our interleaved dataset
combines both newly generated and adapted sources to en-
sure broad coverage of compositional and conditional gen-
eration scenarios. We create large-scale synthetic data for
compositional, stylization, and editing tasks, and further in-
corporate high-quality existing corpora augmented with ex-
plicit image–token bindings.

We generate about 220K compositional samples using
GPT-4o [21] and Nano-Banana [7], covering diverse hu-
man–object–scene combinations such as indoor/outdoor en-
vironments, product displays, and clothing replacement. A
30K stylization subset and a 41.6K style-relation transfer
subset capture style and relation mappings; the latter trains
the model to apply a relation transformation (A → B)



to a new content image C, with style references collected
from PromptsRef and de-styled variants produced by Gem-
ini 2.5 Pro. We additionally include 20K image-editing
samples generated with Nano-Banana for customized con-
tent replacement and object insertion, verified for visual co-
herence. For selective-content extraction, we adapt Echo-
4o [63] by treating each compositional output as input and
identifying target objects via GPT-4o analysis, producing
prompts such as “Extract the {object} from the image.”
The conditional-layout subset includes two types of sam-
ples: those using explicit layout inputs such as canny or
depth maps, and those where one image from a composi-
tional sequence is designated as the layout condition. Depth
and structural cues are extracted using MiDaS [43], ensur-
ing consistent geometric control across diverse scenes.

Existing datasets including Nano-150K [63], Echo-
4o [63], X2Edit [32], and ShareGPT-4o [6] are also inte-
grated after token-based alignment, forming a unified inter-
leaved corpus for multi-condition learning.

Interleaving and Token Injection Pipeline To unify data
from diverse sources under the interleaved paradigm, we
design a structured token-injection pipeline that transforms
each original text–image pair into an interleaved multi-
modal sequence. Given a caption describing multiple en-
tities or attributes, we first parse the sentence to locate
phrases referring to concrete visual elements (e.g., “the
man,” “the red car,” “the city background,” “the jacket”).
Each identified phrase is prepended with a correspond-
ing <special token>, such as <id>, <subject>,
<clothing>, or <background>, which specifies the
intended attribute. The referenced image is then inserted
immediately after the phrase, forming a locally bound
text–image pair. Formally, a standard caption such as
“Make the man wear the blue jacket and stand beside the
car.” is converted into “Make <id>the man in <portrait im-
age> wear <clothing>the blue jacket in <jacket image>
and stand beside <subject>the car in <car image>” This
procedure yields an interleaved sequence that the diffusion
transformer can process directly, with each token–image
group representing one condition scope.

For existing datasets without explicit entity informa-
tion, we employ a large-language-model parser to infer
likely correspondences between nouns and reference im-
ages. Each inferred entity is assigned an appropriate token
from the 14-token vocabulary, ensuring consistent seman-
tics across heterogeneous data sources. We further enforce
quality control by discarding cases with ambiguous refer-
ences or unresolved entities.

This standardized interleaving pipeline transforms tradi-
tional vision–language datasets into structured multimodal
supervision that explicitly encodes cross-condition relation-
ships. By training on such sequences, SIGMA learns to

associate token semantics with their corresponding visual
sources, enabling robust multi-attribute reasoning and fine-
grained controllability during generation.

8. Benchmarks
We evaluate our method and baselines and cover different
aspects of controllable image generation. XVerseBench [3]
is used for compositional generation, comprising 20 distinct
human identities, 74 unique objects, and 45 different animal
species or individuals. The compositional generation split
contains 210 cases, each involving 1–3 input combinations,
allowing us to evaluate the model’s ability to handle multi-
entity reasoning.

We further introduce a new comprehensive benchmark
that jointly evaluates controllability, compositional reason-
ing, and structural alignment across four representative
tasks: compositional generation, selective generation, style
transfer, and layout-based generation. All benchmark sam-
ples are constructed from the held-out portion of our corpus
that is never used for training, ensuring a strict separation
between training and evaluation data. Specifically, the com-
positional subset contains 100 samples with 2 to 6 inputs
that mix humans, objects, and scenes. The selective subset
includes 100 samples that focus on extracting or generating
specific subjects. The style transfer task contains 60 sam-
ples, and the relation transfer task also contains 60 samples,
each designed to evaluate a different aspect of style/relation
control. The layout based subset includes 70 samples that
are guided by edge based conditions, where 17 use a sin-
gle canny map and 53 combine canny maps with additional
reference images.

Together, XVerseBench and our comprehensive bench-
mark provide complementary perspectives. The former
serves as a public and standardized evaluation protocol,
while the latter delivers a broad and fine-grained assess-
ment of controllability across diverse multi-condition set-
tings. These two benchmarks ensure that the evaluation cap-
tures both external benchmark performance and generaliza-
tion across rich, realistic, and systematically varied genera-
tion scenarios.

9. Evaluation and Training Protocols
9.1. Evaluation Protocol for Baselines
To ensure a fair comparison across all methods, we provide
each baseline with multi-condition inputs in the format na-
tively supported by that model, without altering its original
conditioning mechanism.

For both SIGMA and the Bagel [8], inputs follow the
text–image interleaving format used during post-training.
Each reference image is inserted as an image token block,
and SIGMA additionally prepends the corresponding spe-
cial attribute token to explicitly specify the role of each ref-



(a) Compositional generation (b) Selective generation (c) Style transfer

Figure 7. User study preference across the three tasks.

erence. Bagel receives the same interleaved sequence but
without attribute tokens, resulting in a purely text–image al-
ternating structure. For SSR [66] and XVerse [3], each ref-
erence image is provided together with an associated sub-
ject identifier, following the native conditioning design of
these models. For GPT-4o [21] and Nano [7], only stan-
dard text and image inputs are supported. Since neither
model accepts interleaved multimodal sequences or explicit
attribute tokens, we provide the full textual instruction fol-
lowed by all reference images in a flat, unordered format.
Generation is then performed through a single forward pass
without any model-specific tuning or adaptation. This pro-
tocol evaluates each model strictly under its native interface,
ensuring that differences in performance arise from control-
lability rather than input formatting constraints.

9.2. Extended Implementation Details

All images are processed at the native spatial resolution of
the Bagel backbone. We employ the backbone’s default dif-
fusion sampler and scheduling strategy, and use classifier-
free guidance with a fixed guidance scale throughout train-
ing and evaluation. During both training and inference,
no test-time optimization, prompt rewriting, or auxiliary
adapters are used. For all baselines, we directly follow their
original sampling hyperparameters and native inference set-
tings to avoid introducing differences unrelated to model
capability.

9.3. CLIP-ES Metric

CLIP-ES measures the similarity between the generated at-
tribute region and non-source reference images using CLIP
embeddings. Specifically, we first crop the region corre-
sponding to the evaluated attribute from the generated im-
age. The CLIP embedding of this region is then compared
with the embeddings of non-reference inputs. This met-
ric evaluates whether the generated attribute is correctly
aligned with its intended source and not mistakenly copied
from other references.

10. User Study
To complement automatic metrics, we conduct a user study
to assess the perceptual quality of SIGMA in compositional
generation, selective generation, and style transfer.

10.1. User Study Setup
Task design. We construct a user study with a total of
15 groups of samples. Each of the three tasks contains 5
samples in total. For each sample, the images produced by
different methods are anonymized and randomly shuffled
before being shown to users. The compositional and se-
lective generation tasks include 5 additional methods in to-
tal, namely, GPT-4o [21], Nano [7], XVerse [3], SSR [66],
and Bagel [8], while the style-transfer task evaluates 4 ad-
ditional methods, with CSGO [61] replacing XVerse and
SSR. Each sample is associated with three multiple-choice
questions, leading to 45 question blocks in total. All tasks
share a common question that asks users to select their over-
all favorite image among all candidates. For compositional
generation, the remaining two questions are: (i) “Select the
result that follows the textual instruction,” which evaluates
text-following ability; and (ii) “Select the result where the
objects are most visually consistent with the corresponding
objects in the input images,” which evaluates visual consis-
tency and correct attribute binding. For selective genera-
tion, we use the same two task-specific questions as com-
positional generation to access the ability of text following
and keeping consistency respectively. For style transfer, the
two task-specific questions are: (i) “Select the result whose
content is most similar to the content input image,” which
measures content preservation; and (ii) “Select the result
whose style is most similar to the style input image,” which
measures style similarity. The text-following questions al-
low users to select more than one result when several out-
puts follow the instruction equally well. In all other cases,
users provide a single choice per question.

Participants. We collected 36 valid responses in total af-
ter discarding incomplete questionnaires. The participants
include both researchers and university students, covering



people with prior experience in computer vision and image
generation as well as non-expert users. Each participant an-
swered all 15 samples, resulting in 36 × 15 × 3 individual
choices overall.

10.2. Results and Analysis
To quantify human preference across different aspects of
generation quality, we aggregate user votes by task, ques-
tion type, and method. For each task, we sum all votes be-
longing to the same evaluation question (instruction follow-
ing, consistency, or style/content similarity), and normalize
the counts to obtain preference percentages for each com-
peting method. Figure 7 visualizes the results for the three
tasks. Within each subplot, bars of the same color corre-
spond to the same evaluation aspect, the bar height indicates
the normalized preference, and the number above each bar
denotes the raw vote count.

As shown in Figure 7a and Figure 7b, SIGMA receives
the highest user preference in both compositional genera-
tion and selective generation across all evaluation aspects.
In particular, SIGMA achieves the largest proportion of
instruction-following votes and a markedly higher propor-
tion of consistency votes than all baselines, indicating that
users perceive SIGMA as better at preserving object identity
and maintaining correct attribute binding during generation.
The consistently strong performance on these two tasks sug-
gests that SIGMA more reliably extracts object-level cues
from input references and integrates them into the final im-
ages in a faithful and coherent way. Figure 7c shows that
SIGMA also performs strongly in the style-transfer task.
SIGMA attains the highest preference in both style sim-
ilarity and content similarity, demonstrating its ability to
model complex style cues while avoiding conflicts between
transferred style and preserved content. The strong user
preference in the “favourite” question further suggests that
SIGMA produces visually well-balanced results that users
find both natural and aesthetically appealing.

11. Failure Cases
Figure 8 illustrates two typical failure cases encountered in
our framework, covering compositional generation and se-
lective extraction. The first example is a high-complexity
compositional generation task. The prompt requires simul-
taneously binding multiple heterogeneous references, in-
cluding a person, hat, dress, shoes, a reading stand, and a
vehicle. When the number of input entities becomes large,
the model occasionally struggles to maintain natural inter-
actions across all referenced objects. This results in less
coherent spatial arrangements as well as incomplete render-
ing of certain elements, such as the partially blurred rear
of the car. These issues reflect the challenge of handling
dense multi-entity reasoning when the reference set grows
beyond the typical range seen during training. The sec-

Create a high-end automotive fashion 
shot. Style the person with long dark 
hair and a red sweater wearing: the 
elegant black dress with thin, pale blue 
pumps with bows, and the wide-
brimmed straw hat with a black logo. 
Position the wooden reading stand 
with a book and cup prop near the 
sleek silver coupe car. Generate a 
realistic scene with automotive 
lighting.

Inputs ResultPrompt

Produce a close-up of the light bulb.

Figure 8. Two representative failure cases of SIGMA. Top: a com-
positional generation example with a large number of heteroge-
neous references. Bottom: a selective generation case where the
reference image contains complex background structures.

ond example shows a selective generation failure, where
the model is asked to isolate and render a specific object
from the reference image containing a complex, cluttered
background. When the target object is small relative to its
surroundings and embedded within highly textured environ-
ments, the attribute-specific token fails to fully suppress dis-
tractors, leading to geometric deformation or leakage of ir-
relevant background features. This indicates that selective
extraction becomes more difficult when the foreground ob-
ject is visually entangled with the background, particularly
in cases where object boundaries are not sharply separable.

These cases highlight limitations that arise mainly in ex-
treme or visually challenging scenarios, either when the
number of referenced entities exceeds the model’s typical
operating regime or when selective extraction is applied to
cluttered scenes with non-salient targets. Improving robust-
ness under these conditions remains an interesting direction
for future works.

12. Additional Quantitative Evaluation

12.1. Style Transfer Evaluation

To quantitatively evaluate style and content preservation,
we adopt CLIP-I similarity together with GPT-4o pair-
wise preference evaluation. CLIP-I measures the simi-
larity between generated images and attribute-specific re-
gions cropped from the corresponding reference images.
Table 5 summarizes the quantitative results on style trans-
fer using CLIP-I similarity and GPT-4o pairwise prefer-
ence. From the CLIP-I scores, SIGMA achieves compet-
itive performance on both style application and content
preservation. More importantly, the GPT-4o preference
results show that SIGMA is preferred over Bagel across
both benchmarks, indicating that its outputs better preserve
the intended style–content decomposition while maintain-
ing overall visual quality.



CLIP-I Score GPT-4o Pref. (SIGMA vs.)
Bench Metric GPT Nano CSGO Bagel SIGMA CSGO Nano Bagel

Ours Style 63.9 68.4 64.0 62.0 64.3 55.0 43.3 71.7Content 78.1 81.3 75.2 68.2 80.0

XVerse Style 73.8 69.4 64.1 54.1 72.8 46.3 41.3 71.3Content 74.6 81.6 80.1 94.8 74.3

Table 5. Style/Content similarity (CLIP-I↑) & GPT-4o Preference.

Method Layout Adherence (%) Visual Quality (%)

SIGMA vs Bagel 65.38 54.85
SIGMA vs EasyControl 88.46 92.31
SIGMA vs Nano 61.54 69.23
SIGMA vs GPT-4o 69.23 46.15

Table 6. Human A/B preference results for layout-conditioned
generation. Values indicate the percentage of cases where SIGMA
is preferred over the competing method.

Comparison Preference Rate (%)

SIGMA vs Bagel 87.5
SIGMA vs XVerse 96.15
SIGMA vs Nano 57.69
SIGMA vs CSGO 76.92

Table 7. Pairwise human preference results across multiple tasks.
Values indicate the percentage of cases where SIGMA is preferred.

12.2. Pairwise A/B Preference Study

To further evaluate generation quality and attribute bind-
ing correctness, we conduct human A/B preference studies
comparing SIGMA with several strong baselines. Partici-
pants are asked to select the result that better satisfies the
given instruction.

Layout-only generation. Since automatic metrics such as
FID may not always align with human perception of spatial
alignment and visual realism, we conduct a dedicated A/B
study for layout-conditioned generation and the results are
shown in Table 6. Participants compare outputs produced
by SIGMA and competing methods and select the image
that better follows the given spatial layout.

Attribute Binding Evaluation. We further evaluate source
correctness and selective attribute binding across four repre-
sentative tasks: compositional generation, selective genera-
tion, style transfer, and layout-conditioned generation. For
each pairwise comparison, participants choose the result
that better follows the instruction and correctly preserves
attribute sources. The results are shown in Table 7.

Overall, the results consistently favor SIGMA over com-
peting approaches, indicating that the proposed token-based
attribute binding and selective generation mechanism im-
proves both controllability and perceptual generation qual-
ity.

12.3. Computational Costs
With 49 sampling steps, SIGMA has comparable inference
cost to the Bagel backbone. Specifically, SIGMA requires
77.47s and 30.4GB GPU memory per generation, com-
pared to 74.37s and 29.8GB for Bagel. The additional over-
head mainly comes from the attribute-token processing and
group-scoped attention masking. The post-training stage
runs for 50K steps and takes approximately 120 hours on
our training setup.

13. Additional Qualitative Evaluation
We further provide an extensive set of qualitative results to
illustrate the generality and robustness of SIGMA across
a wide range of generation scenarios. For compositional
generation, Figure 9 shows additional comparisons against
all baselines, where SIGMA consistently produces coher-
ent combinations that preserve object identity and correctly
bind attributes across references. In selective generation
(Figure 10), SIGMA reliably extracts only the instructed
regions or objects while maintaining the appearance and
structure. Additional style-transfer results in Figure 11
show that SIGMA captures complex stylistic cues while
preserving content, producing clean and visually stable out-
puts. We also include layout-only generation results in
Figure 12, where SIGMA adheres faithfully to coarse spa-
tial layouts while generating high-quality content, as well
as layout + reference generation in Figure 13. Relation-
transfer examples are provided in Figure 14, illustrating
SIGMA’s ability to reproduce relational configurations such
as relative poses or style. Finally, Figure 15 presents
editing examples, showing that SIGMA performs compet-
itively on diverse edit instructions while preserving overall
scene fidelity. These extended qualitative results highlight
SIGMA’s versatility, its strong attribute and relation bind-
ing, and its overall stability and fidelity across a broad spec-
trum of generation and editing tasks.



Input SIGMA
Combine a portrait, a product, and a 
background scene into a realistic and 
visually balanced image where the person is 
interacting with the product in the 
environment.

Bagel XVerse SSR Nano GPT4o

Replace the black shirt of the person with 
the white Limoncello t-shirt, ensuring it 
fits naturally over her frame and 
complements her relaxed stance. 

Dress the model with the black textured 
t-shirt and the grey linen pants.

I’d like to see a young man in a checkered 
shirt and orange tie sitting on a stone step at 
the base of a large pyramid, engaging in a 
thoughtful discussion with another man in 
glasses, surrounded by lush greenery and 
ruins under a clear blue sky.

Position the goat in a lush, green pastoral 
setting, as if grazing leisurely. Nearby, place 
the banana on a small wooden picnic table. 
In the branches of a tree above, perch the 
bird

Position the young woman seated at one of 
the wooden tables in the café, her relaxed 
posture accentuated as she gently cradles the 
ornate lantern in her hands. The lantern casts 
a warm light that illuminates her face, 
creating a cozy, intimate ambiance. The 
large windows behind her reveal vibrant 
trees, further enhancing the inviting 
atmosphere of the café.

A man stands beside a steam 
locomotive.

A woman is holding a Sphynx cat.

A Siamese cat is sitting beside a vintage 
camera and a cactus.

Make a picture of these cartoon avatars at a 
birthday party, holding balloons and posing 
with a cake.

A black folding chair paired with an orange 
retro TV blends with the wooden cabinet in 
a unified dining room.

Prompts

Figure 9. Additional compositional generation results. SIGMA preserves object identity, maintains attribute binding across references, and
produces coherent global structures, while baselines often struggle with object fusion, spatial arrangement, or cross-object consistency.



Input SIGMA Bagel XVerse SSR Nano GPT4oPrompts

Select the blonde-haired woman wearing 
a black blouse and leopard-print.

Produce a close-up of an SSD.

Select a young woman.

Select the person.

Select the young woman with long 
black hair, hoop earrings, mint-green 
FILA T-shirt, and white pants.

Isolate the second person from the left.

Compose an isolated view of the donut.

Locate the jacket and render it alone.

Compose a background-only frame of 
traditional pagoda.

Locate the rabbit and render it alone.

Extract the product.

Figure 10. Additional selective generation examples. Given an instruction that targets only part of the scene, SIGMA reliably extract the
specified region while keeping the appearance unchanged. Compared with the baselines, SIGMA achieves stronger localized control with
fewer artifacts and better structural preservation.



Style Input SIGMA Bagel CSGO Nano GPT4oContent Input

Figure 11. Additional style-transfer comparisons. SIGMA successfully transfers fine-grained style cues from the reference image onto the
content image while maintaining structure and detail.



Input SIGMA Bagel EasyControl Nano GPT4o

Figure 12. Additional layout-only generation results. Given only a spatial layout as conditioning, SIGMA adheres closely to the prescribed
structure while generating high-quality and coherent content.

Input SIGMA Bagel Nano GPT4oPrompts

Generate a product bundle image by combining the 
given product images in a creative and appealing 
way. Generated image should follow the canny 
layout.

Generate a product bundle image by combining the 
given product images in a creative and appealing 
way. Generated image should follow the canny 
layout.

Create a realistic image combining the person and 
the product, making them appear naturally together 
in the same scene. Generated image should follow 
the canny layout.

Create a cohesive image that combines the dining
room, the two white dogs, the table and chairs, and 
the brown dog into a single, natural scene. Maintain 
appropriate proportions and lighting to allow 
designated elements to naturally blend into the space. 
Generated image should follow the canny layout.

Figure 13. Additional layout + reference generation examples. SIGMA effectively combines layout constraints with appearance cues from
the reference image, producing results that align with both spatial structure and visual identity. Baselines exhibit layout drift or fail to
transfer reference-specific details, while SIGMA maintains precise structure and faithful attribute transfer.



Image input SIGMARelation input Image input SIGMA

Figure 14. Additional relation-transfer results. SIGMA reproduces the relational configuration between reference objects, such as relative
pose, interaction, or style, while allowing appearance variations. These examples demonstrate SIGMA’s ability to capture higher-order
visual relationships beyond object-level cues.



Input SIGMA Bagel Nano GPT4oPrompts

Design a promotional image of the product being arranged neatly by 
a worker at a café table with bright store lighting, front-facing shot. 
Ensure the product is bright, sharp, and clear. Preserve the exact 
appearance of the product.

Change the expression of the woman seated at the press table from a 
neutral, closed-mouth look to a warm, toothy smile with slightly raised 
cheeks and brighter eyes. Keep her pose, arms, hairstyle, clothing, 
necklace and the entire background (race-car poster, microphones, 
bench) unchanged to ensure only the facial expression is modified.

Change the pose of the girl in the yellow blouse and blue skirt: 
originally she stood with one arm extended to the side and the other 
hand near her chin with legs crossed, but in the edited version both 
arms are raised and her fingers form a double "V" (yes/peace) gesture 
beside her head. Keep her face, hairstyle, outfit, lighting and the 
background identical—only adjust the arm and hand positions (and 
any minor limb alignment) to match the new gesture.

Rotate the object 45 degrees clockwise.

Transform the original headshot by changing the hairstyle to a 
voluminous, chin-length curly bob with soft, short bangs and shifting 
the hair color to a warm auburn/copper red, while keeping the 
subject's face, expression, skin tone, clothing, and lighting unchanged. 
Ensure the edit reads as the same person with a clear focus on hair 
shape and color. Facial features, makeup, skin texture, pose, and the 
patterned black blouse remain intact so the identity is preserved and 
the change is clearly limited to hairstyle and color.

Edit the portrait into a sepia-toned 1905-style full-body portrait: high-
collar blouse, long skirt, updo, vintage parlor background.

Place the woman on a rocky beach shore; keep her unchanged.

Shift the view slightly to the left.

Zoom in on the pocket on the chest.

Figure 15. Image-editing results. SIGMA modifies the requested content according to the text prompts while preserving surrounding
regions, global scene layout, and overall visual coherence.


