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Figure 1. Overview of tasks within our unified framework, covering diverse generation scenarios including compositional generation,
selective generation, stylization, style relation transfer, and layout-based generation.

Abstract

Recent unified models such as Bagel demonstrate that
paired image–edit data can effectively align multiple vi-
sual tasks within a single diffusion transformer. However,
these models remain limited to single-condition inputs and
lack the flexibility needed to synthesize results from multi-
ple heterogeneous sources. We present SIGMA (Selective-
Interleaved Generation with Multi-Attribute Tokens), a uni-
fied post-training framework that enables interleaved multi-
condition generation within diffusion transformers. SIGMA
introduces selective multi-attribute tokens, including style,
content, subject and identity tokens, which allow the model
to interpret and compose multiple visual conditions in an
interleaved text–image sequence. Through post-training on
the Bagel unified backbone with 700K interleaved exam-
ples, SIGMA supports compositional editing, selective at-
tribute transfer and fine-grained multimodal alignment. Ex-
tensive experiments show that SIGMA improves controlla-
bility, cross-condition consistency and visual quality across
diverse editing and generation tasks, with substantial gains
over Bagel on compositional tasks. Code is available at
https://github.com/auihund/SIGMA.

† Corresponding author.

1. Introduction
Unified generative models [16, 20, 27, 53–55, 57] have re-
cently emerged as a powerful paradigm for combining di-
verse visual tasks within a single architecture. The Bagel
model [8] achieves impressive generalization in unified im-
age generation and editing by training on paired image–edit
data, allowing one diffusion transformer to perform both
synthesis and manipulation. However, such unified models
are typically restricted to single-condition inputs—for ex-
ample, a single reference image or prompt—thus limiting
their ability to compose information from multiple sources.
In many practical scenarios, generation requires combin-
ing heterogeneous conditions, such as identity, content, and
artistic style, into one coherent visual result.

This issue of binding [14], or how elements from dif-
ferent sources can be combined in a unified representation,
has been a longstanding challenge in representation learn-
ing. In perceptual modeling, object-centric frameworks [28,
30, 58] address this problem by disentangling and tracking
object-specific representations across scenes. However, in
generative and editing settings, the binding problem reap-
pears in a different form, where models must learn to as-
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sociate semantic attributes such as identity, style, or layout
with their visual targets. Earlier approaches [19, 25, 39] typ-
ically achieved binding through task-specific architectural
designs (e.g., using separate encoders for content and style)
or by overfitting to a single editing modality. These methods
often fail to generalize across diverse conditions, especially
in auto-regressive architectures like transformers, which are
key to models like Bagel [8].

To address this limitation, we propose SIGMA
(Selective-Interleaved Generation with Multi-Attribute To-
kens), a post-training framework that extends the unified
Bagel model to handle interleaved multi-condition gener-
ation. SIGMA introduces a mechanism for binding that al-
lows users to upload multiple condition images, such as a
person photo, an accessory image, and a style reference, and
describe their relationships through interleaved text–image
sequences (e.g., “a photo of a man” + his portrait + “with
a photo of a dog” + the dog image + “in the style of
Van Gogh” + a style image). The diffusion transformer
then interprets this mixed sequence to produce a coherent,
attribute-composed image, effectively bridging the gap be-
tween multi-reference input and unified generation.

At the core of SIGMA is the introduction of multi-
attribute tokens, which enable the model to selectively con-
trol which aspects of each condition are used during gener-
ation. We design specialized tokens for attributes such as
style, content, identity, and subject, allowing fine-grained
control over how different references contribute to the final
output. For instance, when a portrait of Van Gogh is en-
coded under a Style Token, the system extracts his artistic
brushwork, while encoding it under an Identity Token trans-
fers his facial identity. This selective conditioning mecha-
nism empowers SIGMA to perform attribute-specific rea-
soning and cross-modal composition, enabling a form of
binding that is essential for flexible image editing and syn-
thesis which are not supported by existing unified models.

We further perform interleaved post-training on the
Bagel backbone using a newly collected dataset of 700K in-
terleaved examples, spanning diverse combinations of refer-
ence images, textual prompts, and style–content mappings.
This post-training not only enhances compositional under-
standing but also allows flexible user interaction, supporting
mixed text–image inputs and partial editing without fine-
tuning. Extensive experiments across multiple generation
and editing benchmarks show that SIGMA substantially im-
proves controllability, visual coherence, and attribute align-
ment. In particular, SIGMA achieves clear improvements
over the Bagel unified model across compositional, selec-
tive, and layout-based generation, while approaching the
performance of GPT–4o and Nano-Banana on several chal-
lenging benchmarks. An overview of the tasks supported
by our unified framework is illustrated in Figure 1.

Our core contributions are:

• We propose SIGMA, a unified post-training framework
based on Bagel that supports interleaved multi-condition
generation through a diffusion transformer architecture.

• We introduce a set of selective tokens that enable fine-
grained control over how multiple condition images are
composed and interleaved during generation.

• We construct a 700K interleaved image–text dataset and
conduct extensive experiments, demonstrating SIGMA’s
superior controllability, compositionality, and visual fi-
delity across various editing and synthesis tasks.

2. Related Work
2.1. Image Generation
Recent advances in generative modeling have enhanced
the fidelity and controllability of image synthesis. Early
frameworks based on Generative Adversarial Networks
(GANs) [13, 23] demonstrated capabilities in generating
high-resolution and realistic imagery, yet suffered from
training instability and limited diversity. The introduc-
tion of Denoising Diffusion Models (DDMs) [17, 44] fun-
damentally reshaped the field, replacing adversarial train-
ing with iterative denoising. These models capture richer
multi-scale visual statistics and enable fine-grained con-
trol through noise scheduling and classifier-free guidance.
More recently, Diffusion Transformers (DiTs) [40] unified
diffusion dynamics with transformer-based architectures,
demonstrating superior scalability and cross-domain gener-
alization [9, 18, 26, 29, 50, 51, 56, 70]. Building upon these
foundations, subsequent works such as Flux [24], PixArt-
α [4], and OmniGen [59] explored cross-modal condition-
ing and large-scale pretraining to achieve both visual quality
and semantic alignment.

2.2. Conditional Generation
Conditioned image generation aims to control the genera-
tive process via external signals such as subject [15, 22,
49, 67, 71], layout [33–36, 60, 65, 69], font [31, 47, 48],
or style cues [12, 52, 68]. Text-to-image diffusion models,
including Stable Diffusion [44], Imagen [45], and DALL·E
2 [42], demonstrated unprecedented semantic controllabil-
ity by aligning latent representations with language em-
beddings. Beyond textual prompts, multimodal condition-
ing strategies have emerged to guide generation via spa-
tial and structural constraints such as ControlNet [65], T2I-
Adapter [37], and IP-Adapter [62]. These methods enable
precise manipulation over pose, depth, or sketch inputs.
However, existing pipelines often rely on independent mod-
ules or task-specific fine-tuning, limiting cross-condition
generalization.

2.3. Unified Generative Models
While task-specific conditional models achieve high con-
trollability, they typically lack cross-domain generaliza-
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tion and parameter efficiency. The emerging trend is to
build unified generative frameworks that jointly support
multiple conditioning modalities within a single backbone.
Representative efforts include OmniControl [60], Make-A-
Scene [11], and PixArt-Σ [5], which extend diffusion trans-
formers to handle multimodal prompts such as text, layout,
and sketches in a unified latent space. Other approaches,
such as UniDiffuser [1] and Muse [2], jointly learn bidi-
rectional mappings between vision and language, support-
ing both generation and understanding within the same
model [64]. These unified paradigms highlight a shift to-
ward general-purpose generative intelligence—models ca-
pable of seamlessly adapting to diverse conditions and tasks
without task-specific retraining. Our work follows this
trend by designing a unified diffusion–transformer archi-
tecture that maintains modality-consistent representations
while preserving fine-grained conditional controllability.

3. Method
In this section, we describe the unified backbone and post-
training setup in Sec. 3.1,the multi-attribute token design
in Sec. 3.2, the interleaved conditioning mechanism in
Sec. 3.3, and the group-scoped attention mask in Sec. 3.4.
The overall architecture is illustrated in Fig. 2.

3.1. Unified Backbone and Post-Training
We build upon the unified model paradigm established by
Bagel, which integrates multiple image generation and edit-
ing tasks within a single diffusion transformer backbone.
Let Mθ denote the pretrained unified diffusion model pa-
rameterized by θ, trained on paired data (xsrc, xtgt) repre-
senting pre- and post-edit images. Given an input image
xsrc and a text instruction c, the model predicts the target
image xtgt through the denoising process:

zt−1 = Mθ(zt, c, xsrc, t), (1)

where zt denotes the latent at timestep t. This unified setup
allows multi-task learning across generation, editing, and
inpainting.

However, the original unified model is restricted to
single-condition inputs and cannot handle multimodal con-
ditioning (e.g., multiple reference images with different se-
mantics). To overcome this limitation, we introduce a post-
training phase that augments the Bagel backbone to sup-
port interleaved multi-condition inputs. Instead of condi-
tioning on a single pair (xsrc, c), SIGMA is trained on inter-
leaved sequences s that mix multiple reference images and
text spans with multi-attribute tokens. We keep the same
denoising objective as in the backbone and simply change
the conditioning form:

LSIGMA = E(s,xtgt), t

[∥∥zt−1 −Mθ(zt, s, t)
∥∥2
2

]
, (2)

where s denotes the interleaved text–image sequence that

includes the text prompt, all condition images, and their as-
sociated attribute tokens.

3.2. Multi-Attribute Token Design
The key innovation of SIGMA lies in its Selective Multi-
Attribute Tokenization. Instead of treating all condition-
ing images equally, we assign a specific attribute token to
each condition according to its semantic role. Formally,
for an input image xi, we define a task-specific embedding
τi ∈ T chosen from a fixed attribute vocabulary:

T = {Style,Subject,Identity,Layout, . . . }.
(3)

Each token τi modulates the feature extraction and fusion
process by controlling which latent subspace of the diffu-
sion transformer is activated. This design allows selective
extraction of visual attributes: for instance, encoding a Van
Gogh portrait under a Style token captures brushstroke
patterns, while encoding it under an Identity token pre-
serves facial characteristics.

Given the encoded condition image features vi =
Eϕ(xi) and the corresponding attribute token τi, we com-
pute a token-conditioned embedding:

ti = vi +Wτ (τi), (4)

where Wτ is a learnable attribute projection matrix. These
attribute-specific tokens provide fine-grained control and fa-
cilitate multi-attribute composition during generation.

3.3. Interleaved Conditioning Mechanism
To support multi-condition fusion, we introduce an inter-
leaved conditioning mechanism that allows text and im-
age inputs to appear in an alternating sequence. Let Tk

denote text embeddings and Ik denote the corresponding
image condition embeddings with assigned attribute tokens.
The final input sequence to the diffusion transformer is con-
structed as:

H = [T1; I1;T2; I2; . . . ;Tn; In], (5)

where [·] denotes token concatenation in the temporal or-
der of user specification. This interleaved structure enables
flexible multimodal reasoning: the model can learn to parse
textual descriptions and visual conditions jointly, preserv-
ing contextual alignment across modalities.

During training, the diffusion transformer processes this
interleaved sequence through a series of cross-attention and
self-attention layers. The Group-Scoped Attention Mask
(Section 3.4) ensures that only relevant attribute tokens in-
fluence specific attention heads, while implicit alignment
feedback encourages consistent blending between adjacent
conditions. This alignment signal naturally arises from
the denoising objective and the interleaved token structure,
guiding the model to associate each attribute token with its
corresponding visual source without requiring an explicit
reward model.
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Figure 2. Overview of SIGMA. Left: Each sample may include multiple images, and each image can involve multiple visual attributes.
Text–Image Interleave aligns textual spans with image placeholders, while Special Token Adding binds specific attributes to their corre-
sponding images, avoiding semantic entanglement. Right: On top of causal attention, we add group-scoped masks so each special token
can only attend to images within its own group, effectively reducing cross-image interference and ensuring clean attribute–image binding.

At inference, users can freely combine different types of
conditions (e.g., “a dog photo + a style painting + an en-
vironment image”) in any interleaved order. SIGMA in-
terprets each condition adaptively based on its token se-
mantics, producing coherent and controllable compositions
across styles, identities, and layouts.

3.4. Group-Scoped Attention Mask
Although interleaved conditioning enables flexible multi-
modal composition, it also introduces undesired attribute
leakage, where special tokens corresponding to one refer-
ence image may attend to unrelated image patches from
other conditions. Such uncontrolled attention often leads
to semantic confusion between reference signals, result-
ing in degraded controllability and inconsistent generation.
To address this, we design a simple but effective group-
scoped attention mask that restricts cross-group attention
for special tokens while preserving other attention patterns,
thereby retaining the model’s ability to reason about spatial
layouts, geometry, and alignment across conditions.

We denote the final input sequence by H =
{h1, . . . , hL}, where L is the total number of to-
kens. Each token hℓ has a type type(hℓ) ∈
{special,text,image,plain}, representing at-
tribute tokens (e.g., <id>, <style>), textual instruction
tokens, image patch tokens, and other non-grouped
text tokens, respectively. Tokens of type special or
image are additionally associated with a group index
grp(hℓ) ∈ {1, . . . ,m}, corresponding to each refer-
ence condition. We construct a binary attention mask
B ∈ {0, 1}L×L, where each element B[q, k] determines
whether the query token hq is allowed to attend to the key

token hk. The final mask is obtained by combining three
components:

B = (C ∧M) ∨ S, A = (1−B) · (−∞), (6)

where A is added to the attention logits before the soft-
max. Here C encodes the causal attention pattern inherited
from Bagel, S enables unrestricted intra-image attention,
and M enforces the group constraint.

The causal mask C maintains the autoregressive prop-
erty of the original model by allowing each token to attend
only to previous tokens in the sequence:

C[q, k] = 1 iff k ≤ q. (7)

The intra-image mask S enables full bidirectional attention
among patch tokens belonging to the same image, which is
crucial for local reasoning about structure, geometry, and
spatial relations:

S[q, k] =


1, if type(hq) = type(hk) = image,

img(hq) = img(hk),

0, otherwise.

(8)

Finally, the group constraint M restricts special tokens
from attending to image patches outside their correspond-
ing group, effectively blocking cross-condition leakage:

M[q, k] =


0, type(hq) = special,

type(hk) = image,

grp(hq) ̸= grp(hk),

1, otherwise.

(9)

This masking strategy enforces minimal but effective
structure in the attention map. Special tokens are linked
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only to their designated image patches. Images preserve un-
restricted internal connectivity, and the rest of the sequence
follows the original causal ordering. The design prevents
attention drift across unrelated conditions while still allow-
ing the model to capture global dependencies and relational
cues through text tokens and causal connections. In prac-
tice, this yields attribute disentanglement and more control-
lable multi-condition generation without reducing the ex-
pressive capacity of the underlying diffusion transformer.

4. Interleaved Multi-Condition Dataset
4.1. Dataset Overview
To enable SIGMA to learn which attribute should be taken
from which reference, we curate a large-scale interleaved
dataset where text spans, special tokens, and multiple condi-
tion images are aligned. The final corpus contains 700K se-
quences across six major task families—compositional gen-
eration (100K), selective content extraction (226K), styliza-
tion (153K), relation transfer (41.6K), image editing (70K),
and conditional layout generation (110K). The distribution
of these task families is illustrated in Fig. 3(a). Com-
pared with standard caption–image pairs, this interleaved
formulation forces the model to handle multi-image, multi-
attribute, and asymmetric-reference scenarios, which are
central to controllable multimodal generation.

To make attribute–image bindings machine-readable, we
introduce 14 special tokens denoting entity- or attribute-
level cues such as identity, subject, clothing, style, layout,
pose, and lighting. Tokens are injected directly before the
corresponding textual mention, followed by the referenced
image. This converts each caption into a structured multi-
modal sequence that specifies which visual factor should be
extracted from each source. Many samples are intention-
ally attribute-dense (e.g., <subject> + <clothing> +
<background> for a single image), allowing SIGMA to
learn disentangled selection rather than uncontrolled fusion
when references overlap in content or appearance.

4.2. Dataset Construction
Our dataset combines newly generated samples and adapted
high-quality corpora. We synthesize large-scale composi-
tional, stylization, relational style-transfer, and editing data
using GPT-4o and Nano-Banana, covering human, object,
and scene combinations. The selective extraction subset is
derived from Echo-4o by treating each compositional out-
put as input and identifying extraction targets using GPT-
4o. The conditional-layout subset incorporates canny/depth
maps and layout-designated reference images, with geo-
metric cues extracted by MiDaS. Existing datasets such as
Nano-150K, Echo-4o, X2Edit, and ShareGPT-4o are con-
verted into the interleaved format via token injection.

To unify data from heterogeneous sources, we employ a
structured token-injection pipeline that converts each sam-

ple into an interleaved text–image sequence, as shown in
Fig. 3(b). Each entity-bearing phrase in the caption is paired
with a special token and its corresponding reference im-
age, yielding locally bound text–image groups that specify
the intended visual attributes and their sources. This stan-
dardized interleaving process makes cross-condition rela-
tionships explicit and enables SIGMA to learn fine-grained,
source-aware attribute control.

5. Experiment
5.1. Experimental Setup
Training Details. We build our model upon the Bagel
unified diffusion backbone [8], training only the generation
branch while freezing the VAE module. For each task fam-
ily in our interleaved multi-condition corpus, we allocate
95% of the sequences to the training set, where multiple
special tokens serve as conditioning signals. The model is
trained for 50K steps on 4 NVIDIA H200 GPUs. To im-
prove efficiency, we apply token packing with a maximum
of 30K tokens per packed batch. A cosine learning rate
schedule is used with a peak learning rate of 2×10−5 and a
minimum learning rate of 10−7. Optimization is performed
using AdamW (β1 = 0.9, β2 = 0.95) with gradient clip-
ping of 1.0, and we employ fully sharded data parallelism
to scale training across multiple GPUs.

Benchmarks. We evaluate our method on several bench-
marks that cover different aspects of controllable image
generation. We use XVerseBench [3] for compositional
generation, which provides diverse human identities, ob-
jects, animals references for assessing multi-entity reason-
ing. In addition, we construct a new comprehensive bench-
mark that jointly evaluates controllability, compositional
reasoning and structural alignment across four representa-
tive tasks: compositional generation, selective generation,
style transfer and layout-based generation. All samples are
drawn from the held-out portion of our corpus to ensure
a strict separation between training and evaluation. Full
statistics, benchmark construction details and per-task con-
figurations are provided in the supplementary material.

Baselines. In addition to Bagel [8], we include recent
unified diffusion transformers such as XVerse [3] and
SSR [66]. We also incorporate EasyControl for the layout
based generation setting. To provide a reference to general-
purpose multimodal systems, we report results from closed-
source models GPT-4o [21] and Nano-Banana [7].

Metrics. We evaluate controllability and perceptual qual-
ity using a mix of semantic and visual metrics. CLIP↑,
CLIP-I↑ [41], and DINO↑ [38] similarities measure
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Figure 3. Overview and construction of the interleaved multi-condition dataset. (a) The 700K corpus spans six task families, including
compositional generation, selective content extraction, stylization, relation transfer, image editing, and conditional layout. (b) Data are built
via compositional generation (GPT-4o + Nano-Banana), selective content extraction (object matching with GPT-4o), and token-injection
that binds text entities with reference images for interleaved supervision.

Benchmark Method CLIP↑ CLIP-I↑ DINO↑ DreamSim↑

XVerse Bench

GPT-4o 32.94 77.74 66.42 68.11
Nano-Banana 32.45 75.50 65.10 69.54
SSR 27.72 69.19 46.98 63.24
XVerse 33.94 67.53 45.24 66.25
Bagel 24.32 66.32 56.13 53.31
SIGMA (Ours) 31.96 (+7.64) 75.57 (+9.25) 59.52 (+3.39) 67.87 (+14.56)

Our Bench

GPT-4o 31.07 77.93 63.58 67.49
Nano-Banana 30.65 75.63 62.22 62.78
SSR 28.61 65.34 54.11 52.65
XVerse 32.33 44.15 42.76 54.63
Bagel 17.91 52.52 41.62 43.27
SIGMA (Ours) 30.29 (+12.38) 78.94 (+26.42) 64.08 (+22.46) 62.45 (+19.18)

Table 1. Comparison of compositional generation performance
across two benchmarks. Numbers in parentheses show improve-
ment over Bagel. Rows highlighted in gray denote closed-source
models.

Method CLIP↑ CLIP-I↑ CLIP-ES↓ AES↑

GPT−4o 25.84 80.14 60.22 5.882
Nano−Banana 25.48 77.88 62.63 5.804

SSR 25.46 71.68 58.78 5.914
XVerse 25.15 70.61 61.16 5.181
Bagel 23.49 70.61 67.90 5.209
SIGMA (Ours) 25.90 (+2.41) 80.26 (+9.65) 58.02 (–9.88) 5.849 (+0.64)

Table 2. Selective generation results on our benchmark. Numbers
in parentheses show improvement over Bagel.

text–image and subject alignment, while CLIP-ES↓ as-
sesses subject exclusivity in multi-reference settings.
AES↑ [46] evaluates the overall aesthetic appeal, and
DreamSim↑ [10] quantifies perceptual similarity aligned
with human visual judgment. For layout-based gener-
ation tasks, we additionally report the F1↑ score com-
puted between the extracted and input edge maps in edge-
conditioned generation to assess structural consistency, and
the FID↓ to measure distributional fidelity.

Condition Method F1↑ FID↓ CLIP↑ AES↑

Layout only

GPT−4o 0.09 196.02 27.33 5.545
Nano−Banana 0.12 189.46 26.50 5.743

EasyControl 0.16 135.27 27.14 5.357
Bagel 0.10 103.72 25.82 4.13
SIGMA (Ours) 0.44 (+0.34) 121.08 (+17.36) 26.35 (+0.53) 5.649 (+1.52)

Layout
+ Reference

GPT−4o 0.04 182.48 24.39 6.01
Nano−Banana 0.04 161.91 24.86 5.912

Bagel 0.25 188.83 24.22 4.54
SIGMA (Ours) 0.35 (+0.10) 108.05 (–80.78) 24.53 (+0.31) 5.774 (+1.23)

Table 3. Layout-based generation results on the layout-based sub-
set of our benchmark. Numbers in parentheses show improvement
over Bagel.

5.2. Quantitative Evaluation
We assess SIGMA on three representative tasks. Across all
settings, SIGMA delivers strong and reliable performance.

On the compositional generation benchmark, Table 1
shows that SIGMA outperforms both SSR and Bagel across
all four metrics. Relative to Bagel, SIGMA achieves sub-
stantial gains on CLIP, CLIP-I, DINO, and DreamSim,
highlighting the effectiveness of our fusion mechanism in
preserving identity and compositional integrity. Compared
with XVerse, SIGMA attains slightly lower CLIP scores but
consistently higher CLIP-I, DINO, and DreamSim, indicat-
ing stronger structural and perceptual alignment with the
references. Among all open-source methods, SIGMA de-
livers the best overall performance and approaches the qual-
ity of GPT–4o and Nano-Banana, suggesting that it can ac-
curately capture the intended objects and attributes while
maintaining geometric fidelity and fine-grained visual de-
tail. For selective generation, Table 2 highlights SIGMA’s
ability to pick out the correct target while maintaining visu-
ally pleasing results. The method obtains the lowest CLIP-
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Figure 4. Qualitative results achieved by SIGMA. By leveraging specialized attribute tokens, SIGMA flexibly binds the required elements
from input references, accomplishing a wide range of generation tasks. The results demonstrate clear binding between inputs and outputs,
as well as high-quality, visually coherent generations across all scenarios.

ES score among all baselines, meaning it is less likely to se-
lect irrelevant objects. Together with its competitive CLIP
and CLIP-I values, these results show that SIGMA can se-
lectively extract and transform the desired object with de-
pendable precision. For layout based generation, Table 3
shows that SIGMA follows layout constraints more accu-
rately than prior unified models. The layout plus reference
setting further demonstrates that SIGMA can align spatial
structure with appearance guidance in a coherent manner.

5.3. Qualitative Evaluation

Figure 4 presents an overview of the visual capabilities en-
abled by SIGMA. The model produces high-quality results
across a series of tasks and remains stable even in chal-
lenging multi-input scenarios. SIGMA can merge heteroge-
neous references, follow complex textual descriptions, and
generate images that preserve fine-grained details such as
texture, lighting, and identity. The outputs are visually co-
herent and maintain consistent composition across difficult
cases, demonstrating that our multi-condition design pro-

vides reliable and flexible control over how different refer-
ence elements are incorporated into the final generation.

To further assess practical behavior, Figure 5 compares
SIGMA with existing unified diffusion transformers. The
examples illustrate performance under two demanding set-
tings: compositional generation and selective generation. In
the compositional setting, SIGMA can identify the correct
objects from multiple visual references, integrate them nat-
urally, and maintain stable geometrical relations and plau-
sible scene structure. The generated images remain faithful
to both the content and the text instructions. In comparison,
SSR, XVerse, and Bagel often exhibit consistency issues,
such as difficulty selecting the correct attributes and ap-
plying them properly during generation, while Nano main-
tains stronger consistency but sometimes produces unnat-
ural shapes. The selective generation examples highlight
another strength of the model. Each input image contains
multiple candidate objects, yet SIGMA reliably follows the
user instruction and extracts the intended target, whether it
is a specific object or a background. The selected elements
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SIGMA (Ours)

GPT

XVerse

SSR

Bagel

Position the person standing
near the kitchen, reaching
out to grab a slice of toast
from the toaster.

The person wearing the
s l eeve le s s r ed d re s s ,
transparent heels adorned,
and black hat with pearls.

Produce a clean view of the
desert landscape

Select the blonde-haired
woman.

Figure 5. Qualitative comparisons on our benchmark.

appear natural and well-formed, preserving identity and ap-
pearance without artifacts. At the same time, irrelevant ob-
jects are effectively excluded, indicating strong exclusivity
and consistent instruction following.

Overall, the qualitative results show that SIGMA han-
dles diverse tasks in a unified framework while producing
coherent, detailed, and semantically aligned generations.

5.4. Ablation Study

Special Mask All CLIP↑ CLIP-I↑ DreamSim↑ AES↑

✓ 25.85 62.67 44.74 5.576
✓ ✓ 29.25 74.26 57.11 5.561
✓ ✓ 27.32 72.64 58.65 5.506
✓ ✓ ✓ 30.29 78.94 62.45 5.731

Table 4. Ablation of SIGMA components. “All” indicates full-
parameter finetuning, while rows without a check in the “All” col-
umn correspond to LoRA-based tuning. We analyze the contri-
butions of special tokens and group-scoped attention masks under
both setups. Higher values indicate better alignment or perceptual
quality.

We evaluate the contribution of multi-attribute tokens,
the group-scoped attention mask, and the choice between
full-parameter finetuning and LoRA tuning. As shown in
Table 4, removing attribute tokens leads to a substantial
drop in CLIP and CLIP-I, indicating that the model can
no longer reliably determine which attributes should be ex-
tracted or where they should be applied. Adding the group-

w/o All SIGMA (Ours) w/o special & mask w/o mask

Style Identity

Subject Environment

Figure 6. Qualitative ablation on attribute tokens, masked atten-
tion, and full-parameter training strategy.

scoped mask yields further gains in CLIP-I and DreamSim,
reflecting improved structural and perceptual consistency.
LoRA-based tuning remains functional but trails full fine-
tuning in both alignment and aesthetic quality, suggesting
that limited parameter updates reduce the model’s expres-
sive capacity.

Figure 6 provides the qualitative results. In the composi-
tional generation example, omitting attribute tokens causes
the model to confuse object roles entirely, while adding
them without masking produces clearer objects but still un-
natural interactions. LoRA tuning generates reasonable lay-
outs but misses fine details such as missing cables. In the
stylization case, the absence of the mask causes the model
to collapse toward copying the style reference, showing that
it fails to bind the style token to the content image. When
the mask is included, attribute binding becomes correct and
style transfer is coherent. LoRA again produces correct
but less consistent stylization, whereas SIGMA achieves the
highest fidelity across all elements.

6. Conclusion
We presented SIGMA, a unified diffusion transformer for
controllable multi-condition image generation. The frame-
work combines selective multi-attribute tokens that explic-
itly specify what to extract from each reference image, an
interleaved text and image conditioning scheme that enables
flexible multi-reference fusion, and a group-scoped atten-
tion mask that reduces unwanted interactions across differ-
ent sources. These components are trained on a 700K inter-
leaved dataset covering compositional generation, selective
content extraction, stylization, relation transfer and layout-
guided synthesis. This large and diverse corpus helps the
model learn fine-grained attribute disentanglement and reli-
able reasoning across multiple inputs. Experiments on com-
positional, selective and layout-based generation demon-
strate consistent improvements over unified baselines such
as Bagel in terms of subject fidelity, structural alignment
and controllability. Ablation results further verify that each
part of the framework contributes to the overall perfor-
mance. SIGMA offers a model-agnostic design that can be
applied to future diffusion transformers and provides a prac-
tical foundation for the study of structured conditioning and
unified multi-attribute generative modeling.
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