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1) Leaning Tower of Pisa. 2) Great 
wall. 3) Eiffel Tower. 4) Taj Mahal.

1) ‘S’ in deep blue. 2) ‘e’ in orange. 
3) ‘g’ in turquoise. 4) ‘2’ in yellow. 5) 
‘A’ in pink. 6) ‘n’ in deep purple.
7) ‘y’ in lavender. 

1) Strawberry plush. 2) Cabbage in LEGO 
style.  3) Garlic in 2D style. 4) Banana in 
origami style. 5) Scallion in 3D cartoon style. 
6) Cucumber in rubber balloon style. 

1) Floral-patterned tapestry with 
fringe. 2) Wooden cabinet featuring 
several drawers. 3) Round woven 
basket containing towels. 4) Window 
dressed with beige bamboo blinds, etc.
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1) Deep blue car paint. 2) Vehicle headlight. 3) Red 
car paint.  4) White car paint. 5) White car rearview 
mirror. 6) Red text “PORSCHE”. 7) Green number 
“92”. 8) Yellow text “PRO”. 9) Black rear wing.
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1) Red and black  spiderman mask. 2) Deep green 
hooded jacket with red drawstrings. 3) Light gray inner 
clothes. 4) Black sport shorts. 5) Red tight fitting pant. 
6) Red and white AJ sneakers.

Figure 1: We propose Seg2Any, a novel segmentation-mask-to-image generation approach that
achieves strong shape consistency and fine-grained attribute control (e.g. color, style, and text).

Abstract

Despite recent advances in diffusion models, top-tier text-to-image (T2I) models
still struggle to achieve precise spatial layout control, i.e. accurately generating
entities with specified attributes and locations. Segmentation-mask-to-image (S2I)
generation has emerged as a promising solution by incorporating pixel-level spa-
tial guidance and regional text prompts. However, existing S2I methods fail to
simultaneously ensure semantic consistency and shape consistency. To address
these challenges, we propose Seg2Any, a novel S2I framework built upon advanced
multimodal diffusion transformers (e.g. FLUX). First, to achieve both semantic
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and shape consistency, we decouple segmentation mask conditions into regional
semantic and high-frequency shape components. The regional semantic condition
is introduced by a Semantic Alignment Attention Mask, ensuring that generated
entities adhere to their assigned text prompts. The high-frequency shape condition,
representing entity boundaries, is encoded as an Entity Contour Map and then
introduced as an additional modality via multi-modal attention to guide image
spatial structure. Second, to prevent attribute leakage across entities in multi-
entity scenarios, we introduce an Attribute Isolation Attention Mask mechanism,
which constrains each entity’s image tokens to attend exclusively to themselves
during image self-attention. To support open-set S2I generation, we construct
SACap-1M, a large-scale dataset containing 1 million images with 5.9 million
segmented entities and detailed regional captions, along with a SACap-Eval bench-
mark for comprehensive S2I evaluation. Extensive experiments demonstrate that
Seg2Any achieves state-of-the-art performance on both open-set and closed-set S2I
benchmarks, particularly in fine-grained spatial and attribute control of entities.

1 Introduction

Text-to-image (T2I) generation [34, 4, 9] has been widely adopted in various applications due to its
powerful generative capabilities. However, T2I models struggle to achieve precise layout control (i.e.
precisely generate entities in specified attributes and positions) solely through text prompts.

Layout-to-image generation has been proposed and designed to generate images based on specified
layout conditions, including spatial locations and descriptions of entities. These layout conditions
come in various forms, such as bounding boxes [22, 60, 44, 19, 54, 25], depth maps [62, 63, 61],
segmentation masks [47, 24, 53], etc. This paper focuses on segmentation-mask-to-image (S2I)
generation, where segmentation masks dictate the spatial locations of entities, and text descriptions
specify their semantic content, thereby enabling the most fine-grained control over the images.

Existing S2I methods can be mainly divided into two categories: I) Methods that integrate seg-
mentation masks as additional conditional inputs, such as ControlNet [56], ControlNet++ [20] and
T2I-Adapter [26]. These methods often fail to align regional textual descriptions with their respective
regions, resulting in semantic inconsistency in the generated images (see Figure 2 (a)). II) Methods
based on the masked attention mechanism, which restricts each text embedding to attend solely to
the respective image embeddings (e.g. FreestyleNet [47], PLACE [24] and EliGen [53]). Although
these methods achieve semantic alignment, they fall short in precise shape preservation, as shown in
Figure 2 (b) and (c). We attribute this shape inconsistency to the loss of spatial information when
segmentation masks are compressed into the latent space. Notably, compared to the UNet [34] archi-
tecture with 8� downsampling, recent advanced DiT [28] architectures employ a more aggressive
16� downsampling, which further amplifies the loss of spatial information.

To address these challenges, we propose Seg2Any, a novel S2I framework built upon advanced
multimodal diffusion transformers (e.g. FLUX [18]). Seg2Any mainly relies on two key innovations:
I) Semantic-Shape Decoupled Layout Conditions Injection. We decouple segmentation mask
conditions into two components: the shape condition (high-frequency shape information) and the
regional semantic condition (low-frequency semantic information). For the injection of regional
semantic conditions, we employ a Semantic Alignment Attention Mask. This mechanism tightly binds
each entity’s image tokens to its corresponding text prompts, ensuring that the generated image is
semantically consistent with the input descriptions at the entity level. For the injection of shape
condition, we propose Sparse Shape Feature Adaptation to integrate key spatial structure into the
model efficiently. Conventional approaches [56, 20] assign fixed colors to distinct categories in the
semantic segmentation maps, which is only suitable for closed-set S2I generation and cannot be
generalized to open-set scenarios. In contrast, we introduce an Entity Contour Map as our category-
agnostic shape representation, which consists of entity contours extracted from segmentation masks.
This representation is inherently sparse, preserving essential shape details in a compact and efficient
manner. Following OminiControl [37], we integrate the condition tokens with text and noisy image
tokens into a unified sequence, allowing them to interact directly through multi-modal attention [9].
As shown in Figure 2 (d), our approach achieves both semantic and shape consistency simultaneously.
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Figure 2: Comparison in terms of shape and semantic consistency. Semantic inconsistency is
annotated by blue boxes, while shape inconsistency is highlighted with red boxes, which reveal
inconsistency in the number of vertical bars on the railings. In contrast, our approach achieves both
shape and semantic consistency.

II) Attribute Isolation via Image Self-Attention Mask. Multi-instance generation often suffers from
attribute leakage, where the visual attributes of one entity may affect others. To mitigate this problem,
we introduce an Attribute Isolation Attention Mask strategy that prevents cross-entity information
leakage by ensuring that image tokens associated with each entity are isolated from those of others.

Current dense caption datasets [33, 51, 31, 8, 50] are often limited by their closed-set vocabularies
and coarse-grained descriptions, which constrain their effectiveness in training S2I models. Recent
advances in open-source vision language models (VLMs), such as Qwen2-VL-72B [43], have
significantly reduced the performance gap with close-source VLMs like GPT-4V [1], making it
feasible to create large-scale and richly annotated datasets. Leveraging the capabilities of Qwen2-VL-
72B, we construct Segment Anything with Captions 1 Million (SACap-1M), a large-scale dataset
derived from the diverse and high-resolution SA-1B dataset [16]. SACap-1M contains 1 million
image-text pairs and 5.9 million segmented entities, each comprised of a segmentation mask and a
detailed regional caption, with captions averaging 58.6 words per image and 14.1 words per entity.
We further present the SACap-Eval, a benchmark for assessing the quality of open-set S2I generation.

Through comprehensive evaluations on both open-set (SACap-Eval) and closed-set (COCO-Stuff,
ADE20K) benchmarks, Seg2Any consistently outperforms prior SOTA models, particularly in fine-
grained spatial and attribute control of entities.

To summarize, our contributions are as follows:

1. We propose Seg2Any, a framework that enables precise control over shape and semantics while
preventing attribute leakage in open-set S2I generation.

2. We construct SACap-1M, a large-scale open-set dataset with 1M images and 5.9M regional
annotations, along with SACap-Eval, an open-set benchmark for evaluating S2I generation.

3. Seg2Any achieves state-of-the-art performance on both open-set (SACap-Eval) and closed-set
(COCO-Stuff, ADE20K) benchmarks.

2 Related Work

2.1 Text-to-Image Generation

Text-to-image (T2I) generation [34, 4, 9, 42, 38] has undergone significant advancement in recent
years. Motivated by advances in large-scale transformer architectures, the Diffusion Transformer
(DiT) [28] was introduced. Building upon this foundation, recent models like SD3 [9] and FLUX
[18] further propose the Multimodal Diffusion Transformer (MM-DiT), which treats text as an
independent modality and incorporates flow matching objectives, achieving state-of-the-art results.
To integrate additional condition images (e.g., canny maps, depth maps, subject references) into
MM-DiT, OminiControl [37] introduces a novel controllable framework. It concatenates condition
image, text, and noisy image tokens, and then employs task-specific LoRA [13] modules to handle
various conditions within a unified pipeline while maintaining minimal trainable parameters.
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2.2 Layout-to-Image Generation

Layout-to-Image (L2I) generation is a task that synthesizes images guided by spatial layout conditions
and entity-level textual descriptions. Existing L2I methods can be categorized according to the type of
layout condition they employ. These include:Bounding box-based approaches[22, 60, 44, 19, 54,
55, 25, 11, 10, 36, 7, 58, 48] typically use rectangular spatial constraints to guide the image generation
process, offering a coarse-grained layout control.Depth map-based approaches[62, 63, 61] utilize
depth maps to achieve �ne-grained spatial control similar to segmentation masks. For instance, 3DIS
[62] divides multi-instance generation into two stages: it �rst generates a depth map via a text-to-
depth model, then uses a pre-trained depth-to-image model to synthesize images with multi-instance
attribute control. DreamRenderer [61], a training-free approach based on pre-trained controllable T2I
models (FLUX.1-Depth [18] and FLUX.1-Canny [18]), identi�es that middle layers in the FLUX
model are responsible for instance-level rendering while shallow and deep layers capture global
context. Consequently, it applies a hard image self-attention mask only to the middle layers to prevent
attribute leakage. However, as a training-free approach, directly applying the attention mask severely
impairs overall visual harmony.

Segmentation mask-based approaches[47, 24, 53, 27, 15, 2, 52] focus on pixel-level layout control.
For example, FreestyleNet [47] uses binary attention weights in the cross-attention module that
assigns a value1 to allow text tokens to bind to corresponding image regions and0 to prevent
attention from unrelated areas. However, this approach requires downsampling the segmentation
masks to align with the lower-resolution latent features, thereby sacri�cing spatial detail. To alleviate
the above issue, PLACE [24] introduces a layout control map that softens the attention weights.
Instead of hard binary assignments in FreestyleNet, it calculates the area proportions of different
entities within the receptive �eld of every image token, yielding soft attention weights. Yet, this
approach struggles to mitigate spatial detail loss in MM-DiT architectures, where 16× downsampling
(compared to 8× in U-Net) leads to more severe degradation of spatial information. The work most
similar to ours is EliGen [53], which is also built on FLUX. Unlike our approach, it is trained on
datasets with bbox annotations and only supports loose position control through scribble-style masks,
whereas our approach enables both strict and loose mask position control. Additionally, it relies
solely on a masked attention mechanism without injecting explicit spatial information.

3 Methodology

3.1 Problem De�nition

We de�ne the instructiony for a segmentation-mask-to-image model as a composition of a global
text prompt andN entity-level text prompts with corresponding binary masks:

y = [ p0; (p1; m1) ; : : : ; (pi ; mi ) ; : : : ; (pN ; mN )] ; i 2 [1; N ]; (1)
wherep0 denotes the global textual description, while eachpi represents the entity-speci�c textual
prompt with its corresponding binary segmentation maskmi for thei -th entity.

3.2 Semantic-Shape Decoupled Layout Conditions Injection

As shown in Figure 3, we decouple segmentation mask-based layout conditions into complementary
semantic and shape components. For semantic information, we employ aSemantic Alignment
Attention Mask (Section 3.2.1) mechanism that binds text prompts to their corresponding image
regions. For shape information, we adopt theSparse Shape Feature Adaptation(Section 3.2.2) to
ef�ciently encode and integrate spatial layout conditions into the model.
3.2.1 Semantic Alignment Attention Mask
To ensure semantic alignment between textual and visual modalities, we introduce aSemantic
Alignment Attention Mask , denoted asM sem-align, which governs the interactions between textual
and visual tokens. We denote the text token indices of the global caption asT0, and those of thei -th
entity's regional caption asTi (i = 1 ; : : : ; N ). Likewise,I 0 andI i correspond to the image token
indices of the background and thei -th entity, respectively. TheM sem-alignis then de�ned as follows:

M sem-align[q; k] =

8
>>>>><

>>>>>:

1; if q 2 Ti ; k 2 Ti (text-text)
1; if q 2 Ti [ T 0; k 2 I i (text-image)
1; if q 2 I i ; k 2 Ti [ T 0 (image-text)
1; if q; k 2

S N
i =0 I i (image-image)

0; otherwise

; i 2 [0; N ]; (2)
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Figure 3: (a) An overview of the Seg2Any framework. Segmentation masks are transformed into
Entity Contour Map, then encoded as condition tokens via frozen VAE. Negligible tokens are �ltered
out for ef�ciency. The resulting text, image, and condition tokens are concatenated into a uni�ed
sequence for MM-Attention. Our framework applies LoRA to all branches, achieving S2I generation
with minimal extra parameters. (b) Attention Masks in MM-Attention, including Semantic Alignment
Attention Mask (Section 3.2.1) and Attribute Isolation Attention Mask (Section 3.3).

whereq andk are the query and key indices, respectively. As illustrated in Figure 3 (b), this attention
mechanism guarantees that each generated entity adheres closely to its text prompt. Meanwhile, all
image tokens attend to each other to ensure globally coherent visual synthesis. The global caption
tokensT0 are allowed to attend to all image tokens, providing contextual global guidance.

3.2.2 Sparse Shape Feature Adaptation

Condition Image Representation. In open-set S2I generation, the common practice of using �xed,
class-speci�c colors to represent semantic segmentation maps is inherently limited. To address this
limitation, we use anEntity Contour Map to effectively encode shape information.

Starting with a set of binary masksf mi gN
i =1 for N distinct entities where eachmi 2 f 0; 1gH � W , we

extract the contour of each mask asContour(mi ) 2 f 0; 1gH � W . These contours are then merged
into a single binary map:

Cgray(x; y) = max
1� i � N

Contour(mi )(x; y): (3)

The resulting grayscale mapCgray 2 RH � W is then further converted to an RGB image by duplicating
the gray channel across all three channels, resulting in our Entity Contour MapC 2 RH � W � 3.

This sparse shape representation offers advantages in our framework, as semantic information is
already integrated through the Semantic Alignment Attention Mask mechanism (Section 3.2.1). This
approach eliminates the need for dense, per-pixel semantic labels to indicate region occupancy. Due
to its ef�ciency and sparsity, we adopt this representation as the shape encoding method in our work.

Minimal Condition Image Control. Inspired by OminiControl [37], we treat the Entity Contour
Map—a type of image-based condition—as an independent modality and leverage LoRA [13] to
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minimize training overhead. As shown in Figure 3 (a), the Entity Contour Map is encoded into
condition image tokens by a frozen VAE encoder, concatenated with text and noisy image tokens to
form the joint input sequence, which directly participates in multi-modal attention. Furthermore, the
condition tokens share the same 2D position indices with the noisy image tokens under the RoPE
encoding, which helps preserve spatial alignment.

Notably, unlike OminiControl, which applies LoRA only to the condition branch. We apply LoRA to
all branches (as shown in Figure 3 (a)). The condition branch is trained with LoRA to seamlessly
incorporate the Entity Contour Map. Meanwhile, the image and text branches are also trained using
LoRA to ensure precise alignment between the generated entities and the regional text prompts. This
approach modi�es the linear layers in each DiT block across all three branches as follows:

W new
cond = Wimg + BcondAcond;

W new
img = Wimg + B imgA img;

W new
text = Wtext + B textA text;

(4)

whereAcond; A img; A text 2 Rr � d andBcond; B img; B text 2 Rd� r are the low-rank adaptation matrices
for each respective branch (r � d). Here,Wimg; Wtext 2 Rd� d denote the original weight matrices
of the linear layers.

Shape Guidance Strength Modulation. To adjust the in�uence of condition image tokens, the
attention mechanism is adapted by incorporating a bias term [37], de�ned as:

Attention(Q; K; V ) = softmax
�

QK >
p

d
+ Bias(
 )

�
V; (5)

whereQ; K; V are computed from the concatenation of text tokens, noisy image tokens, and
condition tokens. The bias matrixBias(
 ) 2 R(L text+2 L img) � (L text+2 L img) , with L text andL img denoting
the number of text and image-related tokens respectively, is given by:

Bias(
 ) =

2

4
0L text� L text 0L text� L img 0L text� L img

0L img� L text 0L img� L img log(
 ) � 1L img� L img

0L img� L text log(
 ) � 1L img� L img 0L img� L img

3

5 : (6)

The factor
 2 (0; 1] serves to modulate the strength of shape conditioning. As
 approaches1,
log(
 ) tends to0, and the condition tokens retain full in�uence, enforcing strict adherence to the shape
guidance. In contrast, as
 approaches0, log(
 ) tends to�1 , which suppresses the contribution of
condition tokens, thus making scribble-style segment masks feasible for �exible control.

Condition Image Token Filtering. Given the sparse nature of the Entity Contour Map, where
numerous areas exhibit low or zero values, we discard tokens that are entirely composed of zero
values, as they provide no shape information. This results in a signi�cant reduction in tokens without
compromising shape details. The token �ltering process is illustrated in Figure 3 (a).

3.3 Attribute Isolation Attention Mask

A critical challenge in multi-instance generation is attribute leakage, where visual attributes from
one entity transfer to others (as illustrated in Figure 4). To address this, we introduce theAttribute
Isolation Attention Mask, de�ned asM attr-isolate:

M attr-isolate[q; k] =

8
>>>>><

>>>>>:

1; if q 2 Ti ; k 2 Ti (text-text)
1; if q 2 Ti ; k 2 I i (text-image)
1; if q 2 I i ; k 2 Ti (image-text)
1; if q 2 I i [ I 0; k 2 I i (image-image)
0; otherwise

; i 2 [0; N ]; (7)

Unlike the Semantic Alignment Mask (Eq. 2), the Attribute Isolation Mask operates with stricter
constraints, as illustrated in Figure 3 (b). First, it prevents cross-entity visual information interaction
by restricting each entity's image tokens to attend only to themselves. Second, it restricts the global
caption tokens (T0) from attending to any foreground image tokens. This complete separation of
entities effectively prevents attribute leakage. Notably, background image tokens are still permitted
to attend to all image tokens, ensuring environmental coherence.
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Figure 4: Visualization results of different attribute isolation strategies. In Column 1, 20 colored
circular badges labeled A to T are required to be generated in raster order. The results show that our
Attribute Isolation Attention Mask effectively prevents attribute leakage between entities. Columns
2-4 demonstrate that direct application of the mask without training leads to visual inconsistencies,
manifesting as unnatural shadows and re�ections. In contrast, the training-based approach on our
proposed large-scale dataset achieves both strong attribute control and high visual coherence.

Building on insights from DreamRender [61] that the middle layers (20-38 layers) of the 57-layer
FLUX architecture are dedicated to processing the visual features of individual instances, we apply
the Attribute Isolation Attention Mask to these middle layers. In practice, we observe that training-
free rigid attention constraints often introduce visual artifacts, as demonstrated in Figure 4. Instead,
through training on our proposed large-scale datasets, deeper layers learn to re�ne holistic image
quality, achieving an optimal balance between visual harmony and attribute control.

3.4 SACap-1M Dataset

To address the lack of large-scale and �ne-grained datasets for S2I generation, we construct SACap-
1M, containing 1 million image-text pairs and 5.9 million segmented entities with detailed descriptions.
We propose an automated pipeline for data annotation and �ltering: I)Image Filtering. We select
images from the high-resolution and wide-ranging SA-1B [16] dataset. Initially, we remove images
that are excessively large or small in size, as well as those with extreme aspect ratios. Subsequently,
we apply the LAION-Aesthetics predictor [35] to �lter out low-quality images with an aesthetic score
below5. II) Entity Extraction. The SA-1B dataset provides accurate, category-agnostic masks
for each image. However, each image contains on average over 100 masks, many of which are
nested. To �lter masks, we retain only top-level masks by removing those that are contained within
top-level masks. Additionally, we discard masks whose area is smaller than1% of the total image
area. Finally, we exclude images whose number of remaining masks falls outside the range of 1 to 20.
III) Regional and Global Caption Annotation.We employ the open-source Qwen2-VL-72B [43]
model to generate captions for each entity and the global image, yielding an average of 58.6 words
per image and 14.1 words per entity. See supplemental materials for more details.
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