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Abstract

Multi-Instance Generation has advanced significantly in spa-
tial placement and attribute binding. However, existing ap-
proaches still face challenges in fine-grained semantic under-
standing, particularly when dealing with complex textual de-
scriptions. To overcome these limitations, we propose DEIG,
a novel framework for fine-grained and controllable multi-
instance generation. DEIG integrates an Instance Detail Ex-
tractor (IDE) that transforms text encoder embeddings into
compact, instance-aware representations, and a Detail Fusion
Module (DFM) that applies instance-based masked attention
to prevent attribute leakage across instances. These com-
ponents enable DEIG to generate visually coherent multi-
instance scenes that precisely match rich, localized textual
descriptions. To support fine-grained supervision, we con-
struct a high-quality dataset with detailed, compositional
instance captions generated by VLMs. We also introduce
DEIG-Bench, a new benchmark with region-level annotations
and multi-attribute prompts for both humans and objects. Ex-
periments demonstrate that DEIG consistently outperforms
existing approaches across multiple benchmarks in spatial
consistency, semantic accuracy, and compositional general-
ization. Moreover, DEIG functions as a plug-and-play mod-
ule, making it easily integrable into standard diffusion-based
pipelines.

Introduction

Multi-Instance Generation (Li et al. 2023; Zheng et al. 2023;
Zhou et al. 2024; Gu et al. 2025) has emerged as a promising
direction in controllable image generation, where the goal
is to generate images containing multiple semantically dis-
tinct instances at user-specified spatial locations. Recent ap-
proaches often build upon diffusion models, integrating spa-
tial priors such as bounding boxes (Zhou et al. 2024), masks
(Kim et al. 2023; Bar-Tal et al. 2023) or scribbles (Wang
et al. 2024a) to improve spatial alignment and identity con-
sistency. These methods enable finer control over instance
placement and visual composition, making them suitable for
downstream applications such as fashion synthesis and artis-
tic creation.

Nevertheless, current methods remain limited in their
ability to handle rich and fine-grained region descriptions.
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Figure 1: Fine-Grained Generation.Given bounding boxes
and detailed descriptions, our method accurately generate
multi-attribute instances, while existing methods fail to pre-
serve fine-grained semantic details.

As illustrated in Fig. 1, although these methods can reliably
generate instances with simple prompts, they often fail with
complex, multi-attribute inputs involving multiple attributes
such as multi-color designs and combinations of color, tex-
ture, and material. This restricts their applicability in scenar-
ios requiring high-detail synthesis.

We attribute these limitations to two primary factors.
First, current approaches predominantly focus on prevent-
ing semantic leakage, while neglecting the deeper semantic
comprehension required for generating fine-grained visual
details. (Zhou et al. 2024; Wang et al. 2024a; Gu et al. 2025)
Second, the training data used in these methods are typi-
cally annotated with coarse-grained templates, lacking de-
tailed instance-level descriptions. This restricts the model’s
ability to learn rich semantic-visual mappings from the data,
thereby impeding the generation of visually and semanti-
cally coherent content.

In this work, we propose DEIG, a framework for gen-
erating Multi-Instance images with fine-grained attribute
control. Inspired by recent advances in long-text align-
ment for text-to-image generation (Hu et al. 2024; Han
et al. 2024), we extend global prompt-based generation to-
ward instance-level detail generation. Specifically, we in-



troduce the Instance Detail Extractor (IDE), which trans-
forms high-dimensional embeddings from LLMs encoder
into compact, instance-aware representations, enabling lo-
calized alignment between complex textual descriptions and
visual regions. Leveraging a high-quality captioned dataset
and a Detail Fusion Module (DFM), DEIG enables precise
and attribute-consistent multi-instance generation.

To evaluate instance-level controllability under fine-
grained prompts, we introduce DEIG-Bench, a challeng-
ing benchmark specifically designed to address key limi-
tations of existing datasets—namely, the underrepresenta-
tion of human instances and the reliance on single-attribute
prompts. DEIG-Bench provides multi-attribute, composi-
tional descriptions along with tailored evaluation protocols
for both human and object instances. For human-centric
scenes, we focus on color compositionality across wearable
regions; for object-centric scenes, we gradually increase at-
tribute complexity, encompassing color, material, and tex-
ture. To enable robust and reliable assessment, we leverage
two distinct VLMs in a question-answering setup to evalu-
ate complex semantic consistency. To summarize, our main
contributions are as follows:

* We propose DEIG, a novel framework that enhances
instance-level detail representation and semantic under-
standing, to address the limitations of existing methods
in handling rich, fine-grained region descriptions.

e We introduce DEIG-Bench, a comprehensive evalua-
tion suite specifically designed for multi-attribute, multi-
Instance generation, to fill the gap of lacking benchmarks
for evaluating fine-grained semantic prompts.

* We conduct extensive experiments on multiple widely
used benchmarks to demonstrate that DEIG significantly
outperforms previous methods, particularly in generating
detailed multi-attribute instances with improved seman-
tic fidelity.

Related Work
Controllable Diffusion models

While text-to-image diffusion models generate high-quality
outputs (Ho, Jain, and Abbeel 2020; Rombach et al. 2022;
Podell et al. 2023; Betker et al. 2023), recent work focuses
on enhancing controllability by introducing various condi-
tioning mechanisms. Subject-driven tasks (Gal et al. 2022;
Ruiz et al. 2023; Ma et al. 2024; Wang et al. 2024b; Chen
et al. 2024), aim to preserve subject identity and enable per-
sonalized generation. Spatial control tasks (Zhang, Rao, and
Agrawala 2023; Li et al. 2023; Mou et al. 2024; Mo et al.
2024) specify the spatial arrangement of content using lay-
out or structural information. Text-conditioned control tar-
gets fine-grained alignment with complex or compositional
prompts (Feng et al. 2022; Rassin et al. 2023; Hu et al. 2024;
Han et al. 2024; Liu et al. 2025; Wu et al. 2025). Collec-
tively, these tasks enhance the controllability of diffusion
models and enable their application in different domains.

Multi-Instance Generation

With the widespread adoption of diffusion models, numer-
ous studies have explored their potential for Multi-Instance
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Generation, focusing on synthesizing images with multi-
ple semantically distinct instances arranged according to
given layouts. Existing methods are typically categorized
into training-free and training-based methods

Training-Free Methods Training-free methods (Kim
et al. 2023; Bar-Tal et al. 2023) primarily operate dur-
ing inference by manipulating attention mechanisms (Chen,
Laina, and Vedaldi 2024; Xiao et al. 2024; Phung, Ge, and
Huang 2024) or modifying loss functions (Xie et al. 2023;
Wang et al. 2025). These methods often optimize the latent
space to align generated instances with target spatial con-
figurations. Although they offer considerable flexibility and
require no retraining, they frequently compromise image fi-
delity, as the generation may deviate from the data distribu-
tion originally learned by the pretrained diffusion model.

Training-Based Methods In contrast, training-based
methods incorporate instance-level cues, such as embed-
dings (Li et al. 2023; Zhou et al. 2024; Wang et al. 2024a;
Gu et al. 2025) or semantic layouts (Jia et al. 2024; Wu
et al. 2024), directly into the training pipeline. To miti-
gate attribute interference across instances, techniques like
divide-and-conquer (Zhou et al. 2024) and hierarchical gen-
eration (Cheng et al. 2024) are employed. Recent DiT-
based methods (Zhang et al. 2024, 2025; Zhou et al. 2025a)
achieve notable improvements in scalability and image qual-
ity. However, their high computational overhead makes them
impractical for deployment on consumer-grade GPUs.

Despite their progress, existing methods struggle with
compositional prompts involving fine-grained attributes, and
remain limited in human-centric scenarios. This hinders
their applicability in domains requiring precise semantic
alignment and spatial control.

Method

Overview

In this task, users provide instance-level conditions, in-
cluding bounding boxes, fine-grained descriptions, and
a global context P. Formally, the input is C
{P, (b1,p1),- -, (bn,pn)}, where each (b;, p;) denotes the
location and semantics of the ¢-th instance. The objective is
to generate an image that aligns with both spatial and seman-
tic constraints while preserving global coherence. To this
end, we propose DEIG, a pipeline for multi-instance gener-
ation with fine-grained semantic control over the attributes
of each instance, as illustrated in Fig. 2.

Instance-Level Semantic Enhancement

As discussed above, existing methods often neglect
instance-level semantic understanding, limiting their ability
to generate fine-grained content. To address this, we intro-
duce a dedicated module that effectively extracts and repre-
sents instance-specific semantics.

Instance Detail Extractor Inspired by recent advances in
long-text alignment with LLMs for text-to-image genera-
tion (Hu et al. 2024; Han et al. 2024; Liu et al. 2025; Wu
et al. 2025), we replace traditional multi-modal encoders
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Figure 2: Overview of the DEIG pipeline. (a) DEIG enables the use of a frozen large text encoder to extract raw instance
embeddings, which are refined by the IDE and fused into the UNet via the DFM for fine-grained control. (b) Structure of the
IDE, which refines learnable queries via time-aware self- and cross-attention to produce compact instance embeddings.

with a frozen text encoder to better capture fine-grained
instance semantics. As the resulting embeddings are high-
dimensional and costly to use directly, we introduce the In-
stance Detail Extractor (IDE)—a lightweight module that
distills rich text features into compact, instance-aware repre-
sentations via learnable queries. While query-based distilla-
tion has proven effective in prior work (Li, Li, and Hoi 2023;
Hu et al. 2024; Han et al. 2024; He et al. 2024; Zhou et al.
2025b), our IDE is specifically designed for multi-instance
generation, supporting token-level alignment and temporal
conditioning compatible with diffusion models.

Structurally, IDE integrates stacked self-attention and
cross-attention layers to refine instance-specific semantics,
as illustrated in Fig. 2(b). It operates on encoded text features
E, € RBXNXS-XC yhere S, is the embedding sequence
length. To avoid direct use of these high-dimensional fea-
tures, IDE introduces learnable queries Q € REXNxSxC
with S < S.. We refer to S as the Aggregated Seman-
tic Dimension, which acts as a bottleneck to compress and
organize instance-specific information efficiently.

Each IDE layer refines the queries via temporally-aware
attention. The process begins with timestep conditioning
through a lightweight TimeMLP, followed by adaptive layer
normalization (AdaLN) (Perez et al. 2018), which adap-
tively modulates the query features using the same tem-
poral embedding. A self-attention block captures intra-
instance dependencies, and a subsequent cross-attention
module aligns the queries with the high-dimensional text
features from the frozen encoder. For the i-th layer, the key
transformation can be expressed by:

H', = CrossAttn (AdaLN (H;a, Temb) , [H;a, E,D )

where Ty is the timestep embedding vector that modulates
the visual features via AdaLN. H!, € REXNX5XC denotes
the self-attended instance queries at the i-th layer, the out-
put Hi, € REXNXSXC captures cross-modal interactions
between textual and visual embeddings, thereby completing
the feature transformation at layer .
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The output is subsequently passed through a residual
feed-forward network, completing one refinement cycle. Af-
ter stacking N such layers, IDE produces a set of compact
and expressive instance-level embeddings, which we refer
to as Aggregated Semantic Embeddings. We extract them
from the second layer of the encoder in the UNet model at
an intermediate diffusion timestep and visualize them across
different semantic dimensions S. As illustrated in Fig. 3(b),
each dimension attends to specific fine-grained attributes de-
scribed in the input. Collectively, these dimensions consti-
tute a comprehensive representation of each instance, con-
firming that our approach achieves more precise semantic
alignment than previous methods.

Detail Fusion Module

To integrate the Aggregated Semantic Embeddings into
generation, we propose the Detail Fusion Module (DFM),
where Grounding Embeddings Broadcast aligns spatial cues
with the semantic dimension, and Instance-based Masked
Attention applies masking strategies to avoid attribute leak-
age.

Grounding Embeddings Broadcast To align aggregated
semantics with spatial generation, we adopt a broadcast-
based spatial fusion approach across all S dimensions. Each
instance’s spatial coordinate b; is transformed via Fourier
encoding and broadcast as:

Gase,i = MLP([’ITL . fi + (1 - m) - €4, Ease,i]) (3)

For i-th instance, f; denotes the broadcasted spatial em-
bedding, and e; is a learnable null embedding used when
spatial information is absent. F(b;) computes the Fourier
encoding of coordinates, and B(-,.S) denotes broadcasting
along dimension S. The binary mask m € {0,1} selects
between the two. The output G, ; is a fused embedding,
combining spatial and semantic cues, and is later used in
instance-based masked attention.

e, = B(ei, S) S ]R(B’N’S’C)
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Figure 3: Workflow Visualization of Fine-Grained Instance Generation. (a) Instance-based masked attention mechanism
divides the attention map into four sub-regions, applying masks to restrict cross-instance interactions and prevent semantic
leakage. (b) Visualization of aggregated semantic embeddings across different semantic dimensions.

Instance-based Masked Attention Following prior
embedding-guided fusion frameworks, we freeze the self-
and cross-attention layers of UNet and insert a gated
self-attention module between them to enable instance
level semantic fusion. To mitigate attribute leakage across
instances, which often occurs with standard self-attention,
we introduce a masking mechanism based on instance
partitioning.

As shown in Fig. 3(a), the gated self-attention operates

on the concatenation of visual and instance embeddings,
generating an attention map naturally divided into four in-
terpretable subregions. To regulate these interactions, we
define a binary mask M € {0, —oo}**E, where L
Nyisual + N x S. For any v € Vi, 9 € Gage, the masking
rules are as follows:
(a) Visual-Visual Attention. We observe that masking vi-
sual embeddings can noticeably degrade image fidelity.
Therefore, we allow all visual embeddings to attend to each
other without masking:

MUi,Uj =0 ,Vi,j €1,..., Nisual “4)

(b) Symmetric Instance—Visual Attention. Each instance
embedding is allowed to attend only to visual embeddings
from the same instance, and vice versa. For any two differ-
ent instances, interactions between them are masked by set-
ting the corresponding attention scores a value of negative
infinity. This operation can be formulated as:

0,

—0Q,

if Instance(v;) = Instance(g;)

Muig; = Moy = { otherwise

5)
(c) Instance-Instance Attention. Instance embeddings at-
tend only to others within the same semantic group and all
cross-group interactions are masked with negative infinity,
following the same rule as above.

0,
Mgugj = {

—0Q,

if Group(g;)
otherwise
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“The bus is a vintage yellow
school bus, with a white
Generation oof and black stripes along
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boxy shape constructed
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Figure 4: Detail-Enriched caption generation pipeline. In-
stances are described by a VLM from cropped images and
filtered using CLIP scores and human review.

The final masked attention output is computed via a standard
self-attention:

. KT

A = Softmax <Q + M> \%

Vd
As shown in Fig. 3(b), the mask effectively suppresses at-

tention that would otherwise leak into other instances or the
background. Finally, the visual embeddings are then updated
through gated residual mechanism:

Vvisual - V'uisual + n- ta'nh’y . 5S(A)a (8)

where £S(+) denotes embedding slices operation, which ex-
tract a subset of the visual embedding outputs.  and ~ are
learnable scalars that control the update strength.

)

Detail-Enriched Instance Captions

High-quality datasets are vital for accurate instance-level
generation. We curate a dataset from MS-COCO (Lin et al.



\ Qwen2.5-VL \ InternVL3 \
Method | MAAwuman T | MAA ;T | MAAwuman T | MAA oy ImIoU 1

‘ Cl C2 C3 AVG‘ L1 L2 L3 L4 AVG‘ Cl C2 C3 AVG‘ L1 L2 L3 L4 AVG‘
GLIGEN 0.23 0.05 0.02 0.10{0.20 0.08 0.08 0.03 0.10]0.28 0.12 0.05 0.15]0.32 0.17 0.17 0.11 0.19| 0.71

MIGC 0.51 0.11 0.03 0.22]0.63 0.29 0.29 0.20 0.36 [0.60 0.23 0.11 0.31 [0.75 0.54 0.47 0.36 0.54| 0.72
InstanceDiffusion|0.54 0.17 0.05 0.25]0.53 0.24 0.32 0.20 0.33|0.61 0.23 0.12 0.32|0.62 0.49 0.46 0.36 0.49| 0.75
ROICtrl 0.61 0.23 0.09 0.31]0.56 0.32 0.27 0.16 0.33|0.68 0.33 0.16 0.39|0.67 0.48 0.42 0.30 0.47| 0.71

DEIG (Ours)  |0.82 0.74 0.69 0.75|0.67 0.41 0.38 0.27 0.44(0.86 0.82 0.81 0.83|0.79 0.58 0.50 0.44 0.58| 0.79

Table 1: Quantitative Results on DEIG-Bench. We report MAA for human (C1-C3) and object (L.1-L4) instances under two
VLMs, Qwen2.5-VL (Bai et al. 2025) and InternVL3 (Zhu et al. 2025), as well as spatial alignment via mloU.

Method \ Instance Success Rate (%) 1 \ mloU 7

Level ‘ L2 L3 L4 L5 L6 AVG ‘ L2 L3 L4 L5 L6 AVG
GLIGEN 4156 3229 28.13 2538 29.79 2991 | 36.70 29.10 2492 2337 2722 27.03
MIGC 75.00 65.83 6688 62.63 64.79 6584 | 6429 5594 56.68 53.63 56.25 56.44
InstanceDiffusion | 68.44 5896 59.84 5575 56.77 58.63 | 6191 5463 5371 50.17 5130 53.06
ROICtrl 72.19 65.63 64.69 59.88 60.94 6325 | 61.75 57.32 56.28 52.68 53.56 55.27
DEIG (Ours) ‘ 75.23 72.00 70.02 71.00 73.13 72.25 ‘ 60.43 66.50 62.01 61.65 62.68 62.64

Table 2: Quantitative results on MIG-Bench. MIG-Bench focuses on color-centric attribute evaluation via Instance Success
Rate, which checks color match within a predefined gamut, and assesses spatial alignment using mloU with Grounding-DINO.

Method |Acc.. CLIP. |Acc; CLIP.| AP APs with previous state-of-the-art baselines and detailed ablation

studies. We adopt the encoder of Flan-T5-XL (Chung et al.
lc\}/llfé%EN ?gg 83;3 égi 8%3? 8%3 82(5) 2024) as the text encoder in all experiments. Additional ex-
InstanceDiffusion | 53.4 0.252 [25.9 0.227 [0.40 0.57 %’ﬂggi’talefgig‘gs and more qualitative results are provided
ROICtrl 56.9 0255 [23.7 0.223 [0.26 0.51 Ppendrx.

DEIG (Ours) | 58.8 0.258 [26.1 0.228 |0.34 0.57

Table 3: Quantitative results on InstDiff-Bench. Attribute
alignment is assessed using Accuracy and CLIP scores for
color (Acc, CLIP.) and texture (Acc, CLIP, ), while spa-
tial precision is measured by AP and AP5( using YOLOVS.

2014) using Qwen2.5-VL (Bai et al. 2025) to generate de-
tailed, context-aware captions averaging 20-30 words per
instance. Unlike template-based methods, our approach pro-
duces natural and semantically rich descriptions. To ensure
quality and minimize hallucinations, we remove grayscale
and low-fidelity images via VLM assessment and apply
a two-stage verification process. This process involves (1)
computing the CLIP (Radford et al. 2021) score for each
image—caption pair and keeping those above a predefined
threshold, and (2) performing human verification on a ran-
dom subset of 500 pairs to confirm overall consistency and
reliability. The data construction pipeline is shown in Fig. 4.

Experiment

To thoroughly evaluate the effectiveness of DEIG, we con-
duct comprehensive experiments, including comparisons

DEIG-Bench

Existing multi-instance generation benchmarks often lack
fine-grained supervision and realistic human-centric compo-
sitional prompts, limiting evaluation of real-world appear-
ance complexity.

To address these gaps, we introduce DEIG-Bench, a
benchmark for evaluating fine-grained, multi-attribute gen-
eration of both human and object instances. It features com-
positional prompts and structured complexity levels that re-
flect real-world attribute entanglement. DEIG-Bench is con-
structed from 400 filtered images in the MS-COCO valida-
tion set, ensuring each image contains 3—10 visible instances
for reliable attribute recognition.

DEIG-Bench evaluates fine-grained compositionality in
both human and object instances. For humans, we define
three difficulty levels: C1, C2 and C3, based on color combi-
nations across wearable regions. For objects, we define four
attribute levels from L1 to L4, where L1 includes only color,
L2 adds material on top of color, L3 adds texture on top
of color, and L4 combines all three for the highest seman-
tic and visual complexity. Evaluation combines mloU, com-
puted using Grounding-DINO (Liu et al. 2024), for spatial
alignment, and two VLMs for semantic validation. We also
introduce Multi-Attribute Accuracy (MAA) to measure how
well models bind multiple attributes to each instance, which
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Figure 5: Qualitative comparison on DEIG-Bench. DEIG exhibits accurate generation of fine-grained, multi-attribute in-
stances across varying levels of complexity, demonstrating superior compositional control and semantic alignment.

IDE DFM Cap. | mloU 1t MAApuyman T MAAg; T

v v | 073 0.51 0.35
v v | 075 0.70 0.41
oV 0.70 0.31 0.29
v v v |01 0.75 0.44

Table 4: Ablation study of DEIG components. We evaluate
the individual contributions of IDE, DFM, and Captions su-
pervision by measuring MAA with Qwen2.5-VL and mloU.

|
1§
Fooorermaene 325411 >

- MAA_human
is calculated as the ratio of instances correctly identified by -#- MAA_ object
the VLM to the total number of instances.

For broader validation, we additionally report results on
MIG-Bench (Zhou et al. 2024) and InstDiff-Bench (Wang
et al. 2024a).

Comparison Figure 6: Trade-off Between Semantic Precision and

We compare our method with previous SOTA approaches Computatiopal .Cost..3D visualization of how the aggre-
for Multi-Instance Generation. Specifically, we select GLI- gated semantic dimension 5 affects MAA and VRAM usage
GEN, MIGC, InstanceDiffusion, and ROICtrl as baselines under FP16 precision.

for comparison.

Quantitative Results Tab. 1 presents the quantitative re- . . . op

sults on DEIG-Bench. On human-centric tasks, DEIG signif- with the RGB space and is easier for diffusion models to
icantly outperforms all baselines across attribute complexi- learn, whereas material and texture require more abstract se-
ties, particularly under multi-color combinations, indicating mantic understanding beyond surface-level appearance.

stronger compositional generalization enabled by our detail- Tab. 2 and Tab. 3 present the results on MIG-Bench
aware semantic extraction and fusion modules. For object- and InstDiff-Bench. DEIG shows strong controllability un-
centric generation, DEIG also achieves consistently higher der dense layouts and diverse attribute prompts. While spa-
scores, with larger gains on color attributes than on mate- tial alignment on InstDiff-Bench is slightly lower due to
rial and texture, likely because color correlates more directly instance-masked attention limiting interactions in crowded
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Figure 7: Plug-and-play adaptation to community diffusion models. DEIG preserves fine-grained semantic control when
integrated into community diffusion models, demonstrating strong compatibility and generalization.

regions, it consistently surpasses baselines in accuracy and
CLIP alignment, especially for color attributes.

Qualitative Comparison DEIG effectively generates im-
ages from multi-attribute prompts with distinct spatial sep-
aration and strong attribute fidelity, as illustrated in Fig. 5.
While other methods struggle to represent multiple attributes
details per instance, our approach preserves semantic in-
tegrity across instances, with each accurately reflecting its
described color, material, and texture combination.

Fig. 7 shows DEIG adapted to a community diffusion
backbone without retraining. It preserves spatial layout
and fine-grained generation quality, highlighting the plug-
and-play nature and compatibility with common diffusion
pipelines.

Ablation Study

We conduct an ablation study to evaluate the contributions of
three components in DEIG: IDE, DFM, and detail-enriched
instance captions. As shown in Tab. 4, removing the cap-
tioning module leads to the largest drop in MAA, highlight-
ing the importance of fine-grained semantic supervision. Ex-
cluding IDE reduces semantic alignment, confirming its role
in detailed instance representation, while removing DFM
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slightly degrades accuracy due to increased semantic leak-
age between instances. Overall, performance drops more for
human instances than for object instances, indicating higher
sensitivity to fine-grained control.

We further analyze the effect of the aggregated seman-
tic dimension S on performance and computational cost.
As shown in Fig. 6, increasing S improves MAA for both
human and object instances, with gains saturating around
S = 16. Beyond this point, performance plateaus or slightly
declines, while GPU memory usage increases steadily, re-
vealing a trade-off between accuracy and efficiency. A set-
ting of S = 16 ~ 32 provides a good balance.

Conclusion

In this paper, we propose DEIG, a detail-enhanced frame-
work for fine-grained multi-instance generation. DEIG inte-
grates instance-aware semantic extraction and masked atten-
tion fusion to improve attribute alignment and reduce leak-
age. Built as a plug-and-play module, it adapts to existing
diffusion pipelines with minimal overhead. Extensive exper-
iments on multiple benchmarks show that DEIG achieves
strong spatial consistency and semantic fidelity, advancing
controllable generation in complex multi-instance scenarios.
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