CoLoGen: Progressive Learning of Concept-Localization Duality for Unified
Image Generation

Supplementary Material

A. Related work
A.l. Unified Multi-modal to Image Generation

Recent advancements in multi-modal image generation
strive to consolidate diverse generation and editing tasks
into unified frameworks, moving beyond task-specific
pipelines. Early approaches often relied on distinct en-
coders or adapters for different conditions. For instance,
ControlNet [26] and T2I-Adapter [13] introduced exten-
sive external modules to guide pre-trained diffusion models.
While effective, these methods face scalability issues when
expanding to new tasks due to the linear growth of parame-
ters.

To address this, recent works have focused on unified
architectures. Unified-IO 2 [12] and Janus [17] demon-
strate the power of autoregressive transformers in handling
multi-modal inputs and outputs, though often at the cost of
inference speed compared to diffusion models. In the diffu-
sion domain, OmniControl [16] and DreamOmni [22] in-
tegrate visual conditions directly into Diffusion Transform-
ers (DiT), achieving spatial alignment with minimal param-
eter overhead. OmniGen [23] and PixWizard [10] further
push the boundary by treating image generation and edit-
ing as a unified sequence generation problem, removing the
reliance on external condition encoders entirely. Similarly,
UniReal [2] treats image generation tasks as discontinuous
video frames to capture real-world dynamics.

More recently, Qwen-Image [18] presents a large-scale
diffusion foundation model emphasizing strong text ren-
dering, multi-task training, and improved semantic—visual
consistency for unified generation and editing. Query-
Kontext [15] decouples multimodal reasoning from high-
fidelity synthesis by leveraging a vision-language model to
produce contextual query tokens that guide diffusion-based
image generation and editing. Z-Image [1] proposes an ef-
ficient single-stream diffusion transformer that unifies im-
age generation and editing with scalable training, distilla-
tion, and accelerated inference.

However, these unified frameworks often struggle with
what we identify as the Concept—Localization Duality.
Tasks like subject-driven generation require rich semantic
concept encoding, whereas tasks like layout-to-image gen-
eration demand precise spatial structure. Naively training a
single unified model often leads to representational conflict,
where optimizing for semantic fidelity degrades spatial pre-
cision [3]. Unlike these approaches, CoLoGen explicitly
decouples and progressively weaves these representations,

ensuring high performance across both concept-heavy and
localization-heavy tasks.

A.2. Parameter-Efficient Composition and LoRA-
MoE

Low-Rank Adaptation (LoRA) [8] has become the standard
for parameter-efficient fine-tuning. To handle multi-task
learning without catastrophic forgetting, recent research
has explored Mixture-of-Experts (MoE) architectures com-
bined with LoRA.

In the realm of Large Language Models (LLMs), Oc-
tavius [3] and LoRAHub [8] propose routing mechanisms
to dynamically select or compose LoRA modules for un-
seen tasks. In visual generation, Mix-of-Show [7] addresses
the challenge of multi-concept personalization by fusing
multiple LoRAs, while ZipLoRA [14] attempts to merge
content and style LoRAs by optimizing their orthogonal-
ity. MoLE [21] applies a mixture of LoRA experts to se-
lect layer-wise adapters dynamically. ICEdit [28] enables
instruction-based image editing via in-context generation,
combining with LoORA-MoE. While relevant, these methods
typically employ static merging strategies or route based
solely on input domains. They do not account for the evolv-
ing nature of representational needs during the diffusion
process itself. CoLoGen advances this paradigm via our
Progressive Representation Weaving (PRW). Instead of
static composition, we employ a time-step dependent ’Vet-
eran Gate” routing that dynamically balances expert usage.
Crucially, our curriculum creates experts specialized specif-
ically for Concept versus Localization, rather than just ar-
bitrary data subsets, directly addressing the internal duality
of generative tasks.

B. More Results

B.1. Controllable Image Generation

We expand our evaluation to recent state-of-the-art models
built on stronger backbones (e.g., FLUX and SD3). While
prior works typically report results under limited settings,
we conduct a comprehensive comparison across both Canny
and Depth conditions. As shown in Tab. 1, our method con-
sistently achieves the best overall performance across dif-
ferent metrics.

B.2. Customized Image Generation

We further compare with recent large-scale customized
generation methods, including Bagel and OmniGen2, on
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Figure 1. Instructional editing results of our CoLoGen. Our method can adapt to various types of instructions, faithfully follow instructions
while preserving the visual consistency of the input images, ensuring high-quality and coherent results.

Canny Depth
Method Base C-ST FID|, | SSIMT FID]
UNIC-Adapter [6] | SD3 - 23.47 31.10 -
RealGen [5] CogV - 17.50 35.0 23.40

OmniControl [24] FLUX | 30.60 20.63 39.0 27.26
EasyControl [27] FLUX 28.60 - R
CoLoGen(Ours) FLUX | 3331 18.20 40.1 19.56

Table 1. Controllable image generation comparison on recent
backbone models.

Subject-200k. Notably, these approaches are trained on
substantially larger datasets (10M+ samples), whereas our
method uses fewer than 1M samples. As reported in Tab. 2,
CoLoGen achieves competitive or superior performance de-
spite the significantly smaller training scale.

B.3. Image Editing Benchmark

We additionally evaluate on the recent GEdit-Bench full
set. As shown in Tab. 3, CoLoGen achieves the best G_SC
score and remains competitive across other editing quality
metrics, demonstrating strong generalization ability in im-

Method Data DINO C-1 C-T
OmniControl [24] 200k 0.684 0.799 | 0.312
FLUX-IP-Adapter [25] 200k 0.582 0.820 0.288
CoLoGen(Ours) 200k 0.714 0.825 0.315
UNO-FLUX [20] IM-5M 0.760 0.835 | 0.308
OmniGen2 [19] 10M+ 0.749 0.830 | 0314
BAGEL [4] 10M+ 0.797 0.859 | 0.307

Table 2. Customized image generation comparison under dif-
ferent training data scales.

GEdit-Bench (Full Set) 1
Method G.SC | G_PQ G.0
Step1X-Edit [11] 7.66 7.35 6.97
BAGEL [4] 7.36 6.83 6.52
FLUX.1 Kontext [9] 7.02 7.60 6.56
Qwen-Image [18] 8.00 7.86 7.56
CoLoGen (Ours) 8.03 7.15 7.31

Table 3. Results on GEdit-Bench (Full Set).

age editing tasks.
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Figure 2. Controllable generation results of our CoLoGen.

“Surround grilled cheese on left,
tightly enclosed by a chocolate box.”

Figure 3. Visual examples from the image grounding task demon-
strate that CoLoGen, after undergoing endogenous pre-training,
exhibits highly accurate visual localization capabilities.

C. Visualization

C.1. Instruction Editing

We provide expanded visual examples on the Instruction
Editing benchmark in Figure 1. The results demonstrate
CoLoGen’s versatility in handling diverse editing instruc-
tions, ranging from localized object manipulation to global
stylistic changes. These results validate that our Instruction-
Image Alignment stage effectively fine-tunes the synergy
between concept and localization representations.

C.2. Controllable Image Generation

Figure 2 showcases CoLoGen’s performance on the Con-
trollable Image Generation benchmark under various spa-
tial conditions, including Depth maps, Segmentation masks,
Canny edges, HED edges, and LineArt. The visualization
highlights the effectiveness of the Localization Representa-
tion (R;) acquired during the endogenous pre-training.

Image Grounding. CoLoGen acquires precise intent local-
ization capabilities for the Image Grounding task during en-
dogenous pre-training. The visualization in Fig. 3 demon-
strates that the model possesses robust object perception



abilities and can accurately detect the referring instance,
significantly enhancing its stability on complex tasks (e.g.,
instruction-based editing and customized generation).
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