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Abstract

Subject-driven image generation aims to synthesize new images that preserve
the identity of the given subject while following textual instructions. Existing ap-
proaches often encode text and reference images separately. This limits cross-modal
reasoning abilities and causes copy-paste artifacts. Recent frameworks that connect
multimodal models and diffusion models improve instruction following, but largely
overlook identity preservation. To address these limitations, we condition diffusion
models on Multimodal Large Language Models (MLLMs) that jointly encode text
and reference images, and augment it with VAE-based identity conditioning. A
novel Dual Layer Aggregation (DLA) module is designed to aggregate multi-level
MLLM features for optimal conditioning, and a multi-stage denoising strategy
is applied to progressively balance the semantic information from MLLM and
fine-detail identity from VAE during inference. Extensive experiments demonstrate
that our approach harmonizes multimodal understanding with identity preservation,
mitigates copy-paste issues, and achieves superior performance regarding human
preference on subject-driven image generation. Our project website is available at
https://zsh2000.github.io/squeeze-mllm-subject-gen/.

1 Introduction

Subject-driven image generation aims to synthesize new content while preserving the visual identity
of a specific subject. Early approaches [2, 9, 19, 48, 64, 65, 98, 106], such as DreamBooth [83] and
Textual Inversion [23], personalize pretrained diffusion models via per-subject fine-tuning, achieving
strong identity fidelity at the cost of scalability. Subsequent works [17, 38, 66, 67, 76, 87, 127] adopt
reference-image conditioning to avoid retraining, where models like IP-Adapter [123] extract subject
features at inference time. More recent efforts [6, 18, 22, 72, 110, 124] further enhance zero-shot
subject generalization through VAE-based (Variational Autoencoder-based [45]) token conditioning.
However, these pipelines still process text and reference images separately, limiting multimodal
understanding and often producing copy-paste artifacts or identity drift on complex prompts.

In parallel, multimodal large language models (MLLMs) [61, 62] have demonstrated strong abilities
in joint text-image reasoning and structured control [90]. Systems [15, 89] such as DreamEngine [11],
Qwen-Image [107], and EasyRef [131] integrate MLLMs into diffusion decoders to parse interleaved
multimodal instructions, enabling more flexible prompt interpretation. Yet, these designs typically
rely only on the MLLM’s final-layer features (e.g., Qwen-Image, EasyRef), or combine ViT features
which contain fine details, with final-layer outputs via scalar mixing (e.g., DreamEngine). These
models often neglect fine-grained visual cues which are crucial for identity, thereby leading to
suboptimal identity preservation.
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In this work, we unify these two directions by introducing an MLLM-driven subject conditioning
framework that jointly encodes text and reference images within a shared multimodal space, and
enhances ID preservation with VAE conditioning. This joint encoding enables the model to perform
multimodal reasoning and coherently preserve subject identity, beyond the representational limits
of pure VAE-based encoders. However, this unification is non-trivial due to the different feature
structures of text and image tokens in MLLMs. The discrepancy between text and image features
makes it fundamentally inadequate to directly fuse modalities or rely on a single-layer representation
for conditioning. To effectively align MLLM embeddings with diffusion features, we design an
innovative Dual Layer Aggregation (DLA) mechanism, that adopts layerwise attention pooling to
separately aggregate text and visual embeddings. Instead of conditioning solely on the MLLM’s final
layer feature, the DLA takes the aggregated features from all transformer layers in the MLLM as input,
to fully leverage its multimodal prompt understanding capability. We also justify the mechanism of
aggregation by analyzing the roles and effectiveness of different layer groups (i.e., early, middle, and
late layers) within MLLM in the experimental study.
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Figure 1: Benefits of leveraging MLLMs for
subject-driven generation. MLLMs mitigate the
copy-paste issue within VAE-based methods, and
enables the multimodal understanding of the
subject-driven generation pipeline by jointly mod-
eling input image and text, while VAE-based meth-
ods encode them separately.

In addition, directly combining MLLM embed-
dings with VAE-based identity enhancement can
cause embedding conflicts, as both contain over-
lapping visual representations. To reconcile
these signals, a two-stage training strategy is
invented to first enable multimodal condition-
ing from MLLM, before combining the opti-
mization with the high-frequency identity de-
tails from VAE features. To further balance the
multimodal conditioning from the MLLM and
the identity details provided by the VAE, we pro-
pose a multi-stage denoising strategy: the dif-
fusion model first denoises under MLLM guid-
ance to establish global semantics, then jointly
refines with both modalities, and finally focuses
on VAE-conditioned fine details. As shown in
Figure 1, this staged process effectively har-
monizes the two embedding sources, alleviat-
ing copy-paste artifacts common in VAE-based
pipelines, while providing richer reasoning abil-
ity and instruction-aware, identity-preserving
generation compared to existing frameworks.
Our contributions can be summarized as follows:
we propose a Dual Layer Aggregation (DLA) module to aggregate text and visual embeddings across
MLLM layers for improved conditioning, along with a multi-stage denoising strategy that balances
semantic reasoning and fine-grained identity during generation. Also, we provide a detailed analysis
of MLLM layer representations and their roles in diffusion conditioning under different fusion
strategies. Extensive experiments demonstrate competitive performance in multimodal understanding
and identity preservation over prior subject-driven methods.

2 Related Work

Subject-driven Generation focuses on preserving the identity or visual characteristics of a specific
subject within the synthesized images. Early optimization-based approaches [1, 12, 24, 32] such
as DreamBooth [83], Textual Inversion [23], and LoRA [35] adapt pretrained diffusion models to
new identities by introducing subject-specific parameters, but require costly per-subject fine-tuning.
To eliminate this need, recent methods employ explicit reference encoders or adapters that extract
identity features directly from input images and condition the diffusion process at inference time (e.g.,
IP-Adapter [123], BLIP-Diffusion [50]). Transformer-based diffusion decoders (DiT) have further
incorporated such reference conditioning [36, 58] through lightweight modules like IC-LoRA [37].
Subsequent research [39, 44, 51, 59, 116] enhances facial fidelity [52, 77, 95, 103, 112, 117], multi-
reference composition [31, 43, 84, 86, 88, 96, 99, 100, 105, 118–120, 126, 128], computational
efficiency [16, 41, 53, 54, 56, 102, 121, 122], and multimodal controllability [21, 30, 33, 40, 49, 60,
92, 101, 113–115]. Recently, UNO [110], UMO [14], USO [111], and DreamO [69] achieve zero-shot
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Figure 2: Overview of our framework. (a) The full model architecture, consisting of an MLLM for
multimodal understanding, a VAE encoder for mapping images into latent space, a DiT backbone for
diffusion denoising, and a Dual Layer Aggregator (DLA) that aligns MLLM embeddings for DiT.
(b) Details of the token attention pooling module inside the DLA module, including its layerwise
attention and pooling operations, to form MLLM aggregated embeddings from all MLLM layers.

generation conditioned by multiple images leveraging VAE-based token conditioning. However, these
identity-preserving and control-oriented pipelines remain largely decoupled from large multimodal
language models (MLLMs), lacking the semantic reasoning and contextual understanding necessary
for flexible, instruction-aware identity control. Due to the limit of space, more discussions on the
related work can be found in Section C in the Appendix.

3 Method

Given a text prompt T and a set of reference images I = {In}Nn=1, our method produces an image
Î = G(T , I) that aligns with the textual description while preserving the identity of the reference
images. Our approach, visualized in Figure 2(a), is built on top of a Diffusion Transformer (DiT)
backbone (Section 3.1) conditioned on a Multimodal Large Language Model (MLLM) and a VAE
encoder. Specifically, we propose to use layerwise attention pooling (Section 3.2) and propose a Dual
Layer Aggregator (DLA) module (Section 3.3) that allows to extract aggregated features from MLLM
layers for text and image modalities. The architecture unifies MLLM for multimodal understanding
and VAE for deriving high-fidelity identity details. To better reconcile capabilities of MLLM and
VAE, we propose a multi-stage denoising process (Section 3.4) that allows integrating different
conditioning branches and design a two-stage training strategy (Section 3.5).

3.1 Background: Diffusion Transformers

Diffusion models learn a mapping from a simple prior distribution to the data manifold through
iterative denoising. Given a data sample x0 ∼ q(x0), the forward process gradually perturbs it with
Gaussian noise under a variance schedule {αt}Tt=1:

q(xt | x0) = N (xt;
√
αtx0, (1− αt)I), (1)

where xT approaches an isotropic Gaussian. The reverse process is learned by predicting either the
added noise or the clean sample x0 with the denoising network ϵθ(xt, t, c), conditioned on control
signals c such as text or image embeddings. Recently, Rectified Flow [63] reformulates diffusion as a
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deterministic transport process parameterized by a time-dependent velocity field vθ(xt, t):

dxt

dt
= vθ(xt, t), x0 = x1 +

∫ 1

0

vθ(xt, t) dt. (2)

This rectified formulation stabilizes training and simplifies inference by eliminating stochastic
sampling steps. The objective becomes a velocity-matching loss:

LRF = Et,x0,x1

[
∥vθ(xt, t)− (x0 − x1)∥22

]
. (3)

Building on this, Diffusion Transformers (DiT) [73] replace the standard UNet backbone with a
transformer that operates on patch tokens. At each timestep t, the noisy image xt is first projected
into a latent representation zt ∈ RH×W×D. This latent is then flattened into a sequence of patch
embeddings, augmented with timestep and conditioning tokens, and processed through self-attention
layers to predict either the velocity or noise tokens for denoising.

In our experiments, we adopt FLUX.1 dev [5], a recent DiT-based architecture employing rectified
flow parameterization as our backbone due to its training stability, synthesis capability, and modular
conditioning design. Flux provides a flexible transformer-based diffusion decoder that seamlessly
integrates multimodal embeddings, making it a strong foundation for our proposed MLLM-driven
subject conditioning framework.

3.2 Basic Module: Layerwise Attention Pooling

Existing methods that connect MLLMs with diffusion models mainly focus on text-to-image genera-
tion and typically extract the single final layer feature as conditioning tokens [107, 131], assuming
that the last layer contains the most informative semantic representation after multimodal reasoning.
However, this strategy is suboptimal for subject-driven generation, where both text adherence and
identity preservation are equally important.

Motivation. Since most MLLMs are optimized for high-level reasoning tasks such as VQA, their
image tokens tend to lose fine-grained texture and appearance details in deeper layers. As also
observed in [10], the visual representation in MLLMs shifts from low-level appearance to high-level
semantics across layers when the layer dives deeper. This creates a representation mismatch: no
single layer provides both the semantic completeness required for text alignment and the fine-grained
fidelity required for identity preservation. To alleviate this issue, we leverage a Layerwise Attention
Pooling (LAP) mechanism that integrates features across multiple MLLM layers to retain both
higher-level semantic and lower-level structural information.

LAP Module. Given MLLM feature maps from all transformer layers F = {Fi}Mi=0 (M is the
number of MLLM layers), where Fi ∈ RB×L×C (B is the batch size, L is the sequence length, and
C is the channel number), LAP produces a summarized representation F̂ ∈ RB×L×C via attention
over the layer axis. Concretely, LAP implements a lightweight multi-head attention mechanism
where the layer index is treated as the sequence dimension, followed by a fully connected projection
for adaptive layer weighting, as shown in Figure 2(b).

3.3 Dual Layer Aggregator

Observation and Motivation from Single LAP Module. As illustrated in Figure 3(a), preliminary
experiments using a single LAP module to jointly summarize text and image tokens revealed a trade-
off between identity preservation and text alignment for different checkpoints obtained during the
optimization process. When trained together, the model tends to overfit to one modality, degrading the
performance of the other. Further analysis in Figure 3(b) on text-to-image (T2I) and image-to-image
(I2I) reconstruction tasks breaks down this issue, and shows that the layer-wise attention obtained
from text and image tokens differ significantly, reflecting distinct hierarchical information patterns
for each modality.

DLA for Multimodal Processing. Motivated by the observed issue, we introduce a Dual Layer
Aggregator (DLA) that decouples layerwise aggregation across modalities. DLA consists of two
separate LAP modules: one for text tokens and one for image tokens. Each LAP specializes in
summarizing layerwise features most relevant to its modality—text LAP emphasizes on semantic
fidelity and the prompt, while image LAP focuses on subject appearance and identity consistency.
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Figure 3: Preliminary analysis on single Layer-
wise Attention Pooling (LAP) across text and im-
age modalities. (a) Performance tradeoff with dif-
ferent checkpoints when optimizing with a single
LAP. (b) Attention maps from the model trained
solely on I2I task and the model trained on T2I
task, where both use single LAP model.

Importantly, this design does not sacrifice cross-
modal interaction, as MLLMs already enable
multimodal information to flow within interme-
diate layers, which means image tokens inside
MLLM already absorb cross-modal informa-
tion from text, and vice versa. Therefore, DLA
avoids redundant multimodal fusion and instead
focuses on modality-aware layerwise informa-
tion processing.

With the designed DLA module, each modality-
specific LAP can focus on effectively aggregat-
ing intra-modal information without redundant
fusion learning. Empirically, we observe that
early and late layers in the MLLM often ex-
hibit stronger activations corresponding to ap-
pearance and semantic cues, respectively. To
maintain model-agnostic flexibility, we apply
LAP to all MLLM layers, allowing DLA to adap-
tively learn each layer’s contribution to identity
or text following. This ensures robustness when adapting to different MLLM architectures with
varying attention behaviors.

3.4 Multi-stage Timestep-aware Denoising

The VAE encoder in diffusion models serves as a strong visual tokenizer that effectively captures
detailed subject identity from reference images [14, 110]. While VAEs preserve fine-grained ap-
pearance, they often suffer from copy-paste artifacts and lack semantic understanding. In contrast,
MLLMs jointly encode text and images, offering better reasoning and layout understanding, but
relatively weaker identity fidelity. To address the above limitations with single-source features, we
leverage both conditioning sources to combine the complementary strengths of VAEs and MLLMs,
and propose a multi-stage denoising process that activates different conditioning branches along the
denoising timesteps. This design aligns with the inherent coarse-to-fine nature of diffusion: earlier
steps capture semantics and global layout, and later steps refine local details. Specifically, MLLM
conditioning is used in early steps for semantic and compositional reasoning; both MLLM and VAE
conditioning are applied in the middle for balanced control; and only VAE conditioning is used in
late steps for detailed identity refinement.

Formulation. The denoising network predicts the clean sample at each step as:
x̂t−1 = fθ(xt, cMLLM ·MMLLM(t), cVAE ·MVAE(t)), (4)

where fθ denotes the denoising transformer, and cMLLM and cVAE are conditioning embeddings
from the two encoders. The timestep-dependent masks MMLLM(t),MVAE(t) ∈ {0, 1} control which
branches are active. During training, the reference image input for either branch (MLLM or VAE) is
randomly dropped to ensure robustness. As a result, the whole system can naturally handle scenarios
when only one of the sources has the reference image input.

We define three denoising stages parameterized by τ1 and τ2:

MMLLM(t),MVAE(t) =


(1, 0), t ≥ τ1 (early)
(1, 1), τ2 ≤ t < τ1 (middle)
(0, 1), t < τ2 (late).

(5)

Integration with rectified flow. This stage-aware conditioning naturally integrates with our rectified
flow objective. As the rectified flow continuously transports samples from noise to data, the condi-
tioning signal shifts from semantic alignment via the MLLM, to fine-detailed identity refinement via
the VAE near the data manifold, achieving coherent and instruction-aware subject generation.

3.5 Two-stage Training Strategy

Training a diffusion system conditioned on both MLLM and VAE embeddings presents a unique
challenge. Since our timestep-aware denoising process requires the model to function when only
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Figure 4: Comparisons of our method with state-of-the-art subject-driven generation approaches. Red
dashed lines indicate instances where other methods suffer from the copy-paste issue. In contrast,
our method produces images that maintain strong subject identity, exhibit creative pose variations,
and respect underlying physical constraints.

one of the two modalities (MLLM or VAE) is present, both encoders must independently learn to
contribute meaningful signals for subject-driven generation. To achieve this, we adopt the following
two-stage training strategy.

In the first stage, we train the diffusion transformer using only MLLM-derived conditioning. This
stage encourages the MLLM to fully exploit its multimodal reasoning ability, and capture identity-
related cues from the reference images as well. In the second stage, we jointly train the entire
framework—MLLM, VAE, and DiT—enabling the model to balance high-level reasoning from the
MLLM with fine-grained identity features from the VAE.

This staged optimization prevents the VAE from dominating identity preservation too early. If trained
jointly from scratch, the VAE tends to absorb most of the identity learning, leaving the MLLM under-
optimized and ineffective in the early denoising steps—where global structure and appearance are
primarily determined. Consequently, once identity information is far off track in the early timesteps,
it cannot be recovered later even when VAE conditioning is introduced. Our two-stage strategy
therefore ensures both conditioning pathways to contribute effectively throughout the denoising
process, leading to harmonized identity fidelity and prompt alignment.

4 Experiments

4.1 Experimental Settings

Dataset. To explore the potential of MLLMs for subject-driven generation, we use only public
datasets throughout our experiments. Our model is trained on the publicly available UNO-1M [110],
which contains approximately 400K image pairs after filtering with MLLM-based scoring criteria.
Each pair features a subject with matched images of the same identity.

Implementation Details. Following the two-stage training strategy described in Section 3.5, we
first train the MLLM-DiT framework for 25K steps, and then incorporate both MLLM and VAE as
conditioning signals for an additional 10K steps. Training is conducted on 8 NVIDIA H100 GPUs,
each with a batch size of 16, using a constant learning rate of 1e-5.

We adopt InternVL3-8B [130] as the MLLM and FLUX.1 dev [5] as the DiT, with a LoRA rank of
512 for finetuning the DiT attention blocks. The MLLM and other weights in DiT are all frozen.
During inference, we set timestep-aware denoising thresholds to τ1 = 0.95 and τ2 = 0.85, use a
cosine denoising schedule, and apply a classifier-free guidance (CFG) value of 2.5 for all stages when
evaluating metrics. Section 4.3 further analyzes how these parameters affect performance and provide
users with finer control over identity fidelity, pose variation, and overall image quality.
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4.2 Comparisons with Existing Methods

In this section, we conduct comprehensive experiments on various aspects to demonstrate the
capability of our method. Besides the (1) standard benchmark evaluations, (2) we propose an
evaluation criteria to quantify the copy-paste issue and illustrate that the issue gets largely mitigated.
Also, (3) better multimodal understanding capability is revealed with both qualitative and quantitative
results. Additionally, (4) automatic human-aligned evaluation and (5) user study demonstrate that our
method receives more preference from users compared to existing models.

Table 1: Quantitative comparison on
DreamBench. †Training with the same
public data as ours (single-subject data
from UNO-1M). First block indicates
VAE-based methods while the second
block indicates MLLM-based approaches.

Method DINO-I (↑) CLIP-I (↑) CLIP-T (↑)
OminiControl [94] 0.5987 0.7840 0.3186
OmniGen2 [108] 0.7323 0.8268 0.3185
UNO [110] 0.7484 0.8354 0.3040
UNO† [110] 0.6860 0.8161 0.3071
XVerse [8] 0.7215 0.8175 0.3098
DreamO [69] 0.7537 0.8356 0.3086
USO [111] 0.7478 0.8263 0.3213
UMO [14] 0.7481 0.8339 0.3022

DreamEngine [11] 0.5195 0.7428 0.3006
Qwen-Image [107] 0.7317 0.8261 0.3158
EasyRef [131] 0.6961 0.8153 0.3031
Ours (MLLM only) 0.6788 0.8228 0.2988
Ours (MLLM + VAE) 0.7482 0.8443 0.3010

(1) Standard Benchmark Performance. We compare
our model with state-of-the-art subject-driven generation
methods including OminiControl [94], OmniGen2 [108],
UNO [110], XVerse [8], DreamO [69], USO [111],
and UMO [14], as well as recent approaches that con-
nect MLLMs with diffusion models, including Drea-
mEngine [11], Qwen-Image [107], and EasyRef [131].
As many existing systems rely on private high-quality
subject-driven datasets, we also re-train UNO which
has public training code with the same UNO-1M data
to better show the potential of our method. Following
previous works, DreamBench [83] is adopted as our
main evaluation benchmark for experimental analysis
and ablation study. DINO-I [7] and CLIP-I [78] are
used for measuring identity similarity, and CLIP-T is
used for text-image alignment. As shown in Table 1, our
MLLM-only model (only trained for the first stage with
the MLLM-DiT framework) already reaches performance on par with UNO trained under the same
conditions, demonstrating the strength of our DLA in extracting multimodal features and identity
signals from MLLMs. With both MLLM and VAE conditioning, our full model—trained entirely on
public data—achieves performance comparable to state-of-the-art methods. Qualitative comparisons
in Figure 4 show that our approach produces more diverse poses while preserving identity, and yields
more physically coherent scenes, avoiding artifacts such as subjects floating above backgrounds.
Beyond the standard DreamBench, we also include evaluations on additional benchmarks including
XVerseBench [8] and a multi-subject LAMICBench [13] on our model with slight multi-subject
adaptation in the Appendix.

Table 2: Quantitative comparisons of subject
variation between the reference and generated
images, measuring the copy-paste issue. We eval-
uate differences in azimuth and polar angles to
assess the subject pose diversity produced by the
model, showing its ability to generate more var-
ied poses and reduce copy-paste artifacts.

Method Azimuth (↑) Polar (↑) Average “Recall” Rate (↓)
OmniGen2 [108] 22.6 7.0 0.486
DreamO [69] 22.1 9.6 0.372
USO [111] 20.8 9.6 0.401
Qwen-Image [107] 17.6 7.8 0.460

Ours 25.7 10.4 0.349

(2) Copy-paste Issue Alleviation. A com-
mon failure mode in subject-driven genera-
tion—particularly in VAE-based methods—is the
copy-paste effect, where the generated subject
closely mimics the reference pose with minimal
variation. This issue is largely overlooked in the
prior evaluations in existing works that mainly fo-
cus on identity preservation and text alignment. As
illustrated in Figure 4, many existing approaches
suffer from this behavior (highlighted with red
dashed boxes), whereas our method produces sub-
jects with noticeably more diverse and creative
poses. To quantify this effect, we adopt Orient
Anything [104] to estimate the azimuth and polar angles of subjects in both the reference and
generated images, and compute their average orientation discrepancy. We further propose a “Re-
call”@ k◦ metric—the percentage of generated samples whose orientation angles (both azimuth
and polar) are below k◦, and report the Average “Recall” Rate metric, which is averaged over
k◦ ∈ {5◦, 10◦, 15◦, 20◦} for “Recall”@ k◦. As shown in Table 2, our MLLM-based conditioning
significantly mitigates the copy-paste issue compared to previous methods. While the diversity of
the generated subject can also be reflected in other factors (e.g., posture), orientation is a crucial and
easily measurable indicator, especially for rigid objects, so it serves as a practical proxy for evaluating
the copy-paste artifacts.

(3) Reasoning Capability. The text prompts in DreamBench are relatively simple and require
limited cross-modal reasoning, making differences in text-following performance across models
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Figure 5: Comparisons on reasoning capabil-
ity show that VAE-based methods often fail on
complex user prompts, producing copy-pasted
subjects or incorrect concept binding. MLLM-
DiT pipelines like Qwen-Image also struggle in
understanding these challenging user prompts,
demonstrating the prior solution for connecting
MLLM and DiT is suboptimal. In contrast, our
method, conditioned solely on MLLM signals,
accurately interprets the prompts and associates
concepts with the appropriate visual elements.

Table 3: Quantitative comparisons on the con-
structed benchmark with 350 samples for mul-
timodal reasoning capability in subject-driven
generation.

Metric UNO DreamO Qwen-Image Ours

CLIP-T (↑) 0.2851 0.2888 0.3099 0.3208

Table 4: Quantitative comparisons on the human-
aligned MLLM-based scores on the subject cate-
gories in DreamBench++.

Method MLLM-based Scores (0-4 scale) (↑)
(A) (B) (C) (D) (E) (F) (G) Average

DreamO 2.837 2.892 2.802 3.402 2.737 2.462 2.737 2.838
UNO 2.539 2.753 2.474 3.027 2.303 2.103 2.576 2.539
USO 2.790 2.868 2.798 3.410 2.663 2.400 2.668 2.800
Ours 3.119 2.969 3.006 3.568 2.962 2.601 2.847 3.010

Table 5: User study from 30 participants with
a total of 1,500 votes on samples from Dream-
Bench and XVerseBench.

Method XVerse DreamO USO UMO Ours

Score (1-10 scale) (↑) 5.75 6.31 6.74 6.02 7.26

small. Methods like USO can achieve high scores despite occasionally “copy-pasting” the subject
and placing it on top of the prompted background. More challenging scenarios arise when the user
prompt refers to concepts that are not the sole focus of the reference image, or when concept binding
needs to be figured out between the text and the visual input. Figure 5 illustrates such cases, where
correct generation depends on understanding and reasoning over both modalities. For instance, in the
first row, the model must associate the “hat” mentioned in the prompt with the correct region of the
reference image, while ignoring irrelevant distractors such as the cat. VAE-based pipelines struggle
here because they encode text and reference images independently, limiting their ability to jointly
interpret user intent. Qwen-Image with the MLLM-DiT structure also shows multiple failure cases,
suggesting that conditioning the DiT solely on the final layer features does not fully leverage the
multimodal reasoning capacity of MLLMs. In contrast, our model successfully aligns text and image
cues, producing coherent outputs. Notably, even though our model is trained only on single-subject
data, it can take two reference images as input (last row of Figure 5) and still correctly bind textual
concepts to the appropriate visual regions. To further quantitatively verify the multimodal reasoning
capability, we construct a benchmark consisting of 350 samples similar to the examples in Figure 5,
and evaluate on the text following capability that largely reflects the correctness of the generated
images from user instructions. Detailed information about the constructed benchmark can be referred
in the supplementary material. As shown in Table 3, our method greatly outperforms the existing
models on multimodal understanding on these complex scenarios, because the MLLM in our model
jointly encode both images and text that enables cross-modal concept binding and reasoning.

(4) Human-aligned Evaluation. To provide an additional perspective regarding human-aligned
preference, we perform evaluation on DreamBench++ [74], which adopts an MLLM-based scoring
metric that is aligned with human perception. MLLMs are expected to give an overall score from 0-4
on subject consistency following prompts used in [47, 74, 129] for the generated images, considering
multiple aspects including shape, color, and texture. More details about the prompts used for
MLLMs are described in the supplementary material. We select seven MLLMs with different
architectures and sizes to foster the soundness of the evaluation: (A) GPT-4o [71] (original choice
from DreamBench++), (B) Gemma 3 27B [28], (C) Gemini 2.5 Flash [27], (D) Gemini 3 Flash [29],
(E) Qwen3-VL-30B-A3B-Thinking [3], (F) Qwen3-VL-235B-A22B-Thinking [3], and (G) Mistral-
Small-3.2-24B-Instruct [68]. Table 4 demonstrate the superiority on subject consistency of our
method evaluated with all types of MLLMs.

(5) User Study. To further calibrate subject-driven generation quality with human perception, we
conduct user study on the images generated by XVerse, DreamO, USO, UMO, and our method. We
randomly select 10 samples from DreamBench and XVerseBench, and ask the volunteers to score the
generated assets in a scale of 1-10 on the overall quality, where the participants are guided to focus on
subject fidelity, text following, etc. that are considered important factors for subject-driven generation.
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Figure 6: Single-stage training prevents the
model from leveraging timestep-aware denois-
ing, limiting both potential performance gains
and the flexibility for user control.

Table 7: Comparison regarding single-stage train-
ing, with and without timestep-aware denoising
(TAD). The results highlight the importance of
our two-stage training strategy, which first estab-
lishes a well-trained MLLM-DiT system before
introducing the VAE.

Method DINO-I (↑) CLIP-I (↑) CLIP-T (↑)
Single-stage Training w/o TAD 0.7184 0.8245 0.2971
Single-stage Training with TAD 0.5763 0.7686 0.2995

Two-stage Training 0.7482 0.8443 0.3010

Details on the instructions and interface of our user study can be referred in the supplementary
material. There are 30 volunteers participating in our user study, and a total of 1,500 votes are
collected. The results of the user study in Table 5 show that our method is also more subjectively
preferred from real user experience.

4.3 Ablation Study

In this section, we provide the ablation study and analysis on the design and training mechanisms of
our method. Due to the limit of space, more ablation study and analysis can be found in the Appendix.

Table 6: Analysis on different strategies of con-
necting MLLM features to the DiT. The first
block reports baselines that rely on last-layer con-
ditioning and their variants. The second block
evaluates single LAP configurations, showing
that a single LAP for both text and image tokens
preserves identity reasonably well, but severely
weakens text following.

Method Selected
Layers

Residual
Connection DINO-I (↑) CLIP-I (↑) CLIP-T (↑)

Last layer [107] - - 0.6566 0.8128 0.2893
Last layer (blend ViT) [11] - - 0.7118 0.8286 0.2850
Last layer (mix ViT) - - 0.7097 0.8233 0.2946

Single LAP 0-9 × 0.7167 0.8391 0.2969
Single LAP 10-19 × 0.7315 0.8463 0.2957
Single LAP 20-28 × 0.7325 0.8386 0.2981
Single LAP 0-28 × 0.7524 0.8502 0.2878
Single LAP 0-9 ✓ 0.7282 0.8497 0.2944
Single LAP 10-19 ✓ 0.7109 0.8377 0.2958
Single LAP 20-28 ✓ 0.7246 0.8389 0.2963
Single LAP 0-28 ✓ 0.7242 0.8379 0.2974

DLA (Dual LAP) 0-28 ✓ 0.7275 0.8401 0.3013
DLA (Dual LAP) 0-28 × 0.7482 0.8443 0.3010

(1) Strategies for Leveraging MLLM. We con-
duct a systematic analysis to identify effective
ways to squeeze MLLM capacity to diffusion
models for subject-driven generation. We ab-
late several strategies, including those from prior
works: last-layer feature extraction from Qwen-
Image [107], scalar blending of MLLM ViT fea-
ture with last-layer feature in DreamEngine [11]
(blend ViT), and concatenation of MLLM ViT im-
age feature with last-layer text feature (mix ViT).
Additionally, we explore different layer selections
in our LAP module by partitioning InternVL3-
8B’s 28 layers into early (0–9), middle (10–19),
and late (20–28) layers, and evaluate residual con-
nections to the last layer. Table 6 shows that ex-
isting strategies are suboptimal under limited data
and resource constraints. Using a single LAP for
both text and image preserves identity reasonably but severely compromises text alignment. Residual
connections to the last layer do not improve performance and can even degrade it, suggesting that
overemphasizing last-layer features may be harmful.

(2) Two-stage Training. Optimizing a framework that integrates both MLLM and VAE for subject-
driven generation is non-trivial. In Section 3.5, we propose a two-stage training strategy: first training
the MLLM-DiT framework in the initial stage and then adding the VAE in the second stage. Without
this staged approach, the capacity from MLLMs for identity preservation cannot be sufficiently
unleashed, which prevents the model from fully leveraging the timestep-aware denoising process.
As shown in Figure 6, the initial denoising steps conditioned on MLLM largely determine the final
appearance of the image; if MLLM has not developed decent identity preservation capability, the VAE
in the later stages cannot correct the denoising trajectory. Table 7 further shows that the model trained
with single-stage strategy has inferior performance in both identity preservation and text alignment,
and its failure to utilize timestep-aware denoising to boost the performance. This occurs because VAE
tokens, which are originally optimized for reconstruction, dominate the generation process, therefore
reducing the information contribution from MLLM features. As a result, the DiT loses one source of
identity information, and the cross-modal reasoning and understanding capabilities from the MLLM
are diminished as well.

5 Conclusion

We study towards the optimal strategy to utilize MLLMs for subject-driven generation, with the
introduced Dual Layer Aggregation (DLA) module. Our analysis shows that aggregating represen-
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tations across all layers and aligning text and visual modalities separately, is critical to achieving
strong multimodal understanding and identity preservation. Combined with the VAE’s strength in
capturing fine-grained visual details, our multi-stage denoising framework and two-stage training
strategy further harmonize the conditioning signals from both MLLM and VAE, and provide users
with more flexibility during generation.
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Technical Appendices and Supplementary Material

In this appendix, we provide additional analyses and experiments to further validate the effectiveness
of our method along with more discussions. First, in Section A, we conduct a layer-wise analysis of
the DLA module during inference to understand its contribution across different layers. Section B ex-
plores various layer selection strategies for training DLA, analyzing both efficiency and performance
trade-offs. Section C discusses on extended related works including the development of text-to-image
generation, and existing approaches that bridge large multimodal models and diffusion models. Sec-
tion D conducts the sensitivity analysis to demonstrate the robustness of hyperparameter choices and
flexible user control from our method. In Section E, we perform an ablation study on different MLLM
backbones, demonstrating the robustness and generalizability of our approach. We further show
the adaptability of our method to multi-subject generation in Section F with small-scale finetuning.
More implementation details about the construction of the multimodal reasoning benchmark, the
instruction and interface used for the user study, and the prompts used for MLLM-based evaluation
are explained in Sections G, H, I, respectively. More quantitative and qualitative evaluations are
displayed in Sections J and K to highlight the visual advantages of our approach. Section L include
the license and terms of use for the models and data used in the paper. Finally, Sections M and N
present the limitations, discussions, and potential societal impact of our method.

A Layer Analysis for DLA at Inference Time

In this section, we analyze how different layers in the dual text LAP and image LAP of our DLA
contribute to performance. Specifically, we take the fully trained model and selectively zero out
certain layers during inference to examine their impact. The results in Table A reveal three key
observations. First, the image modality is highly sensitive to the removal of the early MLLM layers,
suggesting that these layers are essential for preserving fine-grained visual details. Second, the text
modality shows more robustness to layer removal. This indicates that, although the text modality
primarily relies on the later layers, the model can still retrieve similar textual information from the
preceding layers when later layers are removed. Third, we find that disabling one modality can
occasionally bring slight improvements when the other modality is partially dropped, implying that
the model may rely more heavily on a single modality in such cases. This further supports our claim
that balancing the two modalities is crucial for optimal performance.

We further include qualitative comparisons in Figure B and Figure C, which visually support the
observations drawn from Table A. Specifically, we observe two consistent trends. First, when early
layers of the image modality are dropped (e.g., zeroing out layers 0-19), the model struggles to
preserve identity, whereas using only early layers achieves comparable ID consistency. Second, for
the text modality, the later layers appear more critical as using only layers 0-9 significantly weakens
the model’s ability to understand and follow the prompt.

B Layer Selection for Training DLA

In the main paper, we primarily ablate layer selection strategies for the single LAP. Here, we extend
the investigation with a more comprehensive analysis of dual LAP layer strategies within our DLA
module. It is important to note the key difference between this experiment and the previous one in
Table A. In Section A, the study was conducted during inference using a fully trained model where
individual layers were selectively zeroed out. In contrast, the experiments presented here involve
training the entire pipeline from scratch while using only a subset of MLLM layers for either the text
LAP or the image LAP.

Thus, the analysis in Section A emphasizes the contribution of each individual group of layers within
DLA, whereas this section focuses on evaluating different strategies for connecting MLLM features
to DiT. The results are shown in Table B, and our key observations are summarized as follows.
First, pre-selecting early layers (0-9) yields noticeable performance gains for identity metrics, likely
because the model leans more toward copy-paste behavior, as text-following performance drops.
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Table A: Layer analysis of our DLA during inference. We assess the contribution of each MLLM
layer in our full DLA by selectively zeroing out text and image modalities during inference. For
simplicity, the numerical results of difference are rounded to two digits after the decimal point.

Image Layers Text Layers DINO-I (↑) CLIP-I (↑) CLIP-T (↑)
0-28 0-28 0.7482 0.8443 0.3010

0-9 10-19 20-28 0-28 0.6368 (-0.11) 0.7959 (-0.05) 0.3111 (+0.01)
0-9 10-19 20-28 0-28 0.7472 (-0.00) 0.8439 (-0.00) 0.3011 (+0.00)
0-9 10-19 20-28 0-28 0.7344 (-0.01) 0.8353 (-0.01) 0.3041 (+0.00)
0-9 10-19 20-28 0-28 0.6058 (-0.14) 0.7837 (-0.06) 0.3117 (+0.01)
0-9 10-19 20-28 0-28 0.7093 (-0.04) 0.8251 (-0.02) 0.3067 (+0.01)
0-9 10-19 20-28 0-28 0.5898 (-0.16) 0.7773 (-0.07) 0.3129 (+0.01)

0-12 13-16 17-28 0-28 0.5962 (-0.15) 0.7769 (-0.07) 0.3134 (+0.01)
0-24 25-28 0-28 0.5560 (-0.19) 0.7618 (-0.08) 0.3129 (+0.01)
0-3 4-28 0-28 0.5493 (-0.20) 0.7609 (-0.08) 0.3126 (+0.01)

0-28 0-9 10-19 20-28 0.7557 (+0.01) 0.8474 (+0.00) 0.3006 (-0.00)
0-28 0-9 10-19 20-28 0.7399 (-0.01) 0.8405 (-0.00) 0.2990 (-0.00)
0-28 0-9 10-19 20-28 0.7267 (-0.02) 0.8354 (-0.01) 0.2991 (-0.00)
0-28 0-9 10-19 20-28 0.7560 (+0.01) 0.8498 (+0.01) 0.2966 (-0.00)
0-28 0-9 10-19 20-28 0.7363 (-0.01) 0.8402 (-0.00) 0.3018 (+0.00)
0-28 0-9 10-19 20-28 0.7473 (-0.00) 0.8492 (+0.00) 0.2545 (-0.05)
0-28 0-12 13-16 17-28 0.7661 (+0.02) 0.8631 (+0.02) 0.2657 (-0.04)
0-28 0-24 25-28 0.8274 (+0.08) 0.9068 (+0.06) 0.2480 (-0.05)
0-28 0-3 4-28 0.7823 (+0.03) 0.8724 (+0.03) 0.2590 (-0.04)

0-9 10-19 20-28 0-9 10-19 20-28 0.6950 (-0.05) 0.8153 (-0.03) 0.2586 (-0.04)
0-9 10-19 20-28 0-9 10-19 20-28 0.6906 (-0.06) 0.8173 (-0.03) 0.3080 (+0.01)
0-9 10-19 20-28 0-9 10-19 20-28 0.7135 (-0.03) 0.8301 (-0.01) 0.3042 (+0.00)
0-9 10-19 20-28 0-9 10-19 20-28 0.4852 (-0.26) 0.7129 (-0.13) 0.2582 (-0.04)
0-9 10-19 20-28 0-9 10-19 20-28 0.5743 (-0.17) 0.7700 (-0.07) 0.3135 (+0.01)
0-9 10-19 20-28 0-9 10-19 20-28 0.6139 (-0.13) 0.7878 (-0.06) 0.3085 (+0.01)
0-9 10-19 20-28 0-9 10-19 20-28 0.4144 (-0.33) 0.6820 (-0.16) 0.2500 (-0.05)
0-9 10-19 20-28 0-9 10-19 20-28 0.5562 (-0.19) 0.7644 (-0.08) 0.3139 (+0.01)
0-9 10-19 20-28 0-9 10-19 20-28 0.6038 (-0.14) 0.7848 (-0.06) 0.3099 (+0.01)

Second, almost all layer-preselection strategies for the text modality lead to degraded performance,
aligning with the finding from Section A that textual information is distributed across all MLLM
layers. Third, despite using only subset layers, the diffusion model can still attain comparable or even
improved performance for both modalities, suggesting that the current layer aggregation design may
not fully exploit the representational efficiency of different layers. Some layers may be redundant
while others are more informative, potentially depending on the specific context.

We present a qualitative comparison of different layer selection strategies for the DLA module in
Figure D. The figure shows 16 combinations of layers for the text and image modalities, including
ranges 0-9, 10-19, 20-28, and all layers (0-28). Each row corresponds to the text modality layer
setting, while each column represents the image modality layer setting. Importantly, each combination
represents a separately re-trained model, allowing us to isolate the effect of specific layer selections
on the final generation. Compared with the inference-time zero-out analysis in Figure B and Figure C,
we observe that pre-selecting layers during training can lead to serious relaying on identity image and
worse text-following capability as shown in Figure D, especially when not using all 28 layers for the
text modality. This visualization highlights the trade-offs between constraining layers for efficiency
and maintaining balanced identity preservation and multimodal understanding.

C Additional Related Work

Text-to-image (T2I) generation has rapidly advanced in recent years, with successful systems
adopting denoising diffusion frameworks [34, 91]. Early studies validated diffusion models for T2I
and demonstrated advantages over GAN and autoregressive-based approaches [70, 80, 85]. Latent
diffusion—training the diffusion process in a compact latent space—proved especially effective at
efficiency improvement and output resolution, and has become a de facto standard in large-scale
T2I systems (e.g., LDM and the Stable Diffusion family) [20, 75, 81]. Recent works replace the
traditional UNet [82] backbone with transformer-based [97] decoders, e.g., Diffusion Transformer
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Table B: Layer selection of our DLA during training. We re-train each of our variants of DLA by
selecting different parts of layers for text and image modalities.

Selected Image
LAP Layers

Selected Text
LAP Layers DINO-I (↑) CLIP-I (↑) CLIP-T (↑)

0-28 0-28 0.7482 0.8443 0.3010

0-9 0-28 0.7781 (+0.03) 0.8567 (+0.01) 0.2932 (-0.01)
10-19 0-28 0.7519 (+0.00) 0.8424 (-0.00) 0.2972 (-0.00)
20-28 0-28 0.7189 (-0.03) 0.8292 (-0.02) 0.2990 (-0.00)

0-28 0-9 0.7464 (-0.00) 0.8439 (-0.00) 0.2960 (-0.01)
0-28 10-19 0.7493 (+0.00) 0.8464 (+0.00) 0.2969 (-0.00)
0-28 20-28 0.7530 (+0.00) 0.8473 (+0.00) 0.2984 (-0.00)

0-9 0-9 0.7730 (+0.02) 0.8522 (+0.01) 0.2840 (-0.02)
0-9 10-19 0.7620 (+0.01) 0.8517 (+0.01) 0.2925 (-0.01)
0-9 20-28 0.7788 (+0.03) 0.8584 (+0.01) 0.2888 (-0.01)

10-19 0-9 0.7520 (+0.00) 0.8386 (-0.01) 0.2865 (-0.01)
10-19 10-19 0.7466 (-0.00) 0.8426 (-0.00) 0.2936 (-0.01)
10-19 20-28 0.7025 (-0.05) 0.8261 (-0.02) 0.2992 (-0.00)
20-28 0-9 0.7327 (-0.02) 0.8298 (-0.01) 0.2864 (-0.01)
20-28 10-19 0.7515 (+0.00) 0.8534 (+0.01) 0.2919 (-0.01)
20-28 20-28 0.6742 (-0.07) 0.8200 (-0.02) 0.3030 (+0.00)

(DiT) architectures [73], showing significant gains in image quality and scalability. These transformer
decoders can better model long-range structure and complex compositions, which is central to our
goal of conditioning high-fidelity generation on rich multimodal embeddings.

Bridging large multimodal models and diffusion decoders. Recently, integrating large language
and multimodal models (LMMs/MLLMs) with diffusion decoders has attracted growing interest,
enabling rich, structured, and interleaved text–image generation. Some approaches [57] translate
complex multimodal instructions into textual or latent control codes that diffusion models can directly
consume. Others introduce discrete or continuous visual tokenizers (e.g., Seed-Tokenizer [25], Seed-
LLaMA [26]) that encode compact visual semantics to align language and vision token spaces for
diffusion decoding. Jointly trained systems [42] such as GILL [46], Emu [93], NExT-GPT [109],
and Any-GPT [125] further strengthen semantic alignment between multimodal embeddings and
diffusion backbones. Methods like BLIP-Diffusion [50] extend this idea by projecting unified
image–text representations into diffusion conditioning spaces to handle complex interleaved prompts.
More recent pipelines—including UniFusion [55], DreamEngine [11], Qwen-Image [107], and
EasyRef [131]—leverage pretrained MLLM or VLM features as conditioning signals for downstream
diffusion transformers, enabling flexible text–image interleaving. However, these approaches typically
rely only on the final-layer features of the MLLMs (e.g., Qwen-Image), or blend the ViT features
from MLLMs with final-layer outputs via simple scalar mixing (e.g., DreamEngine). As a result,
they often overlook fine-grained visual cues without relying on ID-relevant features (e.g., VAE), or
provide only suboptimal identity preservation in subject-driven generation.

D Additional Sensitivity Analysis

Our framework, which leverages both MLLM and VAE for identity preservation, supports a multi-
stage, timestep-aware denoising process: early steps rely on MLLM features for high-level reasoning,
while later steps use VAE features for fine-grained detail. We ablate different configurations of this
process to guide users in selecting denoising thresholds (τ1, τ2) that balance identity fidelity and pose
variation. As shown in Figure A, higher thresholds (b) improve identity preservation but reduce pose
diversity, whereas lower thresholds (c) allow more creative poses, but with slightly compromised
identity. Sample (d) illustrates that extreme CFG values can degrade image quality. This design offers
users flexibility to control the trade-off between subject fidelity and creativity, and Table C shows
that the overall performance remains robust across a range of parameter choices.
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Reference

Figure A: Ablations on different configurations of the
timestep-aware denoising process. The thresholds τ1
and τ2, which partition the denoising stages, along
with the CFG value, can be adjusted freely by users
to balance high-fidelity identity preservation with
diverse pose generation.

Table C: Quantitative results for different multi-
stage denoising configurations, with the gray
row indicating our current parameter choice.
The thresholds τ1 and τ2 along with the CFG
value control the trade-off between identity
preservation and text following, while the
model remains robust across a range of pa-
rameter settings.

τ1 τ2 CFG DINO-I (↑) CLIP-I (↑) CLIP-T (↑)
0.00 0.00 2.5 0.6905 0.8225 0.3044
1.00 1.00 2.5 0.7351 0.8462 0.2554
0.97 0.90 2.5 0.7490 0.8466 0.2963
0.85 0.70 2.5 0.7282 0.8376 0.3034
0.95 0.85 1.5 0.7268 0.8385 0.2990
0.95 0.85 2.0 0.7418 0.8430 0.3004
0.95 0.85 2.5 0.7482 0.8443 0.3010
0.95 0.85 3.0 0.7481 0.8428 0.3008
0.95 0.85 4.0 0.7431 0.8381 0.3012

Table D: Ablation on different MLLM backbones. We compare InternVL3-8B—used as our main
model—with alternative architectures of varying sizes, including InternVL3-2B, Qwen2.5-VL-3B,
and Qwen2.5-VL-7B.

Model DINO-I (↑) CLIP-I (↑) CLIP-T (↑)
InternVL3-8B 0.7482 0.8443 0.3010

InternVL3-2B 0.7415 0.8380 0.2987
Qwen2.5-VL-3B 0.7194 0.8300 0.3027
Qwen2.5-VL-7B 0.7282 0.8241 0.3031

E Ablation on Different MLLM Selection

For our main evaluation, we use InternVL3-8B [130] as it provides a good balance between model
capacity and efficiency. To study the impact of different MLLM backbones, we further ablate a range
of alternatives with varying sizes and architectures, including InternVL3-2B [130], Qwen2.5-VL-
3B [4], and Qwen2.5-VL-7B [4]. As shown in Table D, all models follow a similar performance
trend across the metrics, with only minor variations. Qwen2.5-VL exhibits slightly weaker visual
context understanding but marginally better text alignment. Overall, the difference is not substantial.
Notably, InternVL3-2B achieves comparable results to the 8B model while using significantly fewer
parameters, offering a promising lightweight alternative.

We present a qualitative comparison of different MLLM backbones in Figure E. Although these
models differ in type and parameter size, the results do not reveal any major visual differences
across the backbones. All four models, including Qwen2.5-VL-3B, Qwen2.5-VL-7B, InternVL3-
2B, and InternVL3-8B, produce results with comparable image fidelity, identity preservation, and
text-following ability. While larger models show slightly stronger grounding and semantic alignment,
the overall performance trend remains consistent, indicating that our DLA framework generalizes
well across different MLLM architectures. This further supports the conclusion from the quantitative
analysis that the choice of backbone has limited impact on the final generation quality.

F Adaptation to Multi-subject Generation

In the main paper, we primarily focus on single-subject generation. We intentionally focus on single-
subject training for two reasons: (1) our primary goal is to explore and analyze how to optimally
leverage MLLM features for subject-driven generation; and (2) high-quality multi-subject datasets are
often private and difficult to obtain at scale. However, our framework can also be extended to handle
multi-subject generation with minimal adaptation. Hence, we fine-tune the model using the public
two-subject dataset MUSAR-Gen [31], which contains fewer than 30K image pairs. During training,
after completing the MLLM-only stage on UNO-1M [110] for single-subject learning, we continue
to fine-tune the model on MUSAR-Gen—still within the MLLM-only framework. In the subsequent
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stage involving both MLLM and VAE, we jointly train on a mixture of UNO-1M and MUSAR-Gen
to establish the full multi-subject pipeline. We compare the resulting multi-subject model against
UNO [110], DreamO [69], and UMO [14]. As shown in Figure F, our method achieves superior
results on the multi-subject DreamBench [83] samples, excelling in both identity preservation and
text compliance.

G Multimodal Reasoning Benchmark Construction

In the main paper, to quantify the multimodal reasoning capability, we propose to evaluate on a
constructed benchmark consisting of complex prompts that require the model to perform concept
binding and cross-modal reasoning. The key idea for constructing this benchmark is to collect images
where a primary subject appears together with additional visible objects that function as accessories.
The corresponding text prompts, however, deliberately refer to a non-salient object in the image rather
than the main subject. Under this setting, the models cannot simply presume that the most salient
object in the reference image is the subject whose identity needs to be preserved. Instead, they are
expected to reason about the prompt and correctly locate the concept mentioned in the text within the
image.

To curate such images, we collect generated samples from state-of-the-art subject-driven methods like
USO on DreamBench, and manually verify their content and quality. The associated prompts are then
modified by replacing the subject category in the original prompts. For example, the prompt “A cat
wearing a shirt” can be changed to “An elephant wearing a shirt”. Furthermore, we construct variants
that include two reference images. Each sample is formed by combining a generated composite image,
an original reference image from DreamBench, and a modified prompt in which the subject category
matches that of the selected DreamBench image. Samples in the curated benchmark can be seen
in Figure G. In total, the benchmark contains 170 single-reference samples and 180 two-reference
samples, resulting in 350 test samples overall.

H User Study

Below, we provide further details of the user study setup. Participants are given the following
instructions at the beginning of the study.

In subject-driven generation, the user gives a reference image along with a text prompt, and the goal
is to generate an image that aligns with the text description while preserving the identity in the
reference image.

For each of the following cases, we use 5 different methods to perform subject-driven generation. We
would like to invite you to give an overall score from 1 (worst quality) to 10 (best quality) to measure
the quality of the generated results.

There are a few points to consider when providing the scores:

• Whether the generated images preserve the identity of the reference image

• Whether the generated images follow the text prompt

• The visual quality of the generated images (e.g., whether they look realistic, whether they
follow the physical rules)

We also include screenshots of the user study interface in Figures I and J.

I MLLM-based Evaluation Details

We follow the concept preservation evaluation protocol in DreamBench++ [74] and its follow-
ups [47, 129] to construct prompts for MLLM-based scoring of identity preservation between the
reference image and the generated image. The prompts are provided below.
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### Task Definition

You will be provided with an image generated based on reference image.

As an experienced evaluator, your task is to evaluate the semantic consistency between the subject of
the generated image and the reference image, according to the scoring criteria.

### Scoring Criteria

It is often compared whether two subjects are consistent based on four basic visual features:

1. Shape: Evaluate whether the main body outline, structure, and proportions of the gener-
ated image match those of the reference image. This includes the geometric shape of the
main body, clarity of edges, relative sizes, and spatial relationships between various parts
composing the main body.

2. Color: Comparing the accuracy and consistency of the main colors generated in the image
with those of the reference image. This includes saturation, hue, brightness, and whether
the distribution of colors is similar to that of the subject in the reference image.

3. Texture: Focus on the local parts of the RGB image, whether the generated image effectively
captures fine details without appearing blurry, and whether it possesses the required realism,
clarity, and aesthetic appeal. Please note that unless specifically mentioned in the text
prompt, excessive abstraction and formalization of texture are not necessary.

4. Facial Features: If the evaluation is of a person or animal, facial features will greatly affect
the judgment of image consistency, and you also need to focus on judging whether the facial
area looks very similar visually.

### Scoring Range

You need to give a specific integer score based on the comprehensive performance of the visual
features above, ranging from 0 to 4:

• Very Poor (0): No resemblance. The generated image’s subject has no relation to the
reference.

• Poor (1): Minimal resemblance. The subject falls within the same broad category but differs
significantly.

• Fair (2): Moderate resemblance. The subject shows likeness to the reference with notable
variances.

• Good (3): Strong resemblance. The subject closely matches the reference with only minor
discrepancies.

• Excellent (4): Near-identical. The subject of the generated image is virtually indistinguish-
able from the reference.

### Input Format

Every time you will receive two images, the first image is a reference image, and the second image is
the generated image.

Please carefully review each image of the subject.

### Output Format
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Score: [Your Score]

You must adhere to the specified output format, which means that only the scores need to be output,
excluding your analysis process.

Table E: Quantitative results on additional benchmarks of XVerseBench [8] and LAMICBench [13],
both on the IP-Sim metric, where higher value means better performance.

Dataset DreamO UNO USO Ours

XVerseBench 76.08 80.36 78.90 79.10
LAMICBench (two-subject) 65.25 64.93 Not Applicable 66.46

J Evaluation on More Benchmarks

We include evaluation on additional benchmarks of XVerseBench [8] and LAMICBench [13]. Specif-
ically, we conduct experiments on the single-subject set of XVerseBench and the two-reference
subset of LAMICBench with a slightly finetuned version of our model trained on two-subject data as
described in Section F, both on the subject categories. The results, shown in Table E, demonstrate
the decent performance of our method. Please note that we refrained from including human face
and identity in our evaluation because our model is not trained on human-related data due to ethical
considerations.

K More Qualitative Results

K.1 Stress Testing

To further evaluate the robustness of our method under more challenging conditions, we provide
additional stress test samples involving complex instructions. In particular, we consider two scenarios:
(1) prompts containing multiple instances of the subject, and (2) attribute binding in long context
prompts. These settings require the model to correctly preserve subject identity while simultaneously
satisfying multiple constraints specified in the text. As shown in Figure H, our method has the ability
of handling multiple instances and bind the concepts in complex prompts, showing the robustness
and the strong reasoning capability within our MLLM-DiT system.

K.2 Additional Qualitative Comparisons

In this section, we provide additional qualitative comparisons with state-of-the-art methods, supple-
menting the limited space in the main paper. As shown in Figure K and Figure L, we compare our
approach with XVerse [8], EasyRef [131], DreamO [69], UMO [14], OminiControl [94], UNO [110],
Qwen-Image [107], OmniGen2 [108], and USO [111]. Our approach achieves competitive subject
identity with diverse subject pose variations, alleviating the copy-paste issue from other VAE-based
models.

L Licenses for Existing Assets

The following list contains licenses for data and model used in the paper:

• Flux [5]: Apache License 2.0
https://github.com/black-forest-labs/flux

• InternVL-3 [130]: MIT License
https://github.com/opengvlab/internvl

• UNO-1M [110]: Apache License 2.0
https://github.com/bytedance/UNO
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• DreamBench [83]: CC-BY-4.0 License
https://github.com/google/dreambooth

• XVerseBench [8]: Apache License 2.0
https://github.com/bytedance/XVerse

• LAMICBench [13]: Apache License 2.0
https://github.com/Suchenl/LAMIC

• DreamBench++ [74]: Apache License 2.0
https://github.com/yuangpeng/dreambench_plus

M Discussions and Limitations

One of the limitations of the current framework lies in the alignment between the MLLM text repre-
sentation space and the DiT text conditioning space, which was originally designed to operate with
the T5 encoder [79]. Pretrained diffusion models such as Flux [5] require substantial computational
resources and massive text-to-image data to achieve effective alignment between the T5 text encoding
space and the DiT conditioning space. In the current case, notably, even with no dedicated text-to-
image alignment stage, our approach can already achieve comparable text alignment performance
on standard benchmarks, and evidently superior prompt adherence on multimodal understanding.
This suggests that, given sufficient computational budget and high-quality text-to-image data, our
MLLM-DiT system would likely exhibit improved text-following capabilities.

Another limitation lies in the scope of multi-subject evaluation, although we manifest the model’s
capability of easily adapting to multi-subject scenarios in Section F. This is also owing in part
to the scarcity nature of high-quality multi-subject data collections. Moreover, as the primary
objective of this work is to investigate optimal strategies for squeezing MLLM capacity for subject-
driven generation, multi-subject scenarios are less discussed to prevent from getting distracted
from our central focus. Nevertheless, studying whether MLLMs can provide benefits with their
internal knowledge for multi-subject harmonization and interaction—including, for instance, physical
interactions between subjects—can be a promising direction for future research.

N Societal Impact

We expect our work to have a meaningful and positive societal impact by enabling more flexible
and accessible personalized image generation. In particular, we sincerely wish that our method can
help users express their creativity by generating personalized visual content for versatile applications.
Moreover, we hope that our work serves as the hitchhiker’s guide for future research to be aware
of the great benefits of leveraging MLLMs for subject-driven generation, and to explore even more
effective solutions to further squeeze capacity from MLLMs for various subject-driven tasks.

Potential negative societal impact. Our work is likely to be similar as other research on data
generation regarding potential negative societal impact with the risk of digital forgery. In addition,
unintended or inappropriate use of the technique may raise copyright and ethical concerns.
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Figure B: Qualitative results of zero-out layers for text and image modalities in our DLA module.

25



Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Reference

+
A dog wearing 
pink glasses.

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

Image: 0-9 
10-19 20-28

Text: 0-9 
10-19 20-28

A vase with a city 
in the background.

+

Reference

Figure C: Qualitative results of zero-out layers for text and image modalities in our DLA module.
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Figure D: Qualitative results of different layer selections for DLA. Rows correspond to text modality
layer ranges, and columns correspond to image modality layer ranges, with layer groups 0–9, 10–19,
20–28, and all layers (0–28). Each subplot shows the output of a separately re-trained model for the
given text–image layer combination.
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Figure E: Qualitative comparison of different MLLM backbones, including Qwen2.5-VL-3B [4],
Qwen2.5-VL-7B [4], InternVL3-2B [130], and InternVL3-8B [130].
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UNO DreamO

A dog and a toy 
in the jungle.

UMO Ours

A sneaker and a toy on 
top of green grass with 
sunflowers around it.

A dog and a clock on 
top of a wooden floor.

A vase and a 
stuffed animal on 

top of a mirror.

A dog wearing a santa 
hat, next to it is a teapot.

+

+

+

+

+

Figure F: Multi-reference generation results. Although our method is originally designed for single-
subject generation, it adapts effectively to multi-subject scenarios after lightweight fine-tuning on
MUSAR-Gen [31]. Compared to UNO [110], DreamO [69], and UMO [14], our model achieves
clearer identity separation, consistent posture, and more reliable concept binding across subjects.
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A cat wearing a 
rainbow scarf.

Reference Text Prompt

A dog in a 
firefighter outfit. 

References

(a) Single-reference Samples

A mouse in a 
police outfit.

A cat wearing a 
black top hat 

and a monocle.

Text Prompt

(b) Multi-reference Samples

Figure G: Test samples from the constructed multimodal reasoning benchmark.

A golden retriever sitting majestically on a velvet 
platform in a grand medieval castle hall with 
towering stone pillars, wearing the hat, stained 
glass windows casting colorful light, dramatic 
cinematic lighting.

Reference Generated

A backpack floating on top of water.

References Generated

(a) Attribute binding in long prompts (b) Multiple instances of the subject

A tiny gray mouse with pink ears and a long thin 
tail wearing the glasses, standing on a thick red 
leather-bound book while sitting on a small blue 
velvet cushion, inside an old wooden library with 
tall brown bookshelves.

A cat in a purple wizard outfit.

Figure H: Stress testing performance of our method on challenging scenarios, including attribute
binding in long context prompts, and test cases that contain multiple instances of the subject. The
results demonstrate the robustness of the strong reasoning capability within our MLLM-DiT system.
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Figure I: Screenshot of the instructions of our user study.
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Figure J: Screenshot of the user study interface with an example question, containing the reference
image, text prompts, and images generated by five methods placed side by side in random order, and
the questions to score the five generated results.
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Figure K: Additional qualitative comparisons with state-of-the-art subject-driven generation methods.
Our method consistently achieves better identity preservation and text alignment across diverse
prompts. We compare against XVerse [8], EasyRef [131], DreamO [69], UMO [14], OminiCon-
trol [94], UNO [110], Qwen-Image [107], OmniGen2 [108], and USO [111].
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Figure L: Additional qualitative comparisons with state-of-the-art subject-driven generation methods.
Our method consistently achieves better identity preservation and text alignment across diverse
prompts. We compare against XVerse [8], EasyRef [131], DreamO [69], UMO [14], OminiCon-
trol [94], UNO [110], Qwen-Image [107], OmniGen2 [108], and USO [111].

33


	Introduction
	Related Work
	Method
	Background: Diffusion Transformers
	Basic Module: Layerwise Attention Pooling
	Dual Layer Aggregator
	Multi-stage Timestep-aware Denoising
	Two-stage Training Strategy

	Experiments
	Experimental Settings
	Comparisons with Existing Methods
	Ablation Study

	Conclusion
	Layer Analysis for DLA at Inference Time
	Layer Selection for Training DLA
	Additional Related Work
	Additional Sensitivity Analysis
	Ablation on Different MLLM Selection
	Adaptation to Multi-subject Generation
	Multimodal Reasoning Benchmark Construction
	User Study
	MLLM-based Evaluation Details
	Evaluation on More Benchmarks
	More Qualitative Results
	Stress Testing
	Additional Qualitative Comparisons

	Licenses for Existing Assets
	Discussions and Limitations
	Societal Impact

