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Abstract

Text-to-image (T21) models are well known for their ability
to produce highly realistic images, while multimodal large
language models (MLLMs) are renowned for their profi-
ciency in understanding and integrating multiple modali-
ties. However, currently there is no straightforward and
efficient framework to transfer the multimodal comprehen-
sion abilities of MLLMs to T2I models to enable them to un-
derstand multimodal inputs. In this paper, we propose the
X2I framework, which endows Diffusion Transformer (DiT)
models with the capability to comprehend various modali-
ties, including multilingual text, screenshot documents, im-
ages, videos, and audio. X2I is trained on a 100K English
corpus in 160 GPU hours. Building on the DiT teacher
model, we adopt an innovative distillation method to extract
the inference capabilities of the teacher model and design
a lightweight AlignNet structure to serve as an intermedi-
ate bridge. Compared to the teacher model, X2I shows a
decrease in performance degradation of less than 1% while
gaining various multimodal understanding abilities, includ-
ing multilingual to image, image to image, image-text to im-
age, video to image, audio to image, and utilizing creative
fusion to enhance imagery. Furthermore, it is applicable
for LoRA training in the context of image-text to image gen-
eration, filling a void in the industry in this area. We fur-
ther design a simple LightControl to enhance the fidelity
of instructional image editing. Finally, extensive experi-
ments demonstrate the effectiveness, efficiency, multifunc-
tionality, and transferability of our X2I. The open-source
code and checkpoints for X2I can be found at the following
link: https://github.com/OPPO-Mente-Lab/X21.
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1. Introduction

The recently open-sourced T2I models[50, 54, 61, 62, 66],
such as Flux.1[32], have ushered in a new era of Al art due
to their ability to generate realistic, photograde images that
are both interesting and creative. The framework of T2I
models has evolved from early GAN-based models[ 16, 27],
auto-regressive models[60, 85], and UNet-based diffusion
models[54] to DiT models[8, 17, 71]. To enhance both con-
trollability and practicality in visual generation, numerous
implicit[4 1, 46, 48] and explicit[34, 47, 84, 88] instruction-
based editing models leveraging reference images have
been developed quickly. Additionally, several unified im-
age instruction editing models[22, 68, 86] have appeared.
They all share a critical characteristic: the requirement of
collecting comprehensive instruction-based editing datasets
and committing to costly training resources.

The text encoder in T2I is critical for generating se-
mantically relevant images, as seen from early models
such as CLIP[57] to later models such as T5[58] and
advanced LLMs[13, 72]. The main goal is to improve
the semantic understanding of text without considering
the impact of other modalities on visual output. In con-
trast, VLMs, including early approaches like Flamingo[2]
and BLIP2[35], along with newer models like Llama-
Vision[12], QwenVL[3], and InternVL[10], have effec-
tively integrated pre-trained visual encoders with LLMs for
enhanced text and visual comprehension. Is there a more
streamlined way to transfer VLM or MLLM capabilities to
DiT to enable diverse modal inputs? The industry is pri-
marily tackling this challenge through two strategies. One
method, similar to PEA-Diffusion[45], utilizes feature dis-
tillation by aligning multilingual LLM encoders to the orig-
inal dimensions using MLP. However, it requires substantial
resources of 1600 GPU hours and large-scale image-text
datasets. This distillation relies on the U-Net[63] block’s
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Figure 1. The primary applications of X2I include multilingual text-to-image, image-to-image, image-text-to-image, video-to-image,
audio-to-image, and various multimodal combinations for image generation. The red boxes embedded in the images indicate the input
images, text, video, or audio. The red box text below the images represents the abbreviated application names, with the initial letters of
different modalities in parentheses. The descriptions below some of the images provide a brief overview of the input audio or video.

outputs and restricts support for multimodal input. An- ing the AlignNet structure and distilling the attention. As a

other method is the VLMs-based replacement of T2I[43],
but it is costly, requiring extensive training or fine-tuning
of T2I or MLLMs, necessitating substantial data quality
and quantity[22, 68]. Alternatively, a solution akin to
GlueGen[55] could be employed to align the features of a
single-modal or multimodal encoder with the latent space
of existing T2I models. However, aligning solely through
the encoder still results in suboptimal overall performance.

In this work, we introduce an efficient framework, X2I,
along with a simple LightControl module to facilitate the
enhancement of image transition from weak to strong fi-
delity. Utilizing a DiT-based image generation model as
a teacher, the student model mirrors the entire architecture
of the teacher model but substitutes its text encoder with
MLLMs. Both models are capable of processing the same
linguistic input. To optimize our training data without gath-
ering images, we opt to distill the teacher model’s inference
abilities. In T2I models, this necessitates performing distil-
lation during the reverse denoising phase. Furthermore, we
efficiently transfer the visual generation capabilities of the
teacher model to the student model by ingeniously design-

result, after alignment, the student model acquires the mul-
timodal comprehension abilities of MLLMs during image
generation. Moreover, we formulate a template input for-
mat intended for the student model to effectively interpret
instructions from different modalities. Since MLLMs gen-
erally have proficiency in understanding the global semantic
features of visual content, we develop LightControl to de-
rive structured data from reference images. This enhances
visual fidelity and facilitates precise and controllable image
editing.

After training the X2I, we conduct various experiments
to compare the capabilities of T2I and instructional-based
image editing. Additionally, we conduct subjective ex-
periments for image generation with various multimodal
mixed inputs, including multilingual, image (I2I), image-
text (IT2I), video (V2I), and audio (A2I). The results
demonstrate that X2I acquires robust multimodal under-
standing capabilities with less than 1% performance degra-
dation in the T2I generation. Furthermore, for more per-
sonalized tasks like I2I or IT2I, we conduct experiments
involving the training of traditional LoRA[23] to fulfill in-



dustry requirements, addressing a training gap in LoRA for

these purposes. Moreover, to enhance the adaptability of

the framework, only the AlignNet parameters within the
model are updated, enabling the aligned student model to
accommodate a variety of downstream tasks, such as LoRA,

ControlNet[70], IP-Adapter[84], different fine-tuning mod-

els, and compression models. Notably, some objective met-

rics for tasks involving ControlNet and IP-Adapter show
improvements over the teacher model. This improvement
is due to X2I’s robust support for image conditional infor-
mation input, which facilitates further extraction of image
features. We also perform experimental analyses on train-
ing efficiency, attaining 98.2% of the teacher model’s per-
formance with 48K training samples.

In summary, our key contributions are as follows.

* We introduce a novel method for transferring the under-
standing capabilities of MLLMs to DiT models, achiev-
ing fast fitting speeds with only a small amount of mono-
lingual text data through the carefully designed AlignNet
and Attention Distillation.

* We design LightControl to enable the generation of image
instruction editing from weak fidelity to high fidelity.

* The architecture itself possesses strong modularity, lead-
ing to performance improvements in certain IT21 tasks. It
also has the ability to train LoRA in IT2I tasks.

* X2] is the first image generation model that supports au-
dio understanding in addition to text and visual under-
standing.

2. Related Work

Diffusion Models and Text Encoder. Diffusion models
have shown immense potential in the field of T2I. Earlier
works[17, 62, 65, 82] use U-Net as the backbone of the
diffusion model, which, to some extent, impacts the scal-
ability of the models. Inspired by DiT[52], many works[8,
17, 32, 36] replace the U-Net backbone with transformers,
greatly improving the quality of the generated images. In
order to improve the understanding of the diffusion model’s
prompts, Stable Diffusion (SD) used CLIP to encode text
information, while Flux.1 and eDiff-I[5] utilize information
encoded by both T5 and CLIP to guide image generation.
Recently, works like LuminaT2X[19], Kolors[71], and LI-
DiT[44] directly use pre-trained decoder-only LLMs as the
prompt encoder, which enhances the prompt-following abil-
ity in image generation. However, these methods can only
encode the text prompt, lacking the ability to understand in-
formation from images, videos, audio, etc.

MLLMs as Text Encoders for T2I. VLMs[3, 10, 35,
39, 42, 74,75, 78] have made significant progress in visual
language understanding tasks. Furthermore, models such
as AnyGPT[87], NextGPT[76], X-LLM[7], and MiniCPM-
o[24] have further developed the capabilities in audio un-
derstanding. In articles that fuse multimodal models with

image generation models, MUMU[6] and ML-MGIE[ 18]
inject multimodal information into the image generation
model using VLM but also change the weights of the gener-
ation model during training, lacking plug-and-play capabil-
ities. KOSMOS-G[51] and Easyref[91] achieve alignment
while preserving the weights of the original SD[16] and
SDXL[54] models. KOSMOS-G trains a VLM and Align-
erNet from scratch, whereas Easyref trains the features and
projector of the final layer output of the VLM. These meth-
ods consume significant computational resources and are
limited to a single task, failing to fully leverage the zero-
shot capabilities of VLM. Furthermore, the aforementioned
methods focus on alignment with U-Net-based models like
SDXL. Currently, there is a lack of an efficient alignment
method for DiT models, such as Flux.1 and SD3. Work
in the related field, such as HunyuanVideo[30], requires an
additional CLIP text encoder for alignment. Qwen2VL-
Flux[43] not only retains the structure of TS5 but also al-
ters the weights of Flux.1 itself, significantly reducing the
model’s plug-and-play and zero-shot capabilities.

Distillation of DiT. Knowledge distillation (KD) has
been widely applied in diffusion models[28, 89, 90].
SSKD[73] involves the direct distillation of critical at-
tention mechanism information from teacher to student,
which can considerably reduce the performance gap be-
tween both. EFFICIENT-VDIT[14] utilizes a multi-step
consistency distillation technique to accelerate DiT sam-
pling. PEA-Diffusion integrates multilingual CLIP with
SDXL by employing the L2-norm distance, thus allowing
the T2I model to support multilingual capabilities. How-
ever, this method is specifically tailored for the U-Net back-
bone and demands significant computational resources.

3. Methodology

3.1. Preliminary

The diffusion process is performed in the latent space,
where a transformer denoiser €y is employed to predict
noise € with the current timestep ¢, noisy latent = and gen-
eration conditions, ¢ and ¢, where ¢, = 7y(y) is produced
by encoding the text prompts y with a pre-trained CLIP text
encoder 7y, and ¢ = e¢(y) is produced by encoding the
text prompts y with a pre-trained TS text encoder 9. To
enhance the capability of feature fusion, MM-DiT[17] uses
adaptive layer normalization (AdaLLN) to improve the adapt-
ability of the model when processing different input condi-
tions. There are two fully connected layers plus a SiLU
activation function forming the feature extraction and nor-
malization networks (y and &y , which respectively extract
features for  and c. These features are used as the nor-
malization and scaling parameters for the multi-head self-



attention, as shown below:
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then, concatenate x and c¢ directly with ((-) and use the
self-attention to achieve feature interaction and fusion. The
output is then split according to the corresponding indices,
as shown below:

QK"
xA,cA—softmax( \/%) V, 2)
where Q@ = Wg - ¢(z,¢), K = Wk - ¢(z,¢),V =
Wy - p(x,¢), xa,ca represents the feature value output
on the image and text sides obtained after computing atten-
tion and truncating according to the respective index values.
Wq, Wk, Wy, are learnable projection matrices.

Both the text and image sides undergo the following pro-
cess, and only the image-side processing is described below
for the convenience of presentation. After the residual mod-
ule, the regressed scaling parameter «; is used to scale the
weights of the image-side input,

rrn = p(r + a1 *12a), 3)

where p represents Layer Normalization (LN). Then,
normalization is performed utilizing adaptive parameters

BQ,’Y%
err =v(zon * (14 72) + F2), €]

where v represents FeedForward (FF). Finally, the output of
the current block is obtained by multiplying the regression
scaling coefficients and the residuals

zo=(T+ a1 *x4)+Tpp * Qa. 5)

3.2. Model Overview

The framework consists of two parts, as shown in Fig. 2.
The initial part involves X2I training exclusively on a text
corpus, with AlignNet as the trainable parameters. Distri-
bution alignment between student and teacher is attained
via attention distillation. The subsequent part incorporates
the LightControl module, forming X2I Enhanced Training,
thereby improving the accuracy of reference images in im-
age instruction editing tasks.

3.3. AlignNet with MLLM’s Hidden State

Many approaches use MLLM as text encoders for T2I or
feature extractors for other modules, typically utilizing only
the last[51] or penultimate[79] hidden states. However, ac-
cording to Oscar Skean’s analysis[69], the quality of hid-
den states in the intermediate layers of transformer-based
LLMs is often superior to that of the final and initial layers.
Recognizing that employing a static intermediate layer’s

X2I Training
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|
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Figure 2. Overview diagram of the X2I. In the deep red box on the
left represents the X2I training, where only the text data needs to
be input for training, with trainable parameters limited to AlignNet
and the distillation location situated within the attention output of
MM-DiT. The light green box at the bottom right represents X2I
enhanced training after the X2I training, AlignNet is fixed, and the
trainable parameters limited to LightControl.

representation might be suboptimal for adapting to diverse
MLLM models, we propose utilizing representations from
every layer of MLLMs as input to AlignNet.

To integrate hidden states from all layers of MLLMs, we
design a simple CNN to capture spatial and channel-wise re-
lationships between layers. Convolutional operations allow
the extraction of more complex patterns and improve the ra-
tionality of weight allocation, enabling spatial adaptability
and establishing inter-layer dependencies. By adjusting the
kernel size, we can also create cross-layer receptive field
correlations, achieving better multi-scale fusion.

In MLLM, define a feature extractor that projects text y
into a middle feature H € HPXm*$X2 where m represents
all layers of MLLM’s hidden states, each layer has a hid-
den size of z and a sequence length of s. Next, we define a
CNN mapping network U to enable self-learning of weights
across all layers’ hidden states, resulting in the aggregation
of hidden states from m layers into 1 layer of weighted hid-
den states as the following formula,

Yp Y = (I)(\I’(m,l,k,p)(H)), (6)

where the kernel size is k, and the padding is denoted as p,
® is a simple MLP network that maps the feature learned
by the ¥ with weight information to the corresponding di-
mension of ¢ and ¢, thereby obtaining new features i and

Yp-



3.4. Attention Distillation

KD can be divided into two main categories: logits distilla-
tion and feature distillation. In MM-DiT, intermediate layer
features encompass low-level information such as pixel val-
ues, shape, and gradient information, as well as high-level
information such as color, theme, and lighting details. In
this paper, the student model is conditioned to inject mul-
timodal feature information. Knowledge transfer occurs
layer by layer through the concatenation of the information
injected at each level. Therefore, for deeply encoded infor-
mation that logits cannot express, we opt for intermediate
feature distillation between layers to achieve alignment.

Further, each MM-DiT consists of AdaLN as Eq. (1),
self-attention layer as Eq. (2), LN as Eq. (3), and FF layers
as Eq. (4). In addition to regressing the v and /3 after the LN,
AdaLN also regresses an « before the end of each residual
module. Since biases here directly affect the distribution
of features, we choose to perform feature distillation in the
position of the attention output = 4, c4 in order to minimize
unnecessary regression and maintain consistency in the dis-
tribution affected by normalization parameters. This pro-
vides an important conclusion in exploring direct feature
distillation in the MM-DiT feature layers as well as the the
single-DiT block of Flux.1.

Regarding the choice of attention distillation loss, we
adopt reverse KL (RKL) from MiniLLM[20]. KL performs
well in traditional tasks due to the smaller output space and
fewer modes in conventional classification tasks. However,
for LLMs, the output space is more complex with more
modalities; RKL can prevent the student model from over-
fitting to the low-probability outputs of the teacher model,
and the same applies to the MM-DiT structure. For the
Flux.1 structure, the target loss for [ layers of MM-DiT is
defined as follows:

v (Atle, €)
(o)} (As|€a y) '

where @, v specifically represent the attention output map-
pings in each layer of the student and teacher models in
MM-DIT, respectively. A; denotes the attention output
x4, cs mentioned above; similarly, A, corresponds to the
output of the attention output in the student model. € repre-
sents noise input because we perform distillation during the
inference process, which is the reverse denoising process.

£(9) = KLlor||or] = | ~Elog )

3.5. Training Stages

For most pre-trained MLLMs, features from different
modalities are mapped to a common feature space, where
similar information from different modalities is brought
closer together. This implies that different modality features
share a common semantic space. Based on this consensus,
we opt to perform alignment by inputting pure text modal-
ity while simultaneously aligning the inferential capabilities

of the teacher model, that is, aligning capabilities during
the process of pure noise denoising. The Appendix Sec. 8
Fig. 7 provides a more detailed analysis of the changes in
the distribution of different modality spaces before and af-
ter alignment, which effectively explains how X2I gained
the multimodal understanding capabilities of MLLM sim-
ply through textual semantic alignment.

Since MLLMs tend to understand images more from
a global semantic perspective, they often lack the cru-
cial fine-grained understanding needed for image genera-
tion. To address this issue, we design a simple LightCon-
trol in parallel with the MM-DiT structure named X2I en-
hanced training. This pathway is a convolutional module
composed of ResNet blocks, similar to those mentioned
in ControlNeXt[53]. We initialize a ResNet network with
19 layers, mirroring those used in MM-DiT. We define the
ResNet module I' to extract the conditional controls; similar
to ControlNet, the output of each ResNet module is:

y(l: = Fl(cpaci;@), (8)

where /.. is the feature output of [ the layer of the ResNet,
cp is the corresponding conditional text input, ¢; is the con-
ditional reference image input, and © is the corresponding
trainable parameter. The final output here is also similar to
ControlNet, where y. and xo are added feature-wise.

4. Experiments

4.1. Datasets and Implementation

We randomly select 100K image-text pairs from the
Laion2B [67], and utilize InternVL to generate new cap-
tions from the images for training X2I. Furthermore, based
on the T2I-Adapter’s[49] sketch-guided model and SDXL,
we construct a training dataset of 400k images contain-
ing five styles: Monet, Baroque, Cartoon, Pixar, and Van
Gogh. For the text encoder in the student model, we utilize
open-source models from the InternVL series, Qwen2.5-
VL-7B[4], and MiniCPM-o, for the DiT structure, we use
Flux.1. To optimize performance, inference ability is dis-
tilled by focusing on the denoising process between steps 0
and 1. The X2I is trained on 8 A100 GPUs for 24K steps.
X2I training requires over 80GB of GPU memory. We op-
timize this by separating training and inference, and over-
lapping communication, achieving a global batch size of 6.
Acceleration techniques are detailed in the appendix Sec. 9.

4.2. Tasks and Benchmarks

T2I and Multilingual T2I. Evaluation Datasets. We
randomly select five sub-evaluation datasets from T2I-
CompBench++[25], each containing 1k images. These in-
clude: complex compositions bench, non-spatial bench, at-
tributes binding bench related to color and texture cate-
gories, numeracy bench. GenAl-Bench[33], EvalMuse[21],



and Multilingual-General[45]. Metrics includes four main
categories: image-text matching score indicators like Clip-
Score (CS) with ViT-bigG[11] and FGA-BLIP2 (FB)[21]
Score. Human-consistency feedback score indicators in-
clude PickScore (PS)[29], HPSv2[77], and ImageReward
(IR)[81]. Fine-grained score indicators have BLIP-VQA
(BV)[25] and UniDet[25]. Model scoring indicators reflect-
ing complex textual semantic alignment such as GPT-40
and VQAScore (VS)[38], with GPT-40 instructions speci-
fied by the T2I-CompBench++ for complex compositions
evaluation. Furthermore, the IR score ranges from 98.2%
probability within [-2, 2], and the FB score ranges from [1,
5]. We use eight normalized metrics to determine the rela-
tive gap compared to the teacher model, defining a Perfor-
mance Ratio (PR) metric as a performance percentage indi-
cator. Baseline model for universal T2I capability compar-
ison is the Flux.1 teacher model, used to assess reduction
in student model’s basic T2I capabilities. Qwen2VL-Flux
has similar functions, but MLLM does not support text in-
put and relies solely on the source model’s T5. Thus, it is
excluded from comparison. For the comparison of multilin-
gual T2I capabilities, we evaluate both PEA-Diffusion and
Sana[80].

IT2I and I2I. [Evaluation Datasets. @ We chose
DreamBench[64] and we generate six images for each text
prompt[34]. Metrics. We report the average DINO, CLIP-
I, and CLIP-T scores based on all pairs of real and gener-
ated images. Baseline model. The comparison model in-
cludes methods based on different frameworks such as SD,
Imagen, Phi-3, SD3, and Flux.1. In the appendix Sec. 12,
we also compare the differences in Qwen2VL-Flux’s capa-
bilities in image understanding and image editing based on
objective metrics.

Image stylization. Evaluation Datasets consists of 50
images from MSCOCOI[37] and 50 photorealistic images
generated by DiffArtist[26]. Baseline model is also se-
lected DiffArtist.

ControlNet. Evaluation Datasets is sourced from
MultiGen-20M[56] and includes four tasks: A model based
on canny edge detection, evaluated using the F1 score.
Models based on hed, evaluated using Structure Similarity
Index Measure (SSIM). A model based on depth informa-
tion is evaluated using RMSE.

4.3. Quantitative Results

Universal T2I Generation. As shown in Tab. 1, the one
that performs closest to the teacher model is the complex
compositions evaluation set. Additionally, on some sub-
evaluation sets and certain metrics, the performance of X2I
even surpass that of the Flux.1. The overall average PR
across the five evaluation sets is 99.21% of that of Flux.1,
with such subtle differences being virtually indistinguish-
able subjectively. Appendix Sec. 10 Tab. 4 displays the re-

sults from the GenAI-Bench and EvalMuse evaluation sets,
with performance scores also exceeding 99%. This further
demonstrates that X2I's results in T2I generation are nearly
indistinguishable from those of the teacher model Flux.1.

Multilingual T2I Generation Tab. 5 includes three mul-
tilingual evaluation datasets from Multilingual-General, as
well as four additional translations in German, Portuguese,
Spanish, and French. While the performance in English
remains consistent with a one percentage point difference
similar to before. For more details, please refer to Sec. 11.

IT2I Generation Tab. 2 shows the performance of dif-
ferent methods on the DreamBench. Overall, X2I has a
slight advantage in DINO scores. CLIP-I shows a two-point
difference compared to KOSMOS-G and there is a consid-
erable gap in CLIP-T compared to recent methods like Om-
niControl and IP-Adapter based on Flux.1, indicating that
X2I still has room for improvement in its ability to faith-
fully follow the semantics of images.

4.4. Qualitative Results

X2I training achieves outstanding results through feeding
pure text. Fig. | illustrates the effects of some of these func-
tions. T2I possesses the capability to support over 29 natu-
ral languages, covering the major language families world-
wide; I2I includes image variations and the fusion of con-
cepts from multiple images. IT2I encompasses single image
instruction editing, style transfer, image stylization, instruc-
tion editing for multiple images, and the result of text token
mixing with multiple images. It integrates multiple visual
concepts to create unique images, extracts specific concepts
from a set of input images, and synthesizes these concepts
into new images, allowing precise control over the visual
details of the images and avoiding common vagueness and
uncertainty in text descriptions. Examples include chang-
ing clothes in the combination of clothes and people, per-
forming group photos in person combinations, and creative
conceptual combinations with three or more images.

A2I enables auditory information to be visualized, pro-
viding a way to “see sound”. This aspect is not limited to
regular audio information but also processing various au-
dio types, including natural water flow sounds, animal calls,
iconic IP character voices, and the emotions that differ-
ent music pieces convey, translating these into correspond-
ing visual images. V2I can inductively summarize single
frames from videos as images and generate high-definition
images from low-resolution videos.

Additionally, more creative combinations can be
achieved. In the middle of Fig. 1, the last three examples
in the second row illustrate this: the first input example
is a 1-minute video generated by Sora[40], a sunset back-
ground image along with the text instruction “wearing a hat
and scarf”, the generated image successfully maintains the
original video’s semantic information while adhering well



T21++

Methods CS PS HPSv2 IR FB GPT-40 VS BV UniDet PR
CompBench
Complex Flux.1 04279 0.2297 0.2055 0.8354 3.6990 09181 0.8799 0.5402 99.77%
X21 0.4234 0.2283 0.2096 0.8124 3.6723 09142 0.8779 0.5417 '
Non-spatial Flux.1 04418 02751 0.2472 1.3013 3.5963 0.8962 0.9075 0.6762 99.12%
X21 0.4363 0.2706 0.2462 1.2786 3.5449 0.8821 0.8996 0.6571
Color Flux.1 0.4733 0.2872 0.2417 14179 4.2268 0.7060 0.9077 0.6642 99.72%
X21 04691 0.2881 0.2421 1.3872 4.1845 0.7113 0.9014 0.6643 '
Texture Flux.1 0.4572  0.2589 0.2411 1.1994 4.0601 0.7588 0.8807 0.5281 99.18%
X21 0.4504 0.2570 0.2401 1.1287 4.0055 0.7447 0.8809 0.5172
Numeracy Flux.1 0.4730 0.2664 0.2431 1.3459 34852 0.7860 0.7841 0.4528 0.6112 99.36%
X21 04713 0.2670 0.2485 1.2723 3.4140 0.7680 0.7798 0.4464 0.6206 '
Table 1. Objective performance on the T2I-CompBench++ evaluation dataset.
Methods Base DINO _ CLIP-T CLIP-T the X2I task resulted in improvements in both objective and
Textual Inversion[83] 0.569  0.780 0.255 . . . . .
DreamBooth[64] 0668 0803 0305 subjective metrics. More results in the appendix Sec. 13.
Custom Diffusion[31] 0.643 0790  0.305 Reasoning ability and multi-turn dialogue generation
BLIP-Diffusion[34] ~ SD[62] ~ 0.594 0779 0.300 ability MLLMs themselves possess certain reasoning abil-
Subject-Diffusion[47] 0.711 0.787 0.293 . . . [ . .
IP-Adapter[$4] 0667 0813 0289 ities and multi-turn dialogue capabilities. X2I also inherits
KOSMOS-G[51] 0.694 0.847  0.287 some of these related abilities. More results in the appendix
SuTI[9] Imagen[65] 0.741 0819  0.304 29.
OmniGen[51] Phi-3[1] - 0.801 0315
UNIC-Adapter[15] SD3[17] 0.816  0.841 0.306 4.5. X21 Training Convergence
IP-Adapter[84] 0.768 0803 0322
OminiControl[70] ~ Flux.1[32] ~ 0.740  0.768  0.329 Benefitting from the design of AlignNet and attention distil-
X21I 0.817 0.826 0.304

Table 2. Performance of different methods on DreamBench.

to both the text and image instructions. The second input
combines an image of the Sanxingdui bronze sacred tree, a
sci-fi novel text fragment, and a sound of mechanical op-
eration, resulting in an output that blends all the semantic
information, adding a mysterious touch. The third input is
a Chinese ink painting, a classical poem, and Beethoven’s
Moonlight Sonata, resulting in a final image that perfectly
integrates the three modalities into an evocative artwork.
For more interesting effect displays, please refer to the ap-
pendix Sec. 17.

X2I enhanced Training. The purpose of constructing
LightControl is to enhance the fidelity of image instruction
editing. Essentially, it is not limited to a specific down-
stream task. In this paper, relevant experimental validation
is only conducted in the stylization domain. For more com-
parative results, please refer to the appendix Sec. 16.

IT2I LoRA. For highly personalized IT2I image gener-
ation tasks tailored to the user, we can leverage the X2I to
train a LoRA. In this paper, we train X2I using reference
images in the style of abstract art line drawings. More com-
parative results, please refer to the appendix Sec. 15.

Plug-and-Play. In this paper, we have validated the
prominent variant models and related downstream models
in the Flux.1 community. Specifically, we compare objec-
tive metrics for tasks involving ControlNet and IP-Adapter.
Additionally, incorporating the original image as input in

lation, the training convergence speed of X2I is remarkably
fast. Here, we have calculated the performance metrics in-
cluding CS, FB Score, PS, IR, and VS, and used the average
of these five objective metrics as the Performance Ratio.
Additionally, we have also calculated the variation of the
SSIM metric. As shown in Fig. 3 with Qwen2.5-VL-7B, the
convergence speed in the early stages of training exhibits
an almost linear growth, achieving a Performance Ratio of
98.2% with only 8K steps of training. Appendix Sec. 7 fur-
ther demonstrates the experimental results of InternVL[10]
with different capacity adaptations for X2I.

—s— ClipScore
PickScore

—+— ImageReward (Normalized)

—e— FGA-BLIP2 (Normalized)

—— VQAScore

—— SSIM

---- Performance Ratio

0 5000 10000 15000
Steps

20000 25000

Figure 3. X2I training performance vs. training steps.

4.6. Ablation Study

In this paper, we design three types of ablation experiments:
AlignNet structure with the number of feature layers ex-
tracted by MLLMs, the feature distillation position in the



Models CS PS IR FB SSIM PR

FLUX.1 0.4517 0.2578 1.3891 3.7789 - 100%
Al 04313  0.2339  1.1149 3.4946 0.5089 95.40%
A3 0.4348 0.2407 1.2198  3.544 0.5131 96.62%

A3_ada 0.4429 0.2447 1.2278 3.6055 0.5131 97.36%

A3_t5.ada 04397 02452 1.2757 3.6016 0.5036 97.57%
A29_ada  0.4463 0.2478 1.2954 3.6789 0.5271 98.40%
A29_t5_.ada  0.4361 0.2421 1.1988 3.5712 0.5084 96.73%
A29 CNN 04508 0.2518 1.3799 3.6748 0.5189 99.11%
Block 0.1483 -0.0220 -2.2800 1.0854 0.0475 45.65%

FF 0.2995 0.1027 -0.7019 2.2326 0.4623 69.58%
LN 04392 0.2495 1.3004 3.6557 0.5128 98.16%
Oneside 0.4470 0.2461  1.3030 3.6312 0.5077 98.13%
KL 0.4528 0.2532  1.4039 3.6988 0.5152 99.26%
IS 0.4490 0.2537  1.3795 3.6972 0.5202 99.26%

RKL 0.4543  0.2577 1.4043 3.7568 0.5208 99.70%

Table 3. Three ablation results of X2I.

MM-DiT structure, and different target losses for feature
distillation. The evaluation dataset uses the Multilingual-
General. The evaluation metrics are CS, FB Score, PS and
IR, and the SSIM metric for image variants. Addition-
ally, the overall PR of these four normalized metrics. The
MLLMs chosen is Qwen2.5-VL.

AlignNet Structure Ablation. Tab. 3 upper portion
show AlignNet structure ablation. “A1” indicates extract-
ing only the last layer features of Qwen2.5-VL while the
AlignNet structure consists of a simple MLP, similar to
PEA-Diffusion, performing only simple dimensional map-
ping. The overall performance of the relevant metrics for
T2I generation is 95.4% of the teacher, showing a rela-
tively large decline. “A3” extracts features from the first
and the last two layers of Qwen2.5-VL, where the first layer
features are static token-mapped vector features trained by
MLLMs, containing the most original token information,
but lacking contextual information. Therefore, combining
with the last two layers features offers complementary ad-
vantages. By directly taking the average pooling of the fea-
tures, the performance improvement is about one percent-
age point compared to “A1”. “A3_ada” further learns adap-
tive weights for each layer of features, improving by 0.74%.
“A3_t5_ada” increases the nonlinearity complexity of Align-
Net by adding a custom T5 module for feature mapping,
but the improvement is minimal. “A29_ada” selects fea-
tures from all 29 layers of Qwen2.5-VL, leading to about
a one percentage point improvement over “A3_ada”. How-
ever, “A29_t5_ada” shows some metric decline, suggesting
that deep nonlinear complex mapping is not required for
such modal alignment learning. Furthermore, the scalar pa-
rameter learning fails to capture the synergy between low-
level edge features and high-level semantic features, as well
as issues of spatial insensitivity and poor dynamic adapt-
ability. Therefore, “A29_CNN” ultimately adopts a CNN to
further enhance the non-linear learning of each layer’s fea-
ture weights, resulting in optimal performance, reducing the

performance loss compared to the teacher to less than one
percentage point.

Distillation Position Ablation. The middle four lines of
Tab. 3 show distillation position ablation. “Block” refers to
direct distillation of each layer’s MM-DiT and Single-DiT
output positions in Flux.1, analogous to PEA-Diffusion’s
method of distilling each U-Net block output in SDXL.
The experimental result shows a suboptimal performance of
45.65%. “FF” denotes distillation at the output position of
each block’s FeedForward layer, as shown in Eq. (4), results
indicate a significant improvement compared to “Block”
distillation. This is likely due to the influence of the regres-
sion scaling factor as on distribution alignment in Eq. (5).
LN denotes distillation at the second layer norm output po-
sition of each block, i.e., the output of Eq. (3), approach-
ing optimal results but still possibly affected by the re-
gression scaling factor as. “Oneside” indicates distillation
solely at the conditional side output after MM-DiT’s self-
attention, aiming to explore whether the interaction infor-
mation’s purest form can be obtained after self-attention
and token length segmentation. Experimental results re-
main about one percentage point below the optimal results.

Feature Alignment Loss Ablation. We additionally
compare three other target loss functions: KL, JS, and RKL
divergence. Both KL divergence and JS divergence consis-
tently exhibited slightly better performance compared to the
MSE target loss like “A29_CNN” before. However, the best
performance was achieved with RKL, which outperformed
KL divergence by 0.44% percentage points.

5. Conclusion and Limitations

In this paper, we introduce a novel framework X2I for align-
ing MLLMs and the DiT visual generation model. This
framework can be fully trained with minimal training re-
sources and minimal training data. Our extensive experi-
mental results demonstrate that X2I maintains its general
performance while extending additional functionalities, in-
cluding multilingual image generation, image instruction
editing, conceptual fusion of multiple images, image gener-
ation from videos or audio, and further exploration of cre-
ative combinations from different modalities to unleash im-
agery with X2I. Additionally, X2I supports LoRA training
for multiple modalities, enabling seamless integration with
various controllable downstream tasks in the open-source
community. Furthermore, we have developed LightControl
to explore more precise and controllable possibilities for vi-
sual generation.

The limitations of this paper lie in the somewhat infe-
rior precision and control of X2I in the unified direction of
image instruction editing, as well as the failure to fully ex-
plore the logical reasoning, few-shot learning, and chain-
of-thought capabilities of MLLMs. In the future, we will
continue to delve deeper into this direction.
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6. X2I’s reasoning ability and multi-turn dia-
logue generation ability

MLLMs themselves possess certain reasoning abilities and
multi-turn dialogue capabilities. X2I also inherits some of
these related abilities. Fig. 4 illustrates the reasoning abil-
ities based on text as well as image-based reasoning abili-
ties. It is important to note here that the features fed into
X2I originate from the characteristics of MLLMs’ answers.
Fig. 5 demonstrates X2I’s multi-turn dialogue capabilities,
indicating that the generated images exhibit a certain de-
gree of coherence and fidelity. Although these capabilities
only represent a small portion of the abilities inherited from
MLLMs, they provide more possibilities for improving the
productivity of images.

text to image
through reasoning

text to image
through reasoning

text to image
through reasoning

According to the photo,
determine which animal it is.

text-image (o image

image (o image
through reasoning

{hrough reasoning

Figure 4. X2I's reasoning ability.
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to desert the roof of the car

add text: describe the image add text: add a tiger to

Figure 5. X2I's multi-turn dialogue generation ability.

7. X2I Training with Different VLMs

Fig. 6 presents a comparison of experiments adapting X21I
using three different model capacities based on InternVL.
The top left shows results based on the InternVL-1B model,
the top right is based on InternVL-4B, the bottom left is
based on InternVL-8B, and the bottom right compares the
performance of the three models on PR metrics. Overall,
there are two conclusions to be drawn: firstly, as the capac-
ity of the InternVL model increases, the peak value of the
comprehensive X2I metrics also rises, which to some extent
reflects the scaling-up capability of the model. The second
conclusion is that as the model capacity increases, the fitting
speed of X2I training also improves to some extent, likely
benefiting from the design of AlignNet and the support of
attention distillation.

8. Consistency Analysis of Feature Distribution
for Multiple Modes of MLLMs

As shown in Fig. 7, in the unaligned state, MLLMs generate
heterogeneous feature distributions for text, image, audio,
and video across four modalities, embedding these distri-
butions into a unified cross-modal shared semantic space.
At this stage, there is a significant domain gap between the
feature distribution of the text modality and the output of
T5. By performing parameter space projection on the tex-
tual output layer of MLLMs through pure text training, the
textual feature distribution is partially aligned with the T5
encoder. The aligned X2I architecture inherits the multi-
modal association capabilities of MLLMs via the shared se-
mantic space.

9. Acceleration of Training

Training-Inference Separation: Placing both the teacher
model and the student model on the same GPU can lead
to insufficient single-GPU memory, necessitating the use of
ZeRO3[59]. However, ZeRO3 significantly reduces the in-
ference speed of the teacher model and also decreases the
training efficiency across multiple machines. By separat-
ing training and inference, the model that requires train-
ing and the model that performs only inference are placed
on different GPUs. This setup results in very high infer-
ence efficiency for the teacher model without the need for
multi-GPU communication. Meanwhile, the student model
only requires data parallelism, with communication over-
head being much lower than ZeRO3, greatly enhancing
multi-machine training efficiency compared to ZeRO3.
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Figure 6. The Impact of varying capacities of VLMs on X2I training.

Training-Inference Overlap: By overlapping the infer-
ence of the teacher model with the training of the student
model, the inference time of the teacher model can be per-
fectly hidden. This approach significantly improves the ef-
ficiency of distillation training.

10. Objective Performance of GenAl Bench
and EvalMuse-40K

Tab. 4 displays the results from the GenAl-Bench and Eval-
Muse evaluation sets, with performance scores also exceed-
ing 99%. This further demonstrates that X2I’s results in
T2I generation are nearly indistinguishable from those of
the teacher model Flux.1.

11. Multilingual T2I Generation

Tab. 5 includes three multilingual evaluation datasets from
Multilingual-General, as well as three additional transla-
tions in German, Portuguese, Spanish, and French. While
the performance in English remains consistent with a one
percentage point difference similar to before, the perfor-
mance in other languages varies with some degree of de-
cline. There are two main reasons for this difference:

The training corpus for QwenVL is primarily sourced
from Chinese and English, with relatively fewer re-
sources for other languages, making alignment with En-

glish datasets challenging. Errors introduced by the trans-
lation software, as all eight evaluation metrics are tested
on English evaluation datasets, necessitating a transla-
tion back to English for non-English languages. In com-
paring with existing open-source models in the industry,
such as PEA-Diffusion and Sana, the multilingual T2I
models in this study demonstrate significant advantages.
PEA-Diffusion is based on the SDXL model, while our
comparison involves the official open-source “Multilin-
gualFLUX.1”. Sana is compared with the official open-
source “Sana_1600M_1024px_MultiLing”, with most of the
Chinese T2I generation results failing, hence the lack of
presentation of objective results for Chinese.

12. IT2I and 121 Comparison of Objective In-
dicators

We evaluate the ClipScore, PickScore, and ImageReward.
The input prompts consist of the reference image prompt
combined with editing prompts. For an objective test, we
focus on common editing tasks such as addition, specifi-
cally adding five common animals (cat, dog, lion, tiger, ele-
phant) to the original image. This evaluation primarily as-
sesses the image instruction editing ability. For 121 metrics,
we also provide SSIM scores. The corresponding prompt is
the prompt of the reference image itself. The reference im-
ages are generated by the teacher model corresponding to



Evaluation Model ClipScore PickScore HPSv2 ImageReward FGA-BLIP2 GPT-40 VQAScore BLIP-VQA Performance
GenAI-Bench Flux.1 0.4633 0.2907 0.2355 1.3105 3.6218 0.8195 0.7817 0.4970 99.13%
X21 0.4571 0.2873  0.2458 1.2536 3.5736 0.7925 0.7657 0.4957
Flux.1 0.4554 0.2575  0.2128 1.1721 3.4441 0.7980 0.7168 0.3627
EvalMuse-d0K — ol 04424 02482 02134 11315 34648 07718 0.7038 0.3559 99-09%
Table 4. Objective Performance on the GenAl-Bench and EvalMuse Evaluation Dataset.
Language Model ClipScore  PickScore HPSv2 ImageReward FGA-BLIP2 GPT-40 VQAScore BLIP-VQA Performance
Flux.1 0.4517 0.2578 0.2433 1.3891 3.7789 0.9105 0.8741 0.4101 -
English ~ PEA-Diffusion 0.4325 0.2485 0.2401 1.1584 3.5987 0.8712 0.8501 0.3602 96.90%
X21 0.4543 0.2577 0.2445 1.4043 3.7568 0.8905 0.8667 0.3905 99.25%
Chinese PEA-Diffusion 0.4252 0.2415 0.2412 1.0582 3.5542 0.8542 0.8469 0.3312 95.67%
X21 0.4481 0.2552 0.2429 1.2998 3.6458 0.8614 0.8601 0.3471 97.65%
PEA-Diffusion 0.4101 0.2202 0.2417 0.9854 3.2546 0.8498 0.8201 0.3042 93.33%
German Sana 0.4154 0.1929 0.2315 0.4168 2.9490 0.8045 0.7954 0.2855 -
X21 0.4356 0.2368 0.2419 1.1736 3.5350 0.8715 0.8412 0.3178 96.03%
PEA-Diffusion 0.3952 0.2196 0.2399 1.0123 3.4550 0.7854 0.7952 0.3020 92.68%
Portugal Sana 0.4253 0.1958 0.2217 0.5240 3.4910 0.7905 0.8014 0.3125 -
X21 0.4344 0.2385 0.2427 1.1610 3.5892 0.8221 0.8254 0.3345 95.57%
PEA-Diffusion 0.4054 0.2285 0.2347 0.8975 3.2541 0.8014 0.8077 0.2998 92.20%
Franch Sana 0.4346 0.2080 0.2301 0.7202 3.1522 0.7899 0.8158 0.3101 -
X21 0.4322 0.2353 0.2415 1.0956 3.4681 0.8317 0.8298 0.3210 94.91%
PEA-Diffusion 0.4051 0.2142 0.2298 1.0214 3.2121 0.8012 0.7946 0.3014 92.06%
Spain Sana 0.4199 0.1977 0.2145 0.5710 3.0526 0.7854 0.7714 0.2845 -
X21 0.4320 0.2363 0.2427 1.1737 3.5398 0.8223 0.8399 0.3311 95.36 %
PEA-Diffusion 0.4012 0.2154 0.2314 0.9214 3.2985 0.7988 0.7901 0.2952 91.84%
Russia Sana 0.3641 0.1479 0.2157 -0.2139 2.5536 0.7012 0.7265 0.2545 -
X21 0.4312 0.2354 0.2428 1.1475 3.5254 0.8237 0.8412 0.3236 94.94%
PEA-Diffusion 0.3925 0.2101 0.2351 0.9215 3.2541 0.7952 0.7892 0.2912 91.47%
Itali Sana 0.4124 0.1886 0.2201 0.4082 2.9347 0.7524 0.7412 0.2641 -
X21 0.4286 0.2327 0.2419 1.0956 3.4769 0.8285 0.8214 0.3183 94.69 %

Table 5. Multilingual T2I Performance on the Multilingual-General Evaluation Dataset.

200 English corpus from the Multilingual-General dataset.
This evaluation mainly examines the model’s capability to
generate variations of images. The baseline model for com-
parison is Qwen2VL-Flux.

IT2I and I2I. Tab. 6 presents metrics for IT2I and I2I,
comparing the X2I model with Qwen2VL-Flux. In all re-
sults, the metrics of X2I are significantly higher than those
of Qwen2VL-Flux, indicating that X2I have a strong se-
mantic understanding of images and performs well in com-
mon image generation tasks involving instruction editing.

13. Plug-and-Play

Benefiting from the alignment strategy of attention distil-
lation, the MLLM encoder acquired by X2I can be di-
rectly transferred to Flux.1 variant models and downstream
ecosystems without requiring retraining.

13.1. Transfer Capability on Flux.1 Variant Models

By replacing the text encoders of the sampling acceleration
model Flux.1-Turbo, aesthetic fine-tuning model Flux.1-
Shuttle3.1, and compression model FLEX with X2I's
MLLM as the encoder, we derived corresponding variants
X2I-Turbo, X2I-Shuttle, and X2I-FLEX. These variants are

systematically compared with the original models in text-to-
image generation performance. As demonstrated in Fig. 33,
Fig. 34, and Fig. 35, our alignment strategy achieves robust
cross-architecture transferability.

13.2. Downstream Task Transferability

The aligned MLLM encoder can be directly transferred to
downstream ecosystems including LoRA, inpainting, out-
painting, ControlNet, and IP-Adapter without architectural
modifications. As demonstrated in Fig. 36, Fig. 37, and
Fig. 38, X2I achieve comparable or superior performance
on children’s simple sketch LoRA, outpainting, and inpaint-
ing tasks.

ControlNet. For ControlNet-related tasks, X2I’s utiliza-
tion of the MLLM as an encoder enables original image in-
put support, thereby capturing finer-grained visual details.
As shown in Fig. 40, X2I achieves enhanced performance
under canny, depth, and hed reference conditions. We also
compared the performance of ControlNet downstream mod-
els based on Flux.1 directly applied to the X2I framework
as Tab. 7 shows. X2I w/i indicates that the reference image
is also input to the X2I framework during inference. The
results show that including the image can further enhance



121 TI21
Model . . . .
ClipScore  PickScore ImageReward SSIM  ClipScore PickScore ImageReward
Qwen2VL-Flux 0.3919 0.1845 0.6824 0.4045 0.3772 0.1429 -0.3914
X21 0.4347 0.2371 1.2446 0.5208 0.4318 0.182 0.732

Table 6. Performance of X2I in IT2I and 12I Generation.

the performance on relevant tasks based on three metrics.

Canny Edge Hed Edge Depth Map

ControlNet &1 Georety  (SSIMT)  (RMSEL)
Original  0.2903 05025  53.79
X21 03144 05340 49.09
X21 wii 0.3304 05377  43.03

Table 7. Performance of X2I Framework in Transfer to ControlNet
Downstream Tasks.

IP-Adapter. In IP-Adapter tasks in Fig. 39, X2I ex-
hibits improved fidelity preservation owing to its original
image encoding capability. Similarly, we compared the
performance of the IP-Adapter downstream model based
on Flux.1 directly applied to the X2I framework as Tab. 8
shows. The evaluation dataset used is DreamBench. With-
out including image inputs, X2I shows a certain advantage
in DINO and CLIP-I metrics, but slightly decreases. X2I
w/i, with image inputs, exhibits a significant advantage in
DINO and CLIP-I, but sacrifices semantic adherence capa-
bilities as seen from CLIP-T. Similar conclusions can be
drawn from the comparison table.

IP-Adapter DINO CLIP-I CLIP-T
Original 0.768  0.803 0.322
X21 0.779  0.811 0.320
X2I wii 0.863 0.865 0.308

Table 8. Performance of X2I Framework in Transfer to [P-Adapter
Downstream Tasks.

14. Template for X2I’s input

X2I have designed an input template for the student model
during the alignment training process as follows: {“text

99,6699 ¢ 99,6699 CC 99,6699 (¢

prompt”:*”’ “editing prompt”:*”,*“image prompt”:*”,,“video
prompt”:*”, “audio prompt”:*”’},The “text prompt” repre-
sents the original prompt for generating images, the “edit-
ing prompt” is the prompt for editing instructions for the in-
put image, video, or audio, and the “image prompt,” “video
prompt,” and “audio prompt” respectively signify whether
there is information from an input image, video, or audio.
The motivation behind designing such a general template is
to provide a paradigm input for subsequent stage training,

LoRA training, and more controllable post-training.

15. LoRA for IT21

Currently, the prevalent approach in the industry for gener-
ating visual images involves training models based on tex-
tual conditions as input. There is a lack of LoRA train-
ing for scenarios where the user’s input involves highly per-
sonalized reference images for image-to-image and image-
to-text generation. For instance, taking “style information
from the reference image alone” as an image edit prompt,
the training of the general X2I framework primarily cap-
tures a global semantic understanding of the image, making
it challenging to individually parse and handle finer-grained
layered features of the image. To address this issue, we can
train a conventional LoORA module within the X2I frame-
work to solve these kinds of problems.

This paper trained the LoRA module for IT2I. We col-
lected 100 abstract artistic sketches and created 100 data
pairs with the input template {“text prompt”: “”, “edit-
ing prompt”: “Style Information Only from Reference Im-
age”, “image prompt”: “yes”, “video prompt”: “no”, “audio
prompt™: “no”}. Here, the text prompt is set as the corre-
sponding textual description for each of the 100 images col-
lected, and the “image prompt” is randomly selected from
the 100 data pairs.

Fig. 8 shows the comparison of results before and after
LoRA training. The conclusion indicates that LoRA train-
ing can prompt the X2I framework to selectively learn and
extract different semantic information from input images.

16. X2I enhanced Training Results

We further present a comparison of Van Gogh style Fig. 9
and Cubism style Fig. 10. Overall, the semantic consistency
ability of X2I shows some improvement compared to Diff-
fArtist, and the fidelity to the reference image significantly
improves compared to X2I trained without enhancement.

17. X2I Generation
17.1. Text-to-Image

Fig. 12 compares the effects of Flux.1 and X2I in generat-
ing images for complex prompts , and also Fig. 13 demon-
strates X21’s ability to generate images in multiple lan-
guages, including German, English, French, Japanese, Thai,
Vietnamese, and Chinese.
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Figure 7. Schematic diagram of alignment process for different
modalities.

17.2. Image-to-Image

MLLM empowers X2I with the capability to understand
both single and multiple images, enabling it to perform
reference-guided image generation in Fig. 14, celebrity and
IP generation in Fig. 15, and multi-image composition tasks
in Fig. 16, Fig. 17, Fig. 18 and Fig. 19.

17.3. Text+Image-to-Image

X2I demonstrates capabilities including user-prompt-driven
style transfer, expression editing as shown in Fig. 20,
Fig. 21 and Fig. 23, along with single image or multi-image
editing and fusion tasks illustrated in Fig. 22, Fig. 24, and
Fig. 25. Furthermore, leveraging MLLM’s robust OCR ca-
pacity, the system generates images through direct interpre-
tation of visual content in input images while supporting
multilingual visual generation, evidenced by the results in
Fig. 26.

17.4. Video-to-Image

MLLM possesses video comprehension capabilities that en-
able X2I to directly generate images based on the seman-
tic content of input video sequences, as shown in Fig. 27.
X2I can still generate high-resolution images through the
prompt of the low-resolution video.

17.5. Audio-to-Image

Leveraging the audio comprehension capabilities of
MLLMs such as MiniCPM-o, after alignment, X2I can di-
rectly generate images based on music with lyrics, instru-
mental music, and natural sounds as shown in Fig. 28,
Fig. 29 and Fig. 30. All audio is fed into X2I without any
prior processing.

17.6. X-to-Image

As demonstrated in Fig. 31, X2I can comprehend hybrid in-
puts combining audio, images, videos, and text prompts to
generate images. The rendering of the first row has its in-
put text description as “In the abandoned cyberpunk ruins, a
mysterious symbiotic relationship has been established be-
tween nanobots and humans. These nanobots zip back and
forth through the dilapidated buildings, repairing the decay-
ing parts of the city, while humans, by merging with the
nanobots, gain extraordinary abilities. In this sci-fi world, a
dazzling yet perilous new ecosystem is created, captivating
people in the fantasies of the future.”. Moreover, as shown
in Fig. 32, when the same video is used as a prompt, accom-
panying it with music produces distinct effects, demonstrat-
ing X2I's comprehension of multimodal prompts.

18. Limitations

X2I demonstrates some limitations in precise and control-
lable image instruction editing in a unified framework. For
instance, the success rate of removing a specific element
from an image is relatively low. The MLLM component of
the X2I framework struggles to parse the input image into
fine-grained semantic layers according to textual instruc-
tions and then output the corresponding intermediate-level
features. Additionally, the LightControl have only been
validated in the domain of image stylization, and further
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Figure 8. The effects before and after LoRA training. The conclusion indicates that LoRA training can encourage the X2I framework to
selectively learn and extract different semantic information from input images.

exploration is needed for more extensive image instruction
editing such as addition, deletion, and modification. More-
over, X2I have not fully exploit the multimodal understand-
ing capabilities of MLLMs, such as summarizing long texts,
logical reasoning, few-shot learning, and CoT capabilities.
Future directions should focus on more intelligent and pre-
cisely controllable visual generation. Building high-quality

datasets for various image instruction editing tasks is cru-
cial, as well as leveraging these datasets to enhance the
comprehensive capabilities of X2I.
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Original DiffArtist X2l

Figure 9. Comparison between DifffArtist and X2I Van Gogh style
transfer capability.
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Original DiffArtist X2l

Figure 10. Comparison between DifffArtist and X2I cubism style
transfer capability.



DiffArtist X2l DiffArtist X21

Figure 11. Comparison between DifffArtist and X2I ink painting style transfer capability.



Prompt FLUX xX21

A lush Amazon Rainforest at dawn, where towering emerald trees with broad, glossy leaves rise
majestically, their roots entwined in rich, dark soil. A meandering river, glistening like liquid silver,
reflects the soft, golden light of the early sun breaking through the mist. Vivid splashes of color
from exotic flowers and vibrant orchids peek through the dense foliage. The air is thick with
humidity, carrying the earthy scent of damp moss and the distant call of howler monkeys. A gentle
breeze rustles the leaves, creating a serene atmosphere. Capture this scene in a hyper-realistic style,
emphasizing the intricate details of nature, with a focus on the interplay of light and shadow,
evoking a sense of tranquility and wonder.

A sleek, cybernetic raven with iridescent metallic feathers perches silently atop a neon-drenched
skyscraper, its glowing red eyes scanning the sprawling city below. The skyline is a chaotic tapestry
of towering structures adorned with pulsating LED advertisements, casting vibrant hues of electric
blue and deep magenta across the rain-slicked streets. Wisps of steam rise from grates, mingling
with the low hum of drones zipping through the air, while holographic projections flicker in the
damp atmosphere. Shadows dance beneath the raven as it observes the thrumming pulse of life
below—a mix of shadowy figures clad in augmented reality gear and flickering streetlights
illuminating their hurried movements. The air is thick with anticipation, and the raven’ s intricate
circuitry glimmers under the soft glow of the city s neon heartbeat, embodying the perfect union of
nature and technology in this cyberpunk realm.

Create an image of Yuki Asakura in a vibrant anime style, showcasing her long, flowing silver hair
adorned with delicate pastel blue ribbons. She wears a stylish, modern school uniform featuring a
fitted blazer with intricate embroidery and a pleated skirt, complemented by knee-high socks and
stylish loafers. Yuki's expressive emerald green eyes sparkle with determination and kindness,
framed by long lashes. Capture her in a dynamic pose, with one hand raised in a cheerful wave and
a bright smile that radiates warmth. The background should depict a lively cherry blossom park in
full bloom, with petals gently falling around her, enh ing the cheerful sphere. Use a colorful,
cel-shaded art style, emphasizing clean lines and vivid colors. Incorporate signature elements like
her small, silver pendant shaped like a crescent moon, subtly glinting in the sunlight, symbolizing
her connection to the mystical.
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A majestic elephant stands gracefully in a sun-drenched savannabh, its textured gray skin glistening under the warm golden light of the late afternoon sun.
The elephant, with large, expressive ears and a gently curved trunk, is posed mid-stride, kicking up a cloud of dust as it moves towards a shimmering
waterhole surrounded by lush green acacia trees. The scene is painted in a vibrant impressionistic style, utilizing a rich palette of earthy tones, soft
greens, and warm yellows that evoke a sense of tranquility and connection to nature. The camera angle is low, capturing the elephant” s grandeur
against the expansive sky, dotted with wispy clouds. In the foreground, a few colorful wildflowers bloom, adding splashes of color, while a distant herd of

antelope grazes peacefully, enhancing the serene sphere of this enchanti in the wild.
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A breathtaking view of Niagara Falls at dawn, where the first light of day casts a golden hue over the cascading waters. Towering cliffs, adorned with
lush greenery and vibrant wildflowers, frame the thundering waterfalls, their mist rising like ethereal veils in the cool morning air. The water, a
mesmerizing blend of turquoise and deep blue, crashes into the river below, creating a symphony of sound. Wispy clouds drift lazily overhead, tinted in
soft pastels, while the sun peeks through, illuminating the scene with a warm glow. Capture this moment in a hyper-realistic style, emphasizing the
dynamic textures of the water and the delicate play of light, evoking a sense of awe and tranquility in this natural wonder.
- - - G TN S - Bt

A woman with an average build stands confidently, her shoulder-length ch hair framing her face. She has warm hazel eyes that sparkle with
kindness, complemented by a light olive skin tone. Her facial features are soft yet defined, with a gentle smile that radiates approachability. She wears a
fitted, patterned blouse in shades of teal and cream, featuring delicate floral designs, tucked into tailored dark denim jeans that accentuate her waist. The
Jeans are slightly distressed at the knees, adding a modern touch. She stands with one hand on her hip, exuding a relaxed yet poised demeanor, while her
other hand lightly touches her hair, suggesting a casual confidence. The background is a sunlit café patio, with greenery and colorful flowers adding
vibrancy to the scene, enhancing her cheerful and inviting presence.

Figure 13. Comparison of text-to-image generation results using different languages.



Original Generated Original Generated

Figure 14. Image-to-image generation. Figure 15. Celebrity or IP image-to-image generation.

Original 1 + Original2 => Generated Original 1 + Original2 => Generated

Figure 16. Clothing and accessories multi-image generation. Figure 17. Group photo multi-image generation.



Originall Original2 Original3 Generated
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Figure 18. Blend three images to generate a new image.

Originall Original2 Original3 Original4 Generated

Figure 19. Blend four images to generate a new image.



Original Prompt Generated

Refer to the image style and generate a
white dress with wings

Refer to the image style and generate a
cute little rabbit wearing clothes

Refer to the image style and generate a
cute giant panda

Figure 20. Image style transfer, refer to the image style and generate an image based on the prompt.

Original Anime Ink wash painting Line drawing Van Gogh

Figure 21. Style Editing, change the style of the specified image.



Original Prompt Generated

Add a dog in the picture

Add a car in the picture

Add a flower in the picture

Original

Prompt: Make the person in the picture <emoji>

Figure 23. Expression editing, change the expression of a person in the image.



Original Prompt Generated

A berry _bowl with a blue house in the
background.

Place the cup from the image onto a
table with a potted plant.

A lion wearing the clothes from the
image is reading a book.

Figure 24. Single image and prompt fusion for image generation.

Original Images Prompt Generated

With a tree and autumn leaves in the
background

With the Eiffel Tower in the background

The <image3> is wearing a <imagel> and
riding a <image2> on the <image4>, the
<image2> is also wearing a <imagel>

Figure 25. Multiple image and prompt fusion for image generation, in the third case, in order to express the complex relationship between
multiple entities, we generate images by embedding image tokens between text.
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Chapter 2:

Imagine a floating castle made entirely of translucent crystal,
suspended above an endless ocean of molten gold. The sky is a
tapestry of swirling, iridescent clouds that glimmer with hues
of ultraviolet and deep indigo. Gigantic, bioluminescent
jellyfish drift peacefully through the air, their long tendrils
entwined with clusters of luminescent fireflies. On a distant
horizon, jagged mountains carved from sapphire and emerald
rise majestically, their peaks piercing through the fabric of the
sky itself and revealing glimpses of countless galaxies beyond.
A lone, ancient tree with branches made of shimmering glass
grows on a floating island, its leaves like stained glass windows
reflecting the myriad colors of the surreal surroundings.
Standing on a bridge of golden light that connects the tree to
the crystal castle, a figure cloaked in living shadows gazes out
upon the scene, holding a staff that emanates a soft, pulsating
glow. The water beneath is alive with ethereal, spectral fish
that leave trails of sparkling stardust in their wake, and the air
is filled with a symphony of otherworldly whispers and
haunting melodies.

Imagine un vasto bosque de flores collage, ol le sol is made of floating
puzzles pieces that are colorful y con trozos that nunca fit together. Among
the arbres gigantesques, des luciémagas éclatantes fliegen en zigzag
awischen las hojas doradas. Fliegende Fische mit brillanten Schuppen passent
doucement .} S\ <% Hforming whimsical patterns in the air. In the middle
of the scene, un grand reloj avec hands that point in all directions y cada
segundo se vuelve mas kunstlerisch.

On top of this puzzling landscape, un zorro avec des ailes transparentes y alas
de mariposa est tocando un violin des réflexions dorées. Todo su entorno se
mueve too, como si the entire world respirara juntos. Kleine Elfen mit
leuchtenden Fliigeln scattered around him, dancing al ritmo de una misica
invisible et enchantée.

Furthermore, caracoles gigantes llevan maisons de lumiére colorée, écrivant
des poémes mystérieux e GTEIVG ixvn Tiow Toug. Mientras tanto, the ciel
noir is scattered con des estrellas brillantes que parpadean lentamente. Un
énorme chat noir avec des yeux lumineux Bpioxetar en el horizonte, son
regard fixant un punto no claro con une intensité énigmatique.

En este suefioscape, every object and creature coexists in a harmonic chaos,
lays sile terious that fuse seamlessly, the sceneinto a
surrealist symphony of wonders. Quisque elementum in this universus
alternate is an embodiment of imagination gone wild, transcending the
boundaries of logical harmony whille celebrant Fessence of creative liberty.

A young woman wearing a
green coat and a yellow hat,
holding a  book called
’ Prophet’. The cover is
blue, and the silhouette in
the book is a silhouette of
a male head. The background
is red.

OCR text recognition

OCR text recognition

OCR text recognition

OCR text recognition

Figure 26. Image generation from screenshot inputs with OCR recognition.



Original Video Original Image Prompt Generated
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None None

None

High resolution

Wearing scarf
and hat

Figure 27. Video-to-image generation, generate images based on the content of the video.



Generated

Original Song Audio

"Hotel California" by Eagles

Lyrics: "On a dark desert highway, cool wind in my hair,

(ﬁ warm smell of colitas rising up through the air..”

"What a Wonderful World" by Louis Armstrong
Jﬁ Lyrics: "I see trees of green, red roses too, I see them bloom
for me and you, and I think to myself, what a wonderful

world..."

"Over the Rainbow" by Judy Garland

d‘ﬁ Lyrics: "Somewhere over the rainbow, way up high, there's a
land that I heard of once in a lullaby..."

Figure 28. Music-to-image generation, generate images from music with lyrics.

Generated

Original Classical Music Audio

J (ﬁ "Moonlight Sonata” by Ludwig van Beethoven

d‘ﬁ "Rondo alla Turca" by Wolfgang Amadeus Mozart

Jﬁ "4 Dream of Wedding" by Richard Clayderman

Figure 29. Instrumental-music-to-image generation, generate images from instrumental music audio.



Original Audio

Generated

The sounds of insects and birds

Train whistle

Sound of flowing water

And speaking of the Irish way, have you ever tried explaining
hurling to someone who's never seen it? It's like trying to describe
the rules of Quidditch, but with less flying and more shouting. Ah,

but sure, it's all in good fun.

Figure 30. Audio-to-image generation, generate images from natural sounds, vehicle sounds, and complex human sounds.

Original Image/Video + Music Audio

Prompt Generated

Mechanical operation

If3

Electronic music with

I strong rhythm

Piano

Yy I£3
;3% Moonlight Sonata for

Science fiction novel
paragraph

None

Artistic conception
poetry

Figure 31. X-to-image generation.



Original Video Original Audio Generated

EEEEEEEE

None

Electronic music with
strong rhythm

Figure 32. Images generated by combining the particle collision video with electronic music exhibit a greater sense of particle texture and
oscillation compared to those created using just the video alone.

FLUX-Turbo Prompt X2l -Turbo

Bustling cyberpunk city at night,
illuminated by neon lights in shades of
blue, pink, and green. Skyscrapers with
holographic advertisements tower over
crowded streets filled with futuristic
vehicles and people in high-tech attire.

A cozy log cabin in a snowy forest, with
smoke rising from the chimney. The
cabin is surrounded by tall pine trees
covered in snow, and a warm golden
light shines through the windows under
a starry night sky.

Figure 33. Comparison of the sampling acceleration model FLUX-Turbo and the X2I-Turbo obtained by replacing the text encoder of
FLUX-Turbo with MLLM.



FLUX-Shuttle Prompt X21 -Shuttle

A peaceful beach at sunset with golden
sand, calm waves, and a colorful sky.

A bustling city park with green trees,
walking paths, and people enjoying the
day.

Figure 34. Comparison of the aesthetic fine-tuning model FLUX-Shuttle3.1 and the X2I-Shuttle obtained by replacing the text encoder of
FLUX-Shuttle with MLLM.

Prompt X21-FLEX

A highly detailed humanoid robot
standing in a high-tech laboratory. The
robot has a sleek metallic body with
glowing blue eyes, surrounded by
advanced machinery and holographic
displays.

A serene fantasy landscape with a
crystal-clear lake reflecting towering
mountains, lush green forests, and a
vibrant sunset with hues of orange and
purple. A small wooden cabin sits by
the shore, surrounded by blooming
flowers.

Figure 35. Comparison of the compression model FLEX and X2I-FLEX obtained by replacing the text encoder of FLEX with MLLM.



FLUX + Lora Prompt X21 + Lora

A joyful girl with balloons floats above
a city wearing a hat and striped pants

Some happy children stand ready to
take pictures

Figure 36. Comparison between FLUX.1 with children simple sketch LoRA and X2I with children simple sketch LoRA.

Original FLUX + Outpainting X21 + Outpainting

Prompt: a laptop and a light on a table.

Figure 37. Comparison between FLUX.1 and X2I on the outpainting task.



Original Mask FLUX + Inpainting X2l + Inpainting

®
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Prompt: a white bear shaped vase next to a notebook.

Prompt: three black outdoor lights sitting on a brick path.

Figure 38. Comparison between FLUX.1 and X2I on the inpainting task.

Object Prompt FLUX + IP-Adapter X21 + IP-Adapter

A berry bowl on top of
a purple rug in a forest

A cat on top of a
wooden floor

Figure 39. Comparison between Flux.1 and X2I on IP-Adapter downstream tasks.



Reference Original FLUX +R

Canny + Prompt: Short Sleeve T-Shirt White Man 1 - Brunello Cucinelli.

Depth + Prompt: Trekker in Khumbu in front of Abadablan mount on a way to Everest Base camp.

E - - - ]

Hed + Prompt: St James' Church Buttermere-1.jpg.

Figure 40. Comparison between Flux.1 and X2I on ControlNet tasks using canny, depth, and hed as reference maps. The annotation R
indicates reference image incorporation in both FLUX.1 and X2I pipelines. Red boxes highlight X2I’s superior fine-grained generation.
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