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Abstract

We propose X-Fusion, a framework that extends pre-

trained Large Language Models (LLMs) for multimodal

tasks while preserving their language capabilities. X-

Fusion employs a dual-tower design with modality-specific

weights, keeping the LLM’s parameters frozen while in-

tegrating vision-specific information for both understand-

ing and generation. Our experiments demonstrate that X-

Fusion consistently outperforms alternative architectures

on both image-to-text and text-to-image tasks. We find that

incorporating understanding-focused data improves gener-

ation quality, reducing image data noise enhances over-

all performance, and feature alignment accelerates conver-

gence for smaller models but has minimal impact on larger

ones. Our findings provide valuable insights into building

efficient unified multimodal models.

1. Introduction

Large Language Models (LLMs) [1–13] have not only

achieved unprecedented capabilities for language pro-

cessing tasks (e.g., conversational AI [14–20]), but also

emerged as foundation tools to solve multiple language-

related challenges (e.g., coding [21–23]). However, as hu-

mans, we do not communicate solely through text, but also

extend to other modalities, such as vision. For example, in-

stead of simply saying “This dog is cute”, we might show a

photo of the dog to enhance the message: “[image] is cute”

(Fig. 1). Thus, a truly versatile AI model should not only

understand, reason, and generate textual output, but also

must have abilities to understand, reason, and generate vi-

sual information. Moreover, these models should be unified

to process and generate language and vision simultaneously,

creating a more comprehensive interactive experience.

To achieve a unified model, some approaches focus

on training unified vision-language models entirely from

scratch using next-token prediction loss [24–27]. A re-

cent alternative, Transfusion [28], adopts a domain-specific

strategy by combining next-token prediction loss for lan-
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Figure 1. We introduce X-Fusion - a novel framework that adapts

pretrained LLMs (e.g., LLaMA) to new modalities (e.g., vision)

while retaining their language capabilities and world knowledge.

guage with diffusion loss for images. This hybrid architec-

ture has significantly advanced performance, demonstrat-

ing greater promise than purely autoregressive approaches

like Chameleon [26]. However, training such models

from scratch demands immense computational resources

(e.g., [28] trained on 2T tokens) and necessitates full re-

training for each new modality. Given these shortcomings,

another prominent research direction explores how to reuse

powerful pretrained LLMs and introduce vision abilities to

them [29–31], offering a more practical and efficient way

for unified multimodal model training.

Research on adapting LLMs [14–18] with image under-

standing has shown promising results through “visual in-

struction tuning” [32–35]. These models typically fine-tune

the LLM to align the text feature space with pretrained vi-

sion encoders (e.g., CLIP [36]), thus, might degrade orig-

inal language capabilities [37, 38]. Unlike image under-

standing, image generation poses greater difficulties, as it

demands output capabilities in a new feature space. A

large body of work [29, 30, 39–43] tackled this issue by

leveraging pretrained image generation models (e.g., Sta-

ble Diffusion [44]). However, as these frameworks are not
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Curious feline with a striped coat is 
peeking from behind a beige cabinet door, 
its eyes wide and alert. The setting is 
indoors, with a muted, warm-colored wall 
and a textured rug underfoot. The cat's 
fur is well-groomed, and its expression 
suggests a sense of playfulness and 
interest in the surrounding environment.

▷ Input Image:

▷ Input Image:

Two women stand close together, smiling for the 

camera, sharing a vibrant pink umbrella to shield 

them from the rain. The woman on the left is clad in a 

black coat and a pink scarf, while the woman on the 

right wears a white puffy coat. They appear cheerful 

and dressed for a day out in the city, with a backdrop 

featuring a historic building and other pedestrians 

navigating the wet streets.

The image features a classic bicycle with a 

large round clock on its front wheel, its face 

is white with black numbers and hands, 

indicating a time of 10:10. The bicycle 

appears to be stationary and the background 

is plain, allowing the bicycle and clock to be 

the focal point. The clock and bicycle are set 

against a white backdrop, emphasizing their 

details and shapes.

A French Bulldog stands on a bicycle, 

donning a black leather jacket, white-

rimmed goggles, and a colorful bandana 

on its head. The canine is positioned as if 

ready to ride, with the bicycle's handlebars 

and part of the frame visible beneath it. 

The backdrop features a blue surface, 

suggesting the photo was taken outdoors, 

possibly at a casual gathering or event.

▷ Input Image:

▷ Input Image:

Figure 2. Captions generated by X-Fusion demonstrate high details and strong visual alignment with the image inputs.

unified, this approach creates several limitations: limited

cross-modal reasoning, restricted in-context learning, and

increased error accumulation [45]. Most critically, these ap-

proaches typically require fine-tuning the LLM backbone,

degrading inherited text generation ability [37, 38]. This

raises fundamental research question: Is there a better way

to introduce new modalities to pretrained LLMs?

Motivated by these observations, we propose X-Fusion,

a new approach that addresses two challenges: (i) retain-

ing the language abilities of the pre-trained LLM while (ii)

adapting it with image generation capabilities. First, X-

Fusion freezes all language weights, denoted as the text

tower, thus preserving the inherent language abilities. Sec-

ond, instead of fine-tuning the LLM, we introduce a vision

tower with separate vision weights in each layer to help

process visual information for the LLM (Fig 1). This ap-

proach aligns text and vision features not only at input or

output level, but also at the intermediate processing level.

It is worth noting that this architecture is flexible in terms

of design — the vision and text towers can have asymmetric

architectures. Moreover, the framework naturally extends to

additional modalities (e.g., audio) by introducing dedicated

modality-specific towers, ensuring efficient and scalable in-

tegration while keeping each modality independent.

While architectural innovations are crucial for integrat-

ing visual capabilities into LLMs, nowadays, understand-

ing the impact of training data is equally important. Thus,

we conduct a comprehensive set of ablation studies from

a data-centric perspective to build a scalable training strat-

egy. First, we note that creating image understanding sam-

ples without introducing noise to the images is crucial for

training diffusion-based unified models. This approach en-

hances both image generation and understanding abilities

due to more semantic visual representation learned from

clean images. Based on this key component, we further

observed cross task synergy—including more image under-

standing data that enhances generation performance. We

also investigate the effectiveness of aligning our vision fea-

tures with additional pre-trained representations. Our find-

ings suggest that this extra alignment loss term may help

smaller models converge faster, but the benefit diminishes

as the model size increases.

In short, our contributions are: (i) X-Fusion - a novel

framework that adapts pretrained LLMs to new modalities

while retaining their language capabilities. (ii) A system-

atic study on training strategy, offering insights for optimiz-

ing multi-modal learning. (iii) Experimental results on both

image-to-text and text-to-image tasks, validating the effec-

tiveness of the proposed architecture.

2. Related Work

Large Multimodal Models. The development of artificial

intelligence has historically followed separate, modality-

specific paths. Large Language Models (LLMs) [1–13]

exclusively processed text input and generated textual re-

sponses, while computer vision models specialized in visual

content understanding (e.g., object detection [46]) or visual

generation (e.g., StyleGAN [47]). The emergence of vi-

sion encoder models like CLIP [36] bridged text and image

modalities, enabling two key advances: (1) Vision-language

models that allow LLMs to “see” (e.g., LLaVA [32]); and

(2) Conditional visual generation models that can process

textual input (e.g., Stable Diffusion [44]). Current research

frontier are focusing on integrating vision and language ca-

pabilities into unified models that can both process and gen-

erate multimodal content. There are three main approaches:

(1) Merging LLMs with pretrained image generation mod-

els (e.g., DreamLLM [29], GILL [30]); (2) Training LMMs

via next-token prediction (e.g., Chameleon [26]); or (3)

Training LMMs using both diffusion and next-token pre-

diction losses (e.g., Transfusion [28]). Following the third

approach, which has achieved state-of-the-art results across
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A photo of a red book and a 

yellow vase on a polished 

table by a sunny window.

A futuristic warrior queen 

commanding an army of 

robotic.

A photo of a cunning fox in a 

suit and tie reading a 

newspaper in a city park.

A photo of a whimsical 

garden where oversized 

flowers sing in the breeze.

A photo of a playful puppy 

chasing vibrant holographic 

bubbles in a park.

A ship sailing across a desert 

made of stars, its sails 

catching cosmic winds.

A sentient AI robot holding a 

flower, contemplating human 

emotions.

An astronaut riding a camel 

on Mars during a sunset.

A medieval castle floating 

upside down over a still lake.

A crystalline rose blooming 

on a frozen lake.

Figure 3. Images generated by X-Fusion demonstrate high visual quality and strong text alignment with the input prompts.

modalities, we instead propose initializing from frozen

LLMs rather than training from scratch, significantly reduc-

ing computational costs and retaining the LLMs knowledge.

Leveraging Pretrained LLMs. Since the success of

LLMs [1–13], researchers have discovered that pretrained

LLMs can serve as effective baselines for various pur-

poses (e.g., coding [21–23]). Beyond being adapted for

domain-specific tasks, prior works have shown that these

pretrained models can also be fine-tuned to acquire new

abilities, paving the way for a cost-effective approach to

include more modalities like image understanding (e.g.,

LLaVA [32], Mini-GPT-4 [34]), image generation (e.g.,

GILL [30], DreamLLM [29], SEED-X [40]), or both

image understanding and generation (e.g., Show-o [48],

Emu3 [27], MetaMorph [31]). However, this method is

not without limitations—often, when fine-tuning the LLMs’

backbone, it risks compromising the original knowledge.

To alleviate this shortcoming, in this work, we propose a

novel method to extend vision-related abilities for LLMs

while keeping all the language layers frozen, thus maintain-

ing its original language abilities untouched. A concurrent

work is LMFusion [49], with a similar high-level approach.

However, they use joint attention across text and vision to-

kens, which is less flexible than our proposed model design.

Task-specific Weights. People have been exploring the use

of specialized models tailored to different tasks in both the

language [50–53] and vision domains [54–56]. The use of

unshared parameters has also been explored in multi-modal

settings. For instance, CLIP [36] and ImageBind [57]

focus on representation learning, while other works [58–

60] emphasize vision-conditioned language model pretrain-

ing. However, these multi-modal approaches predomi-

nantly focus on visual understanding, neglecting generation

tasks. Importantly, they are typically trained from scratch,

which is computationally expensive. A concurrent work,

Playground-v3 [61], takes a different approach by building

upon LLMs, but freezes them to perform generation tasks

only, without addressing visual understanding.

3. Preliminaries

In this section, we provide a brief preliminary overview of

the state-of-the-art recipe (proposed by [28]) for training

unified models in a hybrid manner, incorporating next-token

prediction for language and diffusion models for image.

3.1. Language Modeling via Autoregression

LLMs are typically trained using an autoregressive model-

ing objective, where the joint probability of a sequence of

language tokens xtxt = {xtxt
1 , xtxt

2 , . . . , xtxt
N } is factorized as

a product of conditional probabilities:

Pθ(x
txt | c) =

N
∏

i=1

Pθ(x
txt
i | xtxt

<i, c).

Here, c represents optional conditioning information,

which could include extracted features from other modal-

ities (e.g., image representations) or task-specific context.

However, in the standard setting, LLMs are usually trained

without any additional conditioning (c is absent), and the

predictions depend solely on the preceding tokens xtxt
<i.
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(c) Dual Projection

Language QKV

Language MLP

Vision QKV

Vision MLP

Joint Attention

(b) Gated Tower

Language Layer Gated Layer

𝛾 (init as 0)

(a) Single Tower

Mixed Layer

Language Token

Vision Token

(d) Dual Tower (Ours)

Language Layer Vision Layer

Figure 4. Conceptual comparison of four model architecture baselines. Here, we illustrate how each layer processes the sequential

multi-modal feature. (a) Single Tower: Directly fine-tuning pre-trained LLM. (b) Gated Layer: Duplicate Each LLM layer as the gated

vision layer, (c) Dual Projection: Duplicate QKV matric and MLP layer for vision modality, (d) Dual Tower: Duplicated transformer

block for vision modality.

The training objective for this autoregressive model is to

minimize the negative log-likelihood of the observed data:

LAR = Extxt,c

[

−

N
∑

i=1

logPθ(x
txt
i | xtxt

<i, c)

]

.

If conditioning information c is introduced (e.g., in mul-

timodal or task-specific setups), it allows the model to ex-

tend its capabilities to tasks such as conditional text gener-

ation and cross-modal understanding.

3.2. Image Modeling with Diffusion

Diffusion models have emerged as one of the most success-

ful approaches for image generation thanks to its ability to

generate high-quality images. Diffusion models are trained

to gradually reverse the process of adding noise to an image,

starting from a noise vector x
img
T and progressively generat-

ing less noisy samples x
img
T−1,x

img
T−2, . . . ,x

img
0 . The goal is to

produce high-quality images by learning a denoising func-

tion fθ parameterized by θ that can reverse this process.

The diffusion model training objective aims to minimize

the difference between the predicted and true noise. Specif-

ically, for each time step t, the objective is to solve the fol-

lowing denoising problem on the image data ximg:

LDM = Ex,ϵ∼N (0,I),t

[

∥ϵ− fθ(x
img
t , t, c)∥22

]

,

where x
img
t is the noisy image at time step t, uniformly

sampled from {1, . . . , T}, and fθ(x
img
t , t, c) is the denois-

ing function that predicts the noise added to x
img
t condi-

tioned on the time step t and context c (often is text prompt).

4. X-Fusion

In this section, we describe X-Fusion, an unified frame-

work that adapts pretrained LLMs for vision tasks while

preserving their inherent language capabilities. As illus-

trated in Fig. 1, X-Fusion processes both image and text

inputs within a single model. To maintain the pretrained

LLM’s language knowledge, we freeze its weights and in-

troduce new trainable parameters to handle vision inputs.

Tokenizer. Text inputs are tokenized using the original

LLM’s tokenizer to produce text tokens. Images are pro-

cessed through a pretrained visual encoder to obtain la-

tent representations. The encoders can be either a low-

level feature compression model, like latent VAE [62], or

CLIP [36]/DINO [63]-like semantic encoders. These latent

representations can optionally be further encoded into vi-

sion tokens using an additional trainable vision layer. In

most of our experiments, we use VAE from SD1.5 [62] as

the pretrained visual encoder. After that, we use a train-

able linear patchify layer with a patch size of 2 × 2 to fur-

ther compress image features into image tokens. The com-

bined interleaved image-text tokens are then passed into X-

Fusion, where the trainable parameters facilitate joint opti-

mization for both image understanding and generation.

Dual Tower. Let denote the tokenized input embeddings as:

Ein = {e1, e2, . . . , eM}.

where token ei can be either text or vision token.

To effectively process a mixture of textual and visual

modalities while retaining the original language informa-

tion, each layer in X-Fusion should incorporate new train-

able weights alongside a frozen language layer. Specif-

ically, we introduce two components for each layer: A

frozen text transformer block F txt, and a trainable vision

transformer block F img.

Both components operate on the embeddings Ein, and

their respective outputs are given by:

Htxt = F txt(Ein), Himg = F img(Ein).

Intuitively, the vision layer needs to process visual to-

kens conditioned on texture features for generation tasks.

Additionally, it also need to extract features suitable for vi-

sual understanding tasks, ensuring that the visual features

can be effectively interpreted by the frozen language layer.
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The outputs of the text and vision blocks are selectively

combined to form the output sequence of the block:

Hout = {h1,h2, . . . ,hM},

where

hi =

{

htxt
i , if xi ∈ xtxt,

h
img
i , if xi ∈ ximg.

Here, htxt
i ∈ Htxt and h

img
i ∈ Himg are the outputs of

the text and vision blocks, respectively, for the i-th token.

In our design, we initialize each vision block by copying

the parameters in the corresponding language transformed

layer, which consists of one self-attention layer, one MLP

layer, and two normalization layers.

Finally, each text embedding is decoded into discrete to-

kens through a linear classification head. The output image

feature modeling can be flexible, and could involve meth-

ods such as diffusion (L2-loss), continuous autoregressive

modeling (cosine regression), or discretized autoregressive

modeling (cross-entropy), depending on the choice of pre-

trained visual encoder and design decisions. In this paper,

we primarily focus on diffusion modeling. It is important to

note that the best modeling approach for new modalities is

case-specific and may be explored as future work.

X-Fuse (Optional). In the explanation above, we select vi-

sion tokens from the vision layers and text tokens from the

text layers. Thus, in practice, we do not need to calculate

the vision query tokens in the text layer, nor the text query

tokens in the vision layers. This is a main design choice,

as it results in the same attention FLOPs as other baseline

variants shown in Fig. 4, which we will discuss in the ex-

perimental section.

Optionally, we introduce an operation called X-Fuse,

which sacrifices FLOPs to improve performance. Taking

the text feature as an example, we also calculate the text

query features in the vision layer. To fuse the text feature

from both towers, we compute:

α ∗ htxt-txt
i + β ∗ htxt-img

i

Here, the superscript indicates the source tower of the text

features: ”txt-txt” refers to text features from the text tower,

and ”txt-img” refers to text features from the vision tower.

The scalars α and β are learnable parameters. A similar

operation can be used to fuse image features as well.

Training. The final training objective combines the autore-

gressive loss (LAR) and the image denoising loss (LDM),

with their respective weighting coefficients λAR and λDM:

L = λAR · LAR + λDM · LDM

We choose LLaMA-3 family [17] as our as pretrained

LLMs for X-Fusion and use the flow matching scheduler

following Stable Diffusion 3 [64]. We set λAR = 0.2 and

text only text2img img2text

Model MMLU (↑) FID (↓) CLIP (↑) BLIP(↑)

LLaMA3.2-1B [17] 32.2 — — —

Single Tower 25.0 19.10 22.63 30.2

Gated Tower 32.2 24.51 21.91 14.5

Dual Projection 32.2 20.22 22.46 30.9

Dual Tower (Ours) 32.2 14.20 22.81 31.3

Table 1. Architecture design comparison. Our dual-tower ap-

proach surpasses other baselines in image generation tasks and

delivers competitive performance in image understanding, while

maintaining the original language capability.

λDM = 1, then train with AdamW optimizer (β1 = 0.9,

β2 = 0.95), a linear warm-up scheduler, a maximum learn-

ing rate of lr = 1 × e−4, and DeepSpeed Stage 2 [65] dis-

tributed training on H100 GPUs. We train with batches of

0.8M tokens for 100k steps, processing a total of 0.08T to-

kens for most experiments. We extend the training to 200K

steps on our X-Fusion model initialized from LLaMA-3.1-

8B and report the evaluation results in Supplementary.

Task. We evaluate X-Fusion’s performance on: (i) image

understanding and (ii) image generation, as these tasks re-

flect the connection between visual and textual modalities.

• Image Generation: To assess image generation, we evalu-

ate text-to-image performance. Specifically, we generate

30K images using randomly sampled prompts from the

MS-COCO [66] and report image quality using FID [67].

• Image Understanding: To assess image understanding,

we evaluate image captioning (or image-to-text) perfor-

mance. Specifically, we generate captions for 30K images

from the MS-COCO dataset [66] and report caption qual-

ity using BLIP2-ITM [68]. We also considered additional

metrics, such as CIDEr [69] and BertScore [70], however,

these were either inappropriate for long captions or failed

to capture meaningful changes during training. Further

analysis can be found in Supplementary.

Data. Otherwise stated, we sample 0.08T tokens/patches

from an in-house licensed dataset. We create image-caption

pairs by center-cropping and resizing images to 256× 256,

and pairing them with detailed captions generated by the

InternVL-2.0 26B model [35]. These pairs are then format-

ted for both image-to-text tasks (serving as understanding

data), and text-to-image tasks (serving as generation data).

5. Architecture Design Choices for Adding Vi-

sion Abilities

To evaluate the effectiveness of our Dual Tower design,

we compare it against three alternative transformer block

variants (Fig. 4) that are designed for multimodal integra-

tion. Apart from the transformer blocks, all other com-

ponents—including tokenizers, encoder, and decoder mod-

ules—are kept identical across configurations.
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Figure 5. Performance of image generation and understanding at various data ratios. Increasing visual understanding data improves

visual generation performance.
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Figure 6. Performance of image generation and understanding at various noise limits in the image-to-text samples. Providing clear

images for image-to-text samples enhances visual generation and understanding simultaneously.

• Single Tower: This simple baseline uses the original lan-

guage model transformer block to process both inputs di-

rectly. Note that this is equivalent to Transfusion [28] but

with pre-trained LLM as initialization (Fig. 4a).

• Gated Tower: Inspired by [71], we duplicate the language

transformer block into a trainable “gated block” (Fig. 4b),

with both blocks taking the same input sequence:

Htxt = Ltxt(Ein), Hgate = Lgate(Ein).

After that, the gated block output will be added to the lan-

guage transformer block output, multiplied by a learnable

value γ which is initialized as 0:

Hout = Htxt + γ ∗Hgate.

• Dual Projection: We copy the language weights consist-

ing of one self-attention and one MLP (Fig. 4c). How-

ever, the data flow is different from dual-tower. First of

all, based on the modality of ei, we apply separate pro-

jection matrices for query (Q), key (K), and value (V),

and then a joint attention is operated on all tokens:

Hattn = attn(QKVmodality(ei)),

After that, the output feature from self-attention is passed

through a modality-specific MLP:

Hout = MLPmodality(H
attn).

This variant is similar to concurrent work [49]. However,

dual-tower offers more flexibility, as the vision and lan-

guage layers can be designed differently.

FLOPs. Let N denote the number of text tokens and M

denote the number of image tokens. For all three alternative

designs, the attention complexity is O((N +M)2). In our

dual-tower design, for a fair comparison, we choose not to

use the X-Fuse operation. As a result, the complexity in the

vision tower is O(M · (N + M)) (since we do not need

query tokens for text), and the complexity in the text tower

is O(N · (N + M)) (since we do not need query tokens

for image). In total, this results in the same complexity of

O((N +M)2).

Quantitative Results. Tab. 1 presents a comparison of

different architectural designs, all are using pretrained

LLaMA-3.2-1B [17]. Among them, the Dual Tower archi-

tecture achieves the best performance in both image gener-

ation and understanding tasks. In contrast, the Gated Layer

architecture performs the weakest in both tasks, likely due

to the limitations of simple addition operations. Among

baselines, the Single-Tower model delivers decent perfor-

mance across both tasks; however, our Dual Tower model

achieves a 23% lower FID while maintaining the same num-

ber of training parameters. More importantly, the Single-

Tower model compromises the inherent knowledge of the

original language model due to training on T2I and I2T

tasks. To assess the model’s general knowledge, we evalu-
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ate it on the MMLU benchmark [72], a multiple-choice test

with four answer options, using a 5-shot setting. Results

show that the Single Tower model’s performance drops to

25.0, which is equivalent to chance-level performance.

Dual Tower and Dual Projection share a common in-

sight: modality-specific operations. While their text gener-

ation capabilities are nearly same, Dual Tower outperforms

in image generation. This superiority can be attributed to

its flexibility: The vision layers in Dual Tower can gener-

ate new QKV representations for input text features, fol-

lowed by attention operations between the image and the

new text features. In contrast, Dual Projection is limited

to using the original language model’s text QKV matrices

for attention computation. Also, it is worth noting that con-

ceptually, Dual Tower offers greater flexibility: while our

current implementation replicates the language layer as the

vision layer, the vision layer does not have to be identical

to the language layer, as long as it produces outputs with

the same feature dimensions. For the rest of the paper, all

experiments will use Dual Tower design.

L Text processing flexibility affects image generation

but not image understanding performance.

6. Effect of Data Ratios and Noise on Genera-

tion and Understanding Tasks

We now turn to examine the effects of training data on X-

Fusion’s performance. In the following section, we address

two key questions: (i) How does noise level affect perfor-

mance in a joint training setting? (ii) Does multitask train-

ing provide mutual benefits between tasks?

6.1. Effect of Noise Amount

As a unified model, it should be able to perform both image

denoising and text autoregressive tasks simultaneously on

input data. However, the level of noise applied to images

in image-to-text (I2T) samples remains a question. While

diffusion-based image modeling benefits from noisy input

for generation tasks, excessive noise can degrade visual

quality and hinder image understanding. This issue was

also noted by [28], where they proposed limiting the dif-

fusion noise on I2T samples to a maximum of t = 50%T

to reduce distortion for visual understanding while still can

treat those noisy images as generation training data.

We argue that while this approach helps, it may not

be optimal. We hypothesize that training with clean im-

ages (i.e., without adding noise to I2T samples) can lead

to a stronger vision tower for image understanding, ulti-

mately improving generation quality, although this reduces

the amount of denoising data available for generation.

To validate our hypothesis,we conducted comprehensive

experiments where we systematically varied the max noise

level for image understanding (I2T) tasks: 0% (clean im-

age), 25%, 50%, 75%, and 100% (normal generation set-

ting). Throughout these experiments, we maintained a 1:2

data ratio between understanding and generation tasks. Re-

sults are provided in Fig. 6. As can be seen, generally the

more noisy the images are, the more image understanding

performance is degraded. Our proposed strategy (providing

clean image for understanding) consistently achieves the

best results for image understanding (2nd and 3rd col.). In-

terestingly, using clean image for understanding also helps

to boost performance of image generation! (1st col.).

L Using clean images for visual understanding im-

prove performance for both tasks.

6.2. Effect of Data Ratio

Along with the noise addition strategy, task data ratio is also

a major factor for training unified multimodal models. To

investigate the synergy between visual understanding and

generation from data’s perspective, we kept the architecture

unchanged and trained for 100k steps with a batch size of

0.8M tokens on a total of 0.08T tokens, varying the compo-

sition of text-to-image (T2I) and image-to-text (I2T) tasks.

Specifically, we begin with the training data composed en-

tirely of T2I tasks (100% T2I, 0% I2T, or denoted as 100/0

for short), then progressively decrease the proportion of T2I

data while increasing I2T data (i.e., 66/33, 50/50, 33/66) un-

til the dataset consists solely of I2T tasks (0/100).

Fig. 5 illustrates the results. To investigate how training

data from one task influences performance on other tasks,

we plot performance metrics against the number of tokens

observed for each specific task (e.g., first column, x-axis

indicates how many image generation tokens are trained).

In another words, we want to ask: When two models are

trained on an identical number of image generation tokens,

but differ in their exposure to image understanding tokens,

how do their performance diverge?, and vice versa.

We observe that incorporating image understanding data

(I2T) improves generation quality (T2I). As the proportion

of I2T data increases while keeping total T2I data fixed,

generation performance consistently improves (1st and 2nd

panels). In contrast, visual generation data (T2I) does not

positively impact the understanding task (I2T) (third panel).

Overall, there’s an asymmetric relationship: understanding

data benefits generation, but generation data does not en-

hance understanding. Based on our findings, we recom-

mend a 66/33 (or 2:1) training ratio, which strikes a strong

balance and optimizes performance across both tasks.

L Incorporating image understanding data enhances

image generation performance, while adding genera-

tion data does not impact image understanding tasks.
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Pretrained DiT

Image showcases a home office setup with a laptop open on a 

desk, displaying the screen with a photo.
 a

To the right, there's a desktop computer with a prominent tower, a 

monitor, a keyboard, and a mouse. Behind the desk, a curtain with 

floral patterns is visible, suggesting a personal space.
 a

On the desk, there's a mouse and a mousepad, indicating a well-

equipped workspace.

X-Fusion

a

Image depicts a home office

setup with a laptop open on

a desk, displaying a webpage.
a

To the right of the laptop,

there's a desktop computer with 

a monitor showing a webpage.

X-Fusion (Pretrained DiT)

X-Fusion

X-Fusion (Pretrained DiT)

▷ Input Image:

The desk is cluttered with various items, including a printer, a 

lamp, and a few books. A window with curtains is visible in the 

background, and items are scattered around the room.

Figure 7. Qualitative comparison between pretrained DiT model, X-Fusion(DiT) and vanilla X-Fusion on image generation and un-

derstanding task. By initializing the vision tower from pretrained text-to-image diffusion model, X-Fusion(DiT) achieves stronger image

generation capability and competitive performance on image understanding compared to vanilla X-Fusion.

7. Extension of X-Fusion

In this section, we introduce three extensions of X-Fusion,

including X-Fuse layer, transferring from pretraind diffu-

sion models, and finetune for downstream tasks.
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Figure 8. Ablation: X-Fuse layer. Our X-Fusion model with the

X-Fuse layer outperforms the baseline X-Fusion model on image

generation and understanding tasks.

7.1. Effectiveness of X­Fuse Layer

So far, our study is conducted on a dual-tower architecture

without the X-Fuse operation, maintaining the same FLOPs

as other baseline designs. In Sec 5, we further propose the

X-Fuse operation, which merges features from both towers

to trade increased FLOPs for improved performance. We

conduct an ablation study to evaluate this design, and the

results are shown in Fig 8. As illustrated, applying the X-

Fuse operation leads to improvements in both capabilities.

7.2. Transfer from Pretrained Diffusion Model

While X-Fusion successfully kept its language generation

capability, its image generation capability still needs to be

trained from scratch. One solution is to transfer the knowl-

edge from existing image generation models. In our dual-

tower design, each block in the language and vision tower

processes the entire feature sequence independently, there-

fore allowing non-identical block designs in both towers.

With this advantage, we could transfer the image generation

capability from a large-scale pretrained diffusion model that

uses diffusion transformers [64, 73].

We train a variation of X-Fusion using Llama3.1-8B

as the language tower and an in-house pretrained text-

to-image DiT model as its vision tower, notated as X-

Fusion(Pretrained DiT), using the same training recipe in

the previous section for 50K iterations. To align the feature

dimension in both towers, we add linear projection layers

within the X-Fuse layer. Figure 8 shows that this opera-

tion further enhances the model’s capability. Figure 7 qual-

itatively compares the image generation and image under-

standing performance between the pre-trained DiT model,

X-Fusion(Pretrained DiT), and vanilla X-Fusion-8B mod-

els. X-Fusion(Pretrained DiT) obtained stronger image gen-

eration capability and on-par image understanding perfor-

mance compared to the vanilla X-Fusion.

8. Conclusion

This paper introduces X-Fusion, a novel framework for

adapting pretrained Large Language Models to new modal-

ities (e.g., vision) while retaining their original language

capabilities. We propose a Dual Tower architecture in

which language weights remain frozen, while visual fea-

tures are processed via a trainable vision tower with sepa-

rate weights. Alongside this novel architecture, we provide

a systematically comprehensive set of ablation studies that

offer valuable insights from a data perspective. Our findings

reveal that: (i) incorporating understanding-focused data

improves generation performance, (ii) reducing noise in im-

age data enhances overall results, and (iii) feature alignment

benefits primarily smaller models. We hope our paper will

step forward building an unified Large Multimodal Models

in a more effiecient way.
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