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Abstract

Auto-regressive models have made significant progress in the
realm of text-to-image synthesis, yet devising an appropri-
ate model architecture and training strategy to achieve a sat-
isfactory level remains an important avenue of exploration.
In this work, we introduce MARS, a novel framework for
T2I generation that incorporates a specially designed Seman-
tic Vision-Language Integration Expert (SemVIE). This in-
novative component integrates pre-trained LLMs by indepen-
dently processing linguistic and visual information—freezing
the textual component while fine-tuning the visual compo-
nent. This methodology preserves the NLP capabilities of
LLMs while imbuing them with exceptional visual under-
standing. Building upon the powerful base of the pre-trained
Qwen-7B, MARS stands out with its bilingual generative ca-
pabilities corresponding to both English and Chinese lan-
guage prompts and the capacity for joint image and text gen-
eration. The flexibility of this framework lends itself to mi-
gration towards any-to-any task adaptability. Furthermore,
MARS employs a multi-stage training strategy that first es-
tablishes robust image-text alignment through complemen-
tary bidirectional tasks and subsequently concentrates on re-
fining the T2I generation process, significantly augmenting
text-image synchrony and the granularity of image details.
Notably, MARS requires only 9% of the GPU days needed
by SD1.5, yet it achieves remarkable results across a variety
of benchmarks, illustrating the training efficiency and the po-
tential for swift deployment in various applications.

Introduction
Pre-trained large language models (LLMs) (Zhang et al.
2022; Brown et al. 2020; Wei et al. 2022; Touvron et al.
2023; Wang et al. 2023) have broadened their generative ca-
pabilities to encompass the visual domain. This advance-
ment entails transforming pixel data into discrete tokens
through a visual tokenizer, analogous to the processing of
textual information, thereby integrating these tokens into the
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model’s transformer (Vaswani et al. 2017) architecture for
generative tasks. Unlike current diffusion models (Rombach
et al. 2022; Podell et al. 2023a; Esser et al. 2024; Chen et al.
2023; Ma et al. 2024c,b; Liu et al. 2025), LLMs (Chang
et al. 2023; Yu et al. 2023; Ding et al. 2022; Ma et al. 2024a)
uniquely utilize a discrete latent space of visual tokens, cru-
cial for merging visual and linguistic modalities.

Auto-regressive models for text-to-image generation
models,e.g., Parti (Yu et al. 2023), CogView2 (Ding et al.
2022), and Unified-io2 (Lu et al. 2024) have extended their
generative scope to encompass the visual domain, facili-
tating the creation of images. These models integrate pre-
trained LLMs within a unified architecture, enabling the si-
multaneous interpretation of both linguistic and visual in-
puts. akin to challenges encountered in previous investiga-
tions (Lu et al. 2024; Yu et al. 2023), a significant imped-
iment arises from the inherent distributional bias of LLMs,
which are predominantly trained on textual data, potentially
leading to a pronounced distributional shift when adapting
to text-image pair datasets. This shift has the potential to
provoke catastrophic forgetting, consequently impairing the
LLMs’ primary competency in text generation tasks. The
aforementioned discourse prompts a pivotal inquiry: Is it
feasible to preserve the natural language processing profi-
ciency of LLM while concurrently endowing it with state-of-
the-art visual comprehension and generation capabilities?

In response to this challenge, different from the popu-
lar approaches (Yu et al. 2023; Lu et al. 2024) for param-
eter sharing across multiple modalities, we present MARS,
an innovative framework predicated on an auto-regressive
model architecture akin to that of pre-trained LLMs for
text-to-image synthesis. Specifically, we design the Seman-
tic Vision-Language Integration Expert (SemVIE) module
as the centerpiece of MARS to seamlessly facilitate the
frozen pre-trained LLM with the trainable visual expert,
thereby endowing them with exceptional visual understand-
ing and preserving the NLP capability of pre-trained LLMs.
Therefore, SemVIE can facilitate a comprehensive and in-
cremental interplay between the textual and visual modal-
ities across every layer of the model, fostering deep inte-

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

17123



Figure 1: The generated samples from MARS display extraordinary quality, marked by an impressive degree of fidelity and
precision in their adherence to the provided textual descriptions.

gration that yields images closely aligned with their textual
descriptors. In addition, to endow the model with excep-
tional bilingual (Chinese and English) command adherence
and to enhance the foundational quality of image resolu-
tion, we have formulated a multi-stage training strategy. This
approach commences with the generation of low-resolution
images and progressively advances toward the creation of
high-resolution images with intricately aligned text. The
third phase of our design—the High-Resolution Refine-
ment stage—judiciously employs the Next-K Token Predic-
tion method to augment the stability of image generation and
to improve computational efficiency.

Through rigorous training on paired image-text datasets,
MARS augments the generative capabilities of LLMs to in-
clude sophisticated text-to-image translations. As demon-
strated in Fig. 1, MARS exhibits a pronounced ability to
generate images with intricate visual details, such as animal
fur, plant foliage, and facial features, underscoring its po-
tent text-to-image generation proficiency. Remarkably, with
a mere 587 A100 GPU days, equating to only 9% of the
training duration required by Stable Diffusion v1.5, MARS
demonstrates its superiority over existing large-scale text-to-
image (T2I) models. Overall, our contributions can be en-
capsulated as follows:
• We present MARS, an innovative framework adapted

from auto-regressive pre-trained LLMs for T2I genera-
tion tasks. To ensure the preservation of NLP capaci-
ties while also equipping the model with advanced vi-
sual generation and comprehension abilities, we design a
module named SemVIE, which adds parallel visual ex-
perts to the attention blocks of pre-trained LLM. There-
fore, MARS amplifies the flexibility of autoregressive

methods for T2I generation and joint image-text synthe-
sis, with the potential expansibility to any-to-any tasks.

• We propose a multi-stage refinement training strategy
that significantly enhances MARS’ robust instruction-
following capability and its ability to generate high-
quality images with rich details. Crucially, the High-
Resolution Refinement stage substantially improves not
only the visual fidelity of the generated images but also
the efficiency of the inferential process.

• MARS shows great ability in prompt understanding and
following, e.g. long and complex nature language inputs.
Moreover, it possesses the bilingual capacity to follow
prompts in both English and Chinese. The framework’s
performance is verified across an array of evaluative mea-
sures, i.e. MS-COCO benchmark, T2I-CompBench, and
Human Evaluation.

Related Works
Text-to-Image Generation Models. Text-to-image genera-
tion aims to create images based on given textual descrip-
tions. Recent diffusion-based models (Ho, Jain, and Abbeel
2020; Song et al. 2020) have demonstrated exceptional per-
formance in image generation, offering improved stabil-
ity and controllability. These models operate by introduc-
ing Gaussian noise to input images in a forward process
and subsequently generate high-quality images with intri-
cate details and diversity through an inverse process starting
from random Gaussian noise. Models like GLIDE (Nichol
et al. 2022) and Imagen (Saharia et al. 2022) utilize the
CLIP (Radford et al. 2021) text encoder to enhance image-
text alignment. Latent Diffusion Models (LDMs) (Rombach
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et al. 2022) have been proposed to shift the diffusion pro-
cess from pixel space to latent space, thereby enhancing
efficiency and image quality. Furthermore, recent advance-
ments such as SD-XL (Podell et al. 2023a), and DALL-E
3 (Betker et al. 2023) have significantly improved image
quality and text-image alignment by employing various ap-
proaches, including innovative training strategies and scal-
ing of training data. Furthermore, with the diffusion model
framework transitioning from a U-Net structure towards a
transformer-based architecture DiT (Peebles and Xie 2023).
PixArt-α (Chen et al. 2023), SD-3.0 (Esser et al. 2024), and
Lumina-T2X (Gao et al. 2024) achieve exceptional perfor-
mance through the integration of DiT.
Auto-regressive Model for Visual Generation. Auto-
regressive Models (Brown et al. 2020; Touvron et al. 2023)
have been adeptly repurposed for the synthesis of visual
media, including images (Chang et al. 2023; Ding et al.
2022) and videos (Zhang, Li, and Bing 2023). The pro-
cess begins with a visual tokenizer function implemented
by VQ-VAE (Van Den Oord, Vinyals et al. 2017) or VQ-
GAN (Esser, Rombach, and Ommer 2021), f , which effec-
tively converts visual stimuli into a sequence of discrete to-
kens. Subsequently, X is linearized into a one-dimensional
token sequence via raster scan order, which is then intro-
duced to a language-model transformer to facilitate gener-
ative modeling. Current auto-regressive models include no-
table architectures such as ImageGPT (Chen et al. 2020),
DALL-E (Ramesh et al. 2021; Rombach et al. 2022), and
Parti (Yu et al. 2022). AR model anticipates the subsequent
token based on a sequence of antecedent tokens, supple-
mented by additional conditional data c, and adheres to a cat-
egorical distribution for pθ(xi|x<i; c). However, the afore-
mentioned methods employ shared parameters across vari-
ous modalities, which can result in domain shift that may
subsequently lead to a decline in natural language process-
ing performance, as well as the occurrence of the logit shift
phenomenon. In this paper, we propose a solution predicated
on auto-regressive generation, underpinned by a distinctive
model architecture design, to enhance quality and facilitate
interactive text-guided synthesis.

Methodology
Textual and Image Discrete Tokenization
In this paper, Qwen-7B (Bai et al. 2023), a pre-trained LLM,
serves as the foundational linguistic framework, tokenizing
textual data into representative tokens, rt. Simultaneously,
an encoder inspired by the VQ-GAN architecture (Lee et al.
2022) transforms the image x ∈ R3×H×W into a feature
map fv ∈ RK×D, where K = H ×W/P 2 with P set to 16,
and D representing the feature dimension. This feature map
is then quantized using the VQ-GAN codebook, mapping
it to a sequence of 256 tokens, each representing a 16 × 16
pixel segment. The visual codebook comprises 8,192 unique
codes, denoted as rv .

In MARS, these visual tokens are integrated with textual
tokens, forming a multimodal vocabulary. The original LLM
vocabulary contains 151,936 entries, and with the addition
of the visual codebook and 6 special tokens, this expands to

160,136 entries. Visual tokens in MARS are treated equally
to textual tokens, with their initial embeddings derived from
the mean embedding of pre-trained textual tokens, providing
a base for cross-modality integration.

Semantic Vision-language Integration Expert
The MARS architecture incorporates L layers of SemVIE,
which is a specialized multi-modal Mixture of Experts (mm-
MoE) designed to adeptly handle both visual and seman-
tic tokens. Central to the SemVIE are the Attention-MoE
and Feed-Forward Network (FFN)-MoE modules. A dedi-
cated routing module is strategically situated following each
layer normalization step within the transformer modules.
This routing mechanism is designed to allocate each input
token to the corresponding expert model best equipped for
its processing. A noteworthy aspect of the shared architec-
tural framework is the universal application of the causal
multi-head attention and layer normalization modules across
both language and vision modalities, epitomizing a unified
methodological approach to the concurrent processing of
multi-modalities data. The process of Attention-MoE fol-
lows:

r̂t, r̂v = Router(LN(Concat(rt, rv)))

r̂t
q, r̂t

k, r̂t
v = W t

Q (r̂t), W
t
K (r̂t), W

t
V (r̂t)

r̂v
q, r̂v

k, r̂v
v = W v

Q (r̂v), W
v
K (r̂v), W

v
V (r̂v)

r̂q, r̂k, r̂v = C(r̂t
q, r̂v

q),C(r̂t
k, r̂v

k),C(r̂t
v, r̂v

v)

r̂ = CausalAttention(r̂q, r̂k, r̂v) + r

(1)

where C indicates concat operation, W t
Q , W t

K , and W t
V

are frozen and loaded from pre-trained LLM. W v
Q , W v

K ,
and W v

V are trainable and initialized with the pre-trained se-
mantic LLM. Then the MoE-FFN module further processes
the multi-modal tokens:

r̂t, r̂v = Router(LN(C(rt, rv)))

r̂t = FFNt (rt), r̂v = FFNv (rv)

r̂ = C(r̂t, r̂v)

(2)

where C indicates concat operation, FFNt and FFNv share
the same architecture, and FFNv is trainable. The SemVIE
module, a cornerstone of the MARS, benefits from a syner-
gistic integration of Attention-MoE and FFN-MoE modules,
enabling the effective fusion of multimodal data streams.
This integration capitalizes on the profound linguistic in-
sights afforded by the pre-trained LLM, thus leveraging the
advanced language comprehension capabilities to enrich vi-
sual understanding. To enable the model to simultaneously
predict visual tokens and text tokens, in addition to using
the original LLM model head (referred to as the text head),
we added a vision head to the model. Notably, the text to-
ken and the visual token are processed through the text head
and vision head to obtain the logits, denoted as lt and lv ,
respectively. The logits are then concatenated along the last
dimension and passed through a softmax layer to obtain the
probability distribution over the vocabulary for each token.
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Figure 2: Overall training framework of the proposed MARS, which consists of the SemVIE modules facilitating T2I within
a unified framework. An image-text pair is processed and tokenized by VQ-GAN (Esser, Rombach, and Ommer 2021) into
’vision words’, which are then integrated with text tokens for joint processing in the SemVIE. The right part illustrates the
multi-modal integration block, highlighting the synergistic processing of image and text data within the SemVIE, critical for
the T2I task.

Figure 3: High-Resolution Refinement Framework: The
model predicts masked tokens at higher resolution using text
and low-resolution image inputs. It employs a suffix atten-
tion mechanism, enabling Next K Token Prediction (NKTP)
for faster image generation.

Multi-Stage Refinement Training Strategy
Stage-I: Pre-training for Text-to-Image Alignment. We
first optimize MARS by two distinct tasks: text-to-image
generation and image captioning. This refinement process
utilizes an auto-regressive approach for NTP. The procedure
involves an extensive dataset of approximately 200 million
text-image pairs, with each image conforming to a resolu-
tion of 256× 256 pixels.
Stage-II: High-Quality Data Alignment. To advance the
fidelity of image synthesis, this stage persists in employ-
ing an NTP for the generation of images from textual de-

scriptions. Diverging from Stage-I, the dataset enlisted for
this stage comprises 50 million pairs of text and correspond-
ing images, each pair meticulously curated through the ap-
plication of an aesthetic valuation model. The descriptive
captions paired with these images originate from CogVLM
(Wang et al. 2023), formulated in response to explicit di-
rectives. To mitigate potential discrepancies arising between
the visual content and its textual descriptors, owing to image
cropping, a standardized procedure is implemented wherein
the minor axis of every image is resized to 256 pixels. This
measure, taken whilst conserving the original aspect ratio,
ensures the retention of comprehensive image content. How-
ever, this results in variable sequence lengths for the images.
To address this, we include resolution information in the
caption to specify the desired sequence lengths of the gener-
ated images.
Stage-III: High-Resolution Refinement. Inspired by the
approaches of SD-XL (Podell et al. 2023b), we utilize a cas-
cading super-resolution strategy to further enhance MARS.
As illustrated in Fig. 3, the super-res model takes text and
low-resolution image tokens as input and learns to predict
masked tokens at a higher resolution. We use the same model
architecture as in the previous Stage, changing the causal
attention= to the proposed suffix attention, which applies
causal attention to text tokens and bi-directional attention
to image tokens. This paradigm enables the model to con-
currently predict multiple image tokens within a single step,
a process termed Next K Token Prediction (NKTP). This
approach notably accelerates the pace of image generation.
The output images have a long side of 1024 pixels while
maintaining the original aspect ratio. To control the resolu-
tion of the generated images, we apply the same strategy
as in the Stage-II. Ten million triplet (low-resolution image,
caption, high-resolution image) samples were used to train
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Model Attribute Binding Object Relationship Complex↑Color ↑ Shape ↑ Texture ↑ Spatial ↑ Non-Spatial ↑
SD1.5 (Rombach et al. 2022) 37.65 35.76 41.56 12.46 30.79 30.80
SDXL (Podell et al. 2023a) 63.69 54.08 56.37 20.32 31.10 40.91
Composable Diffusion (Liu et al. 2022) 40.63 32.99 36.45 8.00 29.80 28.98
Structured Diffusion (Feng et al. 2022) 49.90 42.18 49.00 13.86 31.11 33.55
Attn-Exct v2 (Chefer et al. 2023) 64.00 45.17 59.63 14.55 31.09 34.01
GORS (Huang et al. 2023) 66.03 47.85 62.87 18.15 31.93 33.28
DALL-E 2 (Ramesh et al. 2022) 57.50 54.64 63.74 12.83 30.43 36.96
PixArt-α (Chen et al. 2023) 68.86 55.82 70.44 20.82 31.79 41.17
MARS (Ours) 69.13 54.31 71.23 19.24 32.10 40.49

Table 1: Evaluation results (%) on T2I-CompBench (Huang et al. 2023). The higher is better, and the best results are highlighted
in bold.

the cascaded super-resolution model.

Experiment
Experiment Details
We employ AdamW (Loshchilov and Hutter 2017) as the
optimizer, with a beta parameter of 0.95 and weight decay
set at 0.1. The peak learning rate is established at 1e-4, and
a warm-up strategy is employed with a ratio of 0.01. For im-
ages with a resolution of 256 × 256 pixels, the batch size
per GPU is set at 64, while for 512× 512 pixel images, it is
set at 24, leading to total batch sizes of 4096 and 1536, re-
spectively. The training utilized DeepSpeed’s ZeRO-3 (Ra-
jbhandari et al. 2020) optimization. The training epochs for
Stage-I, Stage-II, and Stage-III of the model are configured
to 1, 2, and 1 epochs, respectively.

Performance Comparisons and Analysis
Evaluation Benchmarks. We select three benchmarks for
comparison, including MSCOCO dataset (Lin et al. 2014),
T2I-CompBench (Huang et al. 2023).

MSCOCO Benchmark. We use the Frechet Inception
Distance (FID) to evaluate the quality of synthesized images.
As shown in 2, our proposed MARS, with only 7B trainable
parameters, scores 6.92 on FID, which is a notable achieve-
ment. Compared to the auto-regressive counterpart Parti, we
use fewer parameters (14B vs 20B) and smaller data sizes
(0.2B vs 4.8B), achieving competitive performance (6.92 vs
7.22). Against the diffusion model SDv1.5, we achieve su-
perior performance (6.92 vs 9.22) with less training budget
(587 vs 6250 A100 GPU Days). These results highlight the
efficiency of our mixture of auto-regressive models. More-
over, we utilize CLIP-Score to evaluate the alignment of tex-
tual conditions and corresponding generated images. MARS
achieves 33.10 CLIPScore and 3.51 FID when the generated
images are picked with the highest CLIP score, signaling its
remarkable effectiveness in generating visually compelling
imagery that closely adheres to the semantic content of the
text prompts.

T2I CompBench Performance. The empirical data pre-
sented in Tab. 1 delineates the superior performance of our
proposed MARS within the T2I-CompBench benchmark,

Method Arch. FID-30K ↓ CLIP ↑
GLIDE (Nichol et al. 2022) Diff 12.24 -
Imagen (Ho et al. 2022) Diff 7.27 -
SDv1.0 (Rombach et al. 2022) Diff - 30.50
SDv1.5 (Rombach et al. 2022) Diff 9.22 -
MUSE (Chang et al. 2023) Non-AR 7.88 32.00
DALL-E 2 (Ramesh et al. 2022) Diff 10.39 31.40
PixArt-α (Chen et al. 2023) Diff 7.32 -

DALL-E (Ramesh et al. 2021) AR 28.00 -
CogView (Ding et al. 2021) AR 27.10 -
Make-A-Scene (Gafni et al. 2022) AR 11.84 -
Parti (Yu et al. 2022) AR 7.23 -
Emu (Dai et al. 2023) AR 11.70 -
CM3Leon∗ (Yu et al. 2023) AR 4.88 -
LAVIT (Jin et al. 2023) AR 7.40 -
UIO-2XXL (Lu et al. 2024) AR 13.39 -

MARS (Ours) AR 6.92 32.33
MARS∗ (Ours) AR 3.51 33.10

Table 2: Quantitative evaluation of MS-COCO benchmark.
Diff means diffusion model, AR means auto-regressive
model. The results are all from the public literature. ∗ de-
notes that the results are picked from the different generated
images with the best CLIP score.

underscoring its proficiency in attribute binding, delineation
of object relationships, and the synthesis of intricate compo-
sitions. Notably, MARS demonstrate a marked amelioration
in the fidelity of color and texture representation, achieving
enhancements of +11.63% in color fidelity and +7.49% in
texture accuracy relative to DALL-E 2. It further exhibited
substantial advancements in spatial and non-spatial metrics
compared to DALL-E 2, with improvements quantified at
+6.41% and +1.67%, respectively. Moreover, when juxta-
posed with the recent PixArt-α model, which integrates a
T5-XL text encoder, MARS outperforms it in various di-
mensions. Specifically, MARS achieved the highest scores
in color (69.13%) and texture (71.23%) accuracy, outper-
forming PixArt-α which scored 68.86% and 70.44% re-
spectively. These results demonstrate that the incorporation
of LLM representations and visual tokens within an auto-
regressive framework can markedly improve the quality of
generated images, as well as the alignment between the vi-
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A vibrant pink rose in full bloom, captured i
n side profile amidst lush green leaves …

A gourmet dish on a white plate: a piece of 
grilled fish on shredded …

A flower with sunshine …

A serene coastal scene at sunrise or sunset, 
with a colorful sky reflected in the calm …

A serene sunset at a beach, with a warm or
ange sky and calm waters …

A mountainous landscape at sunrise or suns
et, with golden hues highlighting …

七层塔…蓝⾊的天空，没有云朵下⽅
的城镇被树⽊和⾼塔遮挡…

… 躺椅，⽩⾊遮阳伞… 棕榈树蓝⽩相间
的天空和满是绿植的⼭丘。

杯⼦的吸管是⿊⾊的，背景是⼀⽚绿⾊
的草坪, ⼀个花园。…⼀个模糊的建筑物

⻩浦江边… 东⽅明珠电视塔、⼀些⾼楼
⼤厦和⼀⽚蓝天…

Figure 4: MARS excels in generating realistic images across resolutions and scenarios, showcasing bilingual support by effec-
tively interpreting Chinese instructions.

Method FID-30K ↓ CLIP ↑
w/o Visual Expert 10.13 30.14
w Visual Expert 8.24 31.03

Stage-I 8.24 31.03
Stage-II 7.02 32.21
Stage-III 6.92 32.33

Table 3: Effectiveness of SemVIE and multi-stage refine-
ment training strategy.

sual content and its corresponding textual narratives.

Visual Analysis
Fig. 4 showcases the advanced image synthesis capabilities
of the MARS framework, generating visuals with excep-
tional detail and fidelity to text. This success stems from
sophisticated textual representations from Large Language
Models (LLMs) and a structured multi-tiered training strat-
egy that enhances the model’s precision in aligning text and
image. MARS’s multi-stage training incrementally refines
the link between textual prompts and visual outputs, produc-
ing images that reflect text intent and exhibit photorealistic

detail. By leveraging LLMs’ deep semantic understanding,
MARS skillfully translates complex textual descriptions into
coherent visual narratives, exemplifying the integration of
technical efficiency and artistic expression.

Central to our language model is the Qwen architecture,
designed for multilingual support and using a comprehen-
sive dataset that includes Chinese and English. During train-
ing, we intentionally included a small yet significant amount
of in-house Chinese data. As shown in Fig. 4, our model ex-
cels in Chinese text-to-image synthesis, despite the limited
Chinese corpus. This indicates that MARS effectively inter-
prets concepts across languages, ensuring that images and
text merge within a unified representation space, aided by
our innovative mixture mechanism.

Ablation Study
A Closer Look at SemVIE During Stage-I training, we
aimed to optimize the alignment of visual and linguistic
modalities by employing both text-to-image (text2image)
and image-to-text (image2text) pre-training tasks. However,
the shared parameter design led to the ”logit drift problem,”
as described in Chameleon or Unified-IO-2. This issue arises
from the intrinsic disparities between modalities and is evi-
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Figure 5: (a) Gradient norms and (b) Training loss on differ-
ent modality mixtures. Results are obtained before and after
applying the proposed SemVIE.

Figure 6: Qualitative comparison with different stages. The
first row is from Stage II of MARS while the second row is
from Stage III.

denced by detrimental outcomes, including a 1.89 reduction
in FID, as shown in Tab. 3. To mitigate this, we introduced
a specialized Visual Expert to ensure that text and visual
modalities do not share parameters. This approach effec-
tively alleviated the problem, as observed in our training re-
sults, as shown in Fig. 5. The introduction of the Visual Ex-
pert underscores the necessity for specialized architectures
adept at managing the inherent challenges of multi-modal
data integration.

Study on Effectiveness of Multi-Stage Refine Strategy
We further explore the effect of training stages in Tab. 3. The
results indicate that training in each stage positively impacts
the model. On the MS-COCO benchmark, Stage II improved
the FID by 1.22 compared to Stage I, and Stage III further
enhanced it by 0.10 relative to Stage II. The visualizations
of different stages are shown in Fig. 6. We observed that im-
ages generated during Stage I and Stage II lack detail, the
images from Stage III exhibit the best quality.

Further Analysis
Image and Text Joint Generation Capability. Our pro-
posed MARS supports simultaneous text and image genera-
tion, ensuring relevance and coherence between modalities.
By maintaining the integrity of the LLM during pre-training,
MARS excels in concurrent text-image tasks. For instance,
in recipe generation, our pre-trained model, fine-tuned with
10,000 recipes, creates comprehensive tutorials with step-
by-step instructions and corresponding illustrations. As il-
lustrated in Fig. 7, the model generates detailed textual con-
tent and visual representations for each stage based on the
recipe title and captions. MARS’s seamless integration of

Figure 7: Example of Multimodal Recipe Generation from
MARS. MARS can generate text and images simultane-
ously. The examples above demonstrate that, given a recipe
title and accompanying image captions, MARS outputs the
recipe steps and corresponding images end-to-end.

text and imagery can be applied to various domains requir-
ing joint text and image generation.

Conclusion

This study introduces MARS, an innovative auto-regressive
framework that not only retains the capabilities of pre-
trained Large Language Models (LLMs) but also incor-
porates top-tier text-to-image (T2I) generation proficiency.
MARS has been trained to exhibit exemplary performance in
T2I tasks. We introduce the Semantic Vision-Language Inte-
gration Expert (SemVIE) module, which stands as the linch-
pin of MARS, streamlining the fusion of textual and visual
token spaces and bringing a new insight into multi-modal
learning. MARS has demonstrated superior performance in
multiple benchmark assessments, such as the MS-COCO
benchmark, T2I-CompBench, and human evaluations. The
pre-trained Qwen model equips MARS with the ability to
generate bilingual images, blending Chinese and English
seamlessly. Moreover, MARS adeptly handles joint image-
text generation tasks, indicating its potential for any-to-any
paradigm applications.
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