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Abstract

The recent surge of interest in unified Mul-
timodal Large Language Models (MLLMs)
has catalyzed rapid progress toward general-
purpose generation and understanding across
different modalities. Despite the remarkable
advancements, the field lacks a systematic and
cohesive framework that connects these devel-
opments, revisits the motivations, and situates
current trends within a broader landscape. In
this survey, we present a comprehensive and
in-depth review of unified MLLMs, offering
both a methodology taxonomy and unique per-
spectives on the field. We begin by outlining
the foundational concepts and prerequisites for
understanding unified MLLMs. We then delve
into designs from different aspects, including
model architectures, loss functions, alignment
techniques, and different representation strate-
gies. Furthermore, we discuss persistent chal-
lenges and identify future promising directions.
By bridging scattered progress and providing
a consolidated view, this survey aims to fos-
ter a deeper and systematical understanding of
unified MLLMs and inspire future innovations
towards general multimodal intelligence.

1 Introduction

The landscape of generative modeling has evolved
rapidly, with breakthroughs across different modal-
ities like text, image, audio, and more. Autoregres-
sive Transformer—based language models (Vaswani
et al., 2017) model natural language by predict-
ing tokens sequentially, yielding systems such as
GPT (Radford et al., 2018, 2019; Brown et al.,
2020; Achiam et al., 2023) and LLaMA (Touvron
et al., 2023a,b; Grattafiori et al., 2024) that produce
fluent, human-like text and have reshaped natural
language understanding and generation. In parallel,
diffusion models (Ho et al., 2020; Song et al., 2020;
Rombach et al., 2022; Ramesh et al., 2022) revo-
lutionized image synthesis by learning to reverse
stochastic noise. Building on diffusion probabilis-
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Figure 1: Unified MLLMs target any-to-any generation,
which can process and generate text, vision, audio, and
more modalities in a unified design.

tic models (Sohl-Dickstein et al., 2015; Ho et al.,
2020), they now form the backbone of modern im-
age generators. Meanwhile, technologies in other
modalities like audio (Chen et al., 2024) and 3D
point cloud (Wu et al., 2024c) also exhibit promis-
ing achievements. These uni-modal advances have
catalyzed interest in unified multimodal large mod-
els that jointly model and generate across language,
vision, and beyond, promising more general, inter-
active systems that reason over and produce multi-
ple modalities in a coherent manner.

Despite major advances in language genera-
tion via autoregressive Transformers and visual
generation via diffusion models, these domains
have largely progressed in isolation. Differences
in input modality, architecture, and research fo-
cus have yielded a fragmented landscape, hinder-
ing models that jointly handle vision—language
and other modalities generation. Still, momen-
tum toward unified MLLMs is accelerating. Early
milestones contrastive vision—language pretraining
(e.g., CLIP (Radford et al., 2021; Xu et al., 2023;
Zhai et al., 2023)), audio-text pretraining(e.g.,
CLAP (Wu et al., 2023; Chen et al., 2022)), and
increasingly capable vision—-language understand-
ing models (Liu et al., 2023, 2024b; Li et al., 2022,
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2023b; Bai et al., 2023; Wang et al., 2024b; Liu
et al., 2024c; Li et al., 2024a; Grattafiori et al.,
2024), have begun to bridge this gap and lay the
groundwork for unified MLLMs.

While these works laid the groundwork for
multimodal integration, they largely generate text
from multimodal inputs, falling short of truly uni-
fied multimodal generation. Building general-
purpose models that both understand and gener-
ate across multiple modalities remains an open
challenge. Encouragingly, recent years have seen
a surge of attempts to close this gap. For ex-
ample, Chameleon (Team, 2024), EMU3 (Wang
et al., 2024c¢), Janus (Wu et al., 2025b), and Om-
niGen2 (Wu et al., 2025¢) operate over text, im-
ages, audio, and beyond within a single architec-
ture, spurring intense interest and rapid progress.
Yet this rapid progress has produced diverse ar-
chitectural strategies, training paradigms, and de-
sign philosophies. They are often without clear
motivations, trade-offs, or practical implications.
Additionally, the role of modality awareness in
model design and the pursuit of computational ef-
ficiency are still being actively explored. These
open questions sustain ambiguity around the moti-
vations, benefits, and most promising pathways for
developing unified multimodal LLMs.

In response to the rapid progress in unified multi-
modal modeling, this paper presents a comprehen-
sive survey of unified MLLMs. We collect and or-
ganize key methods, foundational techniques, and
related technologies that have shaped this emerging
field. To illuminate the design rationale of various
approaches, we introduce a structured taxonomy
that categorizes existing models by architectural
choices, training strategies, and modality integra-
tion paradigms. While several surveys on unified
MLLMs have recently emerged (Zhang et al., 2024;
Jiang et al., 2025b; Zhang et al., 2025b; Jiang et al.,
2025a), the field’s rapid evolution shows that earlier
works often fail to capture the most recent advances.
Furthermore, existing reviews are always focus on
specific domains or tasks, like unifying visual gen-
eration and understanding or specific benchmark-
ing protocols. Most importantly, a rigorous, in-
depth analysis of current challenges and a strategic
outlook for the field remain absent. To address
these gaps, our survey moves beyond a simple tax-
onomy of existing methods. We trace the field’s
most recent development, identify critical research
trends, and provide a critical analysis of current
limitations and future opportunities. Our goal is to

offer both a comprehensive roadmap for the com-
munity and a forward-looking perspective on the
next generation of unified multimodal intelligence.

2 Background

2.1 Tokenizer for different Modalities
2.1.1 Textual Tokenizers

Tokenization is fundamental to LLMs, convert-
ing raw text into discrete tokens. To overcome
the vocabulary constraints of early word-level em-
beddings (Mikolov et al., 2013; Pennington et al.,
2014), subword algorithms like BPE (Sennrich
et al., 2015), WordPiece (Wu et al., 2016), and
Unigram (Kudo, 2018), became the standard for
models like GPT, BERT, and T5. SentencePiece
(Kudo and Richardson, 2018) later unified these
into language-agnostic frameworks for multilin-
gual scaling (Xue et al., 2020; Conneau et al.,
2019). While modern LLMs (Brown et al., 2020;
Achiam et al., 2023) favor byte-level encoding for
Unicode robustness, "token-free" architectures like
CANINE (Clark et al., 2022) and ByT5 (Xue et al.,
2022) eliminate vocabulary bottlenecks entirely, al-
beit at higher computational costs. Most recently,
the BLT (Pagnoni et al., 2025) has challenged the
necessity of tokenizers altogether, though the scala-
bility and cross-domain efficacy of such tokenizer-
free approaches remain to be fully verified.

2.1.2 Visual Tokenizers

Unlike text which is human-abstracted, vision is
captured as raw physical data. Visual tokeniz-
ers bridge this gap by converting images into se-
quences via convolutional backbones (Zhang et al.,
2021) or Vision Transformers (Radford et al., 2021;
Alayrac et al., 2022). These representations are
either continuous, aligning features in a shared
semantic space (Radford et al., 2021; Zhai et al.,
2023; Bolya et al., 2025), or discrete, quantizing
features into codebook indices (Van Den Oord
etal., 2017; Esser et al., 2021; Ramesh et al., 2021;
Sun et al., 2024a). Recent advances like lookup-
free quantization (Yu et al., 2023b; Han et al., 2025)
further enhance expressiveness. To mitigate the
computational overhead of high-resolution, meth-
ods such as Q-Former (Li et al., 2022), token prun-
ing, and pixel-shuffling (Ma et al., 2025b; Liu et al.,
2024c) are employed to reduce token number. Ef-
fective visual tokenizer design must ultimately bal-
ance reconstruction fidelity and semantic alignment
(see Table 3 in the supplementary for more details).
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2.1.3 Audio Tokenizers

To integrate audio into unified MLLMs, raw wave-
forms or spectrograms are first mapped to language-
like token sequences. Audio tokenizers perform
this conversion. Recent work favors learned tok-
enizers, including vector-quantized models such
as VQ-VAE, EnCodec (Défossez et al., 2022), and
SoundStream (Zeghidour et al., 2021), which dis-
cretize audio into codebook indices for autore-
gressive modeling. Others derive self-supervised
features from wav2vec 2.0 (Baevski et al., 2020)
or HUBERT (Hsu et al., 2021) and then cluster
or project them into discrete tokens. Whisper-
large-v3 (Radford et al., 2023) is integrated into
Qwen2.5-Omni (Xu et al., 2025). Recently, Wav-
Tokenizer (Ji et al., 2025) achieves SOTA perfor-
mance with extreme compression and improved
subjective quality. These tokenizers enable uni-
fied LLMs to process and generate audio for tasks
like speech synthesis, audio captioning, and cross-
modal understanding. Please refer a recent sur-
vey (Mousavi et al., 2025) for more details.

2.1.4 Other Tokenizers

Beyond text, visual, and audio modalities, tok-
enizers have also been developed for other do-
mains such as action tokenizers (like 13D (Car-
reira and Zisserman, 2017) and Magma (Yang
et al., 2025)), 3D point clouds (PointMLP (Ma
et al., 2022), Point-MAE (Pang et al., 2023)),
graph data (Graphormer (Ying et al., 2021), To-
kenGT (Kim et al., 2022)), molecular and pro-
tein sequences (ChemBERTa(Ahmad et al., 2022),
ESM-2 (Lin et al., 2022)), and time-series sensor
data (Totem (Talukder et al., 2024)). These tokeniz-
ers adapt representation strategies to the structural
and statistical characteristics of their target modal-
ity, enabling LLLMs to process a wider spectrum of
inputs and modalities.

2.2 Large Language Models

Autoregressive (AR) modeling is the standard
framework for LLMs, formulating text generation
as conditional probability estimation. Given a se-
quence x = (z1,...,z7), the model 6§ is opti-
mized by minimizing the negative log-likelihood
(NLL):L(0) = — S°L | log P(z; | 2;0), where
¢ denotes the preceding context. This formula-
tion is typically instantiated via causal Transform-
ers, where an attention mask ensures that predic-
tions for x; depend solely on the prefix x ;.

By leveraging teacher forcing for scalable train-
ing, this approach powers prominent models such
as GPT-4 (Achiam et al., 2023) and LLaMA (Tou-
vron et al., 2023b). Significant scaling of parame-
ters, data, and compute within this AR framework
has been shown to yield robust zero- and few-shot
generalization across diverse tasks. We would sug-
gest refer other works for a better understanding
about how LLMs understand other modalities such
as vision, and Sec. C and Sec. D for generation.

3 Survey on Unified MLLMs

We survey recent advances in unified MLLMs. We
propose a systematic taxonomy of methods, discuss
the evaluation and training of unified MLLMs.

3.1 Methodology Taxonomy

We present a detailed taxonomy of recent unified
methods in Table 1. Models are ordered by re-
lease date and annotated with modalities, supported
tasks, key features, and design philosophy. Overall,
most work focuses on unifying text and vision, re-
flecting the field’s current emphasis. Accordingly,
we highlight vision-related choices (e.g., encoders,
representation strategies, and whether losses are
applied to vision tokens) and focus this section on
text—vision understanding and generation. Other
modalities are not ignored, and we discuss these
additional modalities in Sec. 3.1.6.

3.1.1 Visual Representations

Two dominant visual representation forms are con-
sidered: pixel-level (i.e., low-level) and semantic-
level (i.e., high-level) representations. Pixel-level
representations are typically extracted using VAE-
based tokenizers, which emphasize reconstruction
to preserve fine-grained visual details. In con-
trast, CLIP-based encoders are employed to cap-
ture semantic-level features that are more naturally
aligned with the language embedding space. The
debate between pixel-level and semantic-level rep-
resentations remains an ongoing topic in the mul-
timodal learning community. In this survey, we
advocate for the adoption of semantic-level repre-
sentations in unified MLLMs, guided by the Pla-
tonic Representation Hypothesis (Huh et al., 2024),
which posits a shared latent reality across mod-
els, objectives, data, and modalities. Moreover,
language-grounded semantic embeddings serve as
an effective bridge to bind heterogeneous modal-
ities (Zhu et al., 2023a). While we acknowledge

37214



Model Release Modalities Eval 100% text ~ Modality Vision Discrete or Vision Visual
Date Tasks ability keep?  Aware? Encoder Continuous? Loss? Decoder?
SEED (Ge et al., 2023) 07/23 Text, Image Und / Gen X X CLIP Continuous MSE loss Diffusion
EMU (Sun et al., 2023) 07/23 Text, Image, Video Und /Gen /Edit /Video X X CLIP Continuous L2 regression Diffusion
EMU2 (Sun et al., 2024b) 12/23 Text, Image, Video Und /Gen /Text /Video/ Edit X X CLIP Continuous L2 regression DlIffusion
SEED-X (Ge et al., 2024) 04/24 Text, Image Und /Gen /Edit X X CLIP Continuous MSE loss Diffusion
Libra (Xu et al., 2024a) 0524 Text, Image Und /(Poor Gen) X X CLIP+VQGAN Discrete CELoss VQGAN
Chameleon (Team, 2024) 0524 Text, Image Und / Gen / Text X X VQGAN Discrete CELoss VQGAN
MoMa (Lin et al., 2024a) 07/24 Text, Image Und / Gen / Text X v VQGAN Discrete CELoss VQGAN
Lumina-mGPT (Liu et al., 2024a) 08/24 Text, Image Und / Gen / Edit X X VQGAN Discrete CELoss VQGAN
Transfusion (Zhou et al., 2024) 08/24 Text, Image Und / Gen / Text X X VAE Continuous Diffusion loss VAE
Show-o (Xie et al., 2024) 08/24 Text, Image Und / Gen / Edit X X VQGAN Discrete CELoss MaskGIT
MonoFormer (Zhao et al., 2024a) 09/24 Text, Image Gen / Text X X VAE Continuous Diffusion loss VAE
EMU3 (Wang et al., 2024c) 09/24 Text, Image, Video Und / Gen / Video/Edit X X VQGAN Discrete CELoss VQGAN
MIO (Wang et al., 2024d) 09/24 Text, Image, Audio Und / Gen / Audio X X VQGAN Discrete CELoss VQGAN
Janus (W et al., 2025b) 1024 Text, Image Und / Gen x X CLIP, VQVAE 2‘;: f‘; g:?] CELossforGen  VQGAN
Janus-Flow (Ma et al., 2025¢) 1124 Text, Image Und / Gen X X CLIP, VAE Continuous Rectified flow VAE
Liquid (Wu et al., 2024a) 12/24 Text, Image Und / Gen / Text X X VQGAN Discrete CELoss VQGAN
LMFusion (Shi et al., 2024) 12/24 Text, Image Und / Gen / Text v v VAE Continuous Diffusion loss VAE
MetaMorph (Tong et al., 2024) 12/24 Text, Image Und / Gen X X CLIP Continuous Cos sim loss Diffusion
Janus-Pro (Chen et al., 2025¢) 0125 Text, Image Und/ Gen x x CLIP, VQGAN Ié‘;; f‘; f;‘c‘l CELossforGen  VQGAN
UniFluid (Fan et al., 2025) 03/25 Text, Image Und / Gen X X CLIP, VAE Continuous Diffusion loss VAE
Qwen2.5-Omni (Xu et al., 2025) 03/25 Text, Image, Audio Und / Audio X X CLIP Continuous - -
MetaQuery (Pan et al., 2025) 04/25 Text, Image Und / Gen v X CLIP Continuous Diffusion loss Diffusion
X-Fusion (Mo et al., 2025) 04/25 Text, Image Und / Gen v v VAE, CLIP Continuous Diffusion loss VAE
BEGAL (Deng et al., 2025) 05/25 Text, Image Und / Gen / Edit X v VAE, CLIP Continuous Rectified Flow VAE
OpenUni (Wu et al., 2025d) 05/25 Text, Image Und / Gen v X CLIP Continuous Diffusion loss Diffusion
BLIP3-0 (Chen et al., 2025b) 05/25 Text, Image Und/ Gen v Ls CLIP Continuous Diffusion loss Diffusion
UniGen (W et al., 2024b) 05/25  Text, Image Und / Gen X x VAE, CLIP Dise. for Gen; - gy 6 for Gen MaskGIT
Con. for Und
Mogao (Liao et al., 2025) 05/25 Text, Image Und / Gen / Edit X X CLIP+VAE Continuous flow matching VAE
Ming-Omni (Al et al., 2025) 06/25 Text, Image, Audio, Video Und/Gen X X CLIP Continuous Diffusion loss Diffusion
Ovis-Ul (Wang et al., 2025b) 07/25 Text, Image Und / Gen / Edit X X CLIP, VAE Continuous Unknown Diffusion
Nexus-Gen (Zhang et al., 2025a) 07/25 Text, Image Und / Gen / Edit X X CLIP Continuous MSE + Cosine Loss  Diffusion
Show-02 (Xie et al., 2025) 07/25 Text, Image, Video Und / Gen / Video X X VAE Continuous flow matching VAE
Lumina-mGPT 2.0 (Xin et al., 2025) 07/25 Text, Image Gen / Edit X X VQGAN Discrete CELoss VQGAN
X-Omni (Geng et al., 2025) 07/25 Text, Image Und/ Gen X X CLIP Discrete CELoss Diffusion
OmniGen2 (Wu et al., 2025¢) 08/25 Text, Image Und / Gen / Edit X X CLIP Continuous Diffusion loss VAE
UniPic (Wang et al., 2025¢) 08/25 Text, Image Gen / Edit X X CLIP+VAE Continuous Diffusion loss VAE
UniPic2-Metaquery (Wei et al., 2025) 09/25 Text, Image Und / Gen / Edit v X CLIP Continuous Diffusion loss Diffusion
Manzano (Li et al., 2025a) 09725  Text, Image Und/Gen X X CLIP Dise. for Gen: — (py Diffusion
Con. for Und
UNI-X (Hao et al., 2025) 09/25 Text, Image Und / Gen X v VQGAN Discrete CELoss VQGAN
Hunyuan3D-Omni (Hunyuan3D et al., 2025)  09/25 Tmage, Voxel, Point Gen X X VAE Continuous Diffusion loss VAE
ProLLaMA (Lv et al., 2025) 09/25 Text, Protein Gen X X - - - -
Tuna (Liu et al., 2025¢) 1225 Text, Image Und / Gen / Edit X X CLIP + VAE Continuous  Diffusion loss VAE
EMMA (He et al., 2025) 12125 Text, Image Und / Gen / Edit X v CLIP + VAE Continuous  Diffusion loss VAE
UniHetero (Chen et al., 2025a) 12/25 Text, Image Und X X DINOv2 Continuous Diffusion loss Diffusion
JavisGPT (Liu et al., 2025a) 12/25 Text, Audio, Video Und / Gen X X CLIP Continuous Diffusion loss Diffusion

Table 1: Overview of recent Unified MLLMs. For Eval tasks, "Und" indicates visual understanding tasks, "Gen"
means visual generation tasks, "Edit" suggests visual editing tasks, "Text" means text generation evaluations. We
use "/" to combine different evaluation tasks in the work. "100% text ability keep" indicate if the unified MLLMs
can maintain the original backbone VLM text generation ability. For vision encoder, "CLIP, VAE" indicates parallel
two vision encoders, and "CLIP+VAE" means combine the two encoders into a unified vision encoder.

the potential loss of fine visual details in CLIP-
based vision tokenizers, several observations miti-
gate this concern. First, recent studies demonstrate
that CLIP-based tokenizers retain substantial pixel-
level fidelity (Sun et al., 2024b; Ge et al., 2024).
Second, extensive efforts—such as VILA-U and
AToken—have been made to endow CLIP encoders
with reconstruction capability. Finally, complemen-
tary pixel-level refinements can be incorporated
within the visual decoder, as exemplified by Omni-
Gen2 (Wu et al., 2025¢).

3.1.2 Modality-Aware Experts

Inspired by human behavior, some efforts hold
the assumption that unified MLLMs should be de-
signed as modality-aware. That is, different modal-
ities should have different set of parameters to pro-
cess, which is also termed as Mixture of Trans-
formers (MoT) design. One of the representative
work is LMFusion (Shi et al., 2024), which com-

bines two set of Transformer parameters for text
and vision separately. To bridge the knowledge
from different modalities, the attention weights are
calculated across all context regardless the modali-
ties. Such modality-aware design also show strong
performance in other domains, like MMDIT (Esser
et al., 2024) for Diffusion text-to-image generation.
This kind of design, not only consider the intrinsic
differences among different modalities, but also
provide strong performances. We believe such a
MoT modality-aware design would exhibit promis-
ing potential in the field of unified MLLMs.

3.1.3 Attention Masking Strategies

Conventional LLMs and VLMs typically adhere
to an autoregressive generation paradigm by em-
ploying a causal attention mask. However, exten-
sive empirical studies have shown that such causal
masking substantially degrades generation qual-
ity, as demonstrated in Transfusion (Zhou et al.,
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2024) and VAR (Tian et al., 2024). For exam-
ple, Transfusion applies causal masking to text
tokens while adopting bidirectional attention for
visual tokens, achieving notable improvements
in vision generation performance. Further engi-
neering and performance analyses are explored
in Token-Shuffle (Ma et al., 2025b). In this sur-
vey, we posit that the bidirectional attention mech-
anism is inherently advantageous for visual genera-
tion—and potentially for visual understanding as
well. Nevertheless, given the scalability considera-
tions and the maturity of existing VLM pipelines,
maintaining a unified autoregressive framework re-
mains a more implementation-friendly and system-
consistent choice. To mitigate the degradation in
visual generation performance caused by causal
masking, recent advances in multimodal positional
encoding, such as MSRoPE (Wu et al., 2025a) and
MROoPE (Bai et al., 2025), offer promising direc-
tions for enhancement.

3.1.4 Loss Functions

For text generation, cross-entropy loss remains the
standard objective. Extending pretrained VLMs
and LLMs to native image generation is still un-
der active exploration, particularly in how to apply
loss guidance to visual outputs from Transformer
decoders. Table 2 summarizes loss families by rep-
resentational style. In the discrete setting, visual
tokens are trained with the same cross-entropy ob-
jective as text. In the continuous setting, a range
of objectives is used. Early approaches regress
latent features with cosine or mean squared error
losses, as in SEED and EMU?2, but these objectives
struggle to capture multimodal visual distributions,
often yielding over-smoothed images with limited
diversity, an issue highlighted by GIVT (Tschannen
et al., 2024). To address this limitation, MAR (Li
et al., 2024b) adopts a diffusion-style objective
that can model arbitrary distributions and has since
become common in unified MLLMs, alongside
rectified flow based and flow matching based vari-
ants. We note, however, that introducing additional
objectives increases engineering complexity and
raises nontrivial questions about how to weight and
balance losses across modalities and tasks. Table 2
provide detailed categories for different loss func-
tions in the framework of unified MLLMs.

3.1.5 Visual Decoder

Finally, we consider the visual decoder in unified
MLLMs. VAE-based encoders naturally pair with

Generation

Vision Type Loss Methods

Diversity
Chameleon, UniGen,Janus,
Discrete CE-Loss v Janus-Pro, EMU3,
MoMa, Manzano
Rectified Flow v BEGAL, Janus-Flow
Flow Matching v Mogao, Show-02
ntinuous . . UniPic2, MetaQuery, OpenUni,
COMIMENS Diffusion Loss v Transfusion,U?liFh)l,id, %niPic
MSE X EMU2, EMU, SEED-X, SEED
Cosine X MetaMorph
MSE + Cosine X Nexus-Gen

Table 2: Different losses applied to visual tokens in the
framework of unified MLLMs.

decoders that reconstruct images from latent rep-
resentations, whereas CLIP-style encoders lack
native decoders due to their contrastive training.
To bridge this gap, EMU (Sun et al., 2023) fine-
tunes a diffusion model as a decoder by condition-
ing it on CLIP features, enabling high-fidelity re-
construction while leveraging pretrained diffusion
weights. Although decoders are often trained sepa-
rately from the MLLM, directly conditioning dif-
fusion models on MLLM hidden states has shown
promise for tighter coupling and improved genera-
tion quality, as shown in Qwen-Image (Wu et al.,
2025a) and OmniGen2 (Wu et al., 2025c¢).

3.1.6 Beyond Text and Vision

While most unified MLLMs focus on text and vi-
sion modalities, as demonstrated in Table 1, unified
MLLMs are not limited to text and vision, other
modalities like audio, action, 3D point clouds, etc.,
also exhibit promising achievements.

Audio. Audio extends unified MLLMs from see-
ing to listening and speaking. Representative mod-
els include MIO(Wang et al., 2024d) and Qwen2.5-
Omni (Xu et al., 2025), which incorporate audio
alongside text and images, and more recent omni-
style systems such as Ming-Omni (Al et al., 2025)
and JavisGPT (Liu et al., 2025a) that combine au-
dio with other modalities under a unified frame-
work. Compared to text-vision, audio introduces
stronger temporal structure and synchronization
constraints, which makes multi-turn interaction and
cross-modal alignment a central challenge.

Video. Video pushes unified MLLMs toward tem-
poral reasoning and dynamic generation. Early uni-
fied systems such as EMU?2 (Sun et al., 2024b) and
subsequent EMU3 (Wang et al., 2024c¢) explicitly
include video generation as part of the unified capa-
bility, and more recent work further treats video as
a primary target for generation (Liu et al., 2025a).
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Figure 2: Performance of existing Unified MLLMs across various tasks within text and vision modalities. We report
the common-used evaluation metrics for text generation, visual understanding, visual generation, and visual editing.

Beyond images, video amplifies data and modeling
challenges due to longer sequences, temporal co-
herence requirements, and the need to maintain con-
sistency across frames, making it a natural stress
test for unified objectives and training stability.

Action and agentic modalities. Action-centric
unified models aim to couple multimodal per-
ception with decision-making signals, enabling
agent behaviors rather than only content genera-
tion. Magma (Yang et al., 2025) is a representa-
tive effort in this direction, framing multimodal
agents within a unified foundation model perspec-
tive. Such settings broaden the notion of unification
from generation to interaction, where outputs may
correspond to action plans, tool-use decisions, or
control commands, and evaluation is less standard-
ized than in text—vision benchmarks. We believe
agent-centric unified models would be a great in-
terest in the future research directions.

3D modalities. 3D introduces geometric struc-
ture representation, often requiring generation
in formats distinct from pixels. Hunyuan3D-
Omni (Hunyuan3D et al., 2025) extends unified
generation to 3D representations including voxel
and point, demonstrating that unified modeling can
be applied to spatial modalities when appropriate
supervision and decoders exist. Importantly, 3D
modalities highlight challenges in data availability,
evaluation protocols, and cross-modal grounding
between text prompts, 2D inputs and 3D outputs.

Scientific and structured modalities. Unified
MLLMs have also demonstrated great potential in
scientific modalities like RNA and Protein, and
structured modalities. ProLLaMA (Lv et al., 2025)
is an example that treats protein generation under
the unified modeling framework via next-token-
prediction, pointing to a broader direction where
unified MLLMs may serve as general-purpose tool

for scientific modalities.

3.2 Tasks and Evaluations
3.2.1 Tasks

In contrast to conventional LLMs, which primarily
focus on text generation, and VLLMs, which are
tailored for visual understanding, unified MLLMs
pursue a single framework capable of addressing
a wide range of multimodal tasks across diverse
domains. These encompass text generation, visual
comprehension, audio analysis, visual synthesis,
image editing, interleaved text-image generation,
video production, audio generation, and beyond.
The core premise is that a unified MLLM can seam-
lessly process multimodal inputs and produce mul-
timodal outputs, as illustrated in Fig. 1. In practice,
however, most existing research remains centered
on text—vision modalities, with unified approaches
for visual understanding and generation emerging
as the most actively investigated directions.

3.2.2 Evaluations

Task-Specific Evaluations As mentioned above,
unified MLLMs encompass a wide range of modal-
ities and domain-specific tasks. A common eval-
uation practice is to assess each capability inde-
pendently. Following this principle, existing stud-
ies adopt well-established benchmarks tailored to
individual tasks. For text generation, representa-
tive evaluations include PIQA (Bisk et al., 2020),
SIQA (Sap et al., 2019), HellaSwag (Zellers et al.,
2019), and MMLU (Hendrycks et al., 2020); for
visual understanding, commonly used benchmarks
are VQAV2 (Goyal et al., 2017), MMBench (Liu
etal.,2024d), SEED (Lietal., 2023a), MM- Vet (Yu
et al., 2023c), MMMU (Yue et al., 2024), and
TEXTVQA (Singh et al., 2019); for image genera-
tion, typical metrics include GenEval (Ghosh et al.,
2023), VQAscore (Lin et al., 2024b), WISE (Niu
et al., 2025), and DPG-Bench (Hu et al., 2024);
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and for image editing, evaluations such as Emu-
Edit (Sheynin et al., 2024), GEdit-Bench-EN (Liu
et al., 2025b), and ImgEdit-Bench (Ye et al., 2025)
are widely adopted. In addition, several bench-
marks and evaluation protocols are inherited from
their respective domains to enable focused, stan-
dalone assessments. We provide detailed results
across different tasks and domains in Fig. 2.
Unified Evaluations Recently, increasing atten-
tion has been given to evaluating unified MLLMs
holistically, instead of assessing each modality in
isolation. A representative work in this direction
is UniEval (Li et al., 2025b), which introduces
UniBench alongside the corresponding UniScore
metric to jointly measure multimodal understand-
ing and generation capabilities. Similarly, RealU-
nify (Shi et al., 2025) proposes a benchmark specif-
ically designed to assess bidirectional synergy be-
tween visual understanding and generation, thereby
examining whether unified MLLMs truly enable
cooperative interactions among constituent modal-
ities. We anticipate the emergence of more such
holistic evaluation protocols that move beyond task-
specific pipelines toward genuinely integrated mul-
timodal assessment.

3.3 Training Strategy and Data mixing
3.3.1 Training strategy

Unified MLLMs typically train from scratch, Uni-
fied MLLMs always initialize with pretrained back-
bones (e.g., LLMs, VLMs) and consider modal-
ity interfaces such as projectors or adapters (Chen
et al., 2025b; Pan et al., 2025) for further continue
training. This staged approach is pragmatic, it miti-
gates optimization instability and prevents the re-
gression of pretrained language capabilities that
can happen when early multimodal gradients are
always noisy (Team, 2024). Another core design
is the multimodal generation mechanism. Discrete
approaches unify generation via next-token predic-
tion over a shared vocabulary (Team, 2024; Liu
et al., 2024a), whereas continuous approaches of-
ten decouple the LLM from other modalities’ gen-
eration (Chen et al., 2025b). As a result, many
SOTA systems adopt hybrid recipes, stabilizing the
unified backbone before integrating generative de-
coders to ensure high-fidelity output without desta-
bilizing the core model.

3.3.2 Data mixing

Data mixing in unified MLLMs balances different
modality-aware and task-aware data sources (Deng

et al., 2025; Liu et al., 2024a). This follows an
implicit experience via stage-specific ratios: boot-
strapping alignment with paired data, expanding
to interleaved context for compositional general-
ization, and concluding with instruction-tuning for
controllability. Crucially, the mixing ratio is al-
ways measured in tokens, in case of small frac-
tion of multimodal samples may dominate compute
and gradient updates. As a result, mixture design
usually couples sampling ratios with token-budget
constraints, and both are adjusted across stages to
maintain stable optimization while gradually ex-
panding modality and task coverage.

4 Challenges and Outlook

4.1 Challenges

Efficiency Training unified MLLMs to reason-
able performance typically demands large param-
eter counts and substantial compute, as shown by
Chameleon (Team, 2024): training a 34B model re-
quired 4,282,407 GPU hours on 3,072 GPUs—well
beyond most research groups’ reach—and its per-
formance still trails state-of-the-art standalone mod-
els. A pragmatic path to efficiency is to initial-
ize from strong VLMs or LLMs, leveraging pre-
trained weights and world knowledge; works such
as BLIP3-o0 and LMFusion report notable gains un-
der this strategy. In parallel, sparse attention and
hardware-aligned designs (Yuan et al., 2025) show
promising potential.

Current dilemma Beyond efficiency, unified
MLLMs remain dilemma in grounding: they can
hallucinate unexpected details (Kalai et al., 2025;
Xu et al., 2024b) and show weak reasoning and
limited real-world modeling (Hong et al., 2025).
Recent self-supervised video learning offers a con-
crete path toward richer temporal world priors. for
example, V-JEPA 2 (Assran et al., 2025) learns pre-
dictive video representations at scale and improves
motion understanding for downstream tasks after
LLM alignment. Integrating such video-pretrained
dynamics into unified MLLMs may help reduce
hallucinations and push toward more world-aware
multimodal intelligence.

Performance Despite steady progress, unified
MLLMs have not yet surpassed standalone mod-
els tailored to a single task or modality. Moreover,
at matched parameter counts, they often underper-
form comparable LLMs or VLMs, showning a per-
sistent performance regression. Closing this gap
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remains a priority. As suggested by Manzano (Li
et al., 2025a) and related work, a central require-
ment is sufficient model capacity and and corre-
sponding training signals to competently handle
multiple modalities and task families.

Large-scale implementation Most critically,
unified MLLMs demand large model capacity and
substantial training data, imposing stringent re-
quirements for large-scale deployment. Efficient
parallelization and distributed training are there-
fore indispensable, and any extra modules or be-
spoke components can add significant implemen-
tation burden across the pipeline. We noticed that
Token-Shuffle (Ma et al., 2025b) provided detailed
insights about this. We thus advocate for sim-
ple, compute-aware designs that preserve efficiency
while advancing the goals of unified MLLMs.

4.2 Outlook

Although numerous unified MLLMs have been pro-
posed and analyzed architecturally, their underly-
ing motivations and practical benefits remain in-
sufficiently articulated. Clarifying these drivers is
essential for advancing the field. In this section,
we synthesize the principal motivations and con-
crete benefits of unification to inform both research
directions and deployment practice.

Unified MLLMs are a solution to the Platonic
representation by learning a shared statistical
model of reality. Different modalities provide
biased views of the same world, yielding partial
and modality-specific representations. A central
question is how to learn the underlying, modality-
agnostic structure. Inspired by platonic representa-
tion, we posit that unified MLLMs offer a practical
route to approximate this shared latent represen-
tation and its statistics by jointly modeling multi-
modal representations across modalities.

Unified MLLMs are key to mutual benefits across
modalities Training each modality in isolation pre-
vents information and inductive biases from being
shared across modalities. A unified, shared pla-
tonic representation, as discussed above, offers a
more general abstraction that can support consis-
tent reasoning and transfer across diverse input
types. Despite many proposed unified MLLMs,
strong and reproducible evidence of mutual bene-
fits across modalities remains limited. The shortfall
likely reflects constraints in model capacity, data
scale and balance, and overall computational bud-
get. Closing this gap is central to the promise of

unified MLLMs: with sufficient capacity and appro-
priately curated multimodal data, unified MLLMs
should enable knowledge learned in one modality
to improve learning and generalization in another.

Unified MLLMs enable mutual benefits across
tasks within the same modality. Unified MLLMs
aim not only to bridge modalities but also to consol-
idate heterogeneous tasks within a single modality.
A canonical case is vision, where image genera-
tion and visual understanding are treated within
one framework. Although some systems employ
separate encoders for the two tasks, recent stud-
ies indicate that a single shared visual encoder can
yield mutual benefits by aligning representations
and training signals across tasks, as evidenced by
MetaMorph (Tong et al., 2024) and the results re-
ported in (Zhang et al., 2025b).

Unified MLLMs can be zero-shot task learners.
Beyond cross-modal and within-modal representa-
tion learning, we further hypothesize that unified
MLLMs can act as zero-shot task learners within
a modality. Concretely, even when training is lim-
ited to mixed text data, image understanding data,
and image generation data, a unified MLLM may
spontaneously induce related capabilities such as
image editing and interleaved text—image genera-
tion. While performance on these unseen tasks may
lag behind specialized systems, the emergence of
such zero-shot behaviors is noteworthy: it suggests
a path toward more general intelligence, where enu-
merating every potential task is neither necessary
nor feasible. Continued progress will likely de-
pend on scaling capacity, broadening the diversity
of training signals, and designing objectives that
encourage transferable, compositional skills rather
than task-specific shortcuts.

5 Conclusion

In this survey, we review recent advances in unified
multimodal LLLMs, organize the literature with a
coherent methodological taxonomy, and discuss de-
tailed design guidance. We situate unified models
within their background and enabling technologies,
identify the key challenges that limit current sys-
tems, and outline concrete directions for future
work. We hope our survey can offer a clear ref-
erence that clarifies recent advances in the filed
of unified MLLMs, and help both researchers and
practitioners deepen understanding and accelerate
progress on unified MLLMs.
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Limitations

The fast development of progress in unified
MLLMs makes it impractical to cover every new
technique. Instead, we focus on a set of recent,
representative methods and offer clear, detailed
analyses of their designs and trade-offs. Many lead-
ing systems (e.g., Gemini and ChatGPT models)
remain closed, often without code and with lim-
ited technical documentation. Hence, deep and
verifiable insight into those models is not always
possible. When direct details are unavailable, we
make cautious, evidence-based inferences and an-
chor our analysis in open, reproducible implemen-
tations. Finally, we highlight that detailed training
strategy and training data are decisive for perfor-
mance and often matter as much as architectural
choices. However, these detailed are always missed
in state-of-the-art models.
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Appendix
A Detailed Visual Tokenizers

While text tokenizers are covered in detail else-
where in this survey, here we present a finer-grained

categorization of visual tokenizers applicable to
unified MLLMs, summarized in Table 3.

B Vision-Language Understanding

A central goal of VLMs is to jointly model an im-
age r, € REXWXC and a text sequence z; =
(w1, w3, . ..,w,), enabling cross-modal reasoning
and generation. Early methods such as CLIP (Rad-
ford et al., 2021) and ALIGN (Jia et al., 2021)
optimized a contrastive objective:

o — S o P () lad)/7)
=2 B exp(fu(ah). fied)))7)

where f,, f; are image and text encoders, and 7 is
a temperature. These models demonstrated strong
zero-shot transfer, but their reliance on global em-
beddings limited fine-grained grounding.

To achieve better cross-modal integration, mod-
els such as BLIP (Li et al., 2022) and BLIP-2 (Li
et al., 2023b) introduced multimodal pretraining
strategies combining image-text matching and cap-
tioning objectives. BLIP-2 further proposed a Q-
former, a lightweight query transformer, to project
visual tokens into the language embedding space of
a frozen LLM. This modular paradigm paved the
way for scalable integration of pretrained vision
encoders and LLMs.

Recent works move toward instruction-following
multimodal models. LLaVA (Liu et al., 2023),
MiniGPT-4 (Zhu et al., 2023b), and Instruct-
BLIP (Dai et al., 2023) couple a vision encoder
with an LLM (e.g., Vicuna, LLaMA) and finetune
them with multimodal instruction datasets, effec-
tively learning a mapping p(y | x,, x¢; ) where
y is an instruction-compliant response. These
methods significantly improve performance on vi-
sual question answering, captioning, and dialogue-
based benchmarks.

Overall, the development of VLMs reflects a
progression from contrastive alignment of indepen-
dent encoders, to modular integration with frozen
LLMs, to unified autoregressive modeling where vi-
sion and language are treated symmetrically. This
trajectory highlights the increasing emphasis on ef-
ficiency, scalability, and instruction alignment, lay-
ing the foundation for current unified multimodal
large language models.

C Image Generation with Diffusion

We introduce one important task in unified MLLM,
image generation. We start with the image genera-
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Model Discrete Continuous Pixel Semantic Encoder Decoder Native Spatial
Level Level Arch Arch Resolution Compression

VQ-VAE (Van Den Oord et al., 2017) v X v X Conv Conv - 4x
VQ-GAN (Esser et al., 2021) v X v X Conv Conv - 16x
SD-VAE (Rombach et al., 2022) X v v X Conv Conv v 8x
FQ-GAN (Bai et al., 2024) v X v X Conv Conv - 8/16x
GigaTok (Xiong et al., 2025) v X v X Hybrid Hybrid X 16x
TiTok (Yu et al., 2024) v X X v Tran Tran - ~32x%
FlexTok (Bachmann et al., 2025) v X X v Tran Tran (Diff) - ~32x
Selftok (Wang et al., 2025a) v X X v Tran Tran (Diff) - ~8x
e-VAE (Zhao et al., 2024b) X v v X Conv Conv (Diff) - 8/16%
REGEN (Zhang et al., 2025c) X v v X Conv Tran (Diff) v 8x
OmniTokenizer (Wang et al., 2024a) v v v X Tran Tran X 8x
MAGVIT-v2 (Yu et al., 2023b) v X v X Conv Conv - 8x
Cosmos (Agarwal et al., 2025) v v v X Conv Conv - 8/16%
ViTok (Hansen-Estruch et al., 2025) X v v X Tran Tran X 16 %
HunyuanImage3.0 (Cao et al., 2025) X v v X Conv Conv v 16x
Wan2.1 (Wan et al., 2025) X v v X Conv Conv v 8x
VILA-U (Wu et al., 2024d) v X v v Tran Conv X 16x
TokenFlow (Qu et al., 2025) v X v v Tran Tran - 16x
UniTok (Ma et al., 2025a) v X v v Tran Hybrid X 16x
AToken (Lu et al., 2025) v v v v Tran Tran v 16x

Table 3: Comparison of existing visual tokenizers. We summarize and contrast representative visual tokenizers
across various dimensions. ‘Diff’ refers to diffusion based generative decoder and ‘~’ represents the approximate
spatial compression rate based on the number of latent tokens.

tion with Diffusion-based model. Diffusion models
have become the dominant paradigm for image gen-
eration by modeling data distributions through the
reversal of a gradual noising process. The forward
process adds Gaussian noise to a clean image xg:

q(z¢ | xo) = N (43 arxo, (1 —ay)I), (1)

while the model learns the reverse distribution by
predicting noise €, optimized via

= Egoe[lle — ea(ze,1)]1%]. 2

This formulation, realized in DDPM (Ho et al.,
2020), Imagen (Saharia et al., 2022), and Stable
Diffusion (Rombach et al., 2022), produces high-
fidelity images, especially under text conditioning,
but requires hundreds of iterative denoising steps.

Subsequent work re-framed diffusion as
continuous-time flows to improve efficiency.
Deterministic solvers such as DDIM (Song et al.,
2020) and DPM-Solver (Lu et al., 2022) reduced
sampling steps by interpreting the process as
an ODE. Flow matching (Lipman et al., 2022)
generalizes this idea by directly learning a velocity
field vg (x4, t) that transports noise to data via

Lpm

dt

This deterministic formulation avoids stochastic
denoising, achieves high-quality samples in tens of

3)

= vp(x¢,1).

steps, and unifies diffusion with normalizing flows.
Recent methods such as Rectified Flow (Liu et al.,
2022) demonstrate both efficiency and fidelity, es-
tablishing flow-based models as promising back-
bones for multimodal generative systems.

D Image Generation with Autoregressive
Models

Unlike Diffusion models, Autoregressive (AR) im-
age generation extends the next-token prediction
paradigm of language modeling to discrete vi-
sual sequences. An image I is mapped to tokens
z (1,...,z7) via a learned tokenizer (e.g.,
DVAE/VQ-VAE, RQ-VAE (Lee et al., 2022), VQ-
GAN (Esser et al., 2021)), and the model maxi-
mizes the chain-rule likelihood

T
P(z) =[] Plar | 2<s;6), (4)
t=1

typically with a Transformer. This formulation
inherits the scaling behavior and controllability of
LLMs while shifting the core design choices to /)
tokenization (continuous or discrete), 2) decoding
strategy (de-nosing or token-prediction), and 2)
generation order (global or causal).

Historically, pixel/patch AR models (Im-
age Transformer, iGPT (Chen et al., 2020))
demonstrated viability but were compute-heavy.
Discrete latents made AR practical at scale:
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DALL-E (Ramesh et al., 2021) showed compo-
sitional text-to-image with a DVAE prior; RQ-
Transformer (Lee et al., 2022) improved fidelity
via hierarchical/residual codes; MAGVIT (Yu et al.,
2023a) and MAGVIT-v2 (Yu et al., 2023b) unified
efficient tokenizers for images and video. Two in-
fluential AR decoding families emerged: umasked-
parallel infilling (e.g., MaskGIT), which iteratively
predicts subsets zpq ~ P(z | o\ py) to acceler-
ate sampling and allow bidirectional context; and
causal next-token-prediction (e.g., LlamaGen (Sun
etal., 2024a), Parti (Yu et al., 2022)), which directly
ports LLM training and sampling to visual tokens,
yielding stable optimization, clean conditioning,
and strong scaling.

A complementary axis rethinks generation or-
der: hierarchical and coarse-to-fine schemes (e.g.,
VAR (Tian et al., 2024) and variants) predict low-
resolution or low-frequency structure first, then re-
fine details, narrowing the effective context length
and improving throughput; hybrid designs add con-
tinuous residuals or multi-scale priors to close the
high-frequency gap. Multimodal AR systems like
Chameleon (Team, 2024) further interleave text
and image tokens in one sequence, suggesting a
unified AR interface for composition and editing.

AR image generation is best viewed as LLM-
style modeling over discrete visual codes: tokeniz-
ers set the information bottleneck; masked AR
trades a bit of global consistency for speed via
parallel refinement; causal AR trades speed for
simplicity, controllability, and scaling laws; hier-
archical ordering (coarse-to-fine) reconciles both
by shortening dependency paths. Together, these
threads have pushed AR methods to parity with
diffusion on quality while offering cleaner condi-
tioning, easier reuse of LLM infrastructure, and
the promise of integration with LLLM for a unified
multimodal framework.

E VLM Performance Preservation

As expected, building unified MLLMs upon pre-
trained VLMs or LLMs necessitates the introduc-
tion of additional capabilities. Hence, a common
practice is to initialize unified models with pre-
trained VLMs & LLMs weights. However, this
often leads to performance regression on core tasks
such as text generation and visual understanding.
To mitigate this issue and facilitate efficient train-
ing, several approaches adopt a strategy of freezing
the pretrained LLM or VLM while introducing

generative capabilities through plug-and-play gen-
eration modules, as exemplified by BLIP3-0 (Chen
et al., 2025b), MetaQuery (Pan et al., 2025), and
OpenUni (Wu et al., 2025d). Similarly, the recent
Nano-Banana model (gem) is expected to follow
this paradigm, extending Gemini with promising
image generation capability. While such designs
appear simple and effective, we argue that they
merely emulate unified MLLMs rather than em-
body their ultimate form, as they compromise the
foundational motivation of true unified MLLMs
discussed in Sec. 4.2.
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