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Abstract

Significant advancements in vision-language models have predominantly followed two di-
vergent trajectories: autoregressive architectures optimized for visual understanding and
diffusion-based frameworks designed for high-fidelity generation. However, this separation
hinders the development of truly versatile multimodal agents. Unifying these capabilities is
a critical step toward Artificial General Intelligence, as recent findings suggest that effec-
tive understanding and generation can mutually reinforce each other. This survey provides a
comprehensive overview of the emerging field of unified vision-language models and proposes
a systematic taxonomy based on the core visual representation mechanism: continuous ver-
sus discrete visual tokens. For continuous visual tokens, we analyze how models bridge the
semantic-visual gap by categorizing integration strategies into Serial Coupling, where LLMs
act as planners, and Parallel Coupling, which enables bidirectional interaction. regarding
discrete visual tokens, we contrast Autoregressive approaches that treat images as a foreign
language against emerging Discrete Diffusion paradigms known for their global consistency
and parallel decoding. Beyond architectural analysis, we provide a curated compilation of
datasets and benchmarks essential for training and evaluation. Finally, we critically dis-
cuss open challenges such as tokenization trade-offs, training stability, and scalability, while
outlining future directions for building seamless, omni-capable multimodal systems.

1 Introduction

The past few years have witnessed a transformative era in Artificial Intelligence, primarily fueled by the rapid
advancement of Large Language Models (LLMs). Models such as LLaMATouvron et al. (2023), PanGu Zeng
et al. (2021), Qwen Bai et al. (2023); Team et al. (2024); Yang et al. (2025a), and the GPT series Brown
et al. (2020); Achiam et al. (2023) have demonstrated unprecedented capabilities in understanding, reasoning,
and text generation, fundamentally reshaping diverse applications. This success has naturally extended to
multimodal domains, recognizing that true intelligence necessitates processing and synthesizing information
beyond text. This evolution has given rise to powerful Vision-Language Models (VLMs) and advanced visual
generation technologies, each progressing along distinct, yet highly impactful, trajectories.

In multimodal understanding, models primarily leverage autoregressive (AR) architectures (As shown in
Figure 2a), building on the success of LLMs, to interpret diverse visual and textual inputs and generate dis-
crete textual outputs that showcase deep semantic comprehension and reasoning capabilities. This approach
benefits from AR models’ strong capabilities in sequential modeling and nuanced reasoning. Conversely,
visual generation has undergone its own rapid evolution. While initially explored by Generative Adver-
sarial Networks (GANs) Goodfellow et al. (2020), the field is now overwhelmingly dominated by diffusion
models Ho et al. (2020) (As shown in Figure 2b). Architectures like UNet Ronneberger et al. (2015) and
Diffusion Transformers (DiT) Peebles & Xie (2023), often conditioned by advanced text encoders such as
CLIP Radford et al. (2021) and T5 Raffel et al. (2020), are proficient in synthesizing continuous, high-fidelity
visual content from diverse prompts (e.g., Stable Diffusion series Rombach et al. (2022); Podell et al. (2023)).
However, pure diffusion-based generation models, despite their photorealism, fundamentally lack the deep
world knowledge or true semantic understanding inherent in LLM-based systems. Their outputs are often
faithful to the prompt’s surface-level descriptions rather than reflecting nuanced conceptual comprehension.
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Figure 1: Evolutionary Timeline (2021–2025) of Unified Understanding–Generation Models.
The diagram traces the convergence of multimodal AI from separate paradigms to unified frameworks. The
branches distinguish models by their core visual representation: the blue stream represents Continuous
Vision Tokens (prioritizing fidelity via diffusion), while the purple stream represent Discrete Vision Tokens
(prioritizing alignment via AR or Discrete Diffusion). Key milestones highlight the rapid progression toward
omni-capable agents.

While some explorations have attempted to adapt LLM-inspired AR architectures for image generation Sun
et al. (2024); Tian et al. (2024), diffusion-based approaches currently maintain state-of-the-art performance
in terms of visual quality.

The fundamental divergence in these underlying modeling paradigms—where AR is optimized for under-
standing and discrete text generation, versus Diffusion which excels in continuous visual synthesis but with-
out intrinsic world knowledge—has historically posed a significant challenge for seamless unification into a
singular framework. However, the vision of a unified model capable of both understanding and generating
multimodal content holds immense potential. Such a framework could revolutionize how humans interact
with AI, enabling complex visual reasoning guided by natural language, generating images from abstract
instructions, and facilitating dynamic multimodal dialogues. The recent unveiling of GPT-4o Hurst et al.
(2024), demonstrating a singular model’s ability to profoundly understand complex instructions and gen-
erate highly controllable multimodal content across these paradigms, vividly highlights this transformative
potential and has galvanized research in this direction.

Designing such a truly unified framework presents substantial technical hurdles. A core challenge lies in the
effective integration of AR’s robust reasoning and text generation capabilities with Diffusion’s generative
quality and control. This often boils down to fundamental questions surrounding image representation and
processing for unified models. For instance, how should visual information be tokenized for an AR backbone
when a continuous latent space is preferred for high-quality generation? Existing approaches vary, from
employing VQ-VAEVan Den Oord et al. (2017) or VQ-GAN Esser et al. (2021) to create discrete visual
tokens, to utilizing semantic encoders like EVA-CLIPSun et al. (2023a) or OpenAI-CLIP Radford et al.
(2021) that produce continuous embeddings. Furthermore, architectural design itself, encompassing purely
autoregressive, diffusion-centric, or hybrid structures, presents various trade-offs that are still under active
investigation.
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To provide a comprehensive overview and foster future research in this rapidly converging and critical
field (As shown in Figure 1), this survey systematically analyzes unified multimodal understanding and
generation models. Our unique contribution lies in classifying existing unified models based on their core
visual representation mechanisms: discrete visual tokens and continuous visual tokens. This classification
enables a clearer comparison between models that emphasize the integration of textual understanding with
discrete visual tokens (e.g., autoregressive models) and those that leverage continuous visual representations
(e.g., diffusion models) for high-fidelity image generation. By highlighting the trade-offs and synergies
between these approaches, we aim to uncover the strengths and limitations of each mechanism in the context
of multimodal unification. Moreover, we discuss the implications of these design choices on model efficiency,
scalability, and the ability to generate semantically rich and coherent visual content. Through this structured
analysis, we aim to provide valuable insights and a roadmap for researchers seeking to advance the unification
of understanding and generation within vision-language models, ultimately contributing to more powerful,
efficient, and flexible multimodal AI systems.

Taxonomy Preview Unlike previous reviews that categorize models broadly by architecture, this work
offers a specialized analysis grounded in the fundamental strategy of visual representation. As illustrated in
Figure 1, we propose a hierarchical taxonomy that divides Unified Vision-Language Models into two primary
categories, each with distinct sub-paradigms that offer unique trade-offs between flexibility, fidelity, and
coherence.

Unified Models with Continuous Vision Tokens. These models interface LLMs with continuous latent
representations, typically leveraging diffusion models to prioritize high-fidelity generation. We classify them
based on how the reasoning (LLM) and generation (Diffusion) modules interact:

• Serial Coupling Paradigm: In this approach, the LLM functions as a "Semantic Planner," con-
verting instructions into static embeddings that condition a separate visual generator (e.g., Emu,
SEED). Preview: This paradigm excels in modularity and scalability, allowing the flexible com-
bination of state-of-the-art LLMs and diffusion models. However, the unidirectional information flow
creates a "semantic-visual gap," as the LLM receives no feedback during the generation process,
often limiting fine-grained alignment in complex spatial tasks.

• Parallel Coupling Paradigm: This emerging strategy fuses the LLM and visual generator within
a unified attention span, enabling bidirectional interaction at each step (e.g., Transfusion, Skywork-
UniPic). Preview: By allowing text and visual tokens to attend to each other, this paradigm achieves
superior semantic coherence and real-time interleaving. The primary trade-off is higher
computational complexity and the need for sophisticated training strategies to synchronize the
discrete text space with the continuous latent space.

Unified Models with Discrete Vision Tokens. These models quantize visual data into discrete tokens
(via VQ-VAE or VQ-GAN) that share a categorical vocabulary with text, effectively treating images as a
"foreign language." We categorize them by their generative mechanism:

• Autoregressive-Driven (AR): Following the success of GPT, these models model visual tokens via
next-token prediction (e.g., LLaViT, Show-o2). Preview: AR models benefit from a unified train-
ing objective that naturally aligns with LLMs, facilitating strong logical reasoning and instruction
following. However, the unidirectional causal attention is suboptimal for visual data (which is natu-
rally bidirectional), leading to issues like error accumulation and slow, serial inference speeds for
high-resolution images.

• Discrete Diffusion-Driven: An innovative paradigm that applies diffusion processes directly to
discrete tokens, predicting all tokens in parallel via iterative refinement (e.g., LLaDA, UniDisc).
Preview: This approach combines the best of both worlds: the alignment benefits of a shared
vocabulary and the global coherence of diffusion. It overcomes the serial bottleneck of AR mod-
els, enabling faster parallel decoding and self-correction. The challenge lies in the novelty of
the method, which currently lacks the mature training recipes and stability of established AR or
continuous diffusion frameworks.
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Scope and objectives In comparison to existing surveys that broadly cover multimodal understanding or
image generation, our work offers a unique and systematic analysis focusing specifically on unified multimodal
understanding and generation models. Unlike previous reviews that might categorize models by architectural
components (e.g., autoregressive, diffusion, hybrid), our distinctive approach is to classify these unified
frameworks based on their core visual generation mechanisms: discrete visual generation and continuous
visual generation. This novel categorization allows for a deeper exploration into how models bridge the
gap between LLM-based understanding and diverse visual synthesis strategies. We meticulously detail the
structural designs, visual representation strategies, and integration techniques with language models for
each category. Furthermore, we provide a comprehensive compilation of relevant datasets and benchmarks,
critically analyze key challenges including effective tokenization and cross-modal attention, and delineate
promising future research directions. Our survey aims to provide a fresh perspective and a structured
roadmap for researchers navigating the complexities of building truly integrated multimodal AI systems.

Organization The remainder of this survey is organized as follows. Chapter 2 lays the groundwork by
introducing the fundamental concepts and recent advances in Large Language Models (LLMs), multimodal
understanding, and visual generation, setting the stage for unified models. Chapter 3 focuses on unified
models that use Continuous Visual Generation, detailing their unique characteristics and technical inno-
vations. Following this, in Chapter 4, we dive into unified models that employ discrete visual generation
mechanisms, analyzing their architectural designs, visual representation strategies, and integration with lan-
guage models. Chapter 5 provides a comprehensive compilation of relevant datasets and benchmarks crucial
to the training and evaluation of these sophisticated unified models. Finally, Chapter 6 discusses the key
challenges confronting this nascent field and outlines promising future research directions, aiming to inspire
further advancements in unified multimodal AI.

2 Background

This chapter provides an overview of the background behind Vision-Language Models (VLMs), focusing
on their unified capabilities in both understanding and generation. We start by reviewing Large Language
Models (LLMs), which have revolutionized NLP with their generative and reasoning abilities. We then
explore visual understanding methods, detailing how visual information is encoded and integrated with
LLMs. Finally, we discuss text-to-image generation models, which, combined with visual understanding, lay
the foundation for unified multimodal AI.

2.1 Large Language Models

The Transformer architecture’s rise, initially enabling discriminative (e.g., BERT Devlin et al. (2019)) and
generative (e.g., GPT-2 Radford et al. (2019)) NLP tasks, culminated in a paradigm shift with generative
large language models (LLMs). Driven by exponential scaling and enhanced by techniques like instruction
tuning Shengyu et al. (2023) and RLHF Ouyang et al. (2022), LLMs unified diverse NLP applications into
sophisticated instruction-following and reasoning frameworks Wei et al. (2022). Their emergent abilities and
tool integration have transformed them into versatile agents, establishing LLMs as the crucial foundation
for unified multimodal intelligence.

2.2 Vision Representations Methods

Vision representations play a critical role in bridging visual inputs with language models in unified vision-
language systems. These representations can be learned using both supervised and unsupervised (or self-
supervised) methods, each offering distinct advantages depending on the task and available data. In this
section, we provide an overview of the most widely used approaches for visual representations, categorized
into supervised and unsupervised learning.

Supervised Learning-Based Methods. In supervised learning, vision representations are learned from
labeled datasets, with models trained to map images to feature vectors aligned with specific labels. CNNs
and Vision Transformers (ViT) are commonly used as backbones. ResNet He et al. (2016) introduced deep
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Figure 2: The illustration of Autoregressive-based Semantic Understanding and Diffusion-based Visual Gen-
eration.(a) Autoregressive (AR) modeling for image understanding, where visual features extracted by a
vision encoder are aligned with textual tokens and decoded sequentially to generate semantic descriptions.
(b) Diffusion-based modeling for image generation, where textual tokens produced by a tokenizer condition
an iterative denoising process to synthesize visual content from noise.

residual networks to facilitate training of very deep architectures. DenseNet Huang et al. (2017) connects
every layer to each other, improving compactness and reducing overfitting. A significant advancement is the
CLIP model Radford et al. (2021), which uses contrastive learning to align visual and textual representations,
enabling zero-shot classification, image captioning, and visual question answering. Additionally, the Segment
Anything Model (SAM) Kirillov et al. (2023) has revolutionized segmentation by providing high-quality,
pixel-level segmentation masks across diverse visual inputs, making it highly effective for tasks requiring
precise localization.

Self-Supervised Learning-Based Methods. Unsupervised and self-supervised learning methods learn
visual representations without relying on labeled data, instead exploiting the inherent structure of the data.
Self-supervised learning (SSL) has gained popularity for learning robust features without annotations. The
DINO model Caron et al.; Oquab et al. (2023); Siméoni et al. (2025) contrasts augmentations of the same im-
age to generate consistent, transferable representations. Similarly, VAE (Variational Autoencoders) Kingma
& Welling (2013) learns compact latent variables to model the underlying structure of images, excelling
in generative tasks. These methods, such as DINO and VAE, have proven highly effective in producing
generalizable representations for tasks like object detection and recognition, demonstrating the power of
unsupervised learning even without large labeled datasets.

2.3 Visual Understanding Methods

Multimodal understanding models extend LLM reasoning to visual information, enabling tasks like VQA and
multimodal dialogue. The core challenge is bridging continuous visual signals with the LLM’s discrete token
space. The first technical route is visual encoding. While early methods used pre-trained encoders (e.g.,
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ViT Dosovitskiy (2020)) with simple projection layers Zhu et al. (2023a), more sophisticated approaches use
querying transformers (e.g., Q-Former Li et al. (2023b)) or gated cross-attention Alayrac et al. (2022) to
selectively distill relevant visual features into soft tokens compatible with the LLM.

The second route is information fusion. Initial dual-encoder architectures Lu et al. (2019); Radford et al.
(2021) focused on aligning latent spaces. The modern, more effective approach is LLM-centric: visual tokens
are fed directly into the LLM backbone, allowing for deep cross-modal reasoning via the LLM’s internal
self-attention mechanisms. This is often initialized by multi-stage alignment training Chen et al. (2024) and
can be enhanced by advanced architectures like Mixture-of-Experts (MoE) Wu et al. (2024b) to improve
semantic coherence.

2.4 Visual Generation Methods

Visual generation models, critical for unified systems, synthesize visual content from text. This field is
dominated by two paradigms: diffusion models (DMs) and autoregressive (AR) models. DMs excel in
quality and diversity, while AR models offer strong sequential consistency.

DMs model generation as an iterative denoising process Ho et al. (2020). The pivotal shift was Latent
Diffusion Models (LDMs) Rombach et al. (2022), which operate in a pre-trained VAE’s compact latent
space, enhancing efficiency. More recently, Diffusion Transformers (DiT) Peebles & Xie (2023) treat image
patches as sequences. Textual conditioning is incorporated via encoders like CLIP Radford et al. (2021) or
T5 Raffel et al. (2020), and increasingly, LLMs are used for richer, more aligned conditioning Zhang et al.
(2024); Wang et al. (2025a).

AR models frame image generation as a sequential prediction task Van Den Oord et al. (2016). The core
challenge is discretizing visual data. While early models predicted pixels (e.g., PixelCNN Van den Oord et al.
(2016)), the breakthrough came from token-based models using vector quantization (e.g., VQGAN Esser
et al. (2021)). A Transformer decoder then predicts these visual tokens sequentially. Recent work improves
efficiency via multi-token prediction Pang et al. (2024), coarse-to-fine strategies (e.g., VAR Tian et al. (2024)),
or control mechanisms (e.g., ControlAR Li et al. (2024f)) for precise editing.

3 Unified models with continuous vision tokens

This chapter provides a comprehensive overview of continuous tokenizers and their corresponding gen-
eration mechanisms, focusing on continuous diffusion and autoregressive (AR) frameworks. We begin
by introducing the theoretical foundation of continuous tokenization, followed by detailed diffusion and au-
toregressive formulations. Subsequent sections discuss how these mechanisms are integrated within unified
multimodal architectures through serial and parallel coupling paradigms.

3.1 Preliminaries

3.1.1 Continuous Tokenizers: Foundations and Formulation

A continuous tokenizer bridges high-dimensional visual inputs and compact, semantically meaningful la-
tent representations that generative models can directly operate on. Unlike discrete quantization methods,
continuous tokenizers learn smooth latent manifolds, where each visual feature is represented as a differen-
tiable vector. This continuous design preserves gradient flow and fine-grained details, making it suitable for
end-to-end training in diffusion and autoregressive systems.

The Variational Autoencoder (VAE) provides the theoretical foundation for continuous tokenization. Given
an input image x, the encoder qϕ(z|x) maps it to a latent variable z, while the decoder pθ(x|z) reconstructs
x. Training maximizes the Evidence Lower Bound (ELBO):

LELBO(θ, ϕ; x) = Eqϕ(z|x)[log pθ(x|z)] − KL(qϕ(z|x) || p(z)), (1)

6



Under review as submission to TMLR

where p(z) is typically a standard Gaussian prior. Compared to discrete tokenizers such as VQ-VAE, VAEs
maintain continuous, differentiable representations, allowing gradient propagation through the latent space.

3.1.2 Diffusion Generation

Diffusion models define a forward noising process and a learned reverse denoising process. Given a clean
sample x0, Gaussian noise is progressively added:

q(xt|xt−1) = N
(
xt;

√
1 − βt xt−1, βtI

)
,

which can be expressed as:
xt =

√
ᾱt x0 +

√
1 − ᾱt ϵ, ϵ ∼ N (0, I),

where ᾱt =
∏t

s=1(1 − βs). A neural predictor ϵθ(xt, t) learns to reverse this process by minimizing the
simplified denoising loss Ho et al. (2020):

Lsimple(θ) = Ex0,ϵ,t

[
∥ϵ − ϵθ(xt, t)∥2]

.

Latent Diffusion Models (LDM) Rombach et al. (2022) improve efficiency by operating in a learned
latent space instead of pixel space. An encoder E compresses x into z = E(x), diffusion is applied on z,
and a decoder D reconstructs x0 ≈ D(z0). Conditioning signals (e.g., text or depth) can be injected via
cross-attention, leading to controllable high-fidelity generation at reduced cost. Extensions such as FLUX
further enhance training efficiency through rectified flow objectives and multi-scale latent processing.

3.1.3 Autoregressive Continuous Generation

Traditional autoregressive (AR) models factorize discrete sequences:

p(s1:N ) =
N∏

t=1
p(st | s<t),

but for continuous latent embeddings zt ∈ Rd, direct regression may fail to capture multimodal distributions.
Continuous AR approaches retain AR dependencies while replacing discrete categorical modeling with
diffusion-based conditional generation.

Specifically, for each token zt, we define a noisy version:

z
(τ)
t =

√
ᾱτ zt +

√
1 − ᾱτ ϵ, ϵ ∼ N (0, I),

and train a denoiser conditioned on previous tokens z<t:

Ltoken(θ) = Ezt,ϵ,τ

[
∥ϵ − ϵθ(z(τ)

t , τ ; context = z<t)∥2
]
.

This formulation combines diffusion robustness with AR’s sequential modeling power, as demonstrated in
MAR Li et al. (2024e), Fluid Fan et al. (2024), and Emu Sun et al. (2023b).

3.2 Coupling Strategies for Continuous Unified Models

The integration of large language models (LLMs) with continuous visual generators defines two main
paradigms: serial coupling and parallel coupling(As shown in Figure 3). They differ by how reasoning
and generation interact—either sequentially or concurrently—forming a spectrum from modular to deeply
unified multimodal architectures.
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Figure 3: The illustration of serial coupling and parallel coupling. (a) Serial coupling, where multimodal
inputs are first processed by a reasoning-oriented language model to produce intermediate semantic rep-
resentations, which are subsequently used to condition a separate visual generation module. (b) Parallel
coupling, where multimodal inputs are jointly processed within a unified transformer architecture, enabling
simultaneous reasoning and visual generation through shared representations and coordinated decoding.

3.2.1 Serial Coupling Paradigm

In the serial coupling paradigm, the large language model (LLM) functions as a semantic planner that
transforms high-level textual descriptions into structured conditioning signals for continuous visual genera-
tors. The generation pipeline follows a strictly modular and sequential formulation: the LLM first performs
semantic reasoning and produces a latent condition c, after which a diffusion or flow-based generator
consumes this representation to synthesize image latents. This design inherits the strengths of modular mul-
timodal systems, enabling each component—textual reasoning and visual synthesis—to be independently
optimized while leveraging powerful pretrained models across modalities.

In contemporary implementations, the LLM interprets and restructures user instructions into dense semantic
embeddings, which are injected into latent diffusion models through cross-attention, adapter routing, or
learnable query connectors. Systems such as BLIP-Diffusion Li et al. (2023b) and Emu Sun et al. (2023b)
exemplify this approach: BLIP-Diffusion uses BLIP-2 as a multimodal planner to extract semantic visual
features, while Emu introduces a hybrid autoregressive–diffusion mechanism where the LLM predicts coarse
latent representations that are subsequently refined by a diffusion model. The SEED family Ge et al.; 2023;
2024) extends this paradigm to industrial-scale pipelines by coupling reasoning from Vicuna or LLaMA
with latent diffusion backbones such as SDXL or SANA, mediated by lightweight connectors that preserve
scalability. Large commercial systems—including Kosmos-G Pan et al. (2023), Nexus-Gen Zhang et al.
(2025b), GPT-4o, and Gemini-1.5—also follow serial pipelines that map textual reasoning into structured
latent conditions for continuous generation.

Despite its practicality and modularity, serial coupling introduces an inherent semantic–visual gap. Because
the generation module does not provide gradient-level feedback to the LLM, mismatches may arise between
the semantic planner and the visual decoder, particularly for complex layouts or fine-grained attributes.
Moreover, the strictly unidirectional pipeline prevents dynamic interplay between reasoning and generation
during the denoising process, limiting cross-modal coherence. While serial coupling remains favored for its
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flexibility, scalability, and ease of integration with pretrained LLMs, it stops short of achieving fully unified
multimodal reasoning–generation within a single model architecture.

Serial coupling ensures modularity, interpretability, and scalability, but lacks gradient feedback from gener-
ated images, creating a semantic–visual gap that limits alignment precision.

3.2.2 Parallel Coupling Paradigm

The parallel coupling paradigm differs fundamentally from the sequential nature of serial coupling by
enabling synchronous, bidirectional interaction between linguistic reasoning and continuous visual generation.
Instead of treating the LLM as an offline planner, parallel coupling integrates visual denoising and text
reasoning within a shared or partially shared transformer architecture, allowing the two modalities to co-
evolve during generation. In this formulation, text tokens typically retain causal attention to preserve
autoregressive language modeling, while visual latent tokens employ bidirectional attention to accommodate
diffusion or flow dynamics. The shared attention space ensures that linguistic semantics and visual structure
continuously influence each other, thereby achieving deeper multimodal unification.

This paradigm is exemplified by models such as Transfusion Zhou et al. (2024) and MonoFormer Zhao
et al. (2024), which adopt unified transformer backbones with distinct attention masks for language and
vision. In Transfusion, autoregressive text generation and latent diffusion denoising are fused within a single
architecture: language tokens are processed with causal masking whereas image tokens use full bidirectional
attention, with cross-attention pathways enabling mutual guidance. MonoFormer follows a similar design
but simplifies the multimodal integration through shared layers and structured attention routing, providing
efficient interleaving of text reasoning and latent-space image generation. These models demonstrate how
integrating text and vision streams at every generation step provides stronger semantic alignment than a
serial pipeline could achieve.

LMFusion Shi et al. (2024) extends the parallel paradigm by adapting pretrained LLMs to serve as the back-
bone for multimodal interaction. Lightweight visual modules and shared attention layers are introduced to
merge visual features into the frozen language backbone, enabling the model to leverage the stability of LLM
parameters while achieving effective bidirectional fusion between reasoning and perception. BAGEL Deng
et al. (2025) generalizes this idea via a Mixture-of-Transformers (MoT) framework. It separates modality-
and task-specific attention routes while maintaining a unified architecture, allowing flexible yet coherent
interactions across tasks such as image generation, editing, captioning, and dialogue. Although powerful,
these architectures require substantial computation due to the need for cross-modal synchronization and
large unified transformer backbones.

A notable recent advancement within the parallel coupling landscape is Skywork- UniPic Wang et al. (2025b),
which demonstrates that unified autoregressive modeling can support visual understanding, generation, and
editing within a single architecture. UniPic employs a decoupled but jointly trained visual encoding path-
way—a Masked Autoregressive (MAR) encoder-decoder for generation and a SigLIP2 encoder for percep-
tion—while sharing a single language backbone across tasks. This design allows text reasoning and visual
latent evolution to take place concurrently, embodying the essence of parallel coupling: language tokens guide
visual synthesis at each step, while image latent tokens reciprocally inform linguistic processing. UniPic high-
lights that continuous visual generation and language modeling can be co-trained and co-executed without
handcrafted connectors, reinforcing the shift toward tightly unified multimodal systems.

Overall, parallel coupling offers significantly enhanced cross-modal coherence, enabling functionalities such as
real-time editing, interactive visual dialogue, instruction-driven fine-grained manipulation, and open-ended
multimodal reasoning. However, such tightly integrated architectures come with increased training and
inference costs, complex token routing requirements, and higher sensitivity to optimization dynamics. De-
spite these challenges, parallel coupling represents a critical step toward fully unified multimodal foundation
models capable of seamless joint reasoning and generation.
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Table 1: Comparison between the Serial Coupling and Parallel Coupling paradigms for unified contin-
uous visual models.

Aspect Serial Coupling Parallel Coupling

Core Philosophy LLM acts as a semantic planner ; rea-
soning and generation occur sequen-
tially.

Text reasoning and visual denoising oc-
cur synchronously within shared or par-
tially shared modules.

Information Flow Unidirectional: LLM → visual genera-
tor.

Bidirectional: language and vision to-
kens interact at every step of genera-
tion.

Representation Interaction Loose coupling; cross-attention or
adapters provide semantic constraints.

Tight coupling; shared transformer
blocks or unified attention layers align
modalities.

Generative Process Visual generation is conditioned on
static semantic embeddings.

Visual denoising dynamically condi-
tions on evolving language states, and
vice versa.

Advantages Modular, scalable, easy to integrate
with pretrained LLMs; efficient for
large-scale deployment.

Strong cross-modal coherence; sup-
ports interactive editing, multimodal
reasoning, and fine-grained control.

Limitations Semantic–visual gap; no gradient feed-
back from image to LLM; limited real-
time alignment.

High computational cost; complex at-
tention scheduling; difficult optimiza-
tion due to tight coupling.

Representative Systems BLIP-Diffusion Li et al. (2023b),
Emu Sun et al. (2023b), SEED Ge
et al.; 2023; 2024), Kosmos-G Pan
et al. (2023), Nexus-Gen Zhang et al.
(2025b).

Transfusion Zhou et al. (2024), Mono-
Former Zhao et al. (2024), LMFu-
sion Shi et al. (2024), BAGEL Deng
et al. (2025), UniPic Wang et al.
(2025b).

Suitable Use Cases High-throughput generation,
instruction-to-image pipelines, modu-
lar system design.

Unified multimodal modeling, real-
time multimodal tasks, understand-
ing–generation joint optimization.

3.2.3 Analysis and Outlook

Serial coupling prioritizes scalability and modularity, while parallel coupling maximizes coherence through
shared representation learning. Emerging hybrid models combine both—serial pipelines with partial parallel
feedback—to balance efficiency and multimodal alignment. Future directions point toward adaptive coupling,
dynamically controlling the degree of inter-modality interaction based on task context, progressing toward
fully unified multimodal foundation models.

3.3 Challenges for Continuous Unified Models

Continuous visual representations bring advantages such as high perceptual fidelity, differentiability, and
natural compatibility with diffusion and flow models. Nonetheless, they also present challenges: weak inter-
pretability, substantial computational cost, and non-trivial semantic alignment between continuous vision
and discrete language spaces. Addressing these limitations remains central to advancing continuous unified
multimodal systems.

4 Unified models with discrete vision tokens

Unified multimodal models employing discrete visual generation represent a powerful paradigm where both
understanding and generation operate within a shared, tokenized conceptual space. Unlike continuous gen-
eration methods that manipulate latent vectors, these models treat visual content—much like text—as
sequences of discrete tokens. This approach naturally aligns with the sequence-to-sequence nature of Large
Language Models (LLMs), allowing the entire understanding-to-generation pipeline to be executed by a
single, often Transformer-based, backbone.
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The primary motivation for adopting discrete visual representations lies in their ability to leverage the
powerful capabilities of LLMs, which have been extensively pre-trained on vast amounts of textual data. By
transforming visual content into discrete tokens, these models enable the integration of vision tasks with
the well-established techniques used for language tasks, facilitating the unification of understanding and
generation. This tokenization simplifies the bridging of the semantic gap between language and vision, as it
allows the use of a shared framework that processes both modalities in a similar manner.

Furthermore, discrete visual representations bring significant advantages in terms of efficiency and co-
herence with language. By converting visual content into a set of discrete tokens, visual information is
structured in a way that aligns more directly with the discrete nature of text. This structural alignment
allows vision tasks to be integrated seamlessly into a unified framework, where both visual and language
models operate in a similar tokenized space. As a result, discrete models facilitate cross-modal coherence,
making it easier for the system to handle both vision and language tasks simultaneously, with the visual
content serving as tokens that can be processed in parallel with text. This approach enables modulariza-
tion of the vision and language components. Each modality can be independently optimized and improved,
while still ensuring that they can interact effectively within the same architecture. Additionally, discrete
representations are often more computationally efficient compared to continuous models. The discrete
tokens are easier to process and store, which reduces the computational burden, especially in large-scale mul-
timodal tasks. By simplifying the representation of visual data, discrete models enable efficient scaling to
high-dimensional visual and textual data without compromising the alignment between the two modalities.

This chapter first explores the critical process of converting continuous visual signals into discrete representa-
tions. Subsequently, it delves into the two primary methodologies for generating these discrete visual tokens
within unified frameworks(As show in figure 4): autoregressive-driven generation and discrete diffusion-driven
generation.

Figure 4: Comparison of Autoregressive and Diffusion Paradigms for unified models with discrete vision
tokens.

4.1 Visual Vector Quantization

A unified multimodal framework hinges on the ability to represent continuous visual signals—such as images,
videos, or spatial-temporal scenes—as discrete sequences of tokens. This transformation enables vision data
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to share the same representational format as language, allowing both understanding and generation to be
handled by a single sequence model. The challenge lies in designing discrete representations that are compact,
expressive, and semantically aligned across modalities.

4.1.1 Preliminary on Vector Quantization

Most discrete visual representations stem from the principle of vector quantization (VQ), first introduced
by VQ-VAE Van Den Oord et al. (2017). In these frameworks, an encoder Enc(·) maps the input x into
a latent feature map z = Enc(x), which is then discretized by replacing each latent vector with its nearest
entry from a learned codebook C = c1, . . . , cM :

Q(zi) = arg min
cj∈C

∥zi − cj∥2.

A decoder Dec(·) reconstructs x̂ = Dec(Q(z)), and the entire system is trained to minimize reconstruction
and commitment losses. This process produces discrete code indices that serve as “visual tokens,” analogous
to word tokens in NLP.

The key challenge in VQ is managing the trade-off between compression and fidelity. VQ-GAN Esser
et al. (2021), for instance, incorporates adversarial and perceptual losses to recover high-frequency details.
Subsequent refinements have focused on common failure modes: hierarchical latents (e.g., VQ-VAE-2 Razavi
et al. (2019)) capture multi-scale features, while various regularization techniques (e.g., Reg-VQ Zhang
et al. (2023a), HC-VQ Volkov (2022)) and re-initialization strategies (e.g., HQA Williams et al. (2020),
CVQ-VAE Zheng & Vedaldi (2023)) are used to prevent codebook collapse. Soft-assignment methods (e.g.,
SQ-VAE Takida et al. (2022), SCQ Gautam et al. (2023)) have also been explored to create richer, less-
constrained representations.

4.1.2 Advanced Variants of Vector Quantization

Residual Vector Quantization (RVQ) decomposes latent vectors into multiple residual stages, pro-
gressively refining quantized codes by quantizing the residual error from previous stages. This hierarchical
approach allows for multi-scale representation, capturing both coarse and fine details Barnes et al. (1996);
Chen et al. (2010). Variants primarily focus on optimizing the stages, such as using hierarchical dependency
(SQ Martinez et al. (2014)), joint optimization (ErVQ Ai et al. (2017)), or subspace clustering (IRVQ Liu
et al. (2015)). Recent approaches like QINCo Huijben et al. (2024) use neural networks to generate the
step-specific codebooks.

Product Quantization (PQ) partitions the latent space into independent subspaces, each with its own
sub-codebook, greatly expanding the effective vocabulary size without linear parameter growth. This method
is particularly efficient for high-dimensional visual data Jegou et al. (2010); Matsui et al. (2018). Extensions
focus on optimizing the subspace decomposition (OPQ Ge et al. (2013), LOPQ Kalantidis & Avrithis (2014)),
enabling online updates (Online PQ Xu et al. (2018)), or making the process differentiable (DPQ Klein &
Wolf (2019), DOPQ Lu et al. (2023b)).

Additive Vector Quantization (AQ) represents vectors as sums of codewords to promote sparsity and
efficiency Babenko & Lempitsky (2014). Variants include LSQ Martinez et al. (2016), which uses iterated
local search for encoding. Recent developments, such as Finite Scalar Quantization (FSQ) Mentzer
et al. (2023) and Lookup-Free Quantization (LFQ) Yu et al. (2023a), avoid explicit codebooks by using
rounding or sign-based decompositions. These approaches (e.g., LFQ as used in MAGVIT-v2 Yu et al.
(2023a)) mitigate codebook collapse and improve training stability, facilitating end-to-end optimization.

4.1.3 Challenges and Future Directions

Challenges. One primary challenge is the codebook collapse problem, where certain visual tokens are
never utilized during training, leading to inefficient representations. This is particularly problematic when
attempting to align visual and language tokens in a unified space. Furthermore, the quantization error
introduced during the conversion of continuous visual signals to discrete tokens can accumulate, affecting
both understanding and generation tasks. This issue is especially prominent in tasks that require high fidelity,
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such as image generation or fine-grained reasoning. Another challenge is the alignment between modalities,
where token granularity may need to be dynamically adjusted depending on the task—fine-grained tokens
for generation and coarser tokens for understanding. The lack of semantic alignment across modalities
can hinder multimodal integration, particularly when visual features do not correspond clearly to textual
representations.

Future Directions. Future work should focus on adaptive quantization mechanisms that adjust token
granularity based on the specific task or modality. Additionally, developing unified token spaces where both
vision and language tokens can co-exist and interact seamlessly will be crucial for improving multimodal
models. Incorporating hybrid encoding schemes that combine discrete tokens with continuous features will
help maintain both high-level semantics and low-level details. Lastly, efforts should be directed towards im-
proving model controllability and explainability, enabling more precise generation and better interpretability
of the model’s decisions.

4.2 Autoregressive-Driven Vision-Language Unifying

The narrative of autoregressive (AR) models in unified multimodal systems unfolds as a compelling extension
of language modeling’s triumphs into the visual realm. Originating from the sequential prediction paradigms
that powered early successes in natural language processing—such as GPT’s next-word forecasting—AR
approaches adapted this causality to visuals, treating images and videos as token streams ripe for step-by-
step construction. This evolution, as chronicled in recent surveys Zhang et al. (2025c); Li et al. (2025a),
marks a pivotal shift: from isolated visual tasks to a harmonious unification where understanding (e.g.,
scene reasoning) emerges as a byproduct of generative prediction. By modeling visuals autoregressively,
these models not only generate coherent outputs but also infer semantics through the very act of forecasting,
bridging the discrete worlds of pixels and words.

The story begins with foundational challenges: how to serialize high-dimensional visuals without losing fi-
delity, and how to fuse them with language for true multimodality. Early AR models tackled pixel-level
generation, but as scales grew, innovations in tokenization and integration propelled unification forward.
This section traces this arc through a structured classification, drawing on Zhang et al. (2025c)’s empha-
sis on AR’s role in large vision models (LVMs) and Li et al. (2025a)’s insights into discrete generative
paradigms. We categorize along three dimensions—representation strategies (encoding strategies), modality
fusion mechanisms, and training methodologies—highlighting key milestones that transformed AR from a
generative tool into a unified powerhouse.

4.2.1 Fundamental Mechanism

Autoregressive visual generators model the joint distribution of a tokenized image x = (x1, x2, . . . , xN ) as

p(x) =
N∏

i=1
p(xi | x<i, c),

where c denotes conditional inputs such as textual prompts, prior visual context, or multimodal embed-
dings. After generating a complete token sequence, a learned decoder (e.g., from a VQ-VAE or VQ-GAN)
reconstructs the final image from discrete code indices. This causal formulation directly parallels the de-
coding process of large language models (LLMs), enabling a unified modeling interface for both textual
and visual outputs. In recent unified models, AR modeling achieves unification by treating understanding
and generation as variants of next-token prediction, naturally bridging discrete visual tokens with linguistic
sequences.

4.2.2 Categories of Unified Autoregressive Models

Autoregressive (AR) unified models differ primarily in how they represent and serialize visual informa-
tion before integration with language tokens. While Chapter ?? introduced the fundamental encoding
paradigms—pixel-based, semantic-based, and hybrid tokenization—this section categorizes representative
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unified AR models according to the encoding strategy they adopt and how it defines their overall modeling
behavior. Each category reflects a distinct trade-off among fidelity, alignment, and efficiency.

(1) Pixel-Token Unified Models. These models treat visual content as sequences of low-level discrete
tokens obtained from pixel-oriented quantizers such as VQ-VAE or VQ-GAN. The tokens are serialized in
raster order and processed autoregressively together with text tokens, forming a fully unified sequence-to-
sequence pipeline. Representative works include Chameleon Team (2024), ANOLE Chern et al. (2024),
Emu3 Wang et al. (2024), UGen Tang et al. (2025), and Liquid Wu et al. (2024a). This design enables fine-
grained visual reconstruction and photorealistic synthesis within a single Transformer backbone. However,
pixel-token unification typically leads to extremely long token sequences—growing quadratically with image
resolution—and the tokens themselves carry limited semantic abstraction. Consequently, while these models
achieve high visual fidelity, they often struggle with cross-modal reasoning, long-context understanding, and
computational scalability.

(2) Semantic-Token Unified Models. A second line of work encodes images using text-aligned encoders
such as CLIP, SigLIP, or EVA-CLIP, transforming them into semantically meaningful discrete embeddings.
In this formulation, both visual and textual tokens inhabit a shared conceptual space, and the AR model
operates directly on semantically aligned sequences. Representative systems include LaViT Jin et al. (2023),
DreamLLM Dong et al. (2023), VL-GPT Zhu et al. (2023b), and MetaMorph Tong et al. (2025). This
paradigm excels in cross-modal understanding and instruction following, as semantic embeddings align nat-
urally with linguistic structure. However, the abstraction that enables strong reasoning also sacrifices spatial
precision and pixel-level controllability, requiring separate diffusion or reconstruction decoders for high-
quality generation. Thus, semantic-token unification emphasizes reasoning and understanding rather than
direct synthesis.

(3) Hybrid-Token Unified Models. Hybrid models aim to combine the complementary strengths of
pixel-level fidelity and semantic-level abstraction by fusing both types of tokens. Two primary variants
exist: (a) pseudo-hybrid systems that employ distinct encoders for different tasks (e.g., semantic tokens
for understanding, pixel tokens for generation), and (b) joint-hybrid systems that deeply integrate both
token types into a single sequence space. Examples include Janus and Janus-Pro Wu et al. (2025); Chen
et al. (2025b), OmniMamba Zou et al. (2025), MUSE-VL, SemHiTok Chen et al. (2025c), and Show-o2 Xie
et al. (2025). These approaches achieve more balanced performance between understanding and generation
and demonstrate improved adaptability across diverse multimodal tasks. Nonetheless, they introduce new
challenges in feature fusion, token redundancy, and training efficiency, as maintaining coherence across
multiple token spaces remains non-trivial.

(4) Summary and Discussion. Autoregressive unified models have demonstrated the feasibility of han-
dling visual and linguistic sequences within a single generative backbone. Yet, their architectural nature
brings several inherent limitations:

• Sequential inefficiency: Token-by-token decoding causes inference latency to scale linearly with
sequence length, which becomes prohibitive for high-resolution visual data.

• Local generation without global refinement: The strictly causal generation process prevents
global feedback or holistic correction, leading to artifacts or incoherent layouts.

• Semantic–structural imbalance: Pixel-token models capture fine details but lack conceptual
grounding, while semantic-token models achieve reasoning at the expense of controllable visual
precision.

These issues motivate the exploration of non-autoregressive paradigms—particularly discrete diffusion mod-
els—that can perform parallel, globally coherent, and semantically consistent generation in a shared
token space. The next section introduces this emerging direction, where discrete diffusion serves as a more
flexible and efficient mechanism for unified vision–language modeling.
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4.3 Discrete Diffusion-Driven Vision–Language Unifying

Foundations. In contrast to the autoregressive (AR) paradigm described in Section 4.2.2, diffusion-based
modeling offers a fundamentally different view of generation. Instead of predicting the next token causally,
diffusion reformulates generation as an iterative denoising process—a trajectory from structured noise to
clean data. This paradigm is inherently non-sequential and global, enabling parallel decoding and holistic
consistency.

Early works on continuous diffusion, such as DDPM and Latent Diffusion Models, have dominated pixel-
level generation. However, extending diffusion to discrete token spaces—essential for unified vision–language
modeling—required a series of conceptual breakthroughs. The seminal D3PM (Discrete Denoising Diffusion
Probabilistic Model) Austin et al. (2021) first introduced a categorical noise formulation:

q(xt | xt−1) = (1 − βt) Cat(xt−1) + βt pnoise(x),

where βt controls the corruption rate and pnoise(x) defines the discrete noise prior (e.g., uniform or absorbing-
state). This formulation preserves the Markovian structure of continuous diffusion while supporting discrete
vocabularies such as text or visual tokens.

Subsequent work, SEDD (Score Entropy Discrete Diffusion) Lou et al. (2023), refined this framework by
introducing entropy-based training objectives for better stability and sample quality, establishing diffusion
as a viable alternative to AR decoding in discrete domains. These advances bridged the conceptual gap
between continuous image diffusion and token-based generative modeling.

Building upon these foundations, LLaDA (Large Language and Discrete Diffusion Alignment) Nie et al.
(2025) demonstrated that discrete diffusion can be scaled to LLM-level architectures. By treating both
textual and visual tokens as elements of a shared categorical vocabulary, LLaDA unified multimodal denoising
under a single Transformer backbone, revealing the potential of diffusion as a non-causal, globally coherent
unifier for multimodal generation.

4.3.1 Fundamental Mechanism.

In unified discrete diffusion, the forward process defines a discrete Markov chain {xt}T
t=0 as above, and

the reverse process—parameterized by a Transformer—predicts pθ(xt−1 | xt) at each step. Two corruption
schemes are dominant:

• Absorbing-state diffusion: Tokens are replaced with a special absorbing symbol such as [MASK]
with probability βt. Once absorbed, a token remains masked until recovered during denoising. This
design yields a well-defined termination state and smooth training dynamics.

• Uniform-state diffusion: Tokens are randomly replaced with uniformly sampled vocabulary items,
producing a fully mixed state as t → T . This variant simplifies the forward process but requires
stronger modeling capacity in the reverse direction.

The model is trained via cross-entropy between predicted and ground-truth clean tokens, which serves as a
discrete analogue of score matching.

From Discrete Diffusion to Unified Multimodality. The key insight enabling unified vision–language
diffusion is that both visual and textual modalities can be represented as discrete tokens—e.g., from VQ-VAE
or semantic tokenizers—thus sharing the same categorical domain. This allows a single diffusion Transformer
to jointly denoise across modalities under full attention, enabling bidirectional information flow between text
and vision. In contrast to AR models, diffusion updates all tokens in parallel at each timestep, facilitating:

• Parallel decoding — multi-token updates significantly reduce inference latency, especially for long
visual sequences.

• Full-context attention — bidirectional attention allows global semantic reasoning and cross-modal
coherence.
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• Iterative global refinement — each denoising step refines prior outputs, ensuring consistent
spatial and semantic alignment.

4.3.2 Evolution of Unified Diffusion Models.

Following the theoretical establishment of discrete diffusion, a new generation of models extended these
ideas into large-scale unified vision–language systems: UniDisc Swerdlow et al. (2025) pioneered the notion
of unified discrete diffusion, introducing a masking-based denoising objective that jointly handles text and
image tokens within one diffusion framework. It demonstrated controllable, non-autoregressive generation
and editing, proving the feasibility of full unification. MMaDA Yang et al. (2025b) advanced this paradigm
toward reasoning-capable multimodal diffusion. By integrating chain-of-thought (CoT) reasoning and textual
guidance during denoising, MMaDA bridged structured cognition and diffusion-based generation. Lumina-
DiMOO Xin et al. (2025) further scaled unified diffusion to the “omni-modeling” level, leveraging fully
discrete tokenization and efficient sampling schemes to achieve high fidelity and sampling speed. Muddit Shi
et al. (2025) focused on improving visual realism by injecting priors from pre-trained text-to-image diffusion
backbones, thus enhancing fidelity while maintaining unified control. Lavida-O Li et al. (2025b) introduced
an Elastic-MoT (Mixture-of-Tasks) architecture that supports high-resolution (1024px) synthesis, object-
level grounding, and compositional reasoning—signaling the maturation of unified discrete diffusion into
scalable multimodal intelligence.

4.3.3 Summary and Outlook.

The progression from foundational discrete diffusion models (D3PM, SEDD) to large-scale unified frame-
works (LLaDA, UniDisc, MMaDA, Lumina-DiMOO, Lavida-O) marks a paradigm shift from sequential to
globally consistent multimodal generation. By reformulating autoregressive prediction as iterative denois-
ing, diffusion-driven unification overcomes key AR limitations—achieving parallel inference, bidirectional
semantic alignment, and iterative refinement within a single generative process. This paradigm not only
provides theoretical elegance but also practical flexibility, supporting diverse tasks such as image synthesis,
captioning, editing, and multimodal reasoning.

Despite these advances, the community surrounding discrete diffusion models is still evolving, and several
challenges remain. Notably, the lack of a mature ecosystem for model training and experimentation means
that getting robust results from scratch can be challenging. Training discrete diffusion models from zero is
often less effective compared to pre-trained models, as the learning process can be highly sensitive to data
quality, model architecture, and hyperparameters. Additionally, scaling models to handle more complex
multimodal tasks can expose issues related to optimization stability and computational efficiency. These
hurdles make it clear that while discrete diffusion is emerging as a powerful tool for holistic, controllable, and
scalable vision-language intelligence, further research and community collaboration are needed to overcome
the current limitations and refine these systems for broader use.

4.4 Challenges of Discrete Unified Models

Discrete visual unified models, while aligning well with LLM architectures, face trade-offs in generative
quality. The use of discrete representations often leads to a loss of fine visual details due to quantization,
resulting in lower fidelity compared to continuous methods. This compromises the sharpness and realism of
generated images.

Additionally, these models can struggle with handling complex visual details that require high-resolution
generation, making them less effective in certain tasks where fine-grained outputs are crucial. Despite
these drawbacks, the alignment with LLMs remains a key advantage, enabling more seamless multimodal
integration and joint reasoning across vision and language tasks.

While these models offer a promising path towards scalable, unified frameworks, further research is needed
to balance the trade-off between quality and multimodal alignment.

16



Under review as submission to TMLR

Table 2: Concise comparison between Autoregressive and Discrete Diffusion paradigms for unified
discrete vision–language models.

Aspect Autoregressive (AR) Discrete Diffusion

Generation Sequential next-token prediction Parallel iterative denoising
Attention Pattern Causal (unidirectional) Full (bidirectional)
Global Consistency Limited; errors accumulate Strong; iterative global refinement
Speed Slow for long visual sequences Faster via parallel updates
LLM Compatibility Naturally aligned with LLM training Requires diffusion-specific objectives
Visual Fidelity High with pixel tokens, but expensive High with global refinement, scalable
Cross-Modal Fusion Via concatenation / causal fusion Joint denoising across modalities
Strengths Simple, unified interface; strong rea-

soning
Coherent synthesis; robust editing abil-
ities

Limitations Sequential bottleneck; weak global
structure

Harder training; less mature ecosystem

5 Datasets and benchmarks

5.1 Datasets for Unified Multimodal Models

A unified multimodal model’s success crucially depends on the diversity and scale of its training data, which
must support both perception and generation. These datasets can be broadly categorized into four major
groups: (1) Multimodal Understanding datasets (e.g., LAION, COYO) for vision–language alignment;
(2) Text-to-Image Generation datasets (e.g., LAION-Aesthetics, Echo-4o-Image) for synthesizing high-
quality visual content; (3) Interleaved Image–Text datasets (e.g., OBELICS, OmniCorpus) for providing
document-level multimodal contexts; and (4) Image Editing datasets (e.g., InstructPix2Pix, AnyEdit) for
controllable manipulation via instructions.

Table 3 summarizes representative datasets across these categories, which are often used in combination.
Unified models typically rely on large-scale understanding corpora for grounding, generative datasets for
synthesis, interleaved data for context reasoning, and editing datasets for controllable manipulation. The
curation, filtering, and balancing of these multimodal datasets remain central to achieving robust unification.

Table 3: Representative Datasets for Unified Multimodal Models
Category Dataset Example Ref. Primary Contribution
Understanding LAION / COYO Schuhmann et al. (2022); Byeon et al. (2022) Massive-scale (billions) web-scraped image-text pairs.

DataComp Gadre et al. (2023) Standardized large-scale (1.4B) data curation benchmark.
LLaVA-OneVision Li et al. (2024b) Large-scale (4.8M) instruction-following data.

Generation LAION-Aesthetics Schuhmann et al. (2022) Filtered subset (120M) for high-quality T2I generation.
AnyWord-3M / CosmicMan Tuo et al. (2023); Li et al. (2024d) Focus on compositional reasoning and character consistency.
Echo-4o-Image / BLIP-3o Ye et al. (2025); Chen et al. (2025a) Instruction-tuned data for unified generative alignment.

Interleaved OBELICS / OmniCorpus Laurençon et al. (2023); Li et al. (2024c) Web-scale (141M / 8B) interleaved image-text documents.
Multimodal C4 Zhu et al. (2023c) Document-level multimodal contexts (101M documents).

Editing InstructPix2Pix Brooks et al. (2023) Paired (image, instruction, edited_image) data.
SEED-Data-Edit / AnyEdit Ge et al. (2024); Yu et al. (2025) Large-scale (3.7M+) instruction-driven edit corpora.
ByteMorph Chang et al. (2025) Fine-grained non-rigid deformation editing examples.

5.2 Benchmarks for Unified Multimodal Models

The evaluation of unified models requires benchmarks that span both understanding and generation. These
benchmarks collectively form a continuous evaluation spectrum from perception to synthesis and are sum-
marized in Table 4. Key evaluation categories include: (1) Understanding, which tests perception and
reasoning (e.g., VQA, SEED-Bench); (2) Image Generation, assessing quality and controllability (e.g.,
DrawBench, T2I-CompBench); and (3) Interleaved Generation, which evaluates the ability to interleave
text and visual reasoning (e.g., InterleavedBench, UniBench).
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Table 4: Key Benchmarks for Unified Multimodal Models
Category Benchmark Example Ref. Primary Evaluation Focus
Understanding VQA / OK-VQA Antol et al. (2015); Marino et al. (2019) Visual question answering (standard and knowledge-based).

MM-Vet / SEED-Bench Yu et al. (2023b); Li et al. (2023a) Multi-domain, fine-grained multimodal comprehension.
MathVista / General-Bench Lu et al. (2023a); Fei et al. (2025) General-purpose reasoning (visual, textual, mathematical).

Generation DrawBench / PartiPrompts Saharia et al. (2022); Yu et al. (2022) Prompt fidelity and complex scene composition.
T2I-CompBench Huang et al. (2023) Compositional reasoning (e.g., attributes, spatial relations).
GenAI-Bench / WorldGenBench Li et al. (2024a); Zhang et al. (2025a) Standardized protocols for T2I generation quality.

Interleaved InterleavedBench Liu et al. (2024) Human-curated samples of interleaved text and images.
OpenLEAF / OpenING An et al. (2023); Zhou et al. (2025) Open-domain query-response and mixed-modality generation.
UniBench Li et al. (2025c) Fine-grained evaluation of text-image-text compositions.

Editing / Other MagicBrush Zhang et al. (2023b) Instruction-based real-image editing.
DreamBench++ Peng et al. (2024) Subject-driven and identity-consistent generation.
VTBench Lin et al. (2025) Visual tokenizer reconstruction quality (for discrete models).

Table 5: Comparison of unified multimodal models with continuous and discrete vision tokens for zero-shot
understanding across multiple datasets. Bold is best and underline is second best.

Model VQAv2 OK-VQA GQA NoCaps Flickr MMMU MMB MME-P
continuous vision tokens

BLIP-2 Li et al. (2023b) 65.0 45.9 44.7 121.6 97.6 - - -
Emu Sun et al. (2023b) 52.0 38.2 - 96.5 72.0 - - -
Emu-I Sun et al. (2023b) 57.2 43.4 - 108.8 77.4 - - -
SEED-LLaMA Li et al. (2023a) 44.2 29.2 - - - - - -
SEED-LLaMA-I Ge et al. (2024) 66.2 45.9 - - - - - -
Nexus-Gen 7B Zhang et al. (2025b) 79.3 - - - - 45.7 - 1602.3
LLaVAFusion Zhou et al. (2024) - - - - - 41.7 - 1603.7
BAGEL Deng et al. (2025) - - - - - 43.2 79.2 1610

discrete vision tokens
Chameleon-MultiTask Team (2024) 69.6 - - - 76.2 - - -
Emu3 Wang et al. (2024) 75.1 - 60.3 - 76.2 31.6 58.5 1243.8
Liquid Wu et al. (2024a) 68.0 - 56.1 - - - - 1119.3
LaViT Jin et al. (2023) 66.0 54.6 46.8 114.2 83.0 - 58.0 -
Dream-LLM Dong et al. (2023) 56.6 44.3 46.8 114.2 83.0 - - -
VL-GPT Zhu et al. (2023b) 51.7 35.8 34.6 - - - - -
Janus Wu et al. (2025) 51.7 35.8 34.6 - - 30.5 69.4 1338.0
SemHiTok Chen et al. (2025c) - - 60.3 - - 39.3 72.3 1449.0
show-o Xie et al. (2025) 69.4 - 58.0 - 62.5 26.7 - 1097.2
show-o2 Xie et al. (2025) - - 63.1 - - 48.9 79.3 1620.5
MMaDA Yang et al. (2025b) 76.7 - 61.3 - 67.6 30.2 68.5 1410.7

5.3 Comparative Analysis of unified models on Evaluation Tasks

Table 5 presents the performance of unified multimodal models with continuous and discrete vision tokens
across a diverse set of multimodal understanding benchmarks, including VQAv2Antol et al. (2015), OK-
VQAMarino et al. (2019), GQAHudson & Manning (2019), NoCapsAgrawal et al. (2019), Flickr30KYoung
et al. (2014), MMMUYue et al. (2023), MMBLiu et al. (2023), and MME-PFu et al. (2023).The results reveal
that models based on continuous vision tokens, such as BLIP-2, Emu, and Emu-I, generally show stronger
capability on captioning-oriented tasks, with BLIP-2 achieving the highest CIDEr and TR@1 scores on
NoCaps and Flickr respectively. Meanwhile, Nexus-Gen and BAGEL demonstrate competitive performance
on broader reasoning benchmarks such as MMMU and MME-P. In contrast, discrete-token models—including
LaViT, Emu3, and show-o2—excel on structured reasoning tasks such as GQA, MMMU, and MMB, with
show-o2 achieving the strongest overall results across multiple metrics.

Table 6 compares representative models on the GenEval Bakhtin et al. (2018) benchmark for evaluating text-
to-image generation ability. Continuous-token models such as SEED-X, Nexus-Gen, GPT-4o, and BAGEL
achieve strong object-level fidelity, accurate color rendering, and stable attribute control, with BAGEL and
GPT-4o delivering consistently high scores across most categories. In contrast, discrete-token models, in-
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Table 6: Evaluation of text-to-image generation ability on GenEval benchmark. Bold is the best and
underline is the second best.

Method Single Obj. Two Obj. Counting Colors Position Color Attri. Overall↑
continuous vision tokens

SEED-X Ge et al. (2024) 0.97 0.58 0.26 0.80 0.19 0.14 0.49
Nexus-Gen Zhang et al. (2025b) 0.99 0.86 0.53 0.85 0.78 0.59 0.77
GPT-4o Hurst et al. (2024) 0.99 0.92 0.85 0.92 0.75 0.61 0.84
BAGEL Deng et al. (2025) 0.99 0.94 0.81 0.88 0.64 0.63 0.82
Skywork unipic Wang et al. (2025b) 0.98 0.92 0.74 0.91 0.89 0.72 0.86

discrete vision tokens
Chameleon Team (2024) - - - - - - 0.39
Emu3-Gen Wang et al. (2024) 0.99 0.81 0.42 0.80 0.49 0.45 0.66
Janus-Pro-7B Chen et al. (2025b) 0.99 0.89 0.59 0.90 0.79 0.66 0.80
Janus Wu et al. (2025) 0.97 0.68 0.30 0.84 0.46 0.42 0.61
show-o Xie et al. (2025) 0.98 0.80 0.66 0.84 0.31 0.50 0.68
show-o2 Xie et al. (2025) 0.99 0.86 0.55 0.86 0.46 0.63 0.73
MMaDA Yang et al. (2025b) 0.99 0.76 0.61 0.84 0.20 0.37 0.63
Lumina-DiMOO Xin et al. (2025) 1.0 0.94 0.85 0.89 0.85 0.76 0.88

Table 7: Performance comparison on the unified understanding and generation benchmark WISE. Bold
indicates the best result and underline indicates the second best.

Model Cultural Time Space Biology Physics Chemistry Overall

continuous vision tokens
VILA-U-7b-256 Lin et al. (2023) 0.26 0.33 0.37 0.35 0.39 0.23 0.31
MetaQuery-XL Pan et al. (2025) 0.56 0.55 0.62 0.49 0.63 0.41 0.55
GPT-4o Hurst et al. (2024) 0.81 0.71 0.89 0.83 0.79 0.74 0.80
BAGEL Deng et al. (2025) 0.44 0.55 0.68 0.44 0.60 0.39 0.52
BAGEL w/ Self-CoT Deng et al. (2025) 0.76 0.69 0.75 0.65 0.75 0.58 0.70

discrete vision tokens
Janus-1.3B Wu et al. (2025) 0.16 0.26 0.35 0.28 0.30 0.14 0.23
JanusFlow-1.3B Wu et al. (2025) 0.13 0.26 0.28 0.20 0.19 0.11 0.18
Janus-Pro-1B Wu et al. (2025) 0.20 0.28 0.45 0.24 0.32 0.16 0.26
Janus-Pro-7B Wu et al. (2025) 0.30 0.37 0.49 0.36 0.42 0.26 0.35
Liquid Wu et al. (2024a) 0.38 0.42 0.53 0.36 0.47 0.30 0.41
Emu3 Wang et al. (2024) 0.34 0.45 0.48 0.41 0.45 0.27 0.39
Orthus-7B-base Kou et al. (2024) 0.07 0.10 0.12 0.15 0.15 0.10 0.10
Orthus-7B-instruct Kou et al. (2024) 0.23 0.31 0.38 0.28 0.31 0.20 0.27
Show-o-demo Xie et al. (2025) 0.28 0.36 0.40 0.23 0.33 0.22 0.30

cluding Emu3-Gen, Janus-Pro-7B, show-o2, and Lumina-DiMOO, exhibit superior compositional generation
and multi-object reasoning ability, with Lumina-DiMOO obtaining the highest overall score on GenEval.

Table 7 further compares unified models on the WISE Niu et al. (2025) benchmark. It is a unified benchmark
that evaluates reasoning and generation within a single evaluation protocol. Models based on continuous
vision tokens consistently outperform their discrete-token counterparts across most evaluation dimensions,
particularly in spatial, temporal, and physics-related reasoning. Among them, GPT-4o achieves the best
overall performance, indicating the strong advantage of tightly coupled reasoning and generation under
continuous visual representations. In contrast, models relying on discrete vision tokens, such as the Janus and
Orthus series, generally lag behind, suggesting that discretization may introduce representational bottlenecks
that hinder joint reasoning–generation performance on WISE.

5.4 Challenges and Future Directions in Benchmarking

Despite the growing diversity of benchmarks, the evaluation of unified multimodal models remains frag-
mented. Existing benchmarks are often modality-imbalanced (neglecting audio or video), and automated
metrics (e.g., FID, CLIP) fail to capture compositional correctness or factual grounding. Most benchmarks

19



Under review as submission to TMLR

still adopt static, single-turn tasks, whereas real-world unified agents require evaluation in dynamic, inter-
active, and long-horizon multimodal contexts. Future benchmarking should move toward open, adaptive
frameworks that integrate human–AI co-evaluation, contextual reasoning, and unified scoring across percep-
tion, reasoning, and generation. Such comprehensive benchmarks will be key to tracking genuine progress
toward general-purpose multimodal intelligence.

6 Challenges and opportunities

The development of unified multimodal models that integrate both understanding and generation remains
in its infancy. While recent advances have demonstrated the feasibility of bridging autoregressive (AR) and
diffusion paradigms, significant challenges persist across architectural, algorithmic, and data dimensions.
In particular, it remains unclear whether multimodal understanding and generation constitute competing
objectives that impose unavoidable trade-offs, or whether they can be jointly optimized in a synergistic
manner as model capacity and data scale increase. At the same time, these challenges open new opportunities
for innovation and cross-domain applications.

6.1 Whether Understanding and Generation Tasks Improve Each Other?

A central question in unified multimodal modeling is whether visual understanding and visual generation
inherently compete for model capacity, or whether they can instead reinforce each other under appropriate
design choices. Early multimodal systems often treated understanding and generation as loosely coupled or
sequential processes, assuming that joint training would lead to negative interference. However, recent fully
unified models Tong et al. (2025) Wu et al. (2024a) An et al. (2025) Zhu et al. (2023b) provide increasing
evidence that understanding and generation are not independent capabilities, but can mutually reinforce
each other when jointly optimized.

Liquid Wu et al. (2024a)reveal that a trade-off between language generation and visual generation does
exist at smaller model scales, where limited representational capacity constrains simultaneous optimization.
Notably, this trade-off is not fixed. As model size increases, the performance gap between unimodal and
unified training progressively narrows, and in some cases nearly vanishes.

Liquid Wu et al. (2024a) further conduct controlled experiments, showing that adding understanding data
consistently improves generation performance, while incorporating generation data also enhances under-
standing metrics under the same baseline. It attributes this phenomenon to the alignment of optimization
objectives within a unified multimodal space. UniCTokens An et al. (2025) confirms this trend by systemat-
ically comparing unified models against understanding-only and generation-only counterparts, showing that
unified training yields superior performance, particularly on tasks requiring semantic understanding and
generation consistency.

Similarly, MetaMorph Tong et al. (2025) reports strong bidirectional gains: fixing the amount of generation
data and increasing VQA data improves both understanding and generation, and vice versa. Notably, joint
training significantly improves sample efficiency for generation, enabling models to acquire stable visual
token generation with only a few thousand generation samples.

These results suggest that understanding and generation share substantial underlying structures, including
vision–language alignment, semantic consistency constraints, and visual token formation mechanisms. Un-
derstanding tasks provide structured semantic supervision that stabilizes and constrains generation, while
generation tasks force models to explicitly model fine-grained visual attributes and compositional details that
are often underrepresented in understanding-only training. When optimized within a shared representation
space, these two processes form a positive feedback loop, alleviating information sparsity and representation
bias commonly observed in single-task training.

Significantly, MetaMorph further analyze the issue of whether certain visual understanding tasks correlate
more strongly with generation performance. They reveals that tasks emphasizing general visual comprehen-
sion and vision-centric grounding exhibit the strongest correlation with visual generation quality, whereas
knowledge-heavy understanding tasks contribute comparatively weaker gains. This finding indicates that
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visual generation benefits primarily from understanding signals that reinforce perceptual alignment and
grounded visual representations, rather than relying on abstract or symbolic reasoning alone.

Generally , these findings challenge the conventional view that understanding and generation are competing
objectives. Instead, they support a unifying perspective in which understanding and generation become
complementary processes under sufficient model capacity and aligned modality representations. From this
standpoint, their mutual reinforcement is not an incidental artifact of training, but a natural consequence
of unified multimodal modeling.

6.2 Challenges

Building upon the advances reviewed in the previous sections, this part focuses on the major challenges that
remain unresolved in developing unified multimodal understanding and generation models. These challenges
reveal the current limitations of existing methods and highlight areas where further innovation is required.

1) Visual Tokenization and Representation. A core difficulty lies in effectively representing visual
information in a tokenized form suitable for autoregressive generation. Discrete tokenization methods based
on VQ-VAE or VQ-GAN enable alignment with textual tokens but often sacrifice fine-grained visual details.
Conversely, continuous representations preserve semantic richness but complicate sequence modeling and de-
coding. Achieving a unified tokenization scheme that balances efficiency, fidelity, and semantic expressiveness
remains an open problem.

2) Architectural Divergence Between Understanding and Generation. Multimodal understanding
models are primarily autoregressive, focusing on sequential reasoning and text prediction, whereas visual
generation models rely heavily on diffusion processes for iterative denoising and synthesis. These fundamen-
tally different modeling paradigms challenge architectural unification. Designing hybrid models that can
seamlessly switch or jointly optimize both reasoning and generation remains a key research frontier.

3) Cross-Modal Alignment and Attention Mechanisms. Unified models must integrate heterogeneous
modalities—text, image, video, and possibly audio—within a shared latent space. Scaling cross-modal atten-
tion to high-resolution visual inputs introduces substantial computational and memory overhead. Further-
more, maintaining semantic coherence across modalities, especially in complex tasks like instruction-based
image generation or multimodal reasoning, poses an additional challenge.

4) Data Scarcity and Benchmark Limitations. Constructing large-scale, high-quality datasets that
jointly support understanding and generation tasks is still difficult. Existing datasets are either biased toward
single-modal tasks (e.g., captioning or VQA) or limited to generative tasks (e.g., text-to-image). Moreover,
there is a lack of standardized benchmarks that simultaneously evaluate reasoning accuracy, visual quality,
and cross-modal consistency. Comprehensive evaluation frameworks are urgently needed.

5) Computational Cost and Scalability. Unified multimodal models require vast computational re-
sources due to their multimodal encoders, diffusion decoders, and autoregressive backbones. Training such
large-scale systems demands extensive data and compute budgets, which limits accessibility and reproducibil-
ity. Efficient architectures, model compression, and modular training pipelines are essential for scalable
deployment.

6.3 Opportunities

Despite these challenges, the pursuit of unification offers remarkable opportunities for advancing multimodal
AI research and applications.

1) Toward General-Purpose Multimodal Intelligence. A successful unified model can both understand
and generate multimodal content, enabling end-to-end perception and creation within a single framework.
Such models could serve as general-purpose agents capable of reasoning over complex visual scenes and
producing coherent, high-quality visual outputs in response.

2) Emergent Capabilities Through Modality Fusion. Unifying understanding and generation may
yield emergent capabilities that neither paradigm can achieve alone. For instance, reasoning-augmented
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image generation can improve semantic controllability, while generation-enhanced understanding can enable
visual imagination and explanation in natural language reasoning tasks.

3) Architectural Innovation. The coexistence of autoregressive and diffusion mechanisms encourages the
exploration of new hybrid frameworks that leverage the strengths of both paradigms. Promising directions
include bidirectional AR-diffusion coupling, shared latent token spaces, and unified decoders capable of
multimodal synthesis.

4) Advancement of Datasets and Evaluation Protocols. The unification trend motivates the construc-
tion of novel datasets encompassing both understanding and generation signals, as well as comprehensive
benchmarks evaluating semantic accuracy, visual quality, and reasoning consistency. This will foster more
standardized and comparable research progress.

5) Practical Applications and Ecosystem Growth. Unified models are poised to power next-generation
applications in interactive AI, visual storytelling, robotics, design, and education. Their ability to reason
and generate across modalities will enable seamless multimodal interaction and content creation, expanding
the reach of AI systems into creative and scientific domains.

6.4 Summary

In summary, while unified multimodal understanding and generation models face nontrivial challenges in
representation, architecture, data, and scalability, they also present transformative opportunities for the
future of AI. Continued exploration of hybrid architectures, efficient training strategies, and standardized
evaluation will accelerate progress toward truly general multimodal intelligence.
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