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(a) Late-Fusion A decoupled “connect-and-
generate” paradigm with independent encoders, 
relying on a grafted output head for generation.

(b) Mid-Fusion An integrated framework 
where model gains cross-modal insight, but it 
maintains explicit modality-aware boundaries.

(c) Early-Fusion A unified born-native paradigm 
where all modalities are processed by a native 
transformer in a shared embedding space.
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Figure 1: A sketched overview of the evolutionary landscape in the paradigms of multimodal modeling. In the
final stage, the model achieves a born-native state where all modalities are processed within a unified transformer
space, facilitating symmetric multi-to-multi understanding and generation.

Abstract

Multimodal modeling represents a vital step
from modality-agnostic reasoning toward
world modeling. While early approaches pre-
dominantly rely on late-fusion that assem-
bles encoders and frozen language backbones
with output heads, recent efforts have shifted
the paradigm toward native multimodal mod-
eling (NMM) with the intrinsic integration
of modalities for superior multimodal per-
formance. Despite its potential, the design
space of native architectures remains insuf-
ficiently defined. In this paper, we present
the community with a formalized roadmap
for this transition. Specifically, we formally
define the architectural nativity, distinguish-
ing mid-fusion and early-fusion from non-
native paradigms. We further organize the
existing native models through the lens of
input-output duality into three categories: (i)
Multi-to-Text for cross-modal comprehension
with text-only output; (ii) Multi-to-Target for
scenario-oriented generation, e.g., image, au-
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dio, and video generation, and (iii) Multi-
to-Multi for unified modeling with symmet-
ric input-output. We systematically unpack the
end-to-end pipeline from industrial perspec-
tives from: architectural coordination, massive
data curation, to full-stack training recipes, in-
ference&deployment, and evaluation. Finally,
based on our assessment of native multimodal
development trends, we provide a forward-
looking perspective on its future trajectory.

1 Introduction

Large language models (LLMs) show remarkable
intelligence (Lu et al., 2025; Dong et al., 2024b;
Liu et al., 2024a; Bai et al., 2023), yet they remain
bottlenecked by a text-only interface (Qwen Team,
2025b; Wang et al., 2025d). Bridging this gap is
a precondition for moving from modality-agnostic
text processors toward holistic world models (Yin
et al., 2023; Dong et al., 2024d). Early multi-
modal systems pursued this goal via late-fusion,
modularly assembling pre-trained encoders with
frozen language backbones through shallow pro-
jectors (Zhang et al., 2024b; Lu et al., 2024; Wu
et al., 2025b). Such non-native compositions in-
herit a fundamental blindness: shallow connectors
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cap cross-modal interaction depth and preclude
true synergy across data forms.

Recent efforts have catalyzed a paradigm shift
toward native multimodal modeling (NMM) (Kimi
Team et al., 2026; Cui et al., 2025; Deng et al.,
2025; DeepSeek-AI, 2025; Xie et al., 2025a),
where multiple modalities are intrinsically inte-
grated into the core architecture rather than bolted
on as adapters. The design space is exploding with
diverse approaches: deep feature injection, uni-
fied tokenization, hybrid AR-diffusion, and more.
However, the community still lacks a structured
account of what makes a model native and the key
architectural drivers for different applications.

In this paper, we provide a comprehensive
formalization of the NMM landscape by distin-
guishing two primary native regimes by integra-
tion depth. Mid-fusion is a naturally interactive
regime where features from distinct encoders are
injected into a joint multimodal backbone, keep-
ing the model insightful across modalities while
maintaining explicit modality-aware boundaries;
representative pioneers include CogVLM (Wang
et al., 2023a) and Qwen-Audio (Chu et al., 2023),
with the paradigm now scaling to systems such
as Qwen3-VL (Qwen Team, 2025b), InternVL-
3.5 (Wang et al., 2025d), GLM-5V-Turbo (Hong
et al., 2026), and Kimi K2.5 (Kimi Team et al.,
2026). Early-fusion is a convergent regime where
all modalities equivalently pass through one uni-
fied backbone, explored by Transfusion (Zhou
et al., 2024a), Chameleon (Chameleon Team,
Meta AI, 2024), and AnyGPT (Zhan et al., 2025),
achieving omnipresent synergy.

Building on this structural taxonomy, we orga-
nize the existing NMM ecosystem through the lens
of input-output duality into three functional cate-
gories that capture the full spectrum of modality
flows. (i) Multi-to-Text (M2T) unimodal gen-
eration grounds cross-modal inputs into purely
linguistic responses for reasoning, with repre-
sentatives such as Nemotron3-Nano-Omni (Desh-
mukh et al., 2026), MiMo-V2.5 (Xiaomi MiMo
Team, 2026), VITA (Fu et al., 2025c; Shen et al.,
2025), and MiniCPM-V-4.6 (Yu et al., 2025b).
(ii) Multi-to-Target (M2G) scenario-based gen-
eration directly synthesizes modality-specific out-
puts from native representations, exemplified by
video generators such as Wan2.2 (Wan Team,
2025), HunyuanVideo-1.5 (Wu et al., 2025a), and
Kling-Omni (Kling Team, 2025), and speech-
centric frameworks such as VITA-Audio (Long

et al., 2025), OmniVoice (Zhu et al., 2026a),
and MiniCPM-o-4.5 (Cui et al., 2026). (iii)
Multi-to-Multi (M2M) symmetric modeling es-
tablishes a single network in which understand-
ing and generation naturally coexist, ranging from
early formulations such as Moshi (Défossez et al.,
2024) and Emu3.5 (Cui et al., 2025) to inter-
leaved or bidirectionally unified systems includ-
ing BAGEL (Deng et al., 2025), Show-o2-7B (Xie
et al., 2025a), Janus-Pro (DeepSeek-AI, 2025),
and Mamoda2.5 (Shi et al., 2026a). A compre-
hensive inventory of 40+ recent native releases is
provided in Table 2 of the appendix.

Contributions.

• Problem Formalization. We first
present the formal, systemic definition of
NMM, establishing a principled structural
taxonomy based on integration depth, i.e.
{mid-, early-} fusion and input-output duality,
i.e., Multi-to-{Text, Target, Multi} to clarify the
fragmented design space.

• Technological Roadmap. We systemat-
ically analyze the full lifecycle of NMM, ex-
tracting and characterizing the core modal bot-
tlenecks and cross-cutting technical solutions
across architectural designs (§3), data curricula
(Appendix §B), training strategies (§4), infer-
ence deployment (Appendix §D), and holistic
evaluation (§5).

• Future Outlook. We carefully provide em-
pirical insights from state-of-the-art implemen-
tations and paradigms to deliver a visionary pro-
jection of future trajectories (Appendix §F), sug-
gesting crucial strategic directions for the evolu-
tion toward advanced NMM.

2 Task Formalization

2.1 What is Native? Formalizing
Cross-modal Fusion Nativity

We establish a rigorous boundary for native mul-
timodal modeling through a set of functional op-
erators. Let M = {m1, . . . ,mn} be the input
modality set. We denote Ei as modality-specific
encoders, Pi as projection layers, and T as a
unified tokenization operator. The Late-Fusion
paradigm, i.e., modular assembling (Zhang et al.,
2024b; Lu et al., 2024; Wu et al., 2025b), is
defined as Flate = G(LLM({Pi(Ei(mi))}ni=1)),
where the backbone remains blind to raw sensory
signals and relies on a grafted output head G.
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We exclude such post-hoc alignment schemes
from native modeling, defining NMM as a
paradigm where multimodal synergy is an intrin-
sic architectural property, with two regimes:

Multi-to-Text Unimodal Understanding

Output

Multi-to-Target Scenario-oriented Generation

Multi-to-Multi Symmetric Modeling

Multi-
Modality

Input

👁 A breach is occurring in the 5th server room […],
👂 preceding […] hardware alarm in the audio […].
🧠 Next Step: Intercept […] and check access logs.

Video 
Generation

Audio
Generation

Seedream 3.0
HiDream-O1-Image…

OmniVoice
MiniCPM-o-4.5…

Kling-Omni
HunyuanVideo-1.5…

Image
Generation

Unified Understanding-Generation Duality

Figure 2: Illustrative examples of three primary NMM
architectures considering input-output duality.

Mid-Fusion, defined as Fmid =
Backbone(C(E1(m1), . . . , En(mn))), with C
a cross-modal alignment/injection operator
(cross-attention, deep adapters). Modality fea-
tures are injected into intermediate layers of a
joint backbone: the model becomes insightful
across modalities yet remains modality-aware due
to the structural asymmetry between pre-trained
encoders Ei and the central backbone.

Early-Fusion, the pinnacle of native synergy, is
Fearly = Transformer(

⋃
i T (mi)). By bypassing

independent encoders, all modalities are mapped
by T into a single shared embedding space from
the outset. This born-native architecture acts as an
ideally unified world model that treats all modali-
ties as fundamentally equivalent tokens.

2.2 How Native? Taxonomy by Architectural
Symmetry

Beyond fusion depth, the degree of native ca-
pability is bounded by the input-output modality
flow. We map the landscape into three progressive
paradigms, illustrated in Figure 2.

Multi-to-Text (M2T) Unimodal Generation:
an asymmetric comprehension scheme FM2T :
M → T with T ∈ M the text modality. The
model ingests interleaved cross-modal streams
and collapses the multimodal hidden states into
a single linguistic space; the bottleneck is cross-

modal alignment and perceptual grounding rather
than textual synthesis.

Multi-to-Target (M2G) Scenario-based Gen-
eration: an asymmetric synthesis scheme FM2G :
M → yk with yk ∈ M a single non-textual tar-
get (e.g., video, audio). Native M2G architectures
decode the target directly from native hidden rep-
resentations, ensuring high cross-modal semantic
coherence and avoiding non-native grafting.

Multi-to-Multi (M2M) Symmetric Modeling:
a fully symmetric flow FM2M : Min → Mout

with arbitrary co-existing modality combinations
on either side. Separate perceptors and render-
ers disappear; the model unifies understanding and
generation into a single, end-to-end Transformer
pipeline. This eliminates the informational bot-
tlenecks of asymmetric architectures and enabling
fluid any-to-any intelligence.

3 Model Architecture

NMM systems assign distinct functional roles to
comprehending and generating different modal-
ities. We organize this section by the input–
output duality (M2T/M2G/M2M) summarized in
Section 2; orthogonally, each functional category
spans both mid-fusion and early-fusion regimes.
A unified taxonomy of architectural variants and
representative models is shown in Figure 3, which
acts as the visual carrier for the leaf-level tech-
niques discussed below. Per-modality detail and
per-model write-ups are deferred to Appendix A.

3.1 M2T Unimodal Generation

M2T models ingest multimodal inputs and emit
text-only output, focusing on cross-modal com-
prehension and reasoning.
Image Comprehension faces three core chal-
lenges: Modality Unification, Multi-image Rea-
soning, and Multi-scale Encoding. Continu-
ous projection dominates over discrete quan-
tization for unification, split between vision-
encoder-based fusion and unified stream mapping.
Multi-image reasoning combats attention satura-
tion via extreme visual compression, deep feature
alignment, advanced positional encodings (e.g.,
iRoPE/p-RoPE), and perception-reasoning decou-
pling. Multi-scale encoding for non-standard as-
pect ratios is addressed by structure-aware tiling,
dimension-decoupled 2D-RoPE, semantic-driven
resampling, and resolution-agnostic projection.
Audio Comprehension faces two core chal-
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M2T Unimodal
Generation
(§3.1)

Image
Comprehension

Modality Unification
Vision-Encoder-Based Fusion Llama-4-Scout/Maverick, Kimi K2.5, Gemma-4-31B

Unified Stream Mapping Qwen3.6, Nemotron3-Nano-Omni

Multi-image Reasoning

Extreme Visual Compression Kimi K2.5, InternVL-3.5

Deep Feature Alignment Qwen2.5-VL, Qwen3-VL, CogVLM

Advanced Positional Encoding Llama-4-Scout/Maverick, Gemma-4-E4B

Perception-Reasoning Decoupling MiMo-V2.5, GLM-5V-Turbo

Multi-scale Encoding

Structure-Aware Tiling InternVL-3.5, MiniCPM-V-4.6

Dimension-Decoupled Positional Encoding Qwen3-VL, GLM-5V-Turbo

Semantic-Driven Resampling InternVL-3.5

Resolution-Agnostic Projection Gemma-4-31B, Llama-4-Maverick

Audio
Comprehension

Semantic-Acoustic Conflict MiMo-V2.5, Gemma-4-E4B

High Latency & Computation. Gemma-4-E4B, Nemotron-3-Nano-Omni

Video
Comprehension

Computational Explosion
Compression & Feature Aggregation Kimi K2.5, GLM-5V-Turbo

Dynamic Token Allocation InternVL-3.5, Gemma-4-31B

Temporal & Logical Inconsistency
Temporal Coordinate Encoding Qwen3.6, Qwen3-VL

Explicit Time Tokens GLM-5V-Turbo

Long-range Dependency
Modular Long-Term Memory InternLM-XComposer2.5

Distributed Clustering Long-VITA, Kimi K2.5

M2G Scenario-
based Generation
(§3.2)

Image
Generation

High Visual Fidelity Ming-Flash-Omni-2.0

Compositional Controllability Seedream3.0, HiDream-O1-Image

Audio
Generation

Semantic-prosody Alignment LTX-2, CosyVoice

Latency Control VITA-Audio, Qwen3-Omni, GLM-4-Voice, MiniCPM-o 4.5

Reasoning-Streaming Synergy Ming-Flash-Omni 2.0, Qwen3.5-Omni

Video
Generation

Physics Understanding
Training with Explicit Physics Rules Wan2.2

Implicit Emergence via Intelligent Reasoning Kling-Omni, HunyuanVideo-1.5

Token Explosion
Extreme Spatiotemporal VAE Compression LTX-2.3, Wan2.2

Dynamic Sparse Attention Pruning HunyuanVideo-1.5, Ming-Flash-Omni-2.0, Seedream 3.0

Audio-visual Alignment
Strict Audio-Visual Anchoring via Unified Timelines MiniCPM-o 4.5, Qwen3-Omni

Synchronous Generation via Deep Architectural Coupling LTX-2.3, Seedance 2.0, OmniVoice

M2M Modeling
(§3.3)

Fully Discretized Unified
Loss from Discretizing LongCat-Next, Moshi, AnyGPT

Competition-Driven Latency Chameleon, LLaDA2.0-Uni, Emu3.5

Modality-Specificity Preserving

Comprehension-Generation Dilemma
Physical Decoupling Janus-Pro, BAGEL

Encoder-Free Modeling TUNA-2, SenseNova-U1

Bridging AR and Diffusion Transfusion, Show-o2, OneCAT-3B, Mamoda2.5

Figure 3: A hierarchical taxonomy of the major technical challenges, core design axes, and representative NMM
systems (as listed in Table 2), which is derived from the discussion in Section 3.

lenges: Semantic-Acoustic Conflict and High La-
tency & Computation. The conflict between
continuous audio and discrete text is resolved
through hierarchical RVQ disentanglement, con-
tinuous Conformer-based spectrogram encoding,
or non-linear MLP alignment of deep acoustic fea-
tures. Latency is mitigated by aggressive tempo-
ral compression, convolutional subsampling with

dynamic frame skipping, and linear-complexity
Mamba–Transformer hybrid MoE backbones.

Video Comprehension expands the input space
from H×W to T×H×W , triggering three chal-
lenges: Computational Explosion, Temporal/Log-
ical Inconsistency, and Long-range Dependency.
Token explosion is countered by spatiotempo-
ral patch packing and dynamic semantic-density
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routing; temporal awareness is restored via 3D-
decomposed RoPE or explicit time tokens; hour-
long streams are handled by modular long-term
memory or agent-swarm distributed clustering.

3.2 M2G Scenario-based Generation

M2G systems decode a single non-textual target
modality directly from native hidden states, re-
placing piecemeal LLM-plus-diffusion pipelines.
Image Generation confronts High Visual Fidelity
and Compositional Controllability. Fidelity is im-
proved by unifying Transformer and Diffusion in
a shared latent space through mask-aware dis-
crete diffusion, where hidden layers jointly predict
the next text token and emit continuous features
that guide denoising, reducing in-image artifacts
such as misspellings. Controllability under multi-
entity prompts is addressed by spatial ground-
ing mechanisms such as cross-modality RoPE and
coordinate-aware layout projection.
Audio Generation faces three core challenges
of Semantic-Prosody Alignment, Latency Control,
and Reasoning-Streaming Synergy. Continuous
latent mapping through cross-attention or decou-
pled semantic-acoustic streams with flow match-
ing yields higher fidelity than discrete predic-
tion, while discrete tokenization via multi-token
prediction, single-codebook designs with ASR-
augmented VQ, and aggressive compression keeps
latency low. Reasoning-streaming synergy is re-
alized by Thinker-Talker decoupling, unified AR-
DiT heads, and thinking-in-speaking interleaving.
Video Generation confronts Physics Understand-
ing, Token Explosion, and Audio-visual Alignment.
Physics emerges either through explicit RL penal-
ties on Newtonian violations or implicitly from
massive caption-aligned video corpora. Token ex-
plosion is contained by extreme spatiotemporal
VAE compression as well as dynamic sparse at-
tention pruning with modality-routed MoE. Sub-
frame audio-visual synchronization is enforced
by unified-timeline anchoring through absolute-
time RoPE and full-duplex frameworks, or by
deep cross-modal coupling through bidirectional
bridges, cross-modal AdaLN, and codec-based
non-AR mapping.

3.3 M2M Symmetric Modeling

M2M models comprehend and generate multi-
ple modalities symmetrically, splitting into two
camps: Fully Discretized Unified and Modality-
Specificity Preserving.

Fully Discretized Unified architectures offer ex-
treme simplicity but suffer from Loss from Dis-
cretizing and Competition-Driven Latency. The
first is mitigated by semantically faithful tok-
enizers, including co-evolved codebooks jointly
trained with language tokens, RVQ codecs dis-
tilled toward self-supervised semantic targets,
and modality-specialized tokenizers. The second
arises from exploding logits and slow AR decod-
ing when text and visual or audio tokens compete
in one softmax, and is addressed by QK-Norm,
sprint inference with adaptive unmasking, and
discrete-diffusion parallel decoding that achieves
around 20× image speedup.

Modality-Specificity Preserving architectures
keep continuous features and hybrid losses such
as AR for text and Diffusion for images, con-
fronting the Comprehension-Generation Dilemma
and Bridging AR and Diffusion. The dilemma
between compressed semantics and fine-grained
pixels is resolved by physical decoupling through
per-task encoders and MoT hard routing, or by
encoder-free designs that feed raw patches in. AR
and Diffusion are bridged by unified Transformers
with hybrid causal-bidirectional attention, sepa-
rate AR and Flow-Matching heads over 3D causal
VAEs, Modality-MoE with multi-scale visual AR,
or MetaQueries that condense AR plans into fea-
tures for backend DiT-MoE rendering.

Due to the space budget, this section conveys
only the concepts encoded in Figure 3. The full
breakdown are referred to Appendix A.

4 Training

Training strategies are not independent of archi-
tecture. Each fusion regime imposes a distinct
training signature. At pretraining time, that sig-
nature is captured by five dimensions, namely
freezing topology, learning-rate topology, loss for-
mulation, stability prescription, and curriculum
scheduling over resolutions, sequence lengths, and
modality mixtures. SFT and RL inherit this sig-
nature and add two further regime-specific axes.
The first is an SFT-time freezing rewiring that only
mid-fusion can perform, and the second is an RL-
time policy scope that the fusion regime. Figure 4
summarizes the stage-by-regime grid. Full recipes
live in Appendix C.
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4.1 Pre-Training (PT)

Modal quantizers and VAEs are pretrained in-
dependently and remain frozen across all fusion
regimes, since they fix the latent space, and the
regime-specific signature concerns only the train-
able components.
Late-Fusion PT. Encoders are connectivity pe-
ripherals: features flow through a thin projector
into a frozen LLM, gradients do not reach the en-
coder, and all five signature dimensions degener-
ate. The trade-off is explicit, namely, training sim-
plicity at the cost of capped cross-modal capacity.
Mid-Fusion PT. The regime where gradients first
reach the encoder, with every signature element
responding to that single change. (i) Progres-
sive unfreezing freezes the encoder during align-
ment and unlocks it later. (ii) Differential LRs
become mandatory once the encoder is trainable,
e.g., 1/10 of the base rate for a freshly unfrozen
encoder in CogVLM, or stage-wise global decay
such as Janus-Pro’s 10−3→10−4→4×10−5. (iii)
Decoupled understanding/generation losses are
typically maintained over a shared backbone.
Janus-Pro applies separate cross-entropy on text
vs. VQ tokens, while BAGEL routes the two
through MoT with cross-entropy for understand-
ing and MSE on continuous VAE latents for
generation, sharing parameters but not gradi-
ent signal. (iv) Resolution and context-length
curricula grow jointly with unfreezing, e.g.,
MiniCPM-V’s 224→448→1344+, and Qwen2.5-
Omni’s 8K→32K context. The key insight is that
mid-fusion couples which parameters are unfrozen
with at what resolution, and either schedule alone
destabilizes training. Modality mixture remains
externally specified through coarse splits as dual
loss heads keep pathways only partially unified.
Early-Fusion PT. The architectural firewall is
eliminated. Every component carries gradients
from step zero, the loss collapses to a single ob-
jective over a shared vocabulary, and stabiliz-
ers become preconditions rather than tricks. (i)
Joint-from-start optimization expands the vo-
cabulary by the codebook size, e.g., Chameleon
adds 8K image tokens, Emu3.5 adds 32K, and
AnyGPT adds 8K image, 1K speech, and 8K mu-
sic tokens. The new embeddings are trained end-
to-end under a single global LR, since unified
vocabularies yield homogeneous gradient statis-
tics, and Llama-4’s MetaP per-layer rates are the
only notable exception. (ii) Unified NTP with

modal-aware attention collapses every modality
into a single cross-entropy loss, as in Chameleon,
Emu3.5, AnyGPT, and LongCat-Next, with hy-
brid variants when continuous modalities resist
tokenization. Such variants include Transfu-
sion’s LLM + 5 · LDDPM, Show-o’s MTP+NTP,
LLaDA2.0-Uni’s discrete-diffusion masked de-
noising, OneCAT’s multi-scale visual AR, and
Moshi’s αk=100/1 codebook weighting that pri-
oritizes linguistic content. (iii) Z-loss and QK-
Norm stabilization is mandatory. Chameleon’s
ablations show divergence after ∼20% of train-
ing without QK-Norm, and z-loss of the form
10−5· log2 Z is required to keep logits bounded.
(iv) Modality-mixture scheduling replaces dif-
ferential LR as the core hyperparameter, since
per-batch mixture directly steers gradient direc-
tion. Representative recipes include Transfusion’s
1:1 text–image ratio with 80% caption-first or-
dering, Chameleon’s interleaved 1024-token-per-
image streams, Moshi’s 12.5 Hz frame interleave
with 50% text-only buffer, and the unified video
pipelines such as Open-Sora 2.0, HunyuanVideo,
and Wan, all running parallel resolution curricula
from 256 px to 720–960 px. Chameleon notes that
imbalanced mixtures cause early-fusion models
to learn degenerate unconditional priors, a failure
mid-fusion’s decoupled losses avoid structurally.

4.2 Supervised Fine-Tuning (SFT)
The five-dimensional PT signature carries forward
into SFT, with two new regime-specific axes lay-
ered on. The first is freezing rewiring, which
is only available to mid-fusion, and the second
is distribution rebalancing on the smaller, text-
skewed SFT corpus. A regime-independent uni-
versal layer of prompt-token loss masking, LR de-
cay, and light dropout applies throughout.
Late-Fusion SFT. In this approach, both rewiring
and rebalancing are inapplicable. PT freezing is
preserved, with sharp inter-stage LR decay, e.g.,
LLaVA’s 100× drop between Stage 1 and Stage 2.
Mid-Fusion SFT. This regime uniquely permits
the rewiring of freezing, thereby enabling two
distinct strategies. Unfreeze-at-SFT keeps the
encoder frozen through PT and unlocks it only
at SFT under a reduced LR, as in CogVLM,
Janus-Pro, and MiniCPM-V. Janus-Pro further il-
lustrates asymmetric thawing by keeping the gen-
eration tokenizer frozen even after the understand-
ing encoder unlocks. Train-then-re-freeze re-
verses the direction by re-freezing the ViT at SFT,
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as in Qwen2-VL. This pattern is exclusive to mid-
fusion. Beyond freezing, mid-fusion SFT contin-
ues pathway-decoupled scheduling. On the un-
derstanding side, fine-grained mix rebalancing ap-
plies, e.g., Janus-Pro shifts gen:und from 50/50 to
40/60. On the generation side, the SFT recipe op-
erates entirely on the diffusion transformer with
VAE/text encoder frozen, coupling resolution es-
calation with quality-filtered data tightening, e.g.,
HunyuanVideo’s ∼1M aesthetic-scored samples,
Wan’s resolution-conditioned filters, and Open-
Sora 2.0’s text-to-video→image-to-video shift.
Early-Fusion SFT. The architecture, by jointly
committing all parameters from the start, prevents
any subsequent component isolation or reconfigu-
ration, as such interventions would destabilize the
unified softmax. SFT thus reduces to the univer-
sal layer plus regime-specific re-balancing, where
PT-time mixture ratios must be recovered on the
smaller, text-skewed SFT corpus. Two edge cases
bracket the design space. AnyGPT freezes the
LLM and updates only the new modality embed-
dings and heads over 5K steps as the extreme con-
servatism, while BAGEL keeps everything train-
able across all stages as the opposite extreme.

4.3 Reinforcement Learning (RL)
Where SFT modulates trainable scope through
freezing rewirings, RL inherits the same scope
question and answers it under a different objec-
tive: what subset of parameters does a reward sig-
nal touch, and at what cost.
Late-Fusion RL. This method targets the opti-
mization of a quality-localizable head. The toolkit
collapses to offline DPO with rule-based scoring,
and the regime is largely immune to multimodal
failure modes.
Mid-Fusion RL. It inherits pathway-decoupled
trainable sets and applies gradients only to the op-
timized pathway. Systems such as HunyuanVideo,
Wan, T2I-R1, and Flow-GRPO freeze the VAE
and text encoder and route RL only into the dif-
fusion transformer, with rule-based rewards from
CLIP, ImageReward, and motion scorers whose
pathway-locality matches the update. The first
regime-specific failure mode surfaces here on the
understanding pathway. Naive DPO on multi-
modal pairs may collapse to language priors and
ignore the image, which mDPO counteracts by
conditioning the preference loss on the visual in-
put. Decoupling localizes the failure to one path-
way and keeps mid-fusion RL tractable.

Early-Fusion RL. Pathway-locality collapses un-
der a unified softmax, forcing the policy to cover
the full backbone, e.g., Emu3.5 and UniRL update
entire policies with GRPO and SFT-initialized
reward models. The same softmax that man-
dates this expansion delivers cross-modal credit
assignment but exposes two failure modes that
mid-fusion suppresses structurally. (i) Visual-
grounding hacking. Full-policy updates can drive
textual proxies such as length, formatting, and cer-
tainty without grounding in the image, and this
is countered by Fact-RLHF, shortcut-aware MM-
RM, and policy-side visual-faithfulness terms. (ii)
Perceptual–logical conflation in process super-
vision. Outcome-only RL conflates logical er-
rors such as computation and derivation with per-
ceptual ones such as chart misreads and region
mislocalization, separated by multimodal PRMs
such as URSA and GM-PRM. Both failure modes
share one mechanism. Under the unified softmax,
language priors compete with visual evidence on
equal footing, and naive RL lets the priors win.
Compounding this, specialized per-capability RL
runs trade off against one another, producing the
well-known see-saw effect.

4.4 On-Policy Distillation (OPD)

OPD and its multi-teacher form MOPD are
emerging as the response. The method is a
single-line modification of GRPO, replacing the
group-relative advantage with a stop-gradient
reverse-KL log-ratio against a teacher, Âi,t =
sg[log πteacher(yi,t|x, yi,<t)/πstudent(yi,t|x, yi,<t)],
so that every token sampled from the student
receives dense per-position teacher supervision
while remaining on-policy. MiMo-V2.5 pro-
vides the first publicly reported deployment of
MOPD on a native multimodal model, deploying
RL+MOPD as the terminal consolidation step
to jointly strengthen perception, reasoning, and
agency. The recipe contains three pieces: First,
a pool of specialist teachers is obtained by an
independent domain RL. Second, an outcome-
reward augmentation Âi,t = ÂOPD

i,t + α ÂORM
i,t

decouples the student from any single teacher’s
ceiling. Third, a permissive teacher pool ad-
mits domain SFT models, RL specialists, and a
frozen self-snapshot that anchors against drift on
out-of-distribution prompts.

The above outlines the framework of the NMM
training recipe. For the full landscape, we direct
the reader to Appendix C.
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Modality Task Group Benchmark Metric Key Characteristics

Image General Perception VQAv2 (Goyal et al., 2017) Acc. Open-ended VQA with balanced answer distribution.

GQA (Hudson and Manning, 2019) Acc. Compositional questions grounded on scene graphs.
MME (Fu et al., 2025a) Acc. 14 evaluation dims across perception & cognition.
SEED-Bench (Li et al., 2024b) Acc. 12 evaluation dims across spatial & temporal reasoning.
MMBench (Liu et al., 2024b) Acc. Bilingual multi-choice with circular evaluation.
MMStar (Chen et al., 2024b) Acc. Vision-indispensable, leakage-controlled selection.

Knowledge Reasoning MMMU (Yue et al., 2024) Acc. College-level reasoning over 30 disciplines.

MathVista (Lu et al., 2023) Acc. Mathematical reasoning grounded in visual contexts.

Hallucination POPE (Li et al., 2023b) F1 Polling-based binary probing of object hallucination.
RLHF-V (Yu et al., 2024b) Hall. Score Segment-level fine-grained hallucination evaluation.

Document & OCR DocVQA (Mathew et al., 2021) ANLS Question answering on document images.
ChartQA (Masry et al., 2022) Acc. Visual and logical reasoning over charts and plots.
InfoVQA (Mathew et al., 2022) ANLS Multi-hop reasoning over infographic layouts.
OCRBench (Liu et al., 2024c) Acc. Comprehensive OCR perception across 29 sub-tasks.

Generation GenEval (Ghosh et al., 2023) Comp. Score T2I: attribute binding, counting, relations.
DPG-Bench (Hu et al., 2024) Alignment Dense, long-prompt following with structured grading.
T2I-CompBench (Huang et al., 2023) Multi Attribute binding, relations, complex composition.
FID (Heusel et al., 2017) Distrib. Fréchet Inception Distance to real-image distribution.
CLIPScore (Hessel et al., 2021) Alignment CLIP-embedded Reference-free text-image alignment.

Audio Speech Recognition LibriSpeech (Panayotov et al., 2015) WER Read English speech, clean and other splits.

CommonVoice (Ardila et al., 2020) WER Crowdsourced multilingual ASR across diverse accents.
FLEURS (Conneau et al., 2023) WER Few-shot ASR across 102 languages.

Speech Synthesis MOS-Bench (Huang et al., 2026) MOS Subjective rating of naturalness and prosody.

Full-Duplex Interaction Moshi Eval (Défossez et al., 2024) Latency Real-time full-duplex with 200 ms target latency.

SoulX-Duplug-Eval (Yan et al., 2026) Lat./Acc. Bilingual streaming turn detection at 240 ms latency.
Full-Duplex-Bench (Lin et al., 2025a) Multi Turn-taking, barge-in handling, false-interruption rate.

Video Offline Understanding VideoMME (Fu et al., 2025b) Acc. General video QA spanning short to long durations.

EgoSchema (Mangalam et al., 2023) Acc. Long-form egocentric video QA w/ temporal reasoning.
MVBench (Li et al., 2024c) Acc. 20 fine-grained temporal tasks.
PerceptionTest (Patraucean et al., 2023) Acc. Multimodal perception and causal-reasoning skill probe.
LongVideoBench (Wu et al., 2024a) Acc. Hour-long referring and reasoning over long contexts.
MLVU (Zhou et al., 2025) Acc. Multi-task long-video understanding.

Streaming Understanding OVO-Bench (Niu et al., 2025) Multi Online perception with backward tracing of past events.

StreamingBench (Lin et al., 2026) Acc./Lat. Video comprehension under latency constraints.
OmniMMI (Wang et al., 2025f) Multi Multimodal streaming interaction evaluation.

Generation UCF-101 (Soomro et al., 2012) FVD Action-class video generation distributional metric.
Kinetics-600 (Carreira et al., 2018) FVD Large-scale action distribution for video FVD.
VBench (Huang et al., 2024a) Multi Temporal consistency, motion smoothness, aesthetics.
SeedVideoBench 2.0 (Seedance et al., 2026) 6-dim Motion, prompt adherence, A/V sync.
Arena.AI (Arena AI, 2026) Elo Community-scale human-preference Elo ranking.

Table 1: Summary of major evaluation benchmarks for native multimodal models. Each benchmark is shown on
its own row to preserve its unique characteristics. The modality and task badges Image , Audio , and Video act as
visual anchors and apply to all rows below until the next badge.

5 Evaluation

Evaluating NMM systems requires benchmarks
that span both understanding, including percep-
tion, reasoning, and grounding, and generation,
including synthesis, editing, and controllability,
across modalities. Native models must show that
deep cross-modal fusion improves performance on
both axes without degrading either. We organize
the benchmark landscape by modality into image
§5, audio §5, and video §5, while distinguishing
understanding from generation within each. Ta-
ble 1 provides a consolidated summary, with per-
benchmark protocols in Appendix E.

Image evaluation runs from general perception
(VQAv2, GQA, SEED-Bench, MMBench, MM-
Star) to knowledge reasoning (MMMU, Math-
Vista), with hallucination (POPE, RLHF-V) and
document (DocVQA, ChartQA, InfoVQA, OCR-
Bench) probes targeting unified architectures
whose generative priors may leak into discrim-
inative outputs; image generation moves from
FID to compositional GenEval, DPG-Bench, T2I-
CompBench, and CLIPScore, where DPO on
VQ-based unified models fails to improve CLIP-
Score even when understanding rises, exposing
discrete tokenization as a bottleneck for offline
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preference optimization. Audio evaluation cov-
ers WER-based ASR (LibriSpeech, Common-
Voice, FLEURS) as a regression test for native
omni models, MOS-based speech generation aug-
mented by latency, synchronization, and voice-
cloning fidelity, and full-duplex interaction mea-
sured by turn-taking, barge-in, and latency, with
Moshi at 200 ms and SoulX-Duplug at a bilingual
240 ms. Video evaluation spans offline under-
standing (VideoMME, EgoSchema, MVBench,
PerceptionTest, LongVideoBench, MLVU) ex-
tended to long context by Qwen3-VL, FAR, and
Kimi K2.5’s 4.5× agent-swarm gain, stream-
ing understanding (OVO-Bench, StreamingBench,
ThinkStream, AURA) jointly testing perception
and response timing with ResAdapt pruning over
90% tokens at 16× frames, and video generation
combining FVD (UCF-101, Kinetics-600) with
VBench and SeedVideoBench 2.0 on Arena.AI
T2V/I2V leaderboards.

Ethics Statement

This paper is a roadmap that synthesizes published
research on Native Multimodal Modeling. We do
not release any new model, dataset, or system, and
therefore do not introduce immediate ethical risks
tied to data collection, annotation labor, or deploy-
ment of trained artifacts. All works discussed are
publicly available and are cited to the best of our
knowledge; we have made a good-faith effort to
attribute architectural ideas, training recipes, and
benchmarks to their original authors.

Limitations

While we have aimed for breadth and analytical
depth, this work has several limitations that read-
ers should keep in mind.

Scope and selection bias. NMM is moving
extremely quickly: new architectures, training
recipes, and benchmarks appear on an almost
weekly cadence. Our coverage is necessarily a
snapshot, and we have prioritized works that (i)
explicitly target unified multi-to-multi modeling,
(ii) report sufficient architectural and training de-
tail to be classified under our taxonomy, and (iii)
are publicly described at the time of writing.

Taxonomic granularity. The two-level defini-
tion of architectural nativity and the input–output
duality categorization (M2T, M2TG, M2M) are
deliberate abstractions. They make the design

space tractable but inevitably blur boundaries: hy-
brid systems that mix late-fusion adapters with
early-fusion backbones, or that route different
modalities through different fusion regimes, can
be reasonably placed in more than one category.
Similarly, the leaf-level techniques in our model,
training, and inference taxonomies are not mutu-
ally exclusive; many state-of-the-art systems com-
bine several of them, and our placement of repre-
sentative models reflects their dominant character-
istic rather than an exhaustive description.

Lack of empirical re-evaluation. This paper is
an analytical roadmap rather than a benchmark
study. We summarize and contrast results as re-
ported by the original authors, but we do not re-
implement, re-train, or re-evaluate models under a
unified setting. Reported numbers therefore differ
in training data scale, evaluation protocols, decod-
ing settings, and prompting strategies, and should
not be interpreted as a head-to-head comparison.
Where we discuss efficiency, latency, or scaling
behavior, we likewise rely on the measurement
conventions of the source work.
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A An Extended Discussion on Model
Architecture

In this section, we dive into the three aforemen-
tioned paradigms as listed in Table 2, outlining the
respective technical challenges and approaches.

A.1 M2T Unimodal Generation
A.1.1 Image Comprehension
Modality Unification. Unifying disparate
modalities natively into a single computational
space often introduces architectural tensions and
modality competition during joint training. To
mitigate information loss from discrete quanti-
zation, current state-of-the-art models primarily
pursue continuous projection routes. (i) Vision-
Encoder-Based Fusion remains the dominant
paradigm, utilizing dedicated modules to project
features into the LLM’s latent space. Llama-
4-Scout/Maverick utilizes an enhanced vision
encoder to project images into continuous patch
embeddings, enabling joint processing from the
earliest transformer layers. Similarly, Kimi K2.5
employs a MoonViT encoder to transform images
into embeddings that flow through a shared sparse

MoE backbone, while Gemma-4-31B utilizes a
hybrid-attention architecture to interleave contin-
uous soft tokens with text. (ii) Unified Stream
Mapping seeks to reduce architectural fragmenta-
tion. Qwen3.6 represents this direction by treating
all modalities as a unified token stream within a
single transformer, while Nemotron3-Nano-Omni
utilizes a compact, unified architecture to achieve
low-latency cross-modal alignment.

Multi-image Reasoning. In scenarios involving
multiple images or long-form documents, visual
tokens can overwhelm the attention, leading to
attention saturation and quadratic computational
growth. Current foundational models address this
through four technical routes: (i) Extreme Vi-
sual Compression: Kimi K2.5 and InternVL-3.5
employ the Visual Resolution Router and tempo-
ral pooling to reduce visual token counts with-
out losing semantic density. (ii) Deep Fea-
ture Alignment: Qwen3-VL and Qwen2.5-VL
utilize deep-stack multi-level feature injection to
strengthen synergy, while CogVLM maintains a
dedicated Visual Expert module to preserve struc-
tural integrity. (iii) Advanced Positional En-
coding: To maintain spatio-temporal awareness
across massive contexts, Llama-4 and Gemma-4-
E4B have integrated iRoPE/p-RoPE, ensuring sta-
ble retrieval across interleaved sequences. (iv)
Perception-Reasoning Decoupling: Models like
GLM-5V-Turbo and MiMo-V2.5 implement a
thinking mode, which separates raw visual percep-
tion from the subsequent heavy-duty logical de-
duction to minimize latency and hallucination.

Multi-scale Encoding. To resolve geometric
distortion and loss of fine-grained detail in non-
standard aspect ratios, models have converged
on the following strategies: (i) Structure-Aware
Tiling: InternVL-3.5 and MiniCPM-V-4.6 par-
tition high-resolution inputs into dynamic tiles,
taking structural identifiers to help the model
reconstruct 2D layouts from 1D token streams.
(ii) Dimension-Decoupled Positional Encoding:
Qwen3-VL and GLM-5V-Turbo utilize 2D-RoPE,
decomposing coordinates into x and y compo-
nents to natively interpret any aspect ratio. (iii)
Semantic-Driven Resampling: InternVL-3.5 uti-
lizes a perceiver-based architecture to adaptively
compress background patches into a fixed latent
space, preventing visual noise from drowning out
text signals. (iv) Resolution-Agnostic Projec-
tion: Gemma-4-31B and Llama-4-Maverick by-
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Input Modalities Output ModalitiesModel Name Date Params of Flagship Text Img Aud Vid Text Img Aud Vid

Multi-to-Text Unimodal Generation

MiniCPM-V-4.6 (Yu et al., 2025c) 2026.05 1B ✓ ✓ – ✓ ✓ – – –
Nemotron3-Nano-Omni (Deshmukh et al., 2026) 2026.04 30BA3B ✓ ✓ ✓ ✓ ✓ – – –
MiMo-V2.5 (Xiaomi MiMo Team, 2026) 2026.04 310BA15B ✓ ✓ ✓ ✓ ✓ – – –
Qwen3.6 (Qwen Team, 2026) 2026.04 27B ✓ ✓ – ✓ ✓ – – –
Gemma-4-31B (Google DeepMind, 2026) 2026.04 31B ✓ ✓ – ✓ ✓ – – –
Gemma-4-E4B (Google DeepMind, 2026) 2026.04 4.5B(8B) ✓ ✓ ✓ ✓ ✓ – – –
Kimi K2.5 (Kimi Team et al., 2026) 2026.01 1TA32B ✓ ✓ – ✓ ✓ – – –
GLM-5V-Turbo (Hong et al., 2026) 2026.04 - ✓ ✓ – ✓ ✓ – – –
Llama-4-Scout (Adcock et al., 2025) 2025.04 109BA17B ✓ ✓ – ✓ ✓ – – –
Llama-4-Maverick (Adcock et al., 2025) 2025.04 400BA17B ✓ ✓ – ✓ ✓ – – –
InternVL-3.5 (Wang et al., 2025d) 2025.08 241BA28B ✓ ✓ – ✓ ✓ – – –
Qwen3-VL (Qwen Team, 2025b) 2025.09 235BA22B ✓ ✓ – ✓ ✓ – – –
Qwen2.5-VL (Qwen Team, 2025a) 2025.02 72B ✓ ✓ – ✓ ✓ – – –
CogVLM (Wang et al., 2023a) 2023.11 17B ✓ ✓ – – ✓ – – –
Video-LLaVA (Lin et al., 2024) 2023.11 13B ✓ ✓ – ✓ ✓ – – –
Qwen-Audio (Chu et al., 2023) 2023.11 13B ✓ ✓ – ✓ ✓ – – –

Multi-to-Target Scenario-based Generation

HiDream-O1-Image (Cai et al., 2026) 2026.05 8B ✓ ✓ – – – ✓ – –
OmniVoice (Zhu et al., 2026b) 2026.04 0.8B ✓ ✓ ✓ – – – ✓ –
LTX-2.3 (HaCohen et al., 2026) 2026.03 19B ✓ ✓ ✓ ✓ – – ✓ ✓
Ming-Flash-Omni-2.0 (Inclusion AI, 2026b) 2026.02 100BA6B ✓ ✓ ✓ ✓ ✓ ✓ ✓ –
MiniCPM-o-4.5 (Cui et al., 2026) 2026.02 9B ✓ ✓ ✓ ✓ ✓ – ✓ –
Kling-Omni (Kling Team, 2025) 2025.12 - ✓ ✓ – ✓ – – – ✓
HunyuanVideo-1.5 (Wu et al., 2025a) 2025.12 8.3B ✓ – – – – – – ✓
LTX-2.2 (HaCohen et al., 2026) 2025.10 19B ✓ ✓ ✓ ✓ – – ✓ ✓
Qwen3-Omni (Xu et al., 2025a) 2025.09 30BA3B ✓ ✓ ✓ ✓ ✓ – ✓ –
Wan2.2-T2V-A14B (Wan Team, 2025) 2025.07 27BA14B ✓ – – – – – – ✓
Wan2.2-TI2V-5B (Wan Team, 2025) 2025.07 5B ✓ ✓ – – – – – ✓
Seedream3.0 (Gao et al., 2025) 2025.04 12B ✓ – – – – ✓ – –

Multi-to-Multi Symmetric Modeling

Lance (Fu et al., 2026) 2026.05 3B ✓ ✓ – ✓ ✓ ✓ – ✓
Mamoda2.5 (Shi et al., 2026a) 2026.05 25BA3B ✓ ✓ – – ✓ ✓ – –
TUNA-2 (Liu et al., 2026a) 2026.04 7B ✓ ✓ – – ✓ ✓ – –
SenseNova-U1-8B-MoT∗ (Diao et al., 2026) 2026.04 8B(18B) ✓ ✓ – – ✓ ✓ – –
LLaDA2.0-Uni∗ (Inclusion AI, 2026a) 2026.04 16BA1B ✓ ✓ ✓ – ✓ ✓ ✓ –
LongCat-Next∗ (Team et al., 2026) 2026.04 68.5BA3B ✓ ✓ ✓ – ✓ ✓ ✓ –
Emu3.5∗ (Cui et al., 2025) 2025.10 34.1B ✓ ✓ – ✓ ✓ ✓ – ✓
Show-o2 (Xie et al., 2025a) 2025.09 7B ✓ ✓ – ✓ ✓ ✓ – ✓
BAGEL (Deng et al., 2025) 2025.05 14BA7B ✓ ✓ – ✓ ✓ ✓ – ✓
OneCAT∗ (Li et al., 2025a) 2025.09 9BA3B ✓ ✓ ✓ – ✓ ✓ ✓ –
Janus-Pro∗ (DeepSeek-AI, 2025) 2025.01 7B ✓ ✓ – – ✓ ✓ – –
Moshi∗ (Défossez et al., 2024) 2024.09 7B ✓ – ✓ – ✓ – ✓ –
Transfusion (Zhou et al., 2024a) 2024.08 7B ✓ ✓ – – ✓ ✓ – –
Chameleon∗ (Chameleon Team, Meta AI, 2024) 2024.05 34B ✓ ✓ – – ✓ ✓ – –
AnyGPT∗ (Zhan et al., 2025) 2024.02 7B ✓ ✓ ✓ – ✓ ✓ ✓ –

Table 2: Comprehensive comparison of recently released Native Multimodal Models. We limit our comparison to
open-source models or technical reports with verified architecture and parameter transparency. *Indicates models
employing the discrete unified scheme. () denotes effective(total) parameter counts of special architectural designs.

pass fixed-grid constraints, allowing seamless rea-
soning over complex, variable-scale layouts such
as ultra-wide tables and long-scroll documents.

A.1.2 Audio Comprehension
Semantic-Acoustic Conflict. Continuous audio
signals are inherently incompatible with the highly
structured, discrete textual semantics. MiMo-V2.5
employs MiMo-Audio-Tokenizer to generate se-
mantic and acoustic features within a shared la-

tent space. Its RVQ system prioritizes seman-
tic structure in the initial layers, while the later
layers refine acoustic details, thereby minimiz-
ing representation conflicts in the discrete token
space. Gemma-4-E4B directly processes log-
Mel spectrograms through a Conformer-based au-
dio encoder, which outputs continuous embed-
ding vectors that preserve complete acoustic in-
formation. Further bridging discrete and contin-
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uous paradigms, Nemotron-3-Nano-Omni adopts
a non-linear alignment strategy: it extracts deep
acoustic features via a FastConformer encoder and
projects them into the language backbone through
a 2-layer MLP, preserving fine-grained continuous
details while enabling robust semantic grounding
in the shared latent space.

High Latency & Computation. High latency
and computational costs present another major
challenge in audio comprehension. Gemma-4-
E4B adopts a long frame duration in its acous-
tic encoder, compressing each second of au-
dio input to vectors, which are then directly in-
jected into the backbone through a projection
layer. This approach significantly reduces the
cost of forward propagation and enables real-
time speech interaction with extremely low la-
tency. To address this computational bottleneck
at scale, Nemotron-3-Nano-Omni implements an
algorithmic-architectural co-optimization frame-
work spanning the entire processing pipeline. On
the encoder side, it processes log-mel spectrogram
features followed by three convolutional subsam-
pling layers, yielding an 8× temporal downsam-
pling rate. Furthermore, its underlying TDT de-
coder dynamically skips frames based on pre-
dicted token durations during inference, effec-
tively filtering out silent or redundant acous-
tic periods before projection. On the back-
bone side, Nemotron-3-Nano-Omni is built on a
31B Mamba2-Transformer hybrid MoE architec-
ture that only activates 3B parameters per for-
ward pass. The linear complexity O(N) of the
Mamba2 layers replaces the quadratic attention
complexity O(N2) for long-context sequences, al-
lowing the model to scale efficiently while deliv-
ering higher system throughput at equivalent inter-
activity thresholds.

A.1.3 Video Comprehension

Computational Explosion. For videos, the
number of tokens generated per second is sig-
nificantly redundant, which not only approaches
memory capacity limits but also results in com-
putational costs that scale quadratically with se-
quence length in transformer-based models. One
approach is (i) Compression & Feature Aggre-
gation, which leverages the high similarity be-
tween video frames to reduce redundancy be-
fore feeding the representation into an LLM.
Kimi K2.5 packs consecutive frames into a spa-

tiotemporal volume and performs temporal aver-
aging at the patch level, enabling processing of
videos longer under the same computational bud-
get. GLM-5V-Turbo uses 3D convolutions in-
stead of 2D in the encoder to perform down-
sampling along the temporal axis during feature
extraction, significantly improving efficiency for
long video processing. (ii) Dynamic Token Al-
location based on an image’s resolution and se-
mantic density can also address this issue. For
instance, InternVL-3.5 introduces a Visual Reso-
lution Router to assign 256 tokens to semantically
rich patches while compressing backgrounds to 64
tokens, cutting overall token redundancy by 50%,
whereas Gemma-4-31B allows users to manually
set a token per task, using a high budget for com-
plex work and a low budget for simple recognition.

Temporal & Logical Inconsistency. Unlike
static images, video understanding requires the
incorporation of a temporal dimension. Lack-
ing temporal awareness is susceptible to tempo-
ral hallucinations and may fail to maintain con-
sistent object identities across frames. One typi-
cal strategy is (i) Temporal Coordinate Encod-
ing. To enhance the model’s physical perception,
Qwen3.6/Qwen3-VL decomposes the RoPE posi-
tion encoding into three interleaved dimensions,
giving each token a unique representation in 3D
spatiotemporal coordinates, thereby enabling ac-
curate localization of events at timeline. Another
approach is (ii) Explicit Time Tokens. GLM-5V-
Turbo inserts explicit time tokens into the video-
frame sequence, allowing the model to perceive
physical time as it reads the sequence like un-
derstanding natural language. This is critical to
long-video summarization tasks that require pre-
cise time localization (e.g., soccer matches).

Long-range Dependency. Processing video
streams that last for hours requires the model
to maintain efficient working memory. Raw
video features can quickly exhaust the context
window, making the effective management, rather
than simple forgotten a key challenge to achieve
native long-video understanding. One solution is
(i) Modular Long-Term Memory. InternLM-
XComposer2.5 (Dong et al., 2024e) builds an
independent memory pool to compress and
store perceptual video features into a long-term
memory bank, retrieving information on-demand
during Q&A. This supports unlimited-length
streaming interaction. Another solution involves
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(ii) Distributed Clustering. Kimi K2.5 intro-
duces an agent-swarm mode. A central dispatcher
decomposes long-video tasks and assigns them
to hundreds of specialized sub-agents for parallel
analysis. This distributed parsing improves
processing efficiency compared to monolithic
models.

A.2 M2G Scenario-based Generation

A.2.1 Image Generation
High Visual Fidelity. Frameworks such as
Ming-Flash-Omni-2.0 combine Transformer and
Diffusion models in a shared latent space. Tak-
ing Mask-based Discrete Diffusion as a unified
mask-aware architecture, it learns the joint distri-
bution of cross-modal tokens. The hidden layers
predict the next text token and directly output con-
tinuous features which guide the image denoising.
Through unified self-attention, the logical struc-
ture of text and the spatial layout of images are
aligned at an early stage of feature fusion, leading
to superior pixel-level fidelity. This approach also
reduces artifacts such as spelling errors when gen-
erating text within images, establishing a robust
foundation for high-quality generation.

Compositional Controllability. The second
major hurdle in native image generation is strictly
adhering to complex compositional instructions,
particularly when prompts involve multiple inter-
acting entities or precise positional constraints.
While early unified models often suffer from
attribute leakage or spatial misalignment, recent
architectures have introduced dedicated spatial
grounding mechanisms. For instance, See-
dream3.0 implements spatial perception through
cross-modality RoPE, which helps the model
better align the spatial positioning logic in text
instructions with visual tokens. Taking explicit
control a step further, HiDream-O1-Image inte-
grates coordinate-aware representations, allowing
the model to project discrete layout instructions
directly into localized generation processes.

A.2.2 Audio Generation
Semantic-Prosody Alignment. Similar to im-
age generation tasks, audio generation can also
be approached via two routes: one maps sound
into continuous latent vectors, while the other
discretizes audio signals and generates via dis-
crete token prediction. The former approach of-
ten leads to higher acoustic fidelity and semantic-

prosody alignment. Specifically, LTX-2 utilizes
RoPE to process audio, leveraging bidirectional
cross-attention layers to capture transient depen-
dencies that correspond to visual impacts trigger-
ing acoustic features. CosyVoice (Du et al., 2024)
focuses on semantic-acoustic decoupling and em-
ploys a supervised semantic tokenizer to handle
content control, while a flow-matching module is
used to render timbre and emotion.

Latency Control. Similar to discrete tokeniza-
tion in image generation, the core value of dis-
crete audio generation lies in converting con-
tinuous sound signals into symbols that are es-
sentially identical to text. This allows LLMs
to directly leverage their powerful autoregres-
sive prediction and instruction-following capabil-
ities. Qwen3-Omni adopts a Multi-Token Pre-
diction (MTP) (Gloeckle et al., 2024) strategy to
balance efficiency and quality, it takes the MTP
module to output residual codebooks simultane-
ously, paired with a Code2Wav renderer for frame-
level streaming synthesis-achieving a first-packet
latency. GLM-4-Voice (Zeng et al., 2024) uti-
lizes a Single-codebook approach and introduces
an ASR encoder (e.g., Whisper-v3 (Radford et al.,
2022)) into the VQ bottleneck. MiniCPM-o 4.5
prioritizes high token density optimization. By
compressing audio into an extremely small num-
ber of tokens per second, it is specifically tai-
lored to accommodate the computational band-
width limitations of mobile devices.

Reasoning-Streaming Synergy. Beyond the
trade-off between quality and speed, a paradigm
focuses on the synergy between internal reasoning
and external streaming. The Thinker-Talker
architecture has emerged as a leading solution for
sophisticated voice chat. It allows a high-capacity
Thinker to perform long-form reasoning in the
background while a lightweight Talker (e.g., Om-
niVoice) delivers speech with ultra-low latency.
Ming-Flash-Omni 2.0 extends this by integrating
ambient sounds and background music into a
single autoregressive DiT (Peebles and Xie, 2023)
head, enabling precise control over environmental
atmosphere via natural language. To address the
inherent speed mismatch between text reasoning
and audio synthesis, Qwen3.5-Omni introduces
Adaptive Rate Interleave Alignment, preventing
accuracy drifts during streaming. Furthermore,
Mini-Omni-Reasoner (Xie et al., 2025b) achieves
a thinking-in-speaking mechanism by maintaining
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hidden reasoning tokens while concurrently
outputting audio tokens, effectively bridging the
gap between slow thinking intelligence and fast
talking responsiveness.

A.2.3 Video Generation
Physics Understanding. Generative video
models often struggle with frequent violations
of basic physical laws. While diffusion models
could produce highly realistic images through
pixel-level noise reduction, they typically lacked
an abstract understanding of concepts like rigid
body dynamics, gravity and collision physics.
This resulted in phenomena such as objects
floating unnaturally, moving without external
forces, or appearing to melt or pass through one
another instead of colliding solidly. To address
this, (i) Training with Explicit Physics Rules
is one of the most efficient methods to instill
physical understanding and rules with explicit
constraints on objects. Frameworks like Newton-
Rewards (Le et al., 2025) employ frozen visual
networks to extract measurable physical metrics,
translating Newtonian motion laws and mass
conservation directly into mathematical penalty
terms for reinforcement learning. For handling
complex rigid-body collisions, systems like
PhysRVG (Zhang et al., 2026b) use foundational
segmentation networks (e.g., SAM2 (Ravi et al.,
2025)) to derive motion masks frame by frame,
accurately tracking object trajectories in generated
videos. These trajectories are then compared with
real-world physical paths to compute errors. With
optical flow-based Newtonian penalties, Wan2.2
significantly improved temporal consistency
in scenes showing free fall, projectile motion,
and inclined plane sliding, proving models can
internalize Newtonian structures. (ii) Implicit
Emergence via Intelligent Reasoning is an-
other method which models adopt an end-to-end
understand-reason-generate architecture and
trained on vast amounts of data annotated with
precise physical labels. Kling-Omni, for instance,
bridges the gap between visual-language input
and physical simulation through an intelligent
prompt enhancer that interprets physical intent,
paired with a DiT-based Omni-Generator refined
with large-scale fine-tuning and DPO (Rafailov
et al., 2024). This implicitly builds a physics
engine inside the model, ensuring rigid-body
stability and identity consistency in multi-agent
interactions. Similarly, HunyuanVideo-1.5 was

trained on massive real-world videos with highly
accurate multimodal captions. Without explicit
RL physics rewards, the model naturally devel-
oped strong temporal coherence and long-term
physical reasoning simply by learning from the
data distribution.

Token Explosion. After video generation mod-
els transitioned from U-Net (Ronneberger et al.,
2015) to DiT, the massive number of tokens
from high-resolution and long videos caused self-
attention computation to grow quadratically, lead-
ing to OOM errors and slower generation. To
achieve low memory usage during generation, a
common approach is (i) Extreme Spatiotempo-
ral VAE Compression, which uses a customized
VAE to compress video pixels into a compact la-
tent space before diffusion computation begins.
For example, LTX-2.3 moves the patchify opera-
tion to the VAE input, enabling single-step denois-
ing to generate native 4K resolution with minimal
memory overhead. Wan2.2 employs a highly opti-
mized Wan-VAE, which helps reducing the num-
ber of spatial tokens. Combined with the Flow
Matching paradigm, this approach significantly
lowers memory pressure when generating arbitrar-
ily long 1080P videos. Another technical route is
(ii) Dynamic Sparse Attention Pruning, which
dynamically identifies and removes redundant in-
formation that contributes little to generation,
transforming global dense computation into local
sparse attention. HunyuanVideo-1.5 introduces
the SSTA mechanism, which automatically prunes
redundant spatiotemporal blocks such as static
backgrounds during generation, boosting end-to-
end inference speed and enabling smooth oper-
ation on consumer-grade GPU memory. Ming-
Flash-Omni 2.0 employs a MoE architecture with
modality-level routing. This design enables the
model to handle complex audiovisual generation
tasks with very low latency while retaining its vast
knowledge capacity.

Audio-visual Alignment. In the final stage of
video generation, achieving millisecond-level syn-
chronization between audio and visuals in both
timing and physics is a key challenge. Currently,
the industry is advancing mainly in two direc-
tions. The first approach is (i) Strict Audio-
Visual Anchoring via Unified Timelines. This
method focuses on building a unified audiovi-
sual coordinate system at the underlying level, en-
suring all modalities are locked in the time di-

4621



mension. MiniCPM-o 4.5 introduces the Omni-
Flow full-duplex framework, which forces audio-
visual inputs and text/speech outputs to align at
the token level on a single timeline. This not
only achieves millimeter-level sync but also al-
lows the model to proactively speak based on vi-
sual changes. Qwen3-Omni adopts TM-RoPE an-
chored to absolute time, abandoning relative seg-
ment alignment and taking explicit time IDs to
lock all audio-visual features, eliminating tempo-
ral drift in long sequences. The second approach
is (ii) Synchronous Generation via Deep Ar-
chitectural Coupling, which emphasizes build-
ing an audio-visual handshake within the model.
Through cross-modal attention bridges or non-
autoregressive acoustic mapping, sound is gener-
ated in real time alongside visuals rather than as
a post-processing step. LTX-2.3 employs a highly
asymmetric dual-stream architecture with bidirec-
tional cross-modal attention layers for dense inter-
action. Combined with cross-modal AdaLN (Pee-
bles and Xie, 2023) and modality-CFG (HaCo-
hen et al., 2026), it ensures sound effects corre-
spond precisely to visual actions. Seedance2.0
constructs a dedicated Attention Bridge at every
millisecond of the diffusion process, action inten-
sity from the visual branch is passed to the au-
dio branch, while audio emotion and rhythm in-
fluence visual lighting. For real-time speech gen-
eration, OmniVoice and Qwen3-Omni take non-
autoregressive discrete codec-based acoustic map-
ping, skipping complex two-stage pipelines. Om-
niVoice directly maps text to multi-codec acous-
tic tokens, while Qwen3-Omni replaces diffusion
with a lightweight causal ConvNet (Liu et al.,
2022), achieving ultra-low TTFT and instant sync
in interactive scenarios.

A.3 M2M Symmetric Modeling

A.3.1 Fully Discretized Unified

Loss from Discretizing. When continuous sig-
nals from the physical world are transformed into
a discrete vocabulary, it inherently entails lossy
compression. When compressing high-resolution
images or audio into a limited set of discrete
IDs, traditional codecs permanently discard the
low-level features essential for fine-grained in-
tensive tasks, severely limiting the performance
ceiling of fully discretized models in perceptual
tasks. To mitigate this information loss, mod-
els strive to develop tokenizers that minimize se-

mantic and acoustic loss. LongCat-Next proposes
the Semantic Completeness principle, designing
dNaViT (Team et al., 2026) as its visual tok-
enizer. Its codebook embeddings are not fixed
but randomly initialized and co-evolve with lan-
guage tokens under a shared autoregressive ob-
jective. Moshi tackles the discrete bottleneck in
speech with its in-house neural audio codec, Mimi,
which uses RVQ to decompose continuous audio.
Through a knowledge-distillation mechanism, its
early acoustic tokens are forced to match the se-
mantic representations of self-supervised speech
models. AnyGPT adopts a multilingual strategy,
deploying highly specialized discrete tokenizers
for each continuous modality.

Competition-Driven Latency. When a model
forces high-information-density discrete text to-
kens and extremely sparse visual/audio tokens into
the single discrete vocabulary and computes cross-
entropy in the same Softmax layer, features from
modalities with different entropy levels compete
for weight. On large-scale data, this competition
can cause output norms to explode exponentially,
leading to gradient divergence. Moreover, rely-
ing entirely on autoregressive step-by-step pre-
diction of thousands of image tokens results in
intolerable inference latency. Chameleon modi-
fies the standard attention mechanism by introduc-
ing QK-Norm to suppress representational com-
petition, applying layer normalization to Query
and Key vectors before computing dot products.
LLaDA2.0-Uni equips its inference engine with
Sprint Inference, which breaks the latency bot-
tleneck of single-step decoding via Adaptive Un-
masking and confidence-based Batch Acceptance.
To solve the minutes-long serial inference pain
point for single-image generation, Emu3.5 pro-
poses Discrete Diffusion Adaptation. This shifts
the model’s inference behavior from strictly token-
by-token serial decoding to bidirectional parallel
prediction, delivering roughly 20× acceleration in
single-image inference without sacrificing perfor-
mance.

A.3.2 Modality-Specificity Preserving

Comprehension-Generation Dilemma. Un-
derstanding requires highly compressed, high-
level semantic abstraction, whereas Generation
demands fine-grained, low-level pixel features
for reconstruction. When a shared representation
tries to serve both, the network suffers from
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Task Interference, caught in a conflict between
compressing semantics and preserving detail. To
resolve this, researchers are pursuing two main
strategies: (i) Physical Decoupling. Janus-Pro
uses separate visual encoders for understanding
and generation, allowing each to evolve indepen-
dently. BAGEL extends this into the backbone
via a Mixture-of-Transformer-Experts (MoT)
architecture, using hard routing to direct tokens to
specialized Understanding or Generation experts.
This enables advanced world-modeling such as
3D navigation. (ii) Encoder-Free Modeling.
TUNA-2 and SenseNova-U1 take a more radical
path by removing traditional CLIP (Radford et al.,
2021) encoders and VAEs. By feeding raw image
patches directly into the network, they eliminate
pre-trained inductive biases. This allows for
native pixel-level coordination; SenseNova-U1,
for instance, can reconstruct precise microscopic
textures using raw pixel streams even when its
understanding branch is frozen.

Bridging AR and Diffusion. Furthermore, to
retain modality specificity, the model must oper-
ate across discrete and continuous representations,
integrating both AR and Diffusion paradigms.
Seamlessly fusing these disparate spaces within a
single network and bridging logical planning with
high-speed rendering during inference. Transfu-
sion utilizes a unified Transformer that applies
discrete NTP loss for text and a continuous de-
noising Diffusion loss for image patches. To
bridge these paradigms, it employs a hybrid atten-
tion mechanism: causal masking for text to main-
tain logic, and bidirectional attention for image
patches to capture spatial continuity. Show-o2 in-
troduces Spatial-Temporal Fusion by 3D Causal
VAE. It extracts high-level information via inde-
pendent semantic layers and fuses them with low-
level features through cascading and MLPs. Sep-
arate AR and Flow-Matching heads at the top
manage heterogeneous text and video flows with
minimal parameter overhead. OneCAT-3B imple-
ments Modality-MoE within a pure decoder ar-
chitecture. It introduces a multi-scale visual AR
mechanism which bypasses serial bottlenecks and
boosts generation speed. Mamoda2.5 bridges AR
and Diffusion by MetaQueries. Instead of relying
on slow, error-prone visual token prediction, the
AR backbone generates highly condensed logical
plans. These continuous features are then bridged
directly to a backend DiT-MoE module for high-

speed, fine-grained pixel rendering.

B A Detailed Inventory of Dataset

These data sources differ not only in modality
coverage, but also in their input-output structure
and supervision granularity. Some data are de-
signed for multimodal understanding, such as im-
age captioning, visual question answering, OCR,
document parsing, chart reasoning, grounding,
and multi-image reasoning. Others target mul-
timodal generation and editing, including text-
to-image, image-to-image, text-to-video, speech
generation, and interleaved image-text genera-
tion. More recently, interaction-oriented and
preference-oriented data have become increas-
ingly important, enabling models to operate in vi-
sual environments, follow complex instructions,
and align their responses with human preferences.
Overall, this section organizes the training data of
NMM systems according to their functional roles
and supervision formats.

B.1 Understanding-Oriented Data

Understanding-oriented data aims to train native
multimodal models to interpret multimodal inputs
and produce textual or structured semantic out-
puts (Dong et al., 2024c, 2026a,b). In contrast to
generation-oriented data, where the target may be
an image, video, or speech signal, understanding-
oriented data usually follows an input-to-text or
input-to-structure paradigm, such as image cap-
tioning, visual question answering, OCR, doc-
ument parsing, chart reasoning, grounding, and
video/audio understanding. Its role is to establish
the perceptual and reasoning foundation of native
multimodal models, enabling them to recognize
visual content, read text, localize evidence, com-
pare multiple inputs, and reason over temporal or
acoustic signals.

The most fundamental form of understanding-
oriented data is image-text alignment pairs. Large-
scale image-text pairs provide weak but scal-
able supervision for mapping visual semantics
into language space. Early frameworks such
as CLIP and ALIGN proposed that noisy web-
scale image-text pairs offer strong transferable
visual representations. Open datasets such as
YFCC100M (Thomee et al., 2016), Conceptual
Captions (Sharma et al., 2018), COCO Cap-
tions (Chen et al., 2015), and LAION-5B (Schuh-
mann et al., 2022) further shaped this paradigm,
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while DataComp (Gadre et al., 2023) studied how
data filtering and mixture design affect contrastive
vision-language training. Although these pairs are
effective for learning objects, scenes, attributes,
and general semantic descriptions, they are insuf-
ficient for learning fine-grained spatial localiza-
tion, multi-step reasoning, document understand-
ing, and long-context multimodal comprehension.

To go beyond generic captioning, visual ques-
tion answering and visual instruction data intro-
duce more task-oriented supervision. Datasets
such as VQA (Antol et al., 2015), VQA
v2, GQA (Hudson and Manning, 2019), OK-
VQA (Marino et al., 2019; Dong et al., 2023),
A-OKVQA, ScienceQA (Lu et al., 2022), and
VizWiz (Gurari et al., 2018) require models to an-
swer questions based on visual evidence, exter-
nal knowledge, compositional relations, or real-
world visual scenarios. Compared with caption-
ing data, these datasets force models to selectively
attend to relevant parts of the input rather than de-
scribe the whole image. More recent instruction-
tuning datasets, represented by LLaVA and In-
structBLIP (Dai et al., 2023), convert visual under-
standing tasks into natural language instruction-
following formats, often using strong language
models or multimodal models to synthesize ques-
tions, answers, rationales, and conversations. This
shift is important for native multimodal models
because it aligns perception with open-ended dia-
logue and instruction following, which are central
to modern multimodal assistants.

Another important direction is interleaved and
multi-image understanding data. Unlike isolated
image-text pairs, interleaved data preserves the
natural ordering of images and text in web pages,
tutorials, documents, and multimodal articles.
Flamingo (Alayrac et al., 2022) showed the im-
portance of web-scale interleaved image-text data
for multimodal in-context learning, while datasets
such as MMC4 (Zhu et al., 2023), OBELICS (Lau-
rençon et al., 2023), and OmniCorpus (Li et al.,
2025c) provide large-scale open resources for
training models on multimodal sequences. This
data format changes the supervision unit from
a single image-text pair to a multimodal con-
text, allowing models to learn cross-image refer-
ence, long-range dependency, and contextual rea-
soning. Multi-image understanding data further
extends this idea by requiring models to com-
pare, aggregate, or reason over multiple visual in-
puts. Datasets and benchmarks such as MAN-

TIS (Penha et al., 2019), NLVR2 (Suhr et al.,
2019), MuirBench (Wang et al., 2025a), and
BLINK (Fu et al., 2024) evaluate capabilities such
as image comparison, co-reference, temporal or-
dering, visual difference recognition, and multi-
view reasoning. These data are especially relevant
for native multimodal models because real-world
tasks often involve sets or sequences of images
rather than a single static input.

Structured visual understanding data further en-
riches the supervision signal by requiring mod-
els to parse text, layout, tables, charts, and other
symbolic structures embedded in images. OCR-
related datasets such as TextVQA (Singh et al.,
2019) train models to read scene text and com-
bine it with visual context. Document-oriented
datasets such as DocVQA (Mathew et al., 2021)
and InfographicVQA (Mathew et al., 2022) re-
quire models to understand layout, reading or-
der, forms, figures, and document-level seman-
tics. Chart and table understanding datasets such
as ChartQA (Masry et al., 2022), FigureQA (Ka-
hou et al., 2017), PlotQA (Methani et al., 2020),
and DVQA (Kafle et al., 2018) introduce numer-
ical, logical, and arithmetic reasoning over visu-
alized data. These datasets bridge visual percep-
tion and symbolic reasoning: the model must not
only detect visual elements, but also recover their
structural relations and use them to answer ques-
tions. This type of data is crucial for models such
as Qwen3-VL and MiniCPM-V, where OCR, doc-
ument parsing, chart reasoning, and layout under-
standing are central parts of the training recipe.

Region-level grounding and spatial reason-
ing data provide more fine-grained supervi-
sion between language expressions and visual
regions. Datasets such as Visual Genome,
Flickr30k Entities (Plummer et al., 2015), Ref-
COCO (Kazemzadeh et al., 2014), RefCOCO+,
and RefCOCOg connect objects, phrases, at-
tributes, relationships, and referring expressions
to bounding boxes or regions. More recent
works such as Kosmos-2 (Peng et al., 2024) and
GLaMM (Rasheed et al., 2024) extend this idea to
grounded image-text pairs and pixel-level ground-
ing conversations. This kind of data moves mul-
timodal understanding from image-level recogni-
tion to evidence-level localization. It helps mod-
els answer not only “what is in the image”, but
also “where it is,” “which object is being referred
to,” and “which visual evidence supports the an-
swer.” Such grounding ability is essential for re-
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Category Sub-type Representative Datasets Modalities Key Supervision / Description

Understand Image-Text Alignment LAION-5B (Schuhmann et al., 2022),
COCO Captions (Chen et al., 2015),
CC3M/CC12M (Sharma et al., 2018),
YFCC100M (Thomee et al., 2016), Data-
Comp (Gadre et al., 2023)

T, I Weakly-aligned web-scale pairs for cross-modal
mapping; provides image-level semantics.

VQA & Instruction Tuning VQA v2 (Antol et al., 2015), GQA (Hud-
son and Manning, 2019), OK-VQA (Marino
et al., 2019), ScienceQA (Lu et al., 2022),
LLaVA-Instruct (Liu et al., 2023b), Instruct-
BLIP (Dai et al., 2023)

T, I Task-driven QA and multi-turn instruction-following;
converts perception into dialogue.

Interleaved & Multi-Image MMC4 (Zhu et al., 2023), OBELICS (Lau-
rençon et al., 2023), OmniCorpus (Li
et al., 2025c), MANTIS (Penha et al.,
2019), NLVR2 (Suhr et al., 2019), Muir-
Bench (Wang et al., 2025a), BLINK (Fu
et al., 2024)

T, I Natural interleaved documents and multi-image
comparison/reasoning; long-range dependency.

Document, Chart & Grounding DocVQA (Mathew et al., 2021),
InfographicVQA (Mathew et al.,
2022), ChartQA (Masry et al., 2022),
TextVQA (Singh et al., 2019), Flickr30k
Entities (Plummer et al., 2015), Ref-
COCO (Kazemzadeh et al., 2014)

T, I Parsing text, layouts, tables, charts; region-level
bounding box and referring expressions.

Video & Audio Understanding MSR-VTT (Chen et al., 2022), Activi-
tyNet (Krishna et al., 2017), WebVid (Bain
et al., 2021), AudioSet (Gemmeke et al.,
2017), LibriSpeech (Panayotov et al.,
2015), Common Voice (Ardila et al., 2020),
Clotho (Drossos et al., 2020)

T, I, V, A Temporal action/event recognition, speech
transcription, acoustic scene understanding.

Generate Text-to-Image & Editing LAION-5B (Schuhmann et al., 2022),
DiffusionDB (Wang et al., 2023b), In-
structPix2Pix (Brooks et al., 2022), Mag-
icBrush (Zhang et al., 2023a), HQ-Edit (Hui
et al., 2024), UltraEdit (Zhao et al., 2024a)

T, I Synthesizing or editing images from prompts;
controlled transformation with masks/instructions.

Controllable Generation ControlNet (Zhang et al., 2023b), GLI-
GEN (Li et al., 2023c), T2I-Adapter (Mou
et al., 2024), Composer

T, I + cond. Grounded generation with depth, sketch, layout,
bounding boxes, pose.

Interleaved Image-Text Gen. VIST (Kim et al., 2021), OpenLEAF (An
et al., 2023), CoMM (Chen et al., 2025b), In-
terSyn (Ma et al., 2025a)

T, I Generating coherent multimodal sequences (stories,
tutorials) with entity consistency.

Video Generation WebVid-10M (Bain et al., 2021), Panda-
70M (Chen et al., 2024c), OpenVid-1M (Nan
et al., 2024), VidGen-1M (Tan et al., 2024)

T, I, V Text/video-to-video; requires temporal coherence,
motion quality, caption recaptioning.

Audio & Speech Generation LibriTTS (Zen et al., 2019), VCTK (Yamag-
ishi et al., 2019), GigaSpeech (Chen et al.,
2021), Emilia (He et al., 2024a), Audio-
Caps (Kim et al., 2019), WavCaps (Mei et al.,
2024), MusicCaps (Agostinelli et al., 2023)

T, A (Sp) Text-to-speech, voice cloning, music and
environmental sound generation.

Interact Web Interaction WebShop (Yao et al., 2022),
Mind2Web (Deng et al., 2023), We-
bArena (Zhou et al., 2024b), VisualWe-
bArena (Koh et al., 2024), WebLINX (Lù
et al., 2024), WebVoyager (He et al., 2024b)

T, I (GUI) Goal-driven web navigation: searching, clicking, form
filling on real/simulated websites.

Mobile & Desktop GUI AITW (Rawles et al., 2023), RICO (Deka
et al., 2017), ScreenAI (Baechler et al.,
2024), SeeClick (Cheng et al., 2024), OS-
World (Xie et al., 2024a), Windows Agent
Arena (Bonatti et al., 2024)

T, I (GUI) Screenshot/UI-tree to action (tap, type, drag); covers
mobile and OS environments.

Embodied Interaction ALFWorld (Shridhar et al., 2021), Bridge-
Data V2 (Walke et al., 2023), Open
X-Embodiment (O’Neill et al., 2024),
Magma (Yang et al., 2025a)

T, I, V (robot) Language-conditioned manipulation from visual
observations and robot states.

Align Hallucination & Faithfulness LLaVA-RLHF (Sun et al., 2023b), RLHF-
V (Yu et al., 2024b), VLFeedback (Li et al.,
2024d), RLAIF-V (Yu et al., 2024c), HA-
DPO (Zhang et al., 2025d), V-DPO (Xie
et al., 2024b)

T, I Comparative or span-level feedback to reduce visual
hallucinations; AI-assisted labels.

Safety Alignment SPA-VL (Zhang et al., 2024a), Safe RLHF-
V (Ji et al., 2026)

T, I Safe/unsafe response pairs under multimodal harmful
prompts.

Generation Quality Preference ImageReward (Xu et al., 2023), Pick-a-
Pic (Kirstain et al., 2023), HPS v2 (Wu
et al., 2023), VBench (Huang et al., 2024a),
VBench++ (Huang et al., 2024b)

I, V Human preference scores for aesthetics, alignment,
temporal consistency, motion quality.

Agentic Preference Environment Rewards, Human Demos T, I, A Env-aligned Action correctness, efficiency, recovery.

Table 3: Training data for NMM. The four main categories align with the section structure: Understanding-
Oriented ( Understand ), Generation-Oriented ( Generate ), Interaction-Oriented ( Interact ), and Preference & Alignment
( Align ). Modalities: T = Text, I = Image, V = Video, A = Audio/Speech.
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liable visual question answering, GUI understand-
ing, robotics, and agentic multimodal systems.

Finally, video and audio understanding data in-
troduce temporal and acoustic supervision. Video-
text datasets such as MSR-VTT (Chen et al.,
2022), ActivityNet Captions (Krishna et al.,
2017), HowTo100M (Miech et al., 2019), We-
bVid (Bain et al., 2021), and VideoInstruct-
100K (Muhammad Maaz and Khan, 2023) train
models to recognize actions, events, temporal or-
der, scene transitions, and long-range dependen-
cies. Unlike static image understanding, video
understanding requires models to reason about
state changes and event progression. Audio
understanding data, including AudioSet (Gem-
meke et al., 2017), Common Voice (Ardila et al.,
2020), LibriSpeech (Panayotov et al., 2015),
Clotho (Drossos et al., 2020), FSD50K (Fonseca
et al., 2021), SALMONN (Tang et al., 2024),
and Qwen2-Audio-style (Chu et al., 2024) train-
ing corpora, extends multimodal comprehension
to speech, environmental sounds, music, speaker
characteristics, and paralinguistic cues. These
data sources allow native multimodal models to
move from image-language understanding toward
broader world understanding across visual, tex-
tual, temporal, and acoustic channels.

In a nutshell, understanding-oriented data has
evolved from coarse image-text alignment to task-
specific reasoning, long-context multimodal com-
prehension, structured document understanding,
fine-grained grounding, and temporal/audio un-
derstanding. This evolution reflects a broader shift
in NMM systems: the goal is no longer merely to
associate images with captions, but to build mod-
els that can inspect multimodal evidence, integrate
information across inputs, reason over structure
and time, and produce reliable textual or struc-
tured responses grounded in the input.

B.2 Generation-Oriented Data
Generation-oriented data is designed to train na-
tive multimodal models to produce non-textual
or mixed-modality outputs, such as images,
edited images, videos, speech, audio, or inter-
leaved image-text sequences. Compared with
understanding-oriented data, which usually maps
multimodal inputs to textual or structured seman-
tic responses, generation-oriented data defines a
more demanding input-output relationship: the
model must synthesize perceptually plausible con-
tent while preserving semantic alignment, visual

fidelity, temporal coherence, and controllability.
As native multimodal models move toward uni-
fied understanding and generation, this category
of data becomes increasingly important for con-
necting language, perception, and content creation
within a single model.

The most basic form of generation-oriented
data is text-to-image data, where natural language
prompts or captions are paired with images. Al-
though such data may overlap with image-text
pairs used for contrastive understanding, its func-
tion in generation is different: it teaches the model
to map textual descriptions into visual distribu-
tions rather than merely align image and text em-
beddings. Large-scale image-text corpora such
as LAION-5B (Schuhmann et al., 2022) provide
broad coverage of visual concepts and styles,
while higher-quality caption datasets such as
COCO Captions (Chen et al., 2015) are often used
for evaluation or fine-tuning. More recent prompt-
image datasets, such as DiffusionDB (Wang et al.,
2023b) and JourneyDB (Sun et al., 2023a), cap-
ture real user prompts and AI-generated images,
making them useful for studying prompt distri-
butions, aesthetic preferences, and the mismatch
between natural captions and generation-oriented
prompts. These datasets show that text-to-image
generation requires not only semantic alignment,
but also control over composition, style, object re-
lations, and visual quality.

Image editing data further extends generation
from open-ended synthesis to controllable visual
transformation. The typical data format is a source
image, an editing instruction, and a target image.
InstructPix2Pix (Brooks et al., 2022) pioneered
large-scale instruction-guided image editing by
using language models and text-to-image diffu-
sion models to synthesize editing triples. Mag-
icBrush (Zhang et al., 2023a) improved this di-
rection with human-annotated editing data, includ-
ing both single-turn and multi-turn edits. Recent
datasets such as HQ-Edit (Hui et al., 2024) and
UltraEdit (Zhao et al., 2024a) scale instruction-
based editing with higher-quality source-target
pairs, more diverse edit types, and region-level
constraints. Unlike text-to-image data, editing
data requires the model to preserve irrelevant re-
gions while modifying only the target content
given instructions. Thus, it provides supervision
for locality, identity preservation, style transfer,
object replacement, and instruction faithfulness.

Another important branch is controllable or
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grounded generation data, where text prompts are
augmented with explicit structural conditions such
as bounding boxes, masks, sketches, depth maps,
edge maps, layouts, segmentation maps, or hu-
man poses. Works such as ControlNet (Zhang
et al., 2023b) and T2I-Adapter (Mou et al., 2024)
demonstrate that adding external visual conditions
can significantly improve spatial control in im-
age generation. GLIGEN (Li et al., 2023c) in-
troduces grounded text-to-image generation with
caption and bounding-box conditions, while Com-
poser decomposes visual generation into multiple
controllable factors such as depth, sketch, color,
and layout. This kind of data addresses a cen-
tral limitation of pure text-conditioned generation:
natural language alone is often insufficient for pre-
cise spatial arrangement and local control. By pro-
viding structured conditions, controllable genera-
tion data helps models learn where objects should
appear, how they should be arranged, and how lo-
cal constraints interact with global semantics.

For NMM systems, interleaved image-text gen-
eration data is especially important because the
target is no longer a single image, but a coherent
multimodal sequence. In this setting, a model may
be asked to generate alternating text and images,
visual stories, illustrated explanations, or multi-
step multimodal outputs. Datasets and frame-
works such as VIST, OpenLEAF, CoMM, and In-
terSyn (Kim et al., 2021; An et al., 2023; Ma
et al., 2025a; Chen et al., 2025b) explore this
direction by organizing generation targets as se-
quences of text and images. Unified models such
as Emu3.5, BAGEL, and LLaDA2.0-Uni also rely
on interleaved generation data to connect under-
standing, reasoning, and generation. Compared
with isolated text-to-image pairs, interleaved gen-
eration data requires stronger entity consistency,
discourse coherence, visual style consistency, and
long-range dependency modeling. It is therefore
a key data format for models that aim to generate
multimodal documents, tutorials, stories, or step-
by-step visual outputs.

Video generation data introduces temporal su-
pervision into multimodal generation. Its com-
mon formats include text-to-video, image-to-
video, text-image-to-video, speech-to-video, and
animation data. Compared with image generation,
video generation data must encode not only visual
semantics and aesthetics, but also motion quality,
object persistence, temporal transitions, camera
movement, and physical plausibility. Large-scale

video-text datasets such as WebVid-10M (Bain
et al., 2021) and Panda-70M (Chen et al., 2024c)
provide broad video-caption supervision, while
OpenVid-1M (Nan et al., 2024) and VidGen-
1M (Tan et al., 2024) focus more on high-quality
video-text pairs for generative training. Recent
video generation systems such as Wan2.1/Wan2.2
and HunyuanVideo-1.5 further highlight the im-
portance of data filtering, caption rewriting, aes-
thetic scoring, motion quality assessment, bilin-
gual text-video alignment, and progressive train-
ing strategies. These examples show that video
generation data is not simply an extension of
image-text data to more frames; it requires ex-
plicit consideration of temporal consistency and
dynamic world modeling.

Audio and speech generation data expands
generation-oriented supervision beyond visual
outputs. Typical tasks include text-to-speech,
speech response generation, voice cloning, text-
to-audio, and music generation. Datasets such as
LibriTTS (Zen et al., 2019), LibriTTS-R (Koizumi
et al., 2023), VCTK (Yamagishi et al., 2019), Gi-
gaSpeech (Chen et al., 2021), and Emilia (He
et al., 2024a) provide speech data for model-
ing pronunciation, speaker identity, prosody, mul-
tilingual speech, and naturalness. For general
audio generation, datasets and models such as
AudioCaps (Kim et al., 2019), WavCaps (Mei
et al., 2024), AudioLDM (Liu et al., 2023a),
MusicCaps (Agostinelli et al., 2023), and LP-
MusicCaps (Doh et al., 2023) connect text de-
scriptions with environmental sounds, acoustic
events, or music. In omni-modal systems such as
MiniCPM-o, Ming-Omni, and OmniVoice, speech
generation data is especially important because
the model is expected not only to understand au-
dio, but also to respond with natural, expressive,
and contextually appropriate speech. This type of
data introduces supervision for real-time interac-
tion, speaker consistency, emotion, rhythm, and
paralinguistic expression.

Overall, generation-oriented data evolves from
text-conditioned image synthesis to controllable
editing, structured generation, interleaved multi-
modal generation, temporal video generation, and
speech/audio generation. This progression reflects
a broader shift in NMM systems: they are no
longer limited to perceiving and describing mul-
timodal inputs, but are increasingly expected to
create, modify, and organize multimodal content.
As a result, generation-oriented data is often com-
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bined with preference and reward data, but its core
role remains distinct: it defines the input-output
mappings through which native multimodal mod-
els learn to synthesize new multimodal content.

B.3 Interaction-Oriented Data
Interaction-oriented data is designed to train native
multimodal models to act in external environments
rather than only understand or generate content.
Its defining feature is that the supervision target is
no longer a textual answer or a generated image,
but an executable action, tool call, or action tra-
jectory. The typical data format can be described
as a task goal, an observation history, and a se-
quence of actions, where the observation may in-
clude webpages, screenshots, UI hierarchies, doc-
uments, tool outputs, videos, or embodied visual
states. This data category is central to the devel-
opment of multimodal agents because it connects
perception, reasoning, planning, and execution.

Web interaction data is one of the earliest and
most representative forms of interaction-oriented
supervision. In this setting, the model receives
a user goal and must operate a browser environ-
ment through actions such as searching, click-
ing, typing, scrolling, selecting options, and nav-
igating across web pages. WebShop (Yao et al.,
2022) introduced a simulated e-commerce envi-
ronment for language-grounded web interaction,
requiring agents to search and purchase prod-
ucts according to natural language instructions.
Mind2Web (Deng et al., 2023) extended this di-
rection to real websites, collecting human ac-
tion sequences across diverse domains and tasks.
WebArena (Zhou et al., 2024b) further empha-
sized executable evaluation in reproducible web
environments, while VisualWebArena (Koh et al.,
2024) showed that many web tasks require visual
grounding over rendered webpages rather than re-
lying only on HTML or text. WebLINX (Lù et al.,
2024) and WebVoyager (He et al., 2024b) also
highlight the importance of multi-turn navigation,
real websites, screenshots, and open-ended task
completion. These datasets shift web page under-
standing to goal-directed operation.

Mobile and desktop GUI interaction data fur-
ther broadens the action space from browser-
specific operations to general interface control.
Such data usually pairs screenshots or UI trees
with natural language instructions and low-level
actions such as tap, click, type, drag, scroll,
or open an application. RICO provides large-

scale mobile UI screens and hierarchy informa-
tion, forming an early foundation for UI under-
standing. Android in the Wild collects large-scale
Android operation episodes with natural language
goals, screenshots, and human demonstrations,
making it a representative dataset for mobile de-
vice control. ScreenAI (Baechler et al., 2024) fo-
cuses on UI and infographic understanding, while
SeeClick (Cheng et al., 2024) and ScreenSpot em-
phasize GUI grounding, where models must lo-
cate actionable elements from screenshots (Cheng
et al., 2024). CogAgent, OmniACT, OSWorld,
and Windows Agent Arena (Hong et al., 2023;
Kapoor et al., 2024; Xie et al., 2024a) further
extend this direction to more general desktop
and operating-system environments, where agents
must complete multi-step tasks across real ap-
plications. Compared with web-only data, GUI
data requires stronger visual grounding, coordi-
nate prediction, layout understanding, and long-
horizon action planning.

Embodied and robotic interaction data extends
the same idea from digital environments to physi-
cal action. Here the observation may be an image,
video, robot state, or language instruction, while
the output is a robot action or manipulation tra-
jectory. ALFWorld connects language planning
with embodied execution, providing a bridge be-
tween abstract instructions and grounded actions.
RT-1 (Brohan et al., 2022) demonstrates large-
scale language-conditioned robot control from
real-world demonstrations. BridgeData V2 and
Open X-Embodiment further scale robot learn-
ing by aggregating diverse manipulation trajec-
tories across environments, tasks, and embod-
iments. Recent multimodal agent frameworks
such as Magma also try to unify GUI navigation
and robotic manipulation under a shared action-
grounding formulation. Although embodied data
is often treated separately from web or GUI data, it
shares the same core supervision pattern: models
must map multimodal observations and task goals
to executable actions.

Overall, interaction-oriented data marks a tran-
sition from passive modeling to active agency.
Web data teaches models to navigate online envi-
ronments; GUI data teaches them to operate visual
interfaces; tool-use data teaches symbolic action
and API invocation; embodied data teaches phys-
ical control. Across these settings, the key super-
vision signal is the action trajectory, not merely
the final answer. This makes interaction-oriented
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data essential for training NMM systems that can
perceive an environment, understand user goals,
plan intermediate steps, execute actions, and adapt
based on feedback.

B.4 Preference and Alignment Data
Preference and alignment data is mainly used in
the post-training stage to calibrate the behavior of
native multimodal models. Unlike understanding-
oriented data, which teaches models to interpret
multimodal inputs, or generation-oriented data,
which teaches them to synthesize images, videos,
or speech, preference data teaches models which
outputs should be preferred under human, factual,
safety, and task-specific criteria. Its supervision
format is usually comparative or reward-based,
such as a prompt with two candidate responses,
a ranking among multiple generations, a human
or AI preference label, a reward score, or a cri-
tique explaining why one output is better than an-
other. Therefore, this type of data does not pri-
marily expand modality coverage; rather, it im-
proves helpfulness, faithfulness, safety, controlla-
bility, instruction following, and output quality.

For multimodal understanding, one of the cen-
tral goals of preference data is to reduce hallu-
cination and improve visual faithfulness. Large
vision-language models often generate fluent an-
swers that are not supported by the image, espe-
cially when questions require fine-grained visual
evidence or when the model over-relies on lan-
guage priors. LLaVA-RLHF (Sun et al., 2023b)
is an early representative work that introduces
RLHF into large multimodal models by collect-
ing human preferences between candidate answers
and incorporating factual information into reward
modeling. RLHF-V (Yu et al., 2024b) further
uses segment-level correctional feedback, where
annotators identify hallucinated spans in model re-
sponses rather than only selecting a better answer.
VLFeedback (Li et al., 2024d) and Silkie (Li et al.,
2023a) scale this direction by collecting responses
from multiple vision-language models and using
preference signals based on helpfulness, visual
faithfulness, and ethical considerations. RLAIF-
V (Yu et al., 2024c) reduces the cost of align-
ment by replacing part of human feedback with AI
feedback. More recent works such as MM-RLHF,
HA-DPO, V-DPO, and CLIP-DPO (Zhang et al.,
2025d,d; Xie et al., 2024b; Ouali et al., 2024) also
construct preference pairs or reward signals to pe-
nalize hallucinated answers and encourage visu-

ally grounded responses. Together, these works
show that multimodal preference data is especially
important for teaching models not only to answer,
but to answer based on the visual evidence actually
present in the input.

Safety alignment is another major focus of pref-
erence and alignment data. Multimodal models
may receive harmful requests in the form of text,
images, screenshots, or image-text combinations,
and they need to distinguish benign visual under-
standing from unsafe compliance. Safety prefer-
ence data typically compares safe and unsafe re-
sponses under multimodal prompts, or separately
annotates helpfulness and harmlessness. Works
such as SPA-VL (Zhang et al., 2024a) and Safe
RLHF-V (Ji et al., 2026) build vision-language
safety preference data to train models that can
refuse harmful multimodal instructions while still
providing helpful responses for safe tasks. This
direction is important because safety failures in
multimodal models can arise not only from text
prompts, but also from visual content, hidden text
in images, screenshots, or combinations of visual
and textual cues. As a result, safety preference
data must consider both the semantic content of
the input and the model’s response behavior.

Preference data is also widely used to align
multimodal generation with human judgments.
For text-to-image generation, datasets and reward
models such as ImageReward, Pick-a-Pic, HPS
v2, and HPD v2 (Xu et al., 2023; Kirstain et al.,
2023; Wu et al., 2023) collect human preferences
over generated images, focusing on prompt-image
alignment, realism, aesthetics, composition, and
overall visual quality. Diffusion-DPO, DDPO,
and DPOK (Wallace et al., 2024; Black et al.,
2024; Fan et al., 2023; Yu and Yu, 2026) fur-
ther show how preference or reward signals can
be used to optimize diffusion models directly. In
this setting, the preferred output is not simply the
one that matches the caption most literally, but
the one that better satisfies human expectations
of visual appeal, style, object fidelity, and con-
trollability. Similar ideas are being extended to
video generation, where preference data and re-
ward models evaluate temporal consistency, mo-
tion quality, subject preservation, physical plau-
sibility, and prompt-video alignment. Bench-
marks and reward-oriented works such as VBench,
VBench++, VBench-2.0 (Huang et al., 2024a,b;
Zheng et al., 2025), and human-feedback-based
video generation studies reflect the growing im-
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portance of multi-dimensional video preference
signals. For audio and speech generation, pref-
erence data focuses on naturalness, intelligibil-
ity, speaker similarity, prosody, music quality, and
text-audio alignment, as seen in emerging reward
models and human preference datasets for text-to-
audio and speech generation.

In addition to response and generation quality,
preference and alignment data increasingly sup-
ports agentic behavior. For interaction-oriented
multimodal models, the preferred output may be
a better action, a more reliable tool call, or a more
successful trajectory. Although much of the ex-
isting literature focuses on text-only tool use or
GUI benchmarks, the same preference principle
applies to multimodal agents: models should pre-
fer actions that are correct, efficient, recoverable,
and aligned with user intent. Feedback can be col-
lected from human demonstrations, execution re-
sults, environment rewards, or critiques of failed
trajectories. This suggests that future native multi-
modal models will likely combine visual ground-
ing, tool use, and preference optimization in a uni-
fied post-training pipeline.

Overall, preference and alignment data acts as
a behavioral calibration layer for native multi-
modal models. It improves factual grounding
in visual question answering, reduces hallucina-
tion, enhances safety, aligns generated images,
videos, and speech with human preferences, and
supports more reliable tool use and action selec-
tion. Its development also shows several clear
trends: from human feedback to AI-assisted feed-
back, from scalar preference labels to fine-grained
critiques and rationales, from pairwise compar-
isons to multi-dimensional reward models, and
from response-level alignment to generation- and
action-level alignment. As native multimodal
models become increasingly capable of under-
standing, generating, and acting, preference and
alignment data becomes essential for ensuring that
these capabilities are reliable, controllable, and
aligned with human expectations.

B.5 Data Mixture Across Training Stages
The dataset categories above are not usually
mixed with a single fixed ratio. In recent na-
tive multimodal systems, data proportion is stage-
dependent (Deng et al., 2025; Cui et al., 2026,
2025; Inclusion AI, 2026a; AI et al., 2025; Xie
et al., 2026). Early alignment stages mainly
use clean paired data, such as image-caption,

OCR-image-text, speech-transcription, or short
video-caption pairs, so that visual or acoustic to-
kens become compatible with the language back-
bone. Later pre-training stages broaden the mix-
ture to text-only data, image-text data, video-text
data, documents, grounding, VQA, interleaved
sequences, and generation data. For example,
Qwen3-VL first performs vision-language align-
ment and then uses a large multimodal pre-training
stage that roughly balances text-only and vision-
language data, while Emu3.5 emphasizes long
video-interleaved sequences in its native autore-
gressive pre-training.

For unified understanding-generation models,
the central issue is how to balance discriminative
understanding data with generative data. Pair data
such as image-to-text or text-to-image is useful
for local alignment and basic generation, but in-
terleaved data becomes more important when the
model is expected to produce coherent multimodal
sequences. BAGEL makes this pattern explicit: its
recipe moves from alignment data to mixtures of
text, T2I, I2T, interleaved understanding, video-
interleaved generation, and web-interleaved gen-
eration, with later stages increasing the weight
of interleaved and generative data. LLaDA2.0-
Uni and Mamoda2.5 follow the same broad mo-
tivation from diffusion or AR-diffusion modeling,
where image understanding, text-to-image gener-
ation, image editing, and video generation/editing
must be learned under a unified objective.

Video and omni-modal models further show
why raw sample ratios are insufficient. For
video generation, data quality and curriculum of-
ten matter as much as scale: HunyuanVideo-1.5
filters massive raw video collections into high-
quality clips and progressively mixes T2I, T2V,
and I2V data, while Wan2.2 emphasizes dedupli-
cation, caption rewriting, visual-quality filtering,
motion-quality filtering, and progressive training.
For omni-modal models, image, video, text, au-
dio, and speech data are measured in different
units and converge at different speeds. Ming-
Omni therefore reports stage-wise mixtures over
image-text, audio-text, text, video-text, and audio
QA data, while OmniVoice frames data scale in
speech hours and language coverage rather than
image/video sample counts.

The final supervised stage is usually smaller but
more behavior-oriented. Instead of preserving the
pre-training mixture, SFT data is organized around
target capabilities such as OCR and document un-
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derstanding, chart reasoning, multi-image com-
parison, text-to-image generation, image editing,
video generation, speech response, or interleaved
dialogue. Emu3.5, for instance, reports SFT data
by task families such as any-to-image generation,
visual narrative, visual guidance, world explo-
ration, and embodied manipulation, while Kling-
Omni emphasizes unified video generation, edit-
ing, and instruction following. Overall, native
multimodal data proportion should be viewed as
a curriculum over modality, sequence length, res-
olution, generation target, and instruction format,
rather than as a static dataset pie chart.

C A Landscape of Training Recipes

This section argues that training strategies are not
independent of architecture; rather, each fusion
regime imposes a distinct training signature. Our
discussion centers on mid- and early-fusion, while
late-fusion is treated mainly as a baseline against
which the native regimes diverge.

As multimodal modeling has migrated from
late- through mid- to early-fusion, the training
stack shifts. We present the discussion accord-
ingly. Section C.1 traces the fusion-coupled evo-
lution of pre-training across the three regimes;
Sections C.2 and C.3 show how the same fusion
gradient propagates into supervised fine-tuning
and reinforcement learning, respectively; and Sec-
tion C.4 closes with a discussion of On-Policy Dis-
tillation, an emerging post-RL training paradigm.

C.1 Pre-Training (PT)

One paradigm to all fusion regimes: modal quan-
tizers and VAEs are pretrained independently and
remain frozen, which applies to discrete visual
tokenizers (VQ-VAE, MAGVIT-v2 (Yu et al.,
2024a), Make-a-Scene (Gafni et al., 2022)), dis-
crete audio codecs (Mimi, SpeechTokenizer, En-
codec (D’efossez et al., 2022)), and continuous
VAEs (3D Causal VAE (Wu et al., 2024b), Video
DC-AE (Peng et al., 2025), Wan-VAE). The rea-
soning is consistent across fusion types: these
components define the latent space, so chang-
ing them mid-training would invalidate all learned
representations. Thus, the regime-specific dif-
ferences concern only the trainable components
(e.g., continuous encoders, projectors, and the
backbone) and how they connect to the loss.

C.1.1 Late-Fusion PT
In the late-fusion regime, such as LLaVA and
Video-LLaVA, modality encoders are connectivity
peripherals: features flow through a thin projector
into a frozen LLM and gradients do not reach the
encoder. All five training-signature dimensions
are therefore degenerate—a single global learn-
ing rate suffices, the loss is text-only autoregres-
sive cross-entropy, no stabilizers are needed be-
yond standard practice, and the resolution/mixture
schedule is absorbed into the frozen encoder sub-
graph and the dataset rather than the optimizer.
Visual tokens simply form a prefix to the text se-
quence. The trade-off is explicit: late-fusion buys
training simplicity at the price of capped cross-
modal capacity, since the encoder cannot adapt to
the language objective.

C.1.2 Mid-Fusion PT
Mid-fusion is the regime in which gradients first
reach the encoder, and every element of the train-
ing signature is a response to that single change.
Key techniques of mid-fusion are progressive un-
freezing, differential rates, and decoupled losses.

The rise of progressive unfreezing. The defin-
ing mid-fusion pattern is the progressive unfreez-
ing schedule: the encoder is frozen during initial
alignment, then unlocked at a later stage, some-
times with the LLM frozen during the encoder-
warmup phase. Qwen2-VL exemplifies the sym-
metric variant, where ViT trained while LLM
frozen in Stage 1 and both unfrozen in Stage
2. CogVLM, Janus-Pro, and MiniCPM-V de-
fer encoder unfreezing to SFT. A genuinely SFT-
specific variant also appears here: Qwen2-VL re-
freezes its ViT at the chat-tuning stage, signalling
that once vision-text alignment is consolidated by
1.4T-token joint pretraining, further encoder up-
dates during instruction tuning are unnecessary.

Differential rates become mandatory. Once
gradients reach the encoder, a uniform learning
rate destabilizes the system, as a single rate is typ-
ically too high for the encoder yet too low for the
LLM. CogVLM applies 1/10 of the base rate to
its EVA2-CLIP-E encoder upon SFT-time unfreez-
ing, establishing the canonical mid-fusion pre-
scription. Stage-wise global decay performs the
same role implicitly: Janus-Pro decays 10−3 →
10−4 → 4×10−5 across its three stages for a
25× total reduction, whereas the largest rate cor-
responds to adapter-only training and the smallest
to full-model SFT. Although audio-centric, Moshi
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Figure 4: Training × Fusion: a stage-by-regime grid. Rows are training stages PT/SFT/RL/OPD, and columns
are fusion regimes late/mid/early. Every rightward arrow is an architectural necessity, not a stylistic choice.
1 PT late→mid: differential LR becomes mandatory once the encoder receives gradients. 2 PT mid→early:

z-loss and QK-Norm become preconditions, while the modality-mixture schedule replaces differential LR. 3 RL
mid→early: pathway-locality collapses, so the policy must cover the full backbone, and the three failure modes
on the right, namely grounding hack, see-saw, and perception/logic gap, co-emerge because of this collapse, not
alongside it. 4 RL→OPD: teacher-anchored on-policy distillation, shown as the bottom bar and fusion-agnostic,
is the structural response to 3 , combining a specialist teacher pool, a hybrid OPD+ORM advantage, and a self-
snapshot anchor against drift.

exhibits the identical logic, training its temporal
and depth transformers at 3×10−5 versus 2×10−4

to create a ∼ 7× gap that reflects their distinct
convergence dynamics. Differential learning rates
are indeed constitute the fundamental condition
for the mid-fusion regime.

Decoupled loss of understanding/generation.
Mid-fusion models that handle both understand-
ing and generation typically maintain two sepa-
rate loss terms over a shared backbone. Janus-Pro
computes cross-entropy on text tokens for under-
standing and on discrete VQ tokens for genera-
tion, with two independent visual encoders feed-
ing a shared LLM. BAGEL routes understanding
(cross-entropy on text given SigLIP features) and
generation (MSE on continuous VAE latents via
Next-Group-Token Prediction) through MoT, us-
ing task-specific batch toggles to prevent the two
pathways from interfering. The two losses share
parameters but not gradient signal at the modality-
specific layers, which indicates partial rather than
full unification.

Resolution and context-length curricula be-
come critical. Once the encoder receives gradi-
ents, its operating resolution is no longer fixed
by the pretraining checkpoint and becomes a
key scheduling variable. Understanding models

progress through resolution curricula across pre-
training stages, in order to avoid the optimiza-
tion shock of unfreezing a high-capacity encoder
at full resolution from the start. For instance,
MiniCPM-V 224 → 448 → 1344+ over three
stages, CogVLM increasing its input from 224 to
490 in late pretraining. Omni systems extend this
logic to the temporal axis: Qwen2.5-Omni grows
its context window from 8,192 to 32,768 tokens
in its final pretraining stage to handle long audio
and video, and Emu3 raises generation resolution
from 512 to 720 px (understanding up to 1024 px)
during post-training. The key insight is that mid-
fusion links which parameters are unfrozen with
at what resolution they are unfrozen; using one
schedule without the other destabilizes training.
Modality mixture remains externally specified at
this stage, since two pathways still have their own
loss heads, so that its scheduling is at most coarse-
grained (e.g., Janus-Pro’s 50/50 generation/under-
standing split during PT).

C.1.3 Early-Fusion PT

Early-fusion eliminates the architectural firewall
between modalities, and the training signature fol-
lows: every component carries gradients from
step zero, the loss collapses to a single objective
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over a shared vocabulary, and the absence of any
modality-specific buffer makes stabilizers essen-
tial rather than optional. Key techniques of early-
fusion includes joint-from-start, unified NTP, and
mandatory stabilization.

Joint-from-start. Early-fusion models opti-
mize all modules simultaneously from the first
step with no freeze-to-unfreeze transitions. For
discrete-token early-fusion architectures such as
Chameleon, Emu3.5, and AnyGPT, the vocabu-
lary is expanded by the codebook size, including
an increase of 8,192 for Chameleon, 32,768 for
Emu3.5, and a combined addition of 8,192 im-
age, 1,024 speech, and 8,192 music tokens for
AnyGPT. Consequently, the new embeddings are
trained end-to-end with the unified objective from
the onset. These models also typically return to a
single global learning rate, not because differen-
tial rates would be incorrect, but because the uni-
fied vocabulary yields a unified loss whose gradi-
ent statistics are homogeneous across token types.
Specifically, Chameleon and Transfusion apply a
single global rate, with Chameleon decaying from
10−4 to 10−5 and Transfusion from 3×10−4 to
1.5×10−5 via cosine decay, thereby relying on ar-
chitectural stabilizers rather than rate engineering.
The only exception is Llama-4’s MetaP, which
moves in the opposite direction by descending to
algorithmically determined per-layer rates.

Unified NTP and modal-aware attention.
Discrete-token early-fusion collapses every
modality into a single cross-entropy loss over a
shared vocabulary. Systems such as Chameleon,
Emu3.5, AnyGPT, and LongCat-Next all adopt
this pattern, ensuring that images, audio, and text
receive identical gradient treatment within the
same softmax layer. Hybrid variants emerge when
continuous modalities resist tokenization. For in-
stance, Transfusion combines language modeling
with DDPM diffusion via a joint loss expressed
as L = LLM + 5 · LDDPM, where the scaling
coefficient λ = 5 is determined via preliminary
search. Similarly, Show-o combines Mask Token
Prediction for images with Next Token Predic-
tion for text, whereas LLaDA2.0-Uni adopts a
discrete diffusion masked-denoising objective
uniformly across text and image tokens to replace
the autoregressive loss entirely. Expanding on
unified NTP, OneCAT introduces a multi-scale
visual autoregressive mechanism to predict image
tokens from coarse to fine resolution. Within the
RVQ-based audio path of Moshi, the semantic

codebook receives a loss weight αk = 100,
which stands in contrast to the acoustic codebook
weight αk = 1 to ensure that linguistic content is
prioritized over acoustic detail. Attention patterns
closely track these objective functions. Pure NTP
models apply causal attention uniformly across
modalities, utilizing special structural tokens
to demarcate modality boundaries. Conversely,
hybrid models relax this constraint where their
loss demands it, allowing Transfusion and Show-o
to permit bidirectional attention within image
regions because diffusion processes inherently
benefit from full image context.

Z-loss and QK-Norm for stability. The unified
softmax also establishes the unified divergence
surface. Chameleon’s ablations are unequivocal:
without QK-Norm, the model diverges after ap-
proximately 20% of training. Furthermore, z-loss
regularization expressed as 10−5 · log2 Z, where
Z is the softmax partition function, is required
to keep logits bounded across the heterogeneous
token distribution. These interventions are not
generic transformer tricks, but rather the engineer-
ing preconditions for scaling discrete-token early-
fusion. This constitutes the clearest evidence that
early-fusion is a distinct training regime, not a
stylistic refinement of mid-fusion.

Modality-mixture scheduling. The key
change at the early-fusion boundary is that sepa-
rate loss heads per modality are eliminated, mean-
ing the modality mixture in each batch directly
determines the gradient direction. This transition
forces every early-fusion system to treat mixture
scheduling as a core training hyperparameter.

Transfusion fixes a 1:1 text-to-image token ra-
tio with captions preceding their corresponding
images 80% of the time, using BOI and EOI to-
kens as attention-pattern triggers that switch be-
tween causal and bidirectional regions on the fly.
Chameleon interleaves image and text tokens with
special delimiters, mixing image-text pairs and
text-only documents in the same batch while fix-
ing each image at 1,024 tokens derived from a
512×512 center-cropped crop regardless of res-
olution, which ensures that the gradient per im-
age remains constant. Moshi advances this sched-
ule further by interleaving text and audio at the
12.5 Hz frame level, combining one text position
and eight audio codebook positions per timestep.
Crucially, half of the pretraining batches are al-
located as text-only data to serve as an explicit
anti-forgetting buffer for language capability un-
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der the unified loss. Video generators with uni-
fied objectives such as Open-Sora 2.0 schedule
the task from text-to-video to image-to-video by
prepending reference-frame latents, and run res-
olution curricula in parallel starting from 256 px
and scaling up to 768 px. This strategy is mir-
rored in HunyuanVideo’s escalation from 256 px
to 960 px and Wan’s transition from 256 px to
720 px, maintaining mixed image-video batches
throughout the process.

Chameleon’s documented warning explicitly
highlights the primary failure mode, stating that
imbalanced modality mixtures cause early-fusion
models to learn degenerate unconditional priors
that distort generation. This stands as a degenerate
behavior that late-fusion with its inert generation
pathway and mid-fusion with its decoupled losses
avoid structurally. Modality-mixture scheduling
is thus the early-fusion equivalent of differential
learning rates, representing a fundamental precon-
dition for successful training rather than just an
optimization refinement.

C.2 Supervised Fine-Tuning (SFT)

The five-dimensional PT signature carries forward
into SFT, but two new regime-specific axes ap-
pear on top of it. First, mid-fusion gains a free
freezing rewiring privilege, meaning that SFT may
unfreeze the encoder that PT had kept frozen or
re-freeze a component that PT had been training.
Neither late-fusion nor early-fusion can exercise
this option, since nothing was trainable to begin
with in late-fusion and the joint-throughout com-
mitment forecloses re-freezing in early-fusion.
Second, the curriculum-scheduling dimension that
PT introduced now expresses itself as distribution
rebalancing, reflecting the reality that SFT cor-
pora are dramatically smaller and skew text-heavy.
Consequently, recovering an appropriate modality
mixture on this smaller corpus stands as a regime-
specific design step. Layered on top of these is
a regime-independent universal layer encompass-
ing prompt-token loss masking, learning-rate de-
cay relative to PT, and light dropout, which we
will not repeat per regime. The discussion below
emphasizes the regime-specific aspect exclusively.

C.2.1 Late-Fusion SFT
Late-fusion SFT represents the degenerate case
of the aforementioned framework because neither
freezing rewiring nor distribution rebalancing ap-
plies, rendering the universal layer essentially the

entire story. The pretraining freezing topology is
preserved intact, keeping the encoder frozen while
the projector and LLM are tuned. This preserva-
tion is accompanied by a sharp learning-rate decay
between stages, exemplified by LLaVA’s 100×
times drop during the transition from projector-
only Stage 1 to end-to-end Stage 2.

C.2.2 Mid-Fusion SFT
Mid-fusion represents the unique regime in which
SFT is permitted to rewire the freezing topology,
yielding two distinct rewiring strategies.

(i) Unfreeze-at-SFT. CogVLM, Janus-Pro, and
MiniCPM-V maintain a frozen encoder during
pretraining and unlock it exclusively at the SFT
stage, utilizing a reduced learning rate such as
one-tenth of the base rate for CogVLM. Janus-Pro
selectively keeps the generation tokenizer frozen
even after the understanding encoder is unlocked,
thereby exemplifying the asymmetric component-
by-component thaw that mid-fusion permits.

(ii) Train-then-re-freeze. Qwen2-VL re-
freezes its ViT at the SFT stage after training it
through both pretraining stages, leaving only the
LLM tuned on ChatML conversations. This pat-
tern stands as an exclusive characteristic of mid-
fusion, since the encoder in late-fusion was never
trained to begin with and the joint-throughout
commitment in early-fusion forecloses any poten-
tial re-freezing.

Beyond freezing modifications, mid-fusion SFT
inherits the decoupled structure of mid-fusion PT
and continues to schedule the two pathways inde-
pendently. On the understanding side, this archi-
tecture manifests as fine-grained modality-mix re-
balancing. For instance, Janus-Pro shifts its gener-
ation to understanding data ratio from 50/50 dur-
ing Stage II PT to 40/60 during Stage III SFT
to bias the model toward understanding without
losing generation capability. This shift illustrates
that pretraining establishes the resolution curricu-
lum while SFT subsequently adjusts the modality
mix. On the generation side, the same pathway-
specific logic produces an SFT recipe that operates
entirely on the diffusion transformer with all VAEs
and text encoders frozen. This recipe concentrates
instead on two coupled curricula, namely resolu-
tion escalation and quality-filtered data tighten-
ing. In this context, HunyuanVideo’s final stage
utilizes approximately 1M human-annotated sam-
ples scored on aesthetic and motion criteria, Wan
applies resolution-dependent quality filters, and
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Open-Sora 2.0 simultaneously shifts its task cur-
riculum from text-to-video to image-to-video by
prepending reference-frame latents. Across both
pathways, the SFT-time tightening that the univer-
sal layer expresses on the optimizer side through
a lower learning rate, prompt-token loss masking,
and dropout is mirrored on the data side as a nar-
rower distribution, stricter quality bar, and more
targeted task mix. Crucially, the two pathways
are tightened on their own independent schedules,
which represents the exact privilege that decou-
pled losses confer.

C.2.3 Early-Fusion SFT
Early-fusion forecloses every freezing rewiring
available to mid-fusion, because the joint-from-
start commitment of PT means there is no frozen
component left to thaw and no trained component
that can be safely re-frozen without breaking the
unified softmax surface. SFT therefore reduces
to operating purely on the universal layer, encom-
passing a lower learning rate, prompt-token loss
masking, and additional dropout, such as the 0.05
dropout added by Chameleon at the 34B scale.
Alongside these adjustments, the system executes
one regime-specific responsibility by re-balancing
the modality mixture for the SFT data distribution.
Because instruction-tuning corpora are dramati-
cally smaller than pretraining corpora and skew
heavily toward text-heavy conversational data, the
identical imbalance that PT already had to man-
age resurfaces with sharper consequences at SFT.
Consequently, recovering the PT-time mixture ra-
tios on the smaller SFT corpus stands as a critical
regime-specific design step.

A characteristic edge case lives directly at the
boundary of this regime, where AnyGPT inverts
the typical pattern by freezing its LLM backbone
at the SFT stage and updating only the newly
added multimodal embedding and prediction lay-
ers over 5,000 steps. This strategy preserves pre-
trained language capabilities while adapting only
the modality interface, representing the extreme
of training conservatism, whereas BAGEL’s all-
trainable, all-stage joint optimization stands as its
exact opposite.

C.3 Reinforcement Learning (RL)

Where SFT modulates the trainable scope through
freezing rewirings in mid-fusion or their absence
in early-fusion, RL inherits the same scope ques-
tion and answers it under a different objective,

asking what subset of parameters a reward signal
touches and at what cost. The fusion regime rather
than the algorithm dictates the answer, rendering
this scope decision the single most consequential
RL design choice for native multimodal models.

Before turning to regime-specific scopes, we
note the regime-independent toolkit on which all
three regimes draw. Algorithmically, three fami-
lies dominate: DPO, PPO (Schulman et al., 2017),
and GRPO (Shao et al., 2024). Online methods
incur higher sampling costs but offer stronger ex-
ploration when preference data only sparsely cov-
ers the target distribution (Xu et al., 2024b; Song
et al., 2024). Reward design likewise spans three
families, encompassing outcome-level feedback
with one scalar per response that remains vulner-
able to hacking, process-level feedback via mul-
timodal PRMs, and rule-based deterministic ver-
ifiers such as math match, code execution, CLIP
or ImageReward, and various aesthetic and mo-
tion scorers. Multimodal-specific variants such as
mDPO, Fact-RLHF, MM-RM (Li et al., 2025e),
URSA, and GM-PRM (Zhang et al., 2025b) are in-
troduced where they appear in the regime-specific
discussion below. The toolkit itself is shared
across regimes, whereas what changes is which
subset is admissible, the parameters it acts on, and
the failure modes that surface.

C.3.1 Late-Fusion RL
Late-fusion RL is structurally minimal because
when the architecture cleanly separates a quality-
localizable head from the rest of the model, RL
targets that head alone. Specifically, Qwen2.5-
Omni and Qwen3-Omni apply DPO only to the
Talker over word-error-rate or pause-error-ranked
triplets, leaving the Thinker and all encoders un-
touched. The toolkit consequently collapses to its
simplest configuration of offline DPO with rule-
based scoring, making the regime largely immune
to multimodal failure modes by construction. Be-
cause the projector is too thin to overwhelm visual
evidence, the policy cannot drift far from its visual
conditioning even under naive optimization. Late-
fusion thus serves as the trivial reference case, just
as it does for PT and SFT.

C.3.2 Mid-Fusion RL
Mid-fusion RL inherits the pathway-decoupled
trainable set from mid-fusion SFT and applies
the gradient only to the pathway being optimized.
Video and image generators such as Hunyuan-
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Video, Wan, T2I-R1 (Jiang et al., 2025a), and
Flow-GRPO (Liu et al., 2025a) keep the VAE
and text encoder frozen and route RL gradients
only into the diffusion transformer. This rout-
ing typically employs rule-based rewards includ-
ing CLIP, ImageReward, and aesthetic and mo-
tion scorers whose pathway-locality matches the
pathway-locality of the update. The decoupled
losses that defined mid-fusion PT and SFT thus
translate directly into pathway-specific RL.

The first regime-specific failure mode also sur-
faces here on the understanding pathway. Naive
DPO on multimodal preference pairs may rely
too heavily on language priors and ignore the im-
age condition, ultimately learning text-only pref-
erences (Wang et al., 2024b; Rao and Rachuri,
2026). To counteract this, mDPO (Wang et al.,
2024b) explicitly conditions the preference loss on
the image so that the chosen-versus-rejected gap
depends directly on visual input. The pathway de-
coupling that simplifies mid-fusion RL also local-
izes this failure, ensuring it is contained within the
understanding pathway and does not propagate to
the generation side, which is precisely why mid-
fusion RL remains tractable in practice.

C.3.3 Early-Fusion RL
The pathway-locality that made mid-fusion RL
tractable is unavailable in early-fusion RL. Under
a unified softmax, there is no isolated head whose
update leaves the rest of the model unchanged,
meaning the RL scope necessarily expands to the
full backbone. Omni-generation systems such as
Emu3.5 and UniRL (Mao et al., 2025) update the
entire policy with GRPO, and the same unified
softmax that forces this expansion also delivers its
main reward, allowing a single scalar arriving at
any output token to credit-assign across modalities
through the shared parameters, a capability that
remains impossible in the decoupled pathways of
mid-fusion. Reward models are typically initial-
ized from the SFT checkpoint so that the policy
and reward share representations natively.

This expanded scope, however, also exposes the
policy to two failure modes that the decoupling of
mid-fusion had structurally suppressed.

Visual-grounding hacking. The full-policy
update can drive textual reward proxies such
as length, formatting, and certainty up without
grounding claims in the image. Fact-RLHF (Sun
et al., 2023c) and shortcut-aware MM-RM ad-
dress this from the reward side, while comple-

mentary policy-side responses add explicit visual-
faithfulness terms to the RL objective.

Perceptual versus logical errors in pro-
cess supervision. Multimodal CoT errors split
into logical mistakes encompassing computation
and derivation and perceptual mistakes such as
misreading a chart or mislocalizing a region.
Outcome-only RL conflates these two types, but
process-level rewards via multimodal PRMs such
as URSA (Luo et al., 2025) and GM-PRM sepa-
rate them. This distinction becomes essential in
early-fusion, where both error types route through
the identical set of parameters.

Both failure modes share a single underlying
mechanism, because under the unified softmax,
language priors compete with visual evidence on
equal footing, and naive RL lets the priors win.
A second, equally structural cost compounds this
issue, since when each capability including math,
code, agentic tool-use, instruction following, and
safety is improved by its own specialized RL run,
the resulting checkpoints trade off against one an-
other. Improving one capability regresses others,
creating the well-known see-saw effect of multi-
objective post-training. Both costs motivate the
post-RL primitive discussed next.

C.4 On-Policy Distillation (OPD)

OPD, and its multi-teacher form (MOPD), is
emerging as the response. The method is a
single-line modification of GRPO, by replacing
the group relative advantage with a stop-gradient
reverse-KL log-ratio against a teacher: Âi,t =
sg[log πteacher(yi,t |x, yi,<t)/πstudent(yi,t |x, yi,<t)].
Therefore, every token sampled from the student
receives dense, per-position teacher supervision
while remaining on-policy.

MOPD on native multimodal models. MiMo-
V2.5 provides the first publicly reported deploy-
ment of MOPD on a native multimodal model:
text PT → projector warmup → multimodal PT
→ SFT and agentic post-training (context pro-
gressively extended from 32K to 1M) → RL and
MOPD. MiMo-V2.5 places MOPD as the terminal
consolidation step, explicitly tasked with strength-
ening perception, reasoning, and agentic capabil-
ities in one shared backbone, consisting of three
structural pieces: (i) a pool of specialist teach-
ers obtained by independent domain RL; (ii) an
outcome-reward augmentation Âi,t = ÂOPD

i,t +

α ÂORM
i,t that decouples the student from any sin-
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gle teacher’s ceiling; and (iii) a permissive teacher
pool that admits domain SFT models, RL special-
ists, and a frozen snapshot of the student itself,
where the snapshot acts as an anti-drift anchor on
prompts where the other teachers would push the
student into unfamiliar territory.

D Full Inference and Deployment Notes

D.1 Mitigating Sequence Explosion in
Long-Context Multimodal Inference

Native multimodal pretraining substantially am-
plifies the classical long-context problem. A high-
resolution image, a multi-image document, or a
long video is no longer a compact side feature,
but is converted into hundreds, thousands, or even
millions of visual and temporal tokens that must
coexist with language tokens in the same con-
text window. Consequently, inference efficiency
is governed not only by the number of model pa-
rameters, but also by prefill cost, KV-cache ca-
pacity, memory bandwidth, and cross-device com-
munication. Systems such as Gemini 1.5 (Team
et al., 2024) and Gemini 2.5 (Google DeepMind,
2025a) show that multimodal contexts are already
moving toward the million-token regime. Recent
work therefore attacks sequence explosion from
two complementary directions: reducing the num-
ber of multimodal tokens that enter the backbone,
and redesigning the backbone or serving system
so that very long streams can be processed with-
out exhausting device memory (Shao et al., 2026).

Visual Resampling and Token Compression.
The first line of work compresses visual features
before, during, or immediately after visual encod-
ing. Fixed-budget resamplers and pooling mod-
ules map dense patch grids into a small num-
ber of latent tokens, thereby stabilizing prefill la-
tency regardless of the original image resolution.
This idea appears in production-oriented models
such as MiniCPM-V 4.5 and Gemma3 (Google
DeepMind, 2025b), where image and video fea-
tures are summarized into compact visual se-
quences before being passed to the language back-
bone. More adaptive methods further observe
that most visual tokens are redundant for a given
query. VisionZip (Yang et al., 2025b), Sparse-
VLM (Zhang et al., 2025e), FitPrune (Ye et al.,
2025), and LLaVA-PruMerge (Shang et al., 2024)
select, prune, recycle, or merge visual tokens ac-
cording to information density, attention behav-
ior, or similarity structure, while trainable meth-

ods such as VisionSelector (Zhu et al., 2025) and
LaCo (Liu et al., 2025b) move compression into
the learned visual pathway itself. The intuition is
that multimodal reasoning rarely requires preserv-
ing every patch with equal fidelity: global seman-
tics, task-relevant regions, and fine-grained details
should receive different token budgets.

Dynamic Resolution and Spatially Sparse Per-
ception. The second line avoids generating
unnecessary visual tokens in the first place.
Dynamic-resolution models encode images ac-
cording to their native aspect ratio and informa-
tion density, rather than forcing all inputs into a
fixed square canvas. Qwen2-VL (Wang et al.,
2024c) and Qwen2.5-VL introduce dynamic vi-
sual tokenization and multimodal rotary position
encodings so that image and video tokens remain
spatially and temporally grounded under arbitrary
resolutions. Qwen3-VL extends this trajectory
with longer contexts, improved interleaved po-
sition modeling, and stronger temporal ground-
ing for video. Related systems such as LLaVA-
UHD (Xu et al., 2024a), LLaVA-OneVision (Li
et al., 2024a), Oryx (Liu et al., 2024d), and In-
ternVL 2.5 (Chen et al., 2024d) use AnyRes-style
slicing, spatial schemas, or on-demand compres-
sion to preserve high-resolution details while pre-
venting token counts from growing mechanically
with pixel count. More recent query-aware ap-
proaches, including Q-Zoom (Shi et al., 2026b),
further make the resolution decision conditional
on the user instruction: the model first reasons
over a coarse view, then spends high-resolution to-
kens only on regions likely to affect the answer.

D.2 Addressing the Dual Challenges of
Heterogeneity and Scale in MLLMs

In the progression toward artificial general intel-
ligence, MLLMs must reconcile the dual chal-
lenges of heterogeneity and scale (Zhao et al.,
2026; Zhang et al., 2024c). Heterogeneity mani-
fests as a fundamental representational chasm, re-
flecting the reality that human language is abstract,
discrete, and symbolically structured, whereas vi-
sual, auditory, and sensory signals remain high-
dimensional, continuous, and grounded in phys-
ical observables. This disparity extends beyond
mere modality-specific encoding schemes, for
it encompasses divergent information densities,
temporal granularities, and noise characteristics,
creating a profound semantic alignment gap that
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complicates unified reasoning. Meanwhile, scale
introduces its own formidable barrier. As these
models expand to trillion-parameter scales and
attempt to process increasingly long multimodal
contexts spanning thousands of high-resolution
images, video streams, or audio sequences, the
quadratic computational complexity of attention
mechanisms (Xu et al., 2022) escalates into a pro-
hibitive bottleneck. The resulting surge in activa-
tion memory, inter-layer communication volume,
and gradient synchronization overhead collides di-
rectly with the physical constraints of modern ac-
celeration hardware, where high-bandwidth mem-
ory capacity and interconnect bandwidth remain
strictly finite resources. Therefore, the field faces
a tension that is simultaneously algorithmic, cen-
tered on how to bridge fundamentally incompat-
ible signal modalities within a shared representa-
tional space, and systems-level, focusing on how
to sustain scalable training and inference without
violating the power, memory, and throughput lim-
its of contemporary computing clusters.

Resolving Mismatches through Pure Discrete
Tokenization. Early multimodal systems re-
lied on continuous embedding paradigms that
severely exacerbated memory bandwidth conges-
tion (Liang et al., 2025a; Kong et al., 2026).
To resolve this, frontier research has decisively
shifted toward pure discrete tokenization (Li et al.,
2025b), a strategy that vector-quantizes high-
dimensional continuous signals into finite dis-
crete integer identifiers. Chameleon exemplifies
this by employing an 8,192-entry independent im-
age codebook to process unified one-dimensional
sequences, eliminating hardware-level branching
overhead. To handle extreme resolutions, Emu3.5
radically expands the discrete image vocabulary
and utilizes feature distillation. By completely
abandoning diffusion models, Emu3.5 proves that
a single transformer can achieve mixed-modality
sequence training purely through next-token pre-
diction. Seedance 2.0 extends this system-level
advantage by standardizing up to 12 channels
of mixed inputs into unified spatiotemporal and
waveform tokens (Mousavi et al., 2025) for shared
parallel processing. AnyGPT similarly validates
the universality of this discrete data-level prepro-
cessing for arbitrary-modality dialogue.

Optimizing Routing via MoE and Hybrid
Paradigms. Although discretization mitigates
bandwidth issues, the sequence explosion from

high-dimensional flattening still poses severe
computational bottlenecks (Shao et al., 2026). To
bypass physical inference limits, architectures are
transitioning to MoE (Cai et al., 2024). Kimi2.5
leverages rigorous routing strategies to prune ac-
tivations, supporting multi-agent concurrent in-
ference at an extremely low cost. To address
structural modality differences, Janus-Pro intro-
duces fine-grained, isolated experts (Dai et al.,
2024) to achieve modality-aware implicit compu-
tational bifurcation. Despite the dominance of
discrete representations, continuous diffusion re-
tains irreplaceable advantages in high-fidelity vi-
sual synthesis (Yin et al., 2025). Transfusion pi-
oneers a hybrid method that simultaneously opti-
mizes discrete AR and continuous denoising ob-
jectives. However, forcibly nesting causal (Chen
et al., 2024a) and bidirectional (Xu et al., 2022)
masks breaks the memory alignment assumptions
of foundational operators like FlashAttention (Dao
et al., 2022; Dao, 2024). To salvage this mask
topology conflict, FlexAttention (Dong et al.,
2024a; Liu et al., 2025c) employs just-in-time
compilation to dynamically generate fused com-
putation graphs, while FlashMask (Wang et al.,
2025b) enables rapid foundational switching be-
tween causal and bidirectional blocks. The lib-
eration of these tensor operations ultimately ac-
tualizes the enterprise-scale deployment of hybrid
multimodal architectures (Hu et al., 2026).

D.3 Real-Time Streaming and Full-Duplex
Deployment of NMM systems

To address the latency bottleneck and first-token
delay caused by dynamically arriving multimodal
streams, current NMM systems are gradually
shifting from static offline generation toward a
unified inference paradigm centered on stream-
ing decoding, duplex concurrency, and resource-
adaptive serving. In this setting, TTFT, sus-
tained latency, and real-time responsiveness be-
come first-class optimization targets rather than
secondary deployment considerations.

Incremental Multimodal Token Decoding. A
first technical route is incremental multimodal to-
ken decoding, which avoids the conventional wait-
for-completion paradigm. Instead of deferring
responses until an entire visual or acoustic se-
quence has been encoded, recent models progres-
sively emit visual or audio tokens in an autore-
gressive manner, enabling patch-by-patch, frame-
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by-frame, and streaming generation for lower
TTFT and smoother interaction continuity (Défos-
sez et al., 2024; Fang et al., 2025; Xu et al., 2025b;
Cheng et al., 2026; Bruce et al., 2024; Pang et al.,
2026; Ren et al., 2025). In practice, this route is in-
creasingly coupled with adaptive visual granular-
ity and dynamic input reduction, so that only the
most task-relevant visual tokens are retained dur-
ing streaming inference (Wang et al., 2024c; Lan
et al., 2024; Lin et al., 2025b; Liao et al., 2026).

Full-Duplex State Management. A second
route is full-duplex state management, designed to
support concurrent inference over incoming sen-
sory streams and outgoing generation streams. In
real-time M2M settings, the model must process
visual and audio inputs while simultaneously pro-
ducing text, speech, or images, which has moti-
vated duplex dialogue control, streaming state pre-
diction, and dynamic KV-cache management to
mitigate cache contention and sequential block-
ing (Ma et al., 2025b; Zhang et al., 2025a; Chen
et al., 2025a; Wang et al., 2025c; Zhang et al.,
2026a; Lu et al., 2026; Ning et al., 2024). The
key challenge here is no longer unimodal decoding
speed alone, but stable coordination between input
accumulation, intermediate state updates, and out-
put generation under continuous streams.

Inference-Time Adaptive Bitrate Control. A
third route is inference-time adaptive bitrate con-
trol, which aims to trade off fidelity and latency
by dynamically reducing the granularity of dis-
crete visual codes under runtime bandwidth con-
straints. Although direct RVQ-layer switching re-
mains underexplored in native multimodal genera-
tion, related efforts have begun to connect adaptive
tokenized perception with multimodal semantic
communication and bandwidth-aware token trans-
mission (Jiang et al., 2025b; Qiao et al., 2025).
Broadly, this route is closely related to runtime
visual token budgeting, where adaptive resolution
selection and visual token compression serve as
approximations to bitrate-aware streaming.

Modality-Aware Mixed Quantization and
Resource-Adaptive Compression. A fourth
route focuses on modality-aware mixed quan-
tization and resource-adaptive compression.
Rather than uniformly compressing the entire
model, recent works assign different precisions
to the visual encoder, projector, and language
backbone, thereby reducing memory and latency

while preserving multimodal fidelity (Yu et al.,
2025a; Li et al., 2025d; Zhang et al., 2026c; Wang
et al., 2026; Xue et al., 2026; Wang et al., 2024a;
Das et al., 2026; Wang et al., 2025e; Qin et al.,
2026). This line is increasingly combined with
runtime-aware visual simplification—including
dynamic resolution degradation, adaptive pre-
processing, token pruning, and energy-aware
visual reduction—so that edge systems can lower
the number of visual input tokens according to
latency, energy, or hardware pressure instead of
relying on fixed training-time resizing rules (Xu
et al., 2025c; Cahyani et al., 2025; He and Chen,
2026; Debnath et al., 2026; Zhang et al., 2025c;
Liang et al., 2025b; Shi et al., 2026b).

E A Detailed Report of Evaluation
Benchmarks

Unlike earlier modular systems whose evalua-
tion focused primarily on image–text comprehen-
sion, native architectures demand assessment of
whether deep cross-modal fusion translates into
improved performance on both axes simultane-
ously without degradation on either. Table 1 pro-
vides a consolidated summary.

E.1 Image

Understanding Benchmarks. Image under-
standing evaluation for NMM systems follow
a hierarchy of capabilities: general perception,
knowledge-intensive reasoning, hallucination
diagnosis, and document comprehension.

At the general perception level, VQAv2 and
GQA assess open-ended visual question answer-
ing with balanced answer distributions, while
SEED-Bench extends evaluation to 12 dimensions
including spatial reasoning, action recognition,
and instance interaction. MMBench and MMStar
adopt bilingual multiple-choice formats that re-
duce evaluation noise from free-form generation
and specifically address data leakage concerns.
For knowledge-intensive reasoning, MMMU cu-
rates college-level problems spanning 30 subjects
that require joint domain knowledge and visual
interpretation, whereas MathVista isolates math-
ematical reasoning grounded in visual contexts.
These benchmarks are particularly diagnostic for
native models: because understanding and gen-
eration share a single backbone, verifying that
generation-capable models preserve strong com-
prehension is critical (Rao and Rachuri, 2026).
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Hallucination evaluation is especially pertinent
for unified architectures, where generative priors
in the shared representation space may leak into
discriminative predictions. POPE probes object
hallucination through polling-based binary ques-
tions, while RLHF-V provides segment-level hal-
lucination annotation for finer-grained diagnosis.
Training-time mitigation methods such as mDPO
and HA-DPO (Zhao et al., 2024b) leverage these
evaluation signals as preference data, demonstrat-
ing the tight coupling between benchmark design
and alignment objectives. Document and OCR
benchmarks—DocVQA, ChartQA, InfoVQA, and
OCRBench—further evaluate fine-grained textual
perception within images, a capability critical for
practical deployment of native models.

Generation Benchmarks. Image generation
evaluation has evolved from distribution-level
metrics to compositional, semantic-level assess-
ment. Fréchet Inception Distance (FID) measures
distributional similarity but is insensitive to
compositional accuracy. GenEval addresses this
by decomposing text-to-image generation into at-
tribute binding, spatial relationships, and counting
sub-tasks. DPG-Bench evaluates dense prompt
following with long, compositionally complex
descriptions. T2I-CompBench provides multi-
dimensional metrics covering attribute binding,
object relationships, and complex composition.
CLIPScore offers a reference-free text–image
alignment metric, though its sensitivity to fine-
grained generation quality is limited—Rao and
Rachuri (2026) show that DPO on VQ-based
unified models fails to improve CLIPScore even
when understanding metrics improve, revealing
that discrete tokenization creates a structural
bottleneck for offline preference optimization.

E.2 Audio
Audio evaluation for NMM systems spans three
capability axes: speech recognition, speech syn-
thesis, and full-duplex interactive conversation.

Speech Understanding. Automatic Speech
Recognition (ASR) performance is measured
by Word Error Rate (WER) on standard cor-
pora including LibriSpeech, CommonVoice,
and FLEURS. For native omni models such
as Qwen3-Omni and Ming-Flash-Omni, ASR
benchmarks serve as regression tests to verify
that multimodal integration does not degrade core
speech perception. Beyond transcription, audio

understanding benchmarks increasingly assess
semantic comprehension of paralinguistic cues—
emotion recognition, speaker identification, and
environmental sound classification—capabilities
that are critical for models processing raw audio
natively rather than through an ASR cascade.

Speech Generation. Text-to-Speech (TTS)
quality is predominantly evaluated through
Mean Opinion Score (MOS), a subjective rating
capturing naturalness, prosody, and speaker
similarity. For native models with speech output,
additional metrics include first-token latency,
word-level synchronization accuracy, and voice
cloning fidelity. Low-latency streaming TTS
has been demonstrated within autoregressive
multimodal frameworks by SyncSpeech (Sheng
et al., 2026) and AR-Omni (Cheng et al., 2026).
SeedVideoBench 2.0 further extends audio evalu-
ation to three dimensions—audio expressiveness,
audio-visual synchronization, and audio prompt
adherence, establishing a more comprehensive
protocol for joint audio-video generation.

Full-Duplex Interaction. A core capability of
native audio models is full-duplex conversation—
simultaneous listening and speaking with natural
turn-taking. Evaluation requires metrics beyond
traditional ASR/TTS: turn-taking accuracy (pre-
dicting when to speak), barge-in handling (grace-
fully yielding when interrupted), response latency
(time from user silence to system response), and
false interruption rate. Moshi pioneered real-time
full-duplex evaluation with 200ms latency targets.
SoulX-Duplug introduces a bilingual evaluation
suite achieving 240ms average streaming turn de-
tection latency. FireRedChat (Chen et al., 2025a)
and ELLSA (Wang et al., 2025c) evaluate cas-
caded and end-to-end full-duplex implementations
respectively, while LLM-enhanced dialogue man-
agement (Zhang et al., 2025a) tests LLM-based
approaches to turn prediction. These benchmarks
collectively capture the real-time interaction qual-
ity that distinguishes native audio models from tra-
ditional pipeline systems.

E.3 Video

Understanding Benchmarks. Video under-
standing evaluation tests both offline compre-
hension and real-time streaming capabilities,
reflecting the dual deployment modes of native
multimodal models.
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For offline video understanding, benchmarks
assess progressively harder temporal reasoning.
VideoMME and EgoSchema evaluate general
video QA across durations from seconds to hours.
MVBench and PerceptionTest probe fine-grained
temporal perception including action sequenc-
ing, state changes, and causal reasoning. Long-
video benchmarks such as LongVideoBench and
MLVU specifically target the long-range depen-
dency challenges addressed by native models with
extended context. Qwen3-VL supports 256K to-
kens and FAR (Gu et al., 2025) explores long-
context autoregressive video modeling. Kimi
K2.5 introduces an agent-swarm paradigm for dis-
tributed video analysis, achieving 4.5× processing
efficiency gains on long-video tasks.

Streaming video understanding represents a
frontier evaluation paradigm uniquely suited to na-
tive models. OVO-Bench evaluates real-time vi-
sual perception (OCR, action recognition, spatial
understanding) alongside backward tracing capa-
bilities, testing whether models can identify the
appropriate temporal moment to respond. Stream-
ingBench tests continuous video comprehension
under strict latency constraints. ThinkStream (Liu
et al., 2026b) introduces the Watch–Think–Speak
protocol, judging models not only on answer ac-
curacy but on response timing—whether suffi-
cient evidence has accumulated before respond-
ing. AURA (Lu et al., 2026) further extends
streaming evaluation to proactive QA (respond-
ing when relevant events occur without explicit
queries) and multi-response QA (tracking evolv-
ing events over time), requiring joint assessment
of response quality and temporal appropriateness.

Complementing accuracy-focused evaluation,
recent work demonstrates the need for efficiency-
aware protocols. ResAdapt (Liao et al., 2026)
shows that adaptive input-side visual budget al-
location can eliminate over 90% of visual to-
kens while processing 16× more frames, achiev-
ing >15% relative gains on complex long-video
reasoning. This highlights an emerging evaluation
dimension that jointly assesses accuracy and com-
putational cost.

Generation Benchmarks. Video genera-
tion evaluation encompasses both automated
distributional metrics and human preference
assessment. Fréchet Video Distance (FVD) on
UCF-101 and Kinetics-600 remains the standard
distributional metric. VBench provides compre-

hensive multi-dimensional evaluation covering
temporal consistency, motion smoothness, sub-
ject identity preservation, and aesthetic quality.
HunyuanVideo-1.5 reports on these standard
benchmarks, assessing motion quality, visual
fidelity, and text-video alignment.

For native multimodal video generators, evalu-
ation increasingly emphasizes controllability and
multimodal conditioning. Seedance 2.0 estab-
lishes SeedVideoBench 2.0 with six evaluation
dimensions—motion quality, video prompt ad-
herence, aesthetics, audio quality, audio-visual
synchronization, and audio prompt following—
assessed across text-to-video, image-to-video, and
reference-to-video tasks. Notably, it achieves top
rankings on both Arena.AI T2V and I2V leader-
boards, providing community-scale human prefer-
ence validation. Next Block Prediction (Ren et al.,
2025) introduces evaluation protocols for semi-
autoregressive video generation, where spatial-
temporal coherence of block-level predictions
must be explicitly assessed. LTX-2 (HaCohen
et al., 2026) evaluates joint audio-visual genera-
tion quality, testing temporal synchronization be-
tween synthesized audio and video. These emerg-
ing benchmarks reflect the expanding scope of
native multimodal generation beyond traditional
text-to-video metrics.

F Future Outlook

The roadmap presented in the previous sections
paints a clear arc: NMM systems has pro-
gressed from modular assembly of frozen en-
coders, through mid-fusion backbones with ex-
plicit modality boundaries, toward an emerging
early-fusion regime in which understanding and
generation co-exist within a single transformer
space. While this trajectory is increasingly well-
defined at the architectural level, our investiga-
tion across §3–§5 reveals that translating it into
deployable, industrial-grade systems remains an
open frontier. In this section, we synthesize
the open problems and outline what we view as
the most consequential research directions toward
truly born-native world models.

F.1 Toward Architectural Convergence:
From M2T/M2G to Symmetric M2M

The taxonomy in §3, organized by the lens of
input–output duality, shows that the field is still di-
vided across three regimes: M2T unimodal gener-
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ation, M2G scenario-based generation, and M2M
symmetric modeling. We expect this fragmenta-
tion to gradually collapse, identifying three con-
vergence axes that warrant investigation.

Unifying understanding and generation in a
single backbone. Most current “unified” mod-
els still rely on hybrid objectives—next-token pre-
diction for textual reasoning paired with diffu-
sion or flow-matching heads for visual/audio syn-
thesis, e.g., Transfusion (Zhou et al., 2024a),
Show-o2 (Xie et al., 2025a), and BAGEL (Deng
et al., 2025). A central open question is whether
a single probabilistic objective, a unified tok-
enization scheme, or a continuous latent gram-
mar can support both fronts without quality re-
gression on either side. Bridging discrete-token
unification (e.g., Chameleon (Chameleon Team,
Meta AI, 2024), AnyGPT (Zhan et al., 2025),
Janus-Pro (DeepSeek-AI, 2025)) and continuous-
latent paths (e.g., TUNA-2 (Liu et al., 2026a),
Mamoda2.5 (Shi et al., 2026a)) remains an unre-
solved design choice, with strong implications for
scaling laws and downstream controllability.

Scaling sparsity and modality-aware experts.
As Table 2 shows, flagship NMMs are increas-
ingly MoEs at the trillion-parameter scale (e.g.,
Kimi K2.5 (Kimi Team et al., 2026), GLM-5V-
Turbo (Hong et al., 2026), Ming-Flash-Omni-
2.0 (Inclusion AI, 2026b)). Yet, modality-aware
routing, expert specialization across vision/au-
dio/video, and the interplay between sparsity and
cross-modal attention remain poorly understood.
Future work should formalize expert nativity—the
degree to which experts are jointly trained across
modalities versus specialized—as a counterpart to
the architectural nativity defined in §2.

Beyond the four canonical modalities. The
M2M paradigm should ultimately extend beyond
text/image/audio/video to embodied signals, in-
cluding proprioception, depth, tactile, action se-
quences, and structured modalities such as code,
graphs, and 3D scenes. We anticipate that the
formal definition of nativity introduced in §2 will
need to be generalized to such heterogeneous, pos-
sibly continuous-time signals.

F.2 Data: From Curated Corpora to
Self-Generating Multimodal Streams

The data curriculum surveyed in §B already or-
ganizes corpora by understanding-, generation-

, interaction-, and preference-oriented purposes.
Three open problems stand out.

Cross-modal data scarcity and synthesis.
Aligned multi-stream data—particularly long-
horizon video paired with synchronized audio,
transcripts, actions, and reasoning traces—
remains the hardest bottleneck. Synthetic data
generated by NMM systems themselves is be-
coming feasible, yet rigorous methodologies
for filtering, de-biasing, and preventing model
collapse in self-distilled multimodal pipelines are
still missing.

Interaction-grounded data at scale. Full-
duplex audio dialogue (Moshi (Défossez et al.,
2024)), streaming video (ThinkStream (Liu et al.,
2026b), AURA (Lu et al., 2026)), and proactive
agent traces require data that captures not only
what to respond, but also when to respond.
Curating such temporally annotated corpora,
ideally through scalable instrumentation of real
deployments rather than offline labeling, is a
prerequisite for the next generation of native
interactive systems.

Preference data for generative modalities.
While preference data for text is mature, scal-
able preference signals for image/audio/video
generation, such as aesthetics, factuality, and
audio-visual synchronization, remain compara-
tively under-developed. We expect cross-modal
reward modeling, jointly trained with the policy,
to become a central data-engineering effort.

F.3 Training: Joint PT/SFT/RL/OPD Recipes
for Native Models

The training stack surveyed in §4, spanning pre-
training, supervised fine-tuning, reinforcement
learning, and on-policy distillation, was largely in-
herited from text-only LLMs. Native models im-
pose new demands.

Modality-balanced optimization. Mixing to-
kens of vastly different information density (e.g.,
a 32K-token long-document SFT sample vs. a
sequence-packed image grid) creates loss-scale
and gradient-norm asymmetry. Principled token-
budget allocation, per-modality loss weighting,
and curriculum scheduling across the joint corpus
are still underexplored. The continued reliance on
heuristic mixture ratios (§B) suggests an oppor-
tunity for theoretically grounded, modality-aware
training laws.
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RL for cross-modal generation. RLHF and
RLVR for text are well established, but extend-
ing verifiable rewards to image, audio, video gen-
eration, and interleaved interaction traces remains
open. We expect a unification of policy-gradient
methods with diffusion/flow-based generative ob-
jectives, possibly via stepwise multimodal advan-
tage estimation, to be a central technical thrust.

On-policy distillation for omni capabilities.
OPD has emerged as an efficient lever to transfer
capabilities from large teachers to small students.
For NMM, beyond the M2T projection, distilling
symmetric M2M behavior into compact deploy-
able models is largely uncharted, especially under
streaming and full-duplex constraints.

F.4 Inference and Deployment: Streaming,
Long-Context, and System Co-Design

§D surfaces three orthogonal pressures on NMM
serving: sequence explosion from long video and
document inputs, heterogeneity and scale from
MoE-augmented multimodal stacks, and real-time
streaming with full-duplex interaction. We high-
light three forward-looking directions.

Native long-context and adaptive perception.
Beyond model-level remedies such as 256K con-
text windows and long-context autoregressive
video modeling (e.g., FAR (Gu et al., 2025)),
adaptive perception will be essential, which refers
to selectively spending compute on informative re-
gions of the input stream. Recent results such as
ResAdapt (Liao et al., 2026) eliminating > 90%
of visual tokens while expanding the temporal
horizon 16× point toward an emerging accuracy-
efficiency Pareto frontier that benchmarks must
explicitly assess.

System–algorithm co-design for sparse mul-
timodal MoE. Disaggregated prefill/decoding,
expert offloading, and modality-aware KV-cache
management are becoming first-class concerns.
The interaction between MoE sparsity, sparse at-
tention, and multimodal sequence packing opens
a rich space of co-design problems that span the
kernel layer up to the scheduling layer.

Born-streaming, born-duplex deployment.
Truly native interactive agents require stream-
ing by construction, not as a post-hoc wrapper
around an autoregressive backbone. End-to-
end full-duplex frameworks (Moshi (Défossez
et al., 2024), ELLSA (Wang et al., 2025c),

FireRedChat (Chen et al., 2025a)) and Watch–
Think–Speak protocols (ThinkStream (Liu et al.,
2026b)) hint at this future, but stable, deployable,
low-latency systems with consistent quality across
modalities are still an industrial open problem.

F.5 Evaluation: From Static Benchmarks to
Holistic, Temporally-Aware Protocols

The benchmarks summarized in §5 reveal two
systemic gaps. First, most existing benchmarks
evaluate modalities in isolation; few jointly as-
sess understanding and generation, or cross-modal
grounding under interaction. Second, accuracy-
only metrics ignore the dimensions that matter
most for native deployment: when a model re-
sponds, how much compute it consumes, and how
gracefully it handles streaming and interruption.
We see four open directions:

• Symmetric M2M benchmarks that grade
a single model on aligned understanding–
generation pairs (e.g., describe-then-render,
listen-then-speak, watch-then-act), penalizing
inconsistency across the two directions.

• Temporally-aware metrics, generaliz-
ing the Watch–Think–Speak protocol of
ThinkStream (Liu et al., 2026b) and the
proactive QA setup of AURA (Lu et al.,
2026), that jointly score answer quality and
response timing.

• Efficiency-aware protocols that report accu-
racy alongside token budget, latency, and en-
ergy, in the spirit of ResAdapt (Liao et al.,
2026), so that the community can compare na-
tive models on a meaningful Pareto frontier.

• Robustness and safety under multimodal
attack surfaces, including adversarial cross-
modal prompts, jailbreaks via images/audio,
and hallucination of generated content, all of
which are only partially covered by current
single-modality safety benchmarks.

F.6 Toward Native World Models

Looking further ahead, we expect NMM to evolve
beyond a system that consumes and produces mul-
timodal tokens into a genuine world model: a uni-
fied backbone that perceives raw sensory streams,
maintains persistent state across long horizons,
and acts in continuous time. The roadmap from
late-fusion stitching to early-fusion convergence is
increasingly clear at the architectural level, but the
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path to deployable, born-native world models is
not. We hope the formalization, taxonomy, and
open problems consolidated in this paper provide
the community with a structured starting point for
the next phase of the journey: a unified, symmet-
ric, streaming, and embodied NMM intelligence.

4644


