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Abstract

We present Lance, a lightweight native unified model supporting multimodal understanding,
generation, and editing for both images and videos. Rather than relying on model capacity
scaling or text-image-dominant designs, Lance explores a practical paradigm for unified multimodal
modeling via collaborative multi-task training. It is grounded in two core principles: unified context
modeling and decoupled capability pathways. Specifically, Lance is trained from scratch and
employs a dual-stream mixture-of-experts architecture on shared interleaved multimodal sequences,
enabling joint context learning while decoupling the pathways for understanding and generation.
We further introduce modality-aware rotary positional encoding to mitigate interference among
heterogeneous visual tokens and boost cross-task alignment. During training, Lance adopts a staged
multi-task training paradigm with capability-oriented objectives and adaptive data scheduling to
strengthen both semantic comprehension and visual generation performance. Experimental results
demonstrate that Lance substantially outperforms existing open-source unified models in image
and video generation, while retaining strong multimodal understanding capabilities.
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Figure 1 Comparison of Lance against representative baselines on multimodal benchmarks.
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Paradigm Method
UND. (Image to Text) UND. (Video to Text) GEN. (Image) GEN. (Video) Emergent

Generalization
Cap. Per. Rea. Cap. Per. Rea. T2I Edit S2I T2V I2V Edit S2V

Non-native
Unified

MetaQuery-XL [88] ✓ ✓ ✓ ✓ ✓
SEED-X [32] ✓ ✓ ✓ ✓ ✓
TokenFlow-XL [92] ✓ ✓ ✓ ✓
ILLUME [110] ✓ ✓ ✓ ✓ ✓
InternVL-U [103] ✓ ✓ ✓ ✓ ✓
UniVideo [119] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Native
Unified

Chameleon [100] ✓ ✓ ✓ ✓
LWM [69] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Janus [123] ✓ ✓ ✓ ✓
Janus-Pro [14] ✓ ✓ ✓ ✓
Transfusion [149] ✓ ✓ ✓ ✓
Emu3 [115] ✓ ✓ ✓ △ △ △ ✓ ✓
Show-o [133] ✓ ✓ ✓ ✓ ✓
Show-o2 [134] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ △
Bagel [22] ✓ ✓ ✓ ✓ ✓ ✓ ✓
Mogao [63] ✓ ✓ ✓ ✓ △ △
HaploOmni [132] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
VILA-U [130] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
HunyuanImage 3.0 [8] △ △ △ ✓ ✓
Emu3.5 [19] ✓ ✓ ✓ △ △ △ ✓ ✓ △ △ △ ✓
TUNA [77] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
TUNA-2 [78] ✓ ✓ ✓ ✓ ✓
Lance (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1 Comparison of multimodal unified models by supported task categories. ✓ indicates explicit support;
△ indicates description-only support without official code; blank cells indicate no explicit report. Cap., Per., Rea.
indicate understanding ability on captioning, perception, and reasoning. The last column denotes whether the model
exhibits emergent generalization on unseen tasks. Models are categorized as native or non-native unified models based
on whether they are jointly pre-trained as a unified architecture or assembled from separately pre-trained components.

1 Introduction

Multimodal artificial intelligence is increasingly moving toward a native unified paradigm, where understanding,
reasoning, and generation are integrated within a unified framework. Recently, large language models
[2, 4, 5, 16, 56, 70] have driven rapid advances in image and video understanding, while diffusion- and flow-
based models [25, 40, 53, 54, 67, 97, 98, 140] have advanced high-fidelity image and video generation. However,
most existing systems still evolve along two separate paths: understanding models emphasize semantic
reasoning and instruction following, while generative models focus on visual synthesis and spatiotemporal
dynamics. Unifying these capabilities in a single unified model remains a central challenge in developing
multimodal foundation models with greater generality and stronger practical utility.

Recent unified multimodal models [19, 22, 63, 77, 100, 134] have made encouraging progress, yet two
fundamental limitations remain. First, the visual-representation requirements of understanding and generation
are inherently misaligned: the former benefits from high-level semantic features aligned with language, whereas
the latter requires low-level continuous representations that preserve texture, geometry, and temporal dynamics.
Existing approaches therefore typically follow one of two directions. One line of work [19, 77, 100, 115, 133]
attempts to support both tasks with a unified visual representation, yielding a simpler modeling formulation
but often struggling to balance semantic reasoning and generation quality. Another line [22, 63, 134] adopts
decoupled semantic and generative representations, alleviating representational mismatch at the cost of
increased architectural and optimization complexity.

Second, and more importantly, existing unified models remain limited in task coverage and training formulation.
As summarized in Table 1, most prior methods [32, 69, 92, 100, 123] are still largely confined to text-image
domains or partial task combinations, leaving the full image-video understanding and generation space
insufficiently explored. Although recent unified models [22, 77, 134] have progressively extended to the
video domain, they typically cover only limited subsets of the full image-video task space, while diverse
generation-oriented tasks such as editing and subject-driven generation are often introduced as downstream
fine-tuning skills rather than being systematically optimized within a unified multi-task training process.
Meanwhile, the comparison in Table 1 further suggests that models with broader task coverage are more likely
to exhibit emergent generalization on unseen tasks. This motivates us to view multi-task learning not simply
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Figure 2 Text-to-image generation (T2I) with Lance.
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User: Describe the image? 

Lance: The image appears to be a book cover featuring a smiling blonde woman 

standing against a light gray background with a white wooden floor. She is 

wearing a sleeveless navy blue crop top and a matching knee-length skirt, paired 

with bright yellow high heels. Large pink script text across the center reads 

“Balancing in Heels.” Smaller black text in the upper right says “My Journey to 

Health, Happiness, and Making It All Work.” At the bottom, the cover shows 

the name “KRISTIN CAVALLARI”.   (OCR)

User: How does a humpback whale breach the ocean surface? 

Lance: A humpback whale breaches the ocean surface by expelling water 

from its blowhole, which creates a large, curved splash. The whale then 

follows the water's flow, and as it does, the water droplets and the whale's 

body move in a coordinated, fluid motion. The whale's paws or flutters, which 

help propel it above the water, are also visible in the image. Beneath the 

ocean surface, the water's resistance (a form of fluid dynamics) acts on the 

whale, pulling it down towards the water's depth.   (Knowledge QA)

User: Please also briefly describe how the overall 

motion changes from left to right across the sequence. 

Lance: The sequence moves through a range of ballet-like 

actions: the first figure shows a graceful posed extension, 

the second increases vertical flexibility, the third reaches 

peak motion with a leap, the fourth pauses in a calm centered 

stance, and the fifth ends with another strong extended 

pose that feels controlled and expressive.   (Multi-Image)

One2One Two2One

ID

Style

ID

ID

Image Understanding

Many2One

Figure 3 Any-to-image generation (X2I) and image understanding (I2T) with Lance.
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General Text-to-Video Generation

Physics-Aware Text-to-Video Generation

A stylish tabby cat wearing a black top hat paints on a canvas in a cozy sunlit art studio.

A panda and a humanoid robot are boxing in a grand palace courtyard.

Pour fine sand into a transparent glass cup.

A red balloon and a black metal ball fall from the 
same height on Earth.

A red balloon and a black metal ball fall from the 
same height on Moon.

A handsome young man playing a guitar in an elegant sunlit conservatory hall. He first looks down at the 
guitar with focused concentration, then lifts his head toward the camera and reveals a gentle smile.

A smooth ball and a sticky ball slide down a slope.

Vertical portrait shot, a fashion-forward woman riding a horse across a meadow with wildflowers, rolling 
hills, and luminous bright morning light. Camera side shot. The woman facing forward first, then turning her 

head to face the camera with a smile.

A sheet of tissue paper burns on a shallow iron plate.

Pour clear water into a transparent glass cup.

Gravity

Fluid

Gravity

Flammability Friction

Fluid

Figure 4 Text-to-video generation (T2V) with Lance.
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A medium-full shot  

shows an elegant woman 

standing on a spacious 

marble plaza, showcasing 

the black long-sleeved 

dress she is wearing.

3D Anime Style. A 

medium-full shot shows 

a Farmer standing in a 

vegetable field beneath 

a starry sky.

Video Understanding

Advertising

Anime

Multi-turn Consistency Editing

long curly hair garland fairytale castle by a lake

① ②

③ ④

① ②

③ ④

① ②

③ ④

① ②

③ ④

Lance: A child is seated in a car seat with a cow pattern design. The child is 

holding a "My First Truck Board book" and is in the process of reading it. The 

child flips through the pages, sometimes pausing to look at the pictures or 

text. The car seat is placed in a vehicle, and the child seems to be enjoying the 

reading activity. The camera remains steady, capturing the child's focused 

expression and the details of the car seat, like the texture and the cow 

pattern, as well as the child's small movements while reading.   (OCR)

User: Provide a detailed description of the video, including the character 

content  and all visual details.

User: This person performed a series of repetitive actions. How many different repetitive 

actions did this person perform? What are these repetitive actions? 

Lance: In the video, this person was seen performing two 

repetitive actions. Specifically, they were clapping their 

hands and then picking up a pen to make some kind of 

motion with it, like tapping or shaking it. The repetitive 

nature of these actions seems to be the main focus of the 

video.   (Action Count)

Figure 5 Any-to-video generation (X2V) and video understanding (V2T) with Lance.

as capability aggregation, but as a way to promote transfer across modalities and task formulations.
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Based on this observation, we present Lance, a lightweight native unified multimodal model that systematically
integrates joint learning across X2T, X2I, and X2V tasks, covering image and video understanding, generation,
and editing within a single framework. By unifying these task families in a single native model, Lance aims to
better harness cross-task synergy and further advance the potential of unified multimodal modeling. Lance is
designed to balance unified context modeling with decoupled capability pathways from both the architectural
and training perspectives. Architecturally, it adopts a shared interleaved multimodal sequence representation
to enable unified context learning, while employing a dual-stream mixture-of-experts framework to allocate
dedicated capacity to semantic reasoning and visual synthesis. To better coordinate heterogeneous visual
tokens within the unified context sequence, we further introduce modality-aware rotary positional encoding,
MaPE, which mitigates positional interference and improves cross-task contextual alignment. In terms of
training, Lance follows a staged multi-task training paradigm that casts diverse understanding, generation,
and editing tasks into a unified task formulation, and combines capability-oriented objectives with adaptive
data scheduling to progressively strengthen semantic understanding and visual synthesis.

Extensive experiments show that Lance achieves strong performance across multimodal understanding and
generation benchmarks, with qualitative examples shown in Figures 2 to 5. With only 3B activated parameters,
Lance substantially outperforms existing open-source unified models on image and video generation tasks as
shown in Figure 1, while maintaining advanced multimodal understanding ability. Notably, all these gains are
achieved within a 128-GPU training budget, highlighting the feasibility of resource-efficient unified multimodal
modeling.

Our main contributions are summarized as follows:

(1) Concepts: We present Lance, a lightweight native unified multimodal model that explicitly supports the
full spectrum of image/video understanding and generation tasks within a single model, extending unified
modeling beyond text-image domains and partial task coverage. Lance emphasizes multi-task synergy not as
simple capability aggregation, but as a mechanism for promoting transfer across modality-task boundaries.

(2) Technique: We develop a dual-stream mixture-of-experts architecture that preserves a shared interleaved
multimodal sequence representation while allocating dedicated visual representations and model capacity
to understanding and generation. We further introduce a modality-aware positional encoding scheme and
a staged multi-task training paradigm to improve heterogeneous visual token coordination and cross-task
context modeling.

(3) Performance: Extensive experiments demonstrate that Lance achieves competitive performance across
multimodal understanding and generation benchmarks with only 3B activated parameters.

2 Related Work

2.1 Multimodal Large Language Models

Multimodal large language models (MLLMs) have become the dominant paradigm for image and video
understanding by aligning pretrained visual encoders with powerful language backbones. Representative
early systems include Flamingo [2], IDEFICS [55], and InstructBLIP [20], while later open-source families
such as LLaVA [56, 70–72], Qwen-VL [3–5, 113], and InternVL [15, 16, 31, 114] further improve instruction
following, high-resolution perception, and long-context multimodal reasoning. This line of work mainly
follows the LLaVA paradigm [70], in which visual inputs are first encoded by a vision encoder [93, 107]
and then concatenated with text tokens for joint modeling by a language model decoder. Some proprietary
models such as GPT [1] and Gemini [101, 102] also demonstrate strong multimodal reasoning ability. Recent
progress further extends these models to interleaved image-text modeling [19, 22, 138] and video understanding
[60, 64, 139]. Despite their strong semantic abstraction and cross-modal alignment capabilities, these models
are primarily optimized for understanding and text generation, rather than native visual synthesis.

2.2 Visual Generative Models

Visual generation has been dominated by diffusion- and flow-based frameworks [25, 29, 30, 39, 44, 53, 54, 67,
82, 85, 125], which serve as mainstream paradigms for high-fidelity image and video synthesis. As for image
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generation, representative large-scale systems include Stable Diffusion [25, 91, 95, 129], FLUX [53, 54], Qwen-
Image [122], and HunyuanImage 3.0 [8], while multimodal image generation models such as RealCustom++
[44, 83] and UNO series [17, 126, 127] further advance these frameworks by supporting diverse multimodal
conditional inputs. As for video generation, recent systems such as Wan [109], HunyuanVideo [121] and
CogVideo [40, 140] demonstrate the effectiveness of continuous latent modeling with dedicated temporal VAEs.
In contrast to continuous latent generators, autoregressive visual token models [9, 24, 43, 51, 84, 89, 94, 104]
formulate image generation as next-token prediction, providing a simpler unified token interface, but often
face trade-offs in visual fidelity and generation efficiency. Recently, several studies [26, 61, 73] have explored
hybrid frameworks that combine diffusion modeling with autoregressive modeling, aiming to leverage the
advantages of both in generation quality and modeling flexibility, thereby further advancing visual generation
capabilities.

2.3 Unified Multimodal Models

Recent unified multimodal models (UMMs) attempt to bridge multimodal understanding and visual generation
within a single framework. One line follows a fully autoregressive formulation, represented by Chameleon
[100], Emu3/Emu3.5 [19, 115], and more recent systems such as TokenFlow [92], HunyuanImage 3.0 [8]. These
models cast both understanding and generation into next-token prediction under a shared token space. These
models offer a clean unified interface and naturally support mixed-modality sequence modeling, but they may
still face nontrivial trade-offs among reasoning ability, visual fidelity, and generation efficiency. Another line
adopts autoregressive–diffusion hybrid formulations, combining language modeling for text with diffusion- or
flow-based modeling for visual generation. Representative works include Transfusion [149], Show-o/Show-o2
[133, 134], BLIP3-o [11], BAGEL [22], and others [21, 28, 37, 58, 77, 80, 105, 111, 146]. Within this family,
recent work further explores decoupling in representation design, module architecture, and optimization. For
instance, Janus-series models [80, 146] decouple visual encoding for understanding and generation; RealGeneral
[66] tames a pretrained video foundation model for unified image generation and editing; Show-o2 [134]
integrates autoregressive language modeling with flow matching, extending native unification to both image
and video modalities; BAGEL [22] studies expert specialization under a shared decoder-only backbone; TUNA
[77] emphasizes unified continuous visual representations; and InternVL-U [103] couples a strong open MLLM
with a specialized generation head. In addition to native unified models, modular bridging systems such as
OmniBridge [131] connect pretrained understanding and generation models through latent-space alignment,
offering a more lightweight but less fully native alternative.

Although unified multimodal modeling has advanced rapidly, much of the literature remains image-centric.
Extending unified modeling to the video domain is substantially more challenging because it requires not only
semantic understanding but also temporal reasoning, motion modeling, long-context generation, and consistent
editing. Early general any-to-any or modular systems such as NEXT-GPT [128] and GPT4Video [118] extend
MLLMs with external generative backends to support multimodal understanding and video generation, but
their video synthesis capability is still largely mediated through additional generators rather than native
joint video modeling. More recent video-focused frameworks, including Omni-Video [99], UniVideo [119],
and TV2TV [36], move closer to genuinely unified video models by jointly addressing video understanding,
generation, editing, or interleaved language-video modeling under a more integrated architecture. Meanwhile,
several task-unified video editing frameworks, such as AnyV2V [52], VACE [47], UNIC [141], EditVerse
[48], and FullDiT [49], expand the controllability of video generation, but typically do not aim for full
understanding-generation unification within a single multimodal model. Overall, multi-task synergy for
image-video unified multimodal modeling remains to be further explored.

3 Methodology

The core idea of Lance is that broad multi-task learning can further unlock the potential of unified multimodal
models. However, different task families, such as multimodal understanding, generation, and editing, impose
substantially different requirements on modeling objectives, visual representations, and optimization dynamics.
An effective unified model should therefore enable different tasks to interact within unified context learning,
while mitigating interference among heterogeneous objectives through decoupled capability pathways.
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Next-token Prediction

Modality-aware Rotary Positional Encoding (MaPE)

···

Text Tokenizer ViT Encoder VAE Encoder

Velocity Prediction

Caption S2V

···

······VQA OCR T2I I2I S2I V2VI2VT2V

·········

ViT Semantic Tokens Text Tokens Clean VAE Tokens Noisy VAE Tokens

Figure 6 Overview of Lance. Given multi-task inputs spanning X2T, X2I, and X2V, Lance encodes all input tokens
into a unified MaPE-enhanced multimodal context sequence. The dual-expert backbone performs generalized 3D
causal attention over the shared context and produces task-specific hidden states, which are further decoded by an LM
head for autoregressive next-token prediction and by a flow head for velocity prediction in the visual latent space.

3.1 Design Motivation and Principles

Lance is built upon two principles: unified context learning and decoupled capability pathways. Unified context
learning is enabled by interleaved multimodal sequence modeling and multi-task collaborative optimization,
while decoupled capability pathways are motivated by the following observations.

Autoregressive vs. Diffusion. Autoregressive next-token prediction remains the dominant paradigm for
language modeling [1, 68, 106] and multimodal understanding [4, 60, 136]. In contrast, high-quality image
and video synthesis is more effectively modeled in continuous latent spaces with diffusion or flow-matching
objectives [7, 23, 54, 57, 122]. Some unified models [92, 100, 115, 130] also explore fully autoregressive
formulations for joint understanding and generation, which may suffer from sequential decoding and limited
generation efficiency. We therefore adopt autoregressive language modeling for understanding and flow
matching for generation.

Unified Visual Representations vs. Decoupled Visual Representations. Understanding and generation rely on
different forms of visual information. Understanding mainly benefits from high-level semantic visual features
that are well aligned with language (e.g., SigLIP 2 [107] or Qwen2.5-VL [5]), whereas generation relies on
low-level latent representations that preserve appearance and spatiotemporal structure [109]. Some existing
works [77] have explored shared visual representations, but a single representation may be insufficient to
simultaneously satisfy semantic reasoning and high-fidelity synthesis. Meanwhile, recent studies [142, 147]
suggest that semantic features can also benefit generation modeling. Lance therefore keeps semantic visual
tokens and generative latent tokens decoupled, while organizing them within a shared interleaved multimodal
sequence for unified context learning.

Shared Backbone vs. Specialized Expert Capacity. A fully shared backbone that uses single stream to
process various modalities [42, 77, 134] offers a clean unified architecture, but it forces understanding and
generation to compete for the same parameters under substantially different objectives. Recent evidence from
Bagel [22] and HunyuanImage 3.0 [8] further suggests that decoupling generation-oriented parameters and
understanding-oriented parameters yields clear advantages over dense shared backbones. These observations
motivate Lance to preserve a unified multimodal token interface for bottleneck-free context fusion, while
allocating specialized expert capacity to understanding and generation pathways.
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3.2 Overall Architecture

Overall Framework. An overview of our framework is shown in Figure 6. Given interleaved inputs of text,
images, and videos, Lance first converts each modality into task-appropriate token representations. These
heterogeneous tokens are then organized into a shared interleaved multimodal sequence with modality-aware
rotary positional encoding, supporting unified context modeling across diverse task formats. To reconcile
unified context learning with task-specific capability specialization, Lance adopts a dual-expert architecture
initialized from Qwen2.5-VL [5]. The understanding expert, denoted as LLMUND, processes text and semantic
visual tokens for multimodal reasoning and text generation, while the generation expert, denoted as LLMGEN,
processes VAE latent tokens for visual synthesis and editing. The two experts operate over the same interleaved
multimodal context, preserving cross-task interaction while avoiding direct competition between heterogeneous
objectives. Task-specific heads are further used for autoregressive language modeling and flow-based visual
generation, respectively.

Unified Context Learning. Lance first converts heterogeneous inputs into a shared interleaved multimodal
sequence. (1) Text instructions are embedded using the language embedding layer of Qwen2.5-VL [5]. (2)
For understanding-oriented visual inputs, Lance employs the Qwen2.5-VL ViT encoder [5], which uses 14×
spatial and 2× temporal patching followed by a 2 × 2 spatial merge to produce compact semantic visual
tokens. These tokens provide language-aligned visual semantics for multimodal understanding and reasoning.
(3) For generation-oriented visual inputs, we encode images or videos into continuous latent representations
using the Wan2.2 3D causal VAE encoder [109]. This encoder jointly supports image and video modalities
through a unified latent space with 16× spatial downsampling and 4× temporal downsampling for videos. The
resulting latent features preserve the low-level appearance and temporal structure required for high-fidelity
visual generation, and are projected into the hidden space of the generation backbone through a lightweight
MLP connector.

As a result, Lance represents each sample as a unified interleaved multimodal sequence of text tokens, ViT
semantic tokens, clean VAE latent tokens, and noisy VAE latent tokens:

S = · · · ⊕ Btext(T)⊕ Bvis(Vvit)⊕ Bvis(V
clean
vae )⊕ Bvis(V

noisy
vae )⊕ Btext(T

′)⊕ · · · , (1)

Btext(T) = [BOT,T, EOT], Bvis(V) = [BOV,V, EOV]. (2)

This formulation supports understanding, generation, and mixed interleaved multimodal samples within a
single context modeling framework.

To handle such heterogeneous sequences, Lance adopts generalized 3D causal attention. The sequence is
partitioned into modality-specific segments, where each segment attends to preceding clean segments to
preserve causal dependencies. Within each segment, text tokens use causal attention, while visual tokens use
bidirectional attention to capture spatial and spatiotemporal structure. This provides a unified attention
mechanism for multimodal understanding, generation, and conditional editing.

Decoupled Capability Pathways. Although Lance organizes all modalities within a shared sequence, it
processes understanding and generation through specialized expert pathways. The understanding expert
LLMUND primarily operates on text tokens and semantic visual tokens, and autoregressively predicts target
text tokens for multimodal understanding. Its hidden states are mapped by a language modeling head and
optimized with the standard next-token prediction loss:

LUND = −
∑
i

log pθUND
(yi | y<i,S). (3)

The generation expert LLMGEN operates on VAE latent tokens and predicts generation-side hidden states
conditioned on the interleaved multimodal context. These hidden states are projected through an LLM-to-VAE
connector into the latent space and passed to a flow prediction head. Let x1 denote the clean VAE latent
and x0 ∼ N (0, I) denote Gaussian noise. We construct the interpolated latent as xt = tx1 + (1− t)x0, where
t ∼ U(0, 1), and optimize the generation expert with:

LGEN = Ex0,x1,t

[
∥vθGEN

(xt,S, t)− (x1 − x0)∥22
]
. (4)
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Here, θUND and θGEN denote the pathway-specific parameters for understanding and generation, respectively,
including their Transformer-decoder expert backbones and corresponding prediction heads.

The overall objective is:
L = λuLUND + λgLGEN. (5)

This design enables Lance to preserve unified context interaction while allowing semantic understanding and
visual synthesis to specialize in their own representations, parameters, and objectives.

3.3 Modality-Aware Rotary Positional Encoding

Unified multimodal training places heterogeneous visual token
groups within the same interleaved sequence, including ViT
semantic tokens, clean VAE condition tokens, and noisy VAE
target tokens. These tokens differ not only in their source
encoders, but also in their functional roles: semantic tokens
provide language-aligned visual cues for understanding, clean
VAE latents serve as visual conditions, and noisy VAE latents are
optimized as generation targets. Standard 3D-RoPE can encode
spatiotemporal layouts, but it does not explicitly distinguish
these heterogeneous token groups, which may lead to positional
ambiguity and weaken cross-task alignment.
In the original 3D-RoPE formulation of Qwen2.5-VL [5], text
tokens and visual tokens are assigned positional indices in differ-
ent forms. Given N text tokens, the i-th text token is assigned
ptext
i = [i, i, i]. For visual tokens with temporal length T , height

H, and width W , a token at location (t, h, w) is assigned a 3D
position according to its spatiotemporal layout:

p̂vis
t,h,w = N + [t, h, w] = [N + t, N + h, N + w], (6)

where t ∈ [0, T − 1], h ∈ [0, H − 1], and w ∈ [0,W − 1].

Height

{

ViT Semantic

Clean VAE

Noisy VAE

Δclean vae

Δnoisy vae

tvit

tclean vae

tnoisy vae

Temporal

Δvit

Width

Figure 7 Illustration of modality-aware ro-
tary positional encoding (MaPE).

This design is effective for standard image/video-language modeling. However, in unified multimodal training, a
single sequence may contain multiple visual token groups from different modalities M = {Vvit,V

clean
vae ,Vnoisy

vae }.
Assigning them only according to their spatiotemporal layouts may make their functional boundaries ambiguous
in the positional space.

To address this issue, we introduce Modality-Aware Rotary Positional Encoding (MaPE), which injects
token-group awareness into the positional indices. As shown in Figure 7, for each modality group m ∈ M,
we first define its base 3D-RoPE as p̂

(m)
t,h,w = [t̂

(m)
t,h,w, ĥ

(m)
t,h,w, ŵ

(m)
t,h,w], where the base coordinates follow the

standard spatiotemporal assignment. MaPE then applies a modality-specific offset ∆m only along the temporal
dimension:

p
(m)
t,h,w = p̂

(m)
t,h,w + [∆m, 0, 0] = [t̂

(m)
t,h,w +∆m, ĥ

(m)
t,h,w, ŵ

(m)
t,h,w]. (7)

Applying modality offsets only to the temporal dimension provides two advantages. First, it explicitly separates
different visual token groups in the global positional space, enabling the model to better distinguish the roles
of semantic ViT features, clean VAE conditions, and noisy VAE targets. Second, since the spatial coordinates
remain unchanged, the intrinsic spatial layouts within images and videos are preserved. Moreover, introducing
modality offsets ∆m along the t-dimension does not disrupt the temporal structure within a video. Since the
offset is a shared constant shift for all tokens within the same modality group, the temporal order and relative
distances of video latents are fully preserved. As a result, the model can better discriminate heterogeneous
visual tokens while maintaining spatial consistency and temporal coherence.
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PT CT SFT RL

Hyperparameters
Learning rate 1.0× 10−4 1.0× 10−4 2.5× 10−5 2.0× 10−6

LR scheduler Constant Constant Cosine Constant
Weight decay 0.0 0.0 0.0 0.0
Gradient norm clip 1.0 1.0 1.0 1.0
Optimizer AdamW (β1 = 0.9, β2 = 0.95, ϵ = 1.0× 10−15)
Loss weight (CE : MSE) 0.25 : 1 0.5 : 1 0.25 : 1 −
Warm-up steps 2500 2500 500 50
Training steps 350k 80k 15k 800
Sequence length per rank (min, max) (44K, 50K) (74K, 80K) (74K, 80K) (74K, 80K)
# Seen training tokens 1.5T 300B 72B 0.5B
Max context window 40k 70k 70k 70k
Gen resolution (min short side, max long side) (192, 848) (480, 848) (480, 848) (480, 848)
Und resolution (min short side, max long side) (168, 826) (462, 826) (462, 826) (462, 826)
Diffusion timestep shift 1.0 4.0 4.0 4.0

Table 2 Training hyperparameters of Lance.

Mixture Ratio Type PT CT-I CT-II CT-III SFT

Global Vid.-Gen. : Vid.-Und. : Img.-Gen. : Img.-Und. 64 : 16 : 16 : 4 64 : 16 : 16 : 4 64 : 16 : 16 : 4 64 : 16 : 16 : 4 64 : 16 : 16 : 4

Generation
T2I : I-Edit : S2I 100 : 0 : 0 70 : 15 : 15 60 : 20 : 20 50 : 25 : 25 60 : 20 : 20

T2V : I2V : V-Edit : S2V 100 : 0 : 0 : 0 60 : 10 : 15 : 15 40 : 20 : 20 : 20 25 : 25 : 25 : 25 60 : 10 : 15 : 15

Table 3 Training data mixture schedule of Lance. Img., Vid., Gen., and Und. denote image, video, generation, and
understanding, respectively. CT is divided into three stages that progressively increase the proportion of challenging
generation tasks.

4 Training and Data

Lance adopts a staged multi-task training strategy to progressively develop and balance multimodal under-
standing and generation within a unified task formulation. As shown in Table 2, the pipeline consists of
four stages: PT establishes basic image/video understanding and generation from large-scale paired data;
CT expands the task space with interleaved multi-task data and promotes cross-task transfer; SFT refines
instruction following, visual fidelity, editing accuracy, and identity consistency with curated supervision;
and RL further optimizes image generation with task-specific rewards. The data mixture schedule and task
statistics are summarized in Tables 3 and 4.

4.1 Pre-Training Stage (PT)

Training Objectives. The pre-training stage establishes preliminary multimodal alignment and basic visual
generation capabilities. To this end, we freeze the VAE and ViT encoders and optimize the remaining
components, including the multimodal backbone, QK-Norm modules, and MLP connectors.

Pre-Training Data. The PT stage is trained on large-scale image-text and video-text pairs, organized around
paired captioning and conditional generation tasks. The image-text subset comprises approximately 1B
samples spanning diverse visual domains, including natural scenes, human-centric, object-centric, knowledge-
oriented, and stylized content. The video-text subset comprises approximately 140M samples and covers
diverse dynamic scenarios, including actions, events, scene transitions, and long-range temporal processes.
To improve scalability, we adopt a progressive resolution curriculum of 192p → 360p → 480p, with dynamic
resolution enabled at each stage. In addition, we use an image:video sampling ratio of approximately 1 : 4 to
account for the greater difficulty of video modeling and to strengthen temporal reasoning and generation.
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Output Type Notation Task # Samples Phases

Text

I2T General image captioning 1B PT, CT
V2T General video captioning 140M PT, CT
I2T High-quality image captioning 190K SFT
V2T High-quality video captioning 5K SFT
X2T Interleaved multimodal understanding 2.73M CT, SFT

Image

T2I General image generation 1B PT, CT
X2I General image editing 2.8M CT
X2I General subject-driven image generation 3.6M CT
T2I High-quality image generation 190K SFT
X2I High-quality image editing 84K SFT

Video

T2V/I2V General video generation 140M PT, CT
X2V General video editing 2.6M CT
X2V General subject-driven video generation 1M CT

T2V/I2V High-quality video generation 5K SFT
X2V High-quality video editing 9K SFT
X2V High-quality subject-driven video generation 5.5K SFT

Table 4 Summary of task categories and sample statistics for Lance. Within each output type, high-quality data
are listed separately and highlighted in gray. “Phases” indicates the training phase(s) where each data type is applied.

System Prompt for I2T/V2T captioning tasks

<|im_start|>system
Generate a detailed and accurate description of the {image/video}, including all the visual
details {and key moments}.<|im_end|>
<|im_start|>user
<|vision_start|><|user_vision|><|vision_end|><|im_end|>
<|im_start|>assistant

System Prompt for other I2T/V2T tasks

<|im_start|>system
View the {image/video} attentively and provide a suitable answer to the posed
question.<|im_end|>
<|im_start|>user
<|vision_start|><|user_vision|><|vision_end|><|user_text|><|im_end|>
<|im_start|>assistant

Figure 8 System prompts for understanding tasks. Red placeholders denote user-provided text and visual inputs.

4.2 Continual Training Stage (CT)

Training Objectives. The continual training stage extends the PT model from basic paired supervision to
unified multi-task multimodal learning. By introducing richer interleaved multimodal data and more diverse
input-output mappings, CT expands the task space and improves task-aware multimodal generalization.

Continual Training Data. During CT, we progressively introduce a broader set of tasks for both understanding
and generation. For understanding, we incorporate 2.73M interleaved multimodal understanding samples,
covering pure text understanding (T2T, 41K), captioning (443K), classification (142K), conversation (72K),
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System Prompt for T2I/T2V tasks

<|im_start|>system
Describe the {image/video} by detailing the color, quantity, text, shape, size, texture,
spatial relationships {and motion/camera movements} of the objects and background:<|im_end|>
<|im_start|>user
<|user_text|><|im_end|>
<|im_start|>assistant

System Prompt for other X2I/X2V tasks

<|im_start|>system
Describe the key features of the input {image/video} (color, shape, size, texture, objects,
background), then explain how the user’s text instruction should alter or modify the
{image/video}. Generate a new {image/video} that meets the user’s requirements while
maintaining consistency with the original input where appropriate.<|im_end|>
<|im_start|>user
<|vision_start|><|user_vision|><|vision_end|><|user_text|><|im_end|>
<|im_start|>assistant

Figure 9 System prompts for generation tasks. Red placeholders denote user-provided text and visual inputs.

grounding (200K), reasoning (194K), VQA (600K), and OCR (120K). For generation, we incorporate large-
scale any-to-image/video data, including 2.8M image editing samples and 2.6M video editing samples, together
with 3.6M subject-driven image generation samples and 1M subject-driven video generation samples. To
accommodate the increased task diversity, we adopt a progressive data-mixture strategy that gradually
increases the sampling ratio of more challenging tasks, such as editing and subject-driven generation, while
correspondingly reducing the proportion of simpler caption-style supervision (detailed in Table 3). In total,
the CT stage consumes approximately 300B training tokens.

Task-specific System Prompts. To better distinguish heterogeneous tasks within a unified multimodal context,
we further introduce task-specific system prompts for understanding and generation tasks, as illustrated in
Figure 8 and Figure 9. These prompts provide explicit task priors and guide task-specific input-output formats
while preserving unified sequence modeling.

4.3 Supervised Fine-Tuning Stage (SFT)

Training Objectives. The supervised fine-tuning stage refines the model with high-quality, task-aligned
supervision under a reduced learning rate. Unlike PT and CT, which focus on capability acquisition and task
expansion, SFT emphasizes instruction fidelity, visual consistency, editing accuracy, and identity preservation,
improving controllability and downstream task performance.

Supervised Fine-Tuning Data. The SFT stage uses curated high-quality data spanning both understanding
and generation tasks. For understanding, we use 190K high-quality image captioning samples, 5K high-quality
video captioning samples, together with 2.73M interleaved multimodal understanding samples for continued
instruction refinement. For image generation, we include 190K high-quality image generation samples and
84K high-quality image editing samples. For video generation, we further incorporate 5K high-quality
video generation samples, 9K high-quality video editing samples, and 5.5K high-quality subject-driven video
generation samples. Compared with the large-scale corpora used in PT and CT, these curated data provide
stronger task alignment and higher annotation quality, and thus offer more precise supervision for improving
instruction following and generation fidelity.
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Models Params.
DPG-Bench GenEval

Global Entity Attribute Relation Other Overall 1-Obj. 2-Obj. Count Colors Position Attr. Overall

Generation-only Models

PixArt-α [12] 0.6B 74.97 79.32 78.60 82.57 76.96 71.11 0.98 0.50 0.44 0.80 0.08 0.07 0.48

SDXL [91] 3.5B 83.27 82.43 80.91 86.76 80.41 74.65 0.98 0.74 0.39 0.85 0.15 0.23 0.55

Hunyuan-DiT [62] 1.5B 84.59 80.59 88.01 74.36 86.41 78.87 – – – – – – –

DALL-E 3 [6] – 90.97 89.61 88.39 90.58 89.83 83.50 0.96 0.87 0.47 0.83 0.43 0.45 0.67

SD3-Medium [25] 2B 87.90 91.01 88.83 80.70 88.68 84.08 0.99 0.94 0.72 0.89 0.33 0.60 0.74

Emu3-Gen [115] 8B 85.21 86.68 86.84 90.22 83.15 80.60 0.98 0.71 0.34 0.81 0.17 0.21 0.54

FLUX.1-dev† [53] 12B 74.35 90.00 88.96 90.87 88.33 83.84 0.98 0.93 0.75 0.93 0.68 0.65 0.82

GPT Image 1 [87] – – – – – – – 0.99 0.92 0.85 0.92 0.75 0.61 0.84

Qwen-Image [122] 20B 91.32 91.56 92.02 94.31 92.73 88.32 0.99 0.92 0.89 0.88 0.76 0.77 0.87

Unified Models

SEED-X [32] – – – – – – – 0.97 0.58 0.26 0.80 0.19 0.14 0.49

TokenFlow-XL [92] – – – – – – – 0.95 0.60 0.41 0.81 0.16 0.24 0.55

Janus [123] – 82.33 87.38 87.70 85.46 86.41 79.68 0.97 0.68 0.30 0.84 0.46 0.42 0.61

Emu3-Gen† [115] 8B – – – – – 81.60 0.99 0.81 0.42 0.80 0.49 0.45 0.66

Show-o [133] – – – – – – – 0.98 0.80 0.66 0.84 0.31 0.50 0.68

Janus-Pro-7B [14] 7B 86.90 88.90 89.40 89.32 89.48 84.19 0.99 0.89 0.59 0.90 0.79 0.66 0.80

Ovis-U1 [111] 1.2B 82.37 90.08 88.68 93.35 85.20 83.72 – – – – – – –

OmniGen2 [124] 4B 88.81 88.83 90.18 89.37 90.27 83.57 1.00 0.95 0.64 0.88 0.55 0.76 0.80

Show-o2 [134] 7B 89.00 91.78 89.96 91.81 91.64 86.14 1.00 0.87 0.58 0.92 0.52 0.62 0.76

UniWorld-V1 [65] 13B 83.64 88.39 88.44 89.27 87.22 81.38 0.99 0.93 0.79 0.89 0.49 0.70 0.80

BAGEL† [22] 7B 88.94 90.37 91.29 90.82 88.67 85.07 0.98 0.95 0.84 0.95 0.78 0.77 0.88

Mogao [63] 7B 82.37 90.03 88.26 93.18 85.40 84.33 1.00 0.97 0.83 0.93 0.84 0.80 0.89

InternVL-U [103] 1.7B 90.39 90.78 90.68 90.29 88.77 85.18 0.99 0.94 0.74 0.91 0.77 0.74 0.85

TUNA [77] 7B 90.42 91.68 90.94 91.87 90.73 86.76 1.00 0.97 0.81 0.91 0.88 0.83 0.90

TUNA-2 [78] 7B 89.50 91.40 92.07 91.91 88.81 86.54 0.99 0.96 0.80 0.91 0.84 0.76 0.87

Lance (Ours) 3B 83.89 91.07 89.36 93.38 80.80 84.67 1.00 0.94 0.84 0.97 0.87 0.81 0.90

Table 5 Image generation results on DPG-Bench and GenEval. † refers to methods using LLM rewriters in
GenEval. Bold: best results among unified models. Underline: second-best among unified models.

4.4 Reinforcement Learning Stage

Training Objectives. The reinforcement learning stage further refines the model’s image generation capability
by directly optimizing generation behavior with task-specific rewards. Unlike SFT, which learns from static
supervised targets through maximum likelihood, RL uses Group Relative Policy Optimization (GRPO) to
encourage outputs that better satisfy fine-grained textual constraints. In particular, this stage focuses on
improving text rendering accuracy, image-text correspondence, and prompt compositional adherence.

Reinforcement Learning Data. The RL stage uses 20K image generation prompts that emphasize fine-grained
text-related requirements. During optimization, PaddleOCR [18] serves as the reward model to evaluate the
consistency between the generated image and the textual constraints specified in the prompt. This reward
provides direct feedback on text rendering quality and text-image alignment, helping improve aspects that are
difficult to fully capture with supervised fine-tuning alone.

5 Experiments

5.1 Experimental Setup

Lance is implemented upon Qwen2.5-VL 3B [5], using its weights to initialize the visual understanding encoder
and the multimodal context backbones LLMUND and LLMGEN. For the visual generation encoder, we adopt
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 Lance (Ours) BAGEL InternVL-U Qwen-Image Nano Banana

Prompt: The image depicts exactly 3 foxes and exactly 3 small lanterns in a snowy pine forest. Each fox sits beside one glowing orange 

lantern, forming a strict one-to-one arrangement with no extra foxes or lanterns. Snow crystals, warm light, pine branches, and blue 

winter shadows create strong visual contrast and a clean countable composition.

Prompt: A man in a refined coastal fashion portrait with windswept hair, open white shirt, and a dark jacket draped over one shoulder. 

Behind him are dramatic sea cliffs, layered clouds, and textured rocks. His body language is relaxed and natural, with correct visible 

hand anatomy. Bright clean lighting, strong contrast, no haze or muddy darkness.

Prompt: A premium elemental transformation sheet featuring the same horse statue in four elemental forms. Top-left: the horse 

statue rendered as fire, with streaming flames, and flying sparks. Top-right: the same horse statue rendered as ice, with translucent 

ice crystals and sharp frozen edges. Bottom-left: the same horse statue rendered as gold, with rich golden metal, and mirror-like 

highlights. Bottom-right: the same horse statue rendered as wood, with carved timber grain, and polished fibers.

Prompt: Five translucent potion bottles on a wooden picnic table in a garden. Each contains a different glowing color, with front tags 

reading "L", "A", "N", "C", "E" left to right. Dew, flowers, and blurred greenery make the scene fresh and cinematic.

Figure 10 T2I qualitative comparison. Instructions that are correctly reflected in our results but missed or incorrectly
rendered by some baseline models are highlighted in red.

the 3D causal VAE encoder from Wan2.2 [109], to support a unified processing of image and video modalities.
Following prior work [38], we also adopt classifier-free guidance (CFG) for visual and text conditions. During
the PT stage, for text-to-image generation data, the text condition is dropped with a probability of 10%.
During the CT and SFT stages, for multimodal conditions, the full condition is dropped with a probability of
5%, while the text-only condition is additionally dropped with a probability of 5% and the visual condition is
retained. During inference, the CFG scale for text conditions in generation tasks is set to 4. Unless otherwise
specified, the image input resolution is set to 768× 768, while videos are sampled at 480p resolution with a
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frame rate of 12 fps.

5.2 Main Results

5.2.1 Image Generation

Quantitative Results. We evaluate the image generation capability of Lance on GenEval [33] and DPG-
Bench [41]. As shown in Table 5, Lance achieves top-tier performance among unified models on GenEval,
matching the best overall score (0.90) while showing strong compositional ability on counting, colors, and
spatial position. On DPG-Bench, Lance obtains competitive overall performance and performs particularly
well on relation modeling, indicating its ability to preserve fine-grained semantic consistency under complex
prompts. These results suggest that Lance can effectively support high-quality image synthesis within a
unified multimodal framework, despite using only 3B activated parameters.

Qualitative Results. We conduct a qualitative comparison of Lance with 7B Bagel [22], 1.7B InternVL-U
[103], 20B Qwen-Image [122] and Nano Banana [34]. As shown in Figure 10, compared with open-source
unified multimodal baselines such as Bagel [22] and InternVL-U [103], Lance demonstrates stronger visual
aesthetics and image-text alignment (e.g., lantern count in 1-st case, jacket draped over one shoulder in 2-nd
case). Overall, Lance generates significantly higher-quality images than Bagel [22] and InternVL-U [103], and
achieves comparable performance with the 20B large-scale model Qwen-Image [122] and the commercial
closed-source model Nano Banana [34].

5.2.2 Video Generation

Quantitative Results. We evaluate the text-to-video generation capability of Lance on VBench [46]. As
shown in Table 6, Lance achieves the best Total Score (85.11) among unified models with only 3B activated
parameters. Beyond the overall score, Lance also shows strong performance across both quality-oriented
and semantic-oriented dimensions, including visual quality, object grounding, color consistency, spatial
relationships, scene understanding, and temporal style. These results indicate that the proposed unified
framework effectively supports compositional video generation and text-video alignment, while scaling naturally
from image generation to more challenging spatiotemporal generation tasks.

Qualitative Results. We conduct a qualitative comparison between Lance and 8.3B HunyuanVideo1.5 [121],
5B Wan2.2-TI2V [109], and 7B UniVideo [119]. As shown in Figure 11, the generated videos exhibit strong
semantic fidelity, coherent motion, and appealing visual quality. In challenging cases involving complex human
interactions (e.g., 1-st case, “two adults hugging"), or explicit camera transitions (e.g., 2-nd case, from a
“medium view" to “close facial framing"), our model follows the prompt accurately and produces videos with
stable visual texture and consistent temporal evolution. These examples further demonstrate the effectiveness
of the unified architecture for high-quality text-to-video generation.

5.2.3 Multimodal Editing

Quantitative Results. We evaluate the image editing capability of our model on GEdit-Bench [76]. As shown
in Table 7, our model achieves the best Avg/G_O score (7.30) among unified models, demonstrating strong
overall editing performance under a compact parameter budget. In particular, our model obtains the best
results in several key editing categories, including background change, material modification, motion change,
portrait beautification, subject removal, replacement, and tone transfer. These results suggest that the
proposed unified framework can effectively support a broad range of image editing operations. We also observe
that Lance is relatively weaker on text modification, indicating that text-specific editing remains an important
direction for future improvement.

Qualitative Results. We further provide qualitative results for both image and video editing in Figure 12. For
image editing, Lance achieves visually coherent image editing with well-preserved structures and realistic
textures, e.g., the plausible hand geometry and fine details in the 2-nd case. For video editing, Lance performs
accurate multi-attribute modifications while maintaining natural motion dynamics, such as the temporally
consistent hand movement of the person holding a cup in the last case. Overall, these results demonstrate
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(a) VBench Metrics Part I

Models Params.
Quality
Score

Semantic
Score

Subj.
Consist.

Bkg.
Consist.

Temp.
Flicker.

Motion
Smooth.

Dynamic
Degree

Aesthetic
Quality

Imaging
Quality

Object
Class

Generation-only Models

ModelScope [112] 1.7B 78.05 66.54 89.87 95.29 98.28 95.79 66.39 52.06 58.57 82.25

LaVie [116] 3B 78.78 70.31 91.41 97.47 98.30 96.38 49.72 54.94 61.90 91.82

Show-1 [143] 6B 80.42 72.98 95.53 98.02 99.12 98.24 44.44 57.35 58.66 93.07

AnimateDiff-V2 [35] – 82.90 69.75 95.30 97.68 98.75 97.76 40.83 67.16 70.10 90.90

VideoCrafter-2.0 [10] – 82.20 73.42 96.85 98.22 98.41 97.73 42.50 63.13 67.22 92.55

CogVideoX [140] 5B 82.75 77.04 96.23 96.52 98.66 96.92 70.97 61.98 62.90 85.23

Kling [50] – 83.39 75.68 98.33 97.60 99.30 99.40 46.94 61.21 65.62 87.24

Open-Sora-2.0 [90] – 82.10 80.14 98.75 98.00 99.40 99.49 20.74 64.33 65.62 94.50

Gen-3 [96] – 84.11 75.17 97.10 96.62 98.61 99.23 60.14 63.34 66.82 87.81

Step-Video-T2V [79] 30B 84.46 71.28 98.05 97.67 99.40 99.08 53.06 61.23 70.63 80.56

HunyuanVideo [121] – 85.07 76.88 97.22 97.60 99.39 99.05 71.94 60.28 67.24 83.48

Wan2.1-T2V [109] 14B 85.59 76.11 97.52 98.09 99.46 98.30 65.46 66.07 69.43 86.28

Unified Models

HaploOmni [132] 7B – – 96.40 97.60 – 96.80 65.30 – – –

Emu3 [115] 8B – – 95.32 97.69 – 98.93 79.27 59.64 – 86.17

VILA-U [130] 7B 76.26 65.04 – – – – – – – –

Show-o2 [134] 2B 82.10 78.31 97.28 96.78 97.68 98.25 40.83 65.15 67.06 94.81

TUNA [77] 1.5B 84.32 83.04 95.99 96.72 98.02 98.33 69.39 65.88 66.83 95.41

Lance (Ours) 3B 85.14 84.96 94.52 94.28 99.66 95.93 75.83 64.33 66.78 96.58

(b) VBench Metrics Part II

Models Params.
Multi.

Objects
Human
Action

Color
Spatial
Relation

Scene
Appear.
Style

Temp.
Style

Overall
Consist.

Total
Score↑

Generation-only Models

ModelScope [112] 1.7B 38.98 92.40 81.72 33.68 39.26 23.39 25.37 25.67 75.75

LaVie [116] 3B 33.32 96.80 86.39 34.09 52.69 23.56 25.93 26.41 77.08

Show-1 [143] 6B 45.47 95.60 86.35 53.50 47.03 23.06 25.28 27.46 78.93

AnimateDiff-V2 [35] – 36.88 92.60 87.47 34.60 50.19 22.42 26.03 27.04 80.27

VideoCrafter-2.0 [10] – 40.66 95.00 92.92 35.86 55.29 25.13 25.84 28.23 80.44

CogVideoX [140] 5B 62.11 99.40 82.81 66.35 53.20 24.91 25.38 27.59 81.61

Kling [50] – 68.05 93.40 89.90 73.03 50.86 19.62 24.17 26.42 81.85

Open-Sora-2.0 [90] – 77.72 95.40 85.98 76.18 52.71 22.98 25.91 27.57 81.71

Gen-3 [96] – 53.64 96.40 80.90 65.09 54.57 24.31 24.71 26.69 82.32

Step-Video-T2V [79] 30B 50.55 94.00 88.25 71.47 24.38 23.17 26.01 27.12 81.83

HunyuanVideo [121] – 66.71 94.40 89.79 72.13 54.46 22.21 24.52 26.95 83.43

Wan2.1-T2V [109] 14B 69.58 95.40 88.59 75.39 45.75 22.64 23.19 25.91 83.69

Unified Models

HaploOmni [132] 7B – – – – 34.60 – – – 78.10

Emu3 [115] 8B 44.64 77.71 – 68.73 37.11 20.92 – – 80.96

VILA-U [130] 7B – – – – – – – – 74.01

Show-o2 [134] 2B 76.01 95.20 80.89 62.61 57.67 23.29 25.27 27.00 81.34

TUNA [77] 1.5B 92.31 97.50 87.67 78.12 58.59 23.18 24.68 27.71 84.06

Lance (Ours)† 3B 93.86 97.80 92.61 93.61 64.75 23.14 25.53 27.04 85.11

Table 6 Video generation results on VBench. † refers to methods using LLM rewriters. Bold: best results among
unified models. Underline: second-best among unified models.
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Wan2.2 UniVideo

HunyuanVideo1.5

Prompt: A cinematic shot shows two young adults meeting again on a quiet train platform in warm sunset light with drifting steam and 

long shadows. The facial performance is vivid and natural, with responsive eyes, soft micro-expressions, and delicate changes in the gaze 

that make the subject feel emotionally present. The scene is emotionally expressive, visually beautiful, and atmospheric. medium shot. 

They pause in disbelief, step closer, and embrace tightly.

Wan2.2 UniVideo

Prompt: A medium-close shot shows a Persian cat wearing ornate spectacles and a velvet academic robe inside a candlelit salon with 

carved shelves, chandeliers, and mosaic floors. Alert eyes, gentle blinking, subtle head movement, and clear emotional cues keep the 

subject visually alive.The cat lifts a slender magic wand, and traced a soft magical arc in the air.

Lance (Ours)

Wan2.2 UniVideo

HunyuanVideo1.5Lance (Ours)

Prompt: A detailed cinematic portrait begins from a medium view and gradually moves into a close facial framing of a beautiful young 

woman shaping clay on a pottery wheel in a bright ceramic workshop with sunlit shelves, bowls, and hanging tools. The person dominates 

the frame, styled with a tied-back apron, delicate earrings, rolled sleeves, and a simple pendant, with premium skin detail, expressive 

eyes, subtle brow and cheek motion, natural-looking hands, and rich costume texture. 

HunyuanVideo1.5Lance (Ours)

Wan2.2 UniVideo

HunyuanVideo1.5Lance (Ours)

Prompt: A medium-close shot shows a red panda wearing a gold-trimmed cap and travel satchel on a bright seaside wave with a painted 

surfboard, foam spray, and a glowing summer sky. Lively eyes, soft blinking, and delicate expression changes create a warm, engaging on-

camera presence. Tracking shot. It rides the wave, lifts one paw in balance, and laughs as spray catches the light.

Figure 11 T2V qualitative comparison. Instructions that are correctly reflected in our results but missed or incorrectly
rendered by some baseline models are highlighted in red.
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Models Params.
GEdit-Bench

BC CA MM MC PB ST SA SR SRp TM TT Avg/G_O

Generation-only Models

Gemini 2.0 [102] – – – – – – – – – – – – 6.32

GPT Image 1 [87] – 6.96 6.85 7.10 5.41 6.74 7.44 7.51 8.73 8.55 8.45 8.69 7.49

Qwen-Image-Edit [122] 20B 8.23 8.30 7.33 8.05 7.49 6.74 8.57 8.09 8.29 8.48 8.50 8.01

Unified Models

Lumina-DiMOO [135] 8B 3.43 4.27 3.08 2.77 4.74 5.19 4.44 3.80 4.38 2.68 4.20 3.91

Ovis-U1 [111] 1.2B 7.49 6.88 6.21 4.79 5.98 6.46 7.49 7.25 7.27 4.48 6.31 6.42

BAGEL [22] 7B 7.32 6.91 6.38 4.75 4.57 6.15 7.90 7.16 7.02 7.32 6.22 6.52

InternVL-U [103] 1.7B 7.08 7.05 6.38 7.02 6.03 6.27 7.13 6.55 6.33 6.59 6.85 6.66

InternVL-U (w/ CoT) [103] 1.7B 7.05 7.87 6.50 6.99 5.77 6.10 7.33 7.16 7.12 7.36 6.46 6.88

Lance (Ours) 3B 7.73 7.74 7.28 7.83 7.50 7.03 7.64 7.85 7.71 4.46 7.57 7.30

Table 7 Image editing results on GEdit-Bench. Bold: best results among unified models. Underline: second-best
among unified models.

Models Params.
MVBench

AS AP AA FA UA OE OI OS MD AL ST AC MC MA SC CO EN ER CI Avg.↑

Understanding-only Models

Video-LLaMA [144] 7B 27.5 25.5 51.0 29.0 39.0 48.0 40.5 38.0 22.5 22.5 43.0 34.0 22.5 32.5 45.5 40.0 30.0 21.0 37.0 34.1

LLaMA-Adapter [145] 7B 23.0 28.0 51.0 30.0 33.0 53.5 32.5 33.5 25.5 21.5 30.5 29.0 22.5 41.5 39.5 31.5 22.5 28.0 32.0 31.7

Video-ChatGPT [81] 7B 23.5 26.0 62.0 22.5 26.5 54.0 28.0 40.0 23.0 20.0 31.0 30.5 25.5 39.5 48.5 33.0 29.5 26.0 35.5 32.7

VideoChat [60] 7B 33.5 26.5 56.0 33.5 40.5 53.0 40.5 30.0 25.5 27.0 48.5 35.0 20.5 42.5 46.0 41.0 23.5 23.5 36.0 35.5

VideoChat2 [59] 7B 66.0 47.5 83.5 49.5 60.0 58.0 71.5 42.5 23.0 23.0 88.5 39.0 42.0 58.5 44.0 36.5 35.0 40.5 65.5 51.1

ST-LLM [75] 7B 66.0 53.5 84.0 44.0 58.5 80.5 73.5 38.5 42.5 31.0 86.5 36.5 56.5 78.5 43.0 46.5 34.5 41.5 58.5 54.9

GPT-4V [86] – 55.5 63.5 72.0 46.5 73.5 18.5 59.0 29.5 12.0 40.5 83.5 39.0 12.0 22.5 45.0 52.0 31.0 59.0 11.0 43.5

PLLaVA [136] 34B 67.5 53.0 82.0 47.0 79.0 68.5 67.5 36.5 37.5 49.5 91.0 40.5 43.0 70.0 51.5 66.5 39.5 63.5 59.0 58.1

Video-CCAM [27] 9B 83.0 67.0 89.5 49.0 72.0 86.5 81.0 45.0 28.0 29.0 90.0 59.0 67.0 85.0 63.5 77.0 34.0 73.5 59.0 64.6

Qwen2.5-VL [5] 3B – – – – – – – – – – – – – – – – – – – 67.0

TimeMarker [13] 8B 79.0 74.5 89.0 53.5 77.0 94.0 76.0 41.5 52.5 47.0 91.5 53.0 76.5 92.5 57.0 70.5 23.5 53.5 82.5 67.4

InternVideo2 [117] 7B 86.0 70.0 87.0 56.0 75.0 91.0 86.0 40.0 48.0 53.0 90.0 41.0 73.0 92.0 52.0 56.0 33.0 57.0 74.0 67.3

Unified Models

Show-o2 [134] 1.5B 63.8 59.5 63.5 40.0 70.5 54.5 66.0 36.5 36.0 27.0 88.0 43.5 43.0 58.0 44.5 54.0 28.5 39.5 45.0 50.6

Show-o2 [134] 7B 60.1 67.0 68.0 45.5 78.0 51.0 73.5 44.5 36.0 39.0 92.5 51.5 36.0 59.5 52.0 64.0 38.0 60.0 43.0 55.7

TUNA [77] 1.5B – – – – – – – – – – – – – – – – – – – 54.4

UniVideo [119] 7B 54.3 41.5 77.5 50.0 62.5 68.2 50.5 37.5 36.0 29.5 35.5 28.5 52.5 70.5 33.5 40.5 37.5 36.5 38.0 46.3

Lance (Ours) 3B 73.9 76.5 71.5 49.0 63.5 96.0 72.5 33.0 63.5 33.0 86.0 41.0 82.0 97.5 43.0 47.5 31.5 40.0 77.0 62.0

Table 8 Video understanding results on MVBench. Bold: best results among unified models. Underline: second-best
among unified models.

Lance’s high-fidelity editing ability in both spatial realism and temporal coherence, highlighting the potential
of unified models for multimodal editing.
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Editing Instruction: Change the grass to a field of lavender and add colorful balloons floating behind it.

Original Video Lance (Ours) UniVideo

Lance (Ours) BAGEL InternVL-U Qwen-Image Nano Banana

Editing Instruction: Replace the round card with a heart-shaped card, and bordered with delicate pink dot edge decorations.

Original Image 

Editing Instruction: Replace the pink shirt with a Hawaiian shirt and make the man hold a coffee mug in his hand. 

Editing Instruction: Add a rectangular signboard with bold black text 'Lance' into the person's hands.

Editing Instruction: Convert the marble sculpture to a transparent, glossy ice sculpture.

① ②

③ ④

① ②

③ ④

① ②

③ ④

① ②

③ ④

① ②

③ ④

① ②

③ ④

Figure 12 Multimodal editing qualitative comparison. Lance performs precise image editing with realistic texture
and structure preservation, and supports temporally coherent video editing with natural motion dynamics.

5.2.4 Multimodal Understanding

Quantitative Results. We evaluate the video understanding ability of Lance on MVBench [59], a widely used
multi-choice benchmark for assessing temporal perception and video-centric understanding. As reported in
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Figure 13 Scaling behavior of image and video generation performance with increasing training tokens. We
report DPG-Bench for image generation and VBench for video generation across different training token budgets.

Ablation Type Setting
Image Generation Video Generation

GenEval ↑ VBench ↑

Base Gen. only 80.88 81.25

+ Understanding data
Gen.:Und. = 8:2 81.65 82.91
Gen.:Und. = 9:1 80.93 81.47

+ Multi-task data
Gen.:MT-Gen. = 8:2 81.89 82.88
Gen.:MT-Gen. = 6:4 82.06 83.05

Table 9 Ablation on cross-task data for generation. Gen. denotes base generation data, Und. denotes
understanding data, and MT-Gen. denotes multi-task generation data, including editing, subject-driven generation,
etc.

Table 8, Lance achieves the highest overall score (62.0) among existing unified multimodal models, with an
approximately 11.3% relative improvement compared to the second-best unified model, Show-o2 7B [134].
Lance also surpasses most of the specialized understanding models, with only half or even fewer parameters,
indicating that unified multi-task training can preserve strong video understanding while enabling generation
and editing capabilities.

Qualitative Results. We present qualitative examples for image and video understanding in Figures 3 and 5.
Lance handles diverse understanding tasks, including OCR, knowledge-grounded reasoning, multi-image
motion analysis, detailed video captioning, and action counting. The examples show that Lance can recognize
fine-grained visual details, reason over static images, and capture temporal dynamics in videos. These results
indicate that Lance maintains strong multimodal understanding ability while jointly supporting generation
and editing within a unified model.

6 Ablation Study

6.1 Training Dynamics Analysis

To systematically analyze the evolution of model capabilities during training, we further conduct quantitative
and qualitative evaluations of model variants under different training-token budgets.

Quantitative Analysis. As shown in Figure 13, image and video generation exhibit broadly consistent scaling
trends as training tokens increase, with rapid gains in the early PT stage followed by a slower-growth regime.
This indicates that large-scale paired training first establishes core generation capability, while later tokens
mainly refine prompt alignment, visual fidelity, and temporal consistency. Moreover, the CT stage further
improves native generation capability, even though it mainly introduces multi-task data such as editing and
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0.5T 1T 1.5T

0.5T 1T 1.5T

Prompt: The image depicts two individuals 

standing against a wall with a brick-like 

pattern in a garden. Both are wearing long, 

white dresses with pleated designs. The 

individual on the left has short, light brown 

hair and is standing slightly against the wall. 

The individual on the right has long, light 

brown hair and is standing upright.

Prompt: The image depicts a panda sitting in a 

bamboo forest, gently holding a red banner 

embroidered with the word "Lance" in elegant 

gold thread. Sunlight filters through the 

leaves, creating delicate highlights on the 

panda’s fur and the forest floor.

Prompt: A close shot shows a young white woman with long red hair holding an orange in each hand, rubs them on her cheeks, and looks 

at the camera charmingly. She has a delicate appearance, slightly messy brown eyebrows, double eyelids, a small nose, plump lips, and is 

wearing a white top. The background is a light purple wall. the camera zooms in quickly for a close-up of the woman's front face. 

Prompt: A medium-wide shot shows a cream tabby cat and a golden retriever on a sunlit balcony with terracotta tiles, rosemary pots, 

and warm afternoon light. The cat slowly flicks its tail and stretches its front paws, while the dog lazily wags its tail, stands up for a 

brief playful hop, then settles back down. 

① ②

③ ④

① ②

③ ④

① ②

③ ④

① ②

③ ④

① ②

③ ④

① ②

③ ④

Figure 14 Comparison of model variants trained with different token budgets. We present qualitative cases
of text-to-image and video generation using model variants trained with 0.5T, 1T, and 1.5T tokens. As the training
budget increases, the model demonstrates improved prompt alignment, visual fidelity, and temporal consistency.

instruction-following data rather than additional pure generation data (Table 4). These results suggest that
multi-task integration not only strengthens editing and instruction-following behaviors, but also brings positive
transfer to visual generation, further validating the role of multi-task synergy in enhancing unified multimodal
modeling.

Qualitative Analysis. Figure 14 shows visual results consistent with the quantitative trends. As the training
budget increases from 0.5T to 1.5T, Lance progressively improves prompt alignment, visual fidelity, text
rendering, and temporal coherence. Early models capture coarse semantics but still suffer from distorted text,
inaccurate attributes, and unstable motion, while the 1.5T model produces more faithful compositions and
more coherent multi-object dynamics.
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Setting
Image Generation Image Editing Video Generation Video Understanding

GenEval ↑ GEdit ↑ VBench ↑ MVBench ↑

w/ MaPE 80.94 6.86 81.81 59.16

w/o MaPE 80.56 6.30 80.95 59.02

Table 10 Ablation on Modality-Aware Rotary Positional Encoding (MaPE). We report GenEval for image
generation, GEdit for image editing, VBench for video generation, and MVBench for video understanding.

6.2 Effect of Cross-Task Data Synergy

We conduct ablation studies to further analyze how different task mixtures affect the generation ability
of Lance, focusing on the effects of understanding data and multi-task generation data. The results are
summarized in Table 9.

Effect of Understanding Data. Introducing understanding-oriented data brings clear gains when used at an
appropriate ratio. In particular, the Gen.:Und. = 8 : 2 setting improves both image and video generation,
suggesting that understanding data provides useful semantic grounding for visual synthesis.

Effect of Multi-task Data. Multi-task generation data enhances the base generation capability via joint
training. Both mixture ratios outperform the generation-only baseline, with Gen.:MT-Gen. = 6 : 4 achieving
the best overall results. This indicates that multi-task synergy provides complementary supervision that
promotes more robust visual composition and fine-grained synthesis.

6.3 Effect of Modality-Aware Rotary Positional Encoding

We further ablate the proposed Modality-Aware Rotary Positional Encoding (MaPE) to verify its effectiveness
in unified multimodal modeling. As shown in Table 10, removing MaPE consistently degrades performance
across generation, editing, and understanding. The improvement is especially clear on image editing (from
6.30 to 6.86), where the model needs to jointly reason over visual conditions and generation targets. This
suggests that MaPE reduces positional ambiguity among heterogeneous visual token groups, leading to better
cross-task contextual alignment and more stable visual synthesis.

7 Conclusion, Limitations and Future Work

In this work, we present Lance, a lightweight native unified multimodal model for image and video under-
standing, generation, and editing. Our key finding is that multi-task synergy can effectively advance unified
multimodal modeling, enabling diverse tasks to mutually enhance each other within a shared framework. To
this end, Lance combines unified interleaved context modeling with decoupled capability pathways, allowing
semantic understanding and visual synthesis to interact while preserving task-specific specialization. Extensive
experiments demonstrate that Lance achieves strong performance across image generation, video generation,
multimodal editing, and video understanding benchmarks. Notably, these results are obtained with only 3B
activated parameters and a maximum 128-GPU training budget, showing that capable unified multimodal
models can be built in a resource-efficient manner.

Lance opens several promising directions for future exploration.

• Post-training: More comprehensive video-aware reward models, together with reward-based optimization
methods [74, 137, 148], could provide stronger supervision for temporally coherent, visually appealing,
and user-aligned generation.

• Model Scaling: Scaling model capacity, expert capacity, and context length may further improve Lance’s
overall capability and cross-task generalization.

• Broader Modalities: Incorporating audio, speech, 3D, depth, and embodied sensory signals would be a
natural step toward general-purpose any-to-any multimodal intelligence.
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• Streaming Multimodal Interaction: Integrating streaming perception and generation mechanisms [45,
108, 120] could extend Lance toward real-time interaction and closed-loop multimodal agents.

We hope Lance can serve as a practical foundation for future research on efficient, scalable, and task-general
unified multimodal systems.
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