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Question 1:   I want to read a feature article with pictures and text about the "soul" of Japanese ramen. The content should ideally be divided into several sections with detailed 
introductions, and each section should be accompanied by corresponding exquisite images in a narrative-photo pairing style.

The broth is the heart 
of ramen, and its 
depth is measured 
not only in flavor but 
in time. Hours of 
simmering bones, 
vegetables, and 
aromatics create a 
liquid tapestry.

While broth provides 
depth, noodles 
supply the soul’s 
texture. The snap of 
a perfectly cooked 
noodle is a small but 
essential triumph of 
technique.

Toppings are the final 
brushstrokes on this 
edible canvas, each 
chosen to balance the 
bowl. Chashu, ajitama, 
nori, and bamboo 
shoots all play their 
part in a symphony of 
color and taste.

Finally, the moment of 
assembly arrives, when 
broth, noodles, and 
toppings converge in a 
single vessel. The resulting 
bowl is a microcosm of 
Japan’s culinary philosophy: 
harmony, balance, and 
respect for ingredients.

In every slurp, one 
can taste the 
dedication of artisans, 
the whispers of 
regional terroir, and 
the quiet resilience of 
a culture. That is the 
soul of Japanese 
ramen.1 2 3 4 5 6 7 8 9

Question 2:   Write a parenting blog article about the trend of plush, pastel kids' loungewear, using the provided photo as inspiration. Discuss the appeal, offer tips for choosing 
and caring for the garments, and show how they are suitable for play. Include three visual prompts: a calm morning, active indoor play, and garment care.
The surge in plush, pastel children‘s loungewear 
reflects a significant shift where parents prioritize 
sensory comfort alongside style. These 
garments, often made from soft fabrics like 
fleece, provide a “gentle hug" that is ideal for 
both active play and quiet relaxation. The 
referenced lavender "Minnie" set perfectly 
embodies this movement, combining a dreamy, 
photo-ready aesthetic with the cozy practicality 
that has become essential for family life.

Modern children's loungewear is engineered 
for both calm mornings and active play. 
Breathable fabrics like microfleece, combined 
with smart features like flat seams and non-
restrictive cuffs, provide a cozy start to the day. 
For energetic moments, these garments 
now feature relaxed silhouettes and four-
way stretch fibers, effectively blurring the line 
between sleepwear and activewear in a trend 
that mirrors children athleisure.

Styling plush loungewear is simple 
with layering pieces and versatile 
footwear for indoor or outdoor 
play. Parents increasingly favor 
these garments for their 
sustainability, choosing brands 
with eco-friendly fibers. To 
maintain their softness, wash 
them inside out on a gentle, 
cold cycle and air-dry.

The plush loungewear trend is 
more than fashion; it 
represents a cultural shift 
toward comfort, well-being, 
and sustainability. These 
functional garments support 
every activity from quiet 
moments to active play, offering 
a stylish and comforting hug 
that simplifies daily life.
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Figure 1. Showcase of the versatile abilities of Wan-Weaver, including interleaved text-image generation, reference-based image genera-
tion/editing, and text-to-image generation.

Abstract

Recent unified models have made unprecedented progress in
both understanding and generation. However, while most of
them accept multi-modal inputs, they typically produce only
single-modality outputs. This challenge of producing inter-
leaved content is mainly due to training data scarcity and
the difficulty of modeling long-range cross-modal context.
To address this issue, we decompose interleaved generation
into textual planning and visual consistency modeling, and
introduce a framework consisting of a planner and a visu-
alizer. The planner produces dense textual descriptions for
visual content, while the visualizer synthesizes images ac-
cordingly. Under this guidance, we construct large-scale

textual-proxy interleaved data (where visual content is rep-
resented in text) to train the planner, and curate reference-
guided image data to train the visualizer. These designs give
rise to Wan-Weaver, which exhibits emergent interleaved
generation ability with long-range textual coherence and
visual consistency. Meanwhile, the integration of diverse
understanding and generation data into planner training
enables Wan-Weaver to achieve robust task reasoning and
generation proficiency. To assess the model’s capability in
interleaved generation, we further construct a benchmark
that spans a wide range of use cases across multiple di-
mensions. Extensive experiments demonstrate that, even
without access to any real interleaved data, Wan-Weaver
achieves superior performance over existing methods.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Generative models are driving progress toward artifi-
cial general intelligence. Recent advances in large lan-
guage models (LLMs) [39, 62], vision language models
(VLMs) [3, 15], unified multi-modal models (UMMs) [10,
16], and image generation models [7, 22, 52] have enabled
processing of multi-modal inputs, but usually with single-
modal outputs. However, achieving human-like interaction
requires the ability to generate multi-turn interleaved multi-
modal outputs, which are crucial for applications in reason-
ing [6, 46], education [13, 30], and design [26, 54].

However, generating natural and reliable multi-modal
content remains highly challenging, as the outputs across
modalities must remain consistent. Early approaches [12,
28, 70, 81] fine-tune LLMs on image–caption datasets to
acquire basic image generation capabilities; however, such
training enables only elementary visual synthesis and fails
to capture contextual dependencies. Recent unified multi-
modal models (UMMs) [19, 57, 59] adopt an autoregres-
sive next-token prediction paradigm or its combination with
diffusion models, such as BAGEL [16] and Mogao [35],
and are pre-trained on interleaved text–image data. How-
ever, the scarcity of large-scale, high-quality interleaved
data leads to sparse supervision, making joint optimization
unstable and hindering the model’s ability to learn long-
range contextual dependencies and modality transitions.

Given the difficulty of data curation, can we achieve in-
terleaved generation without interleaved training data? We
argue that the goal of “interleaved coherence” could be
decomposed into textual, visual, and cross-modal di-
mensions. The textual coherence has already been satisfied
by modern VLMs [3]. The visual coherence among im-
ages resembles that found in reference-based image gener-
ation/editing, for which abundant data exist or can be syn-
thesized. Likewise, basic text–image alignment in cross-
modal coherence can be effectively learned from large text-
to-image corpora. However, cross-modal coherence also
requires planning capabilities, e.g., determining where an
image should appear in the sequence and what it should por-
tray to fit the long-range context and narrative flow.

In this way, the problem reduces to training a planner and
learning each coherence dimension separately. We there-
fore propose Wan-Weaver, a MoT-architecture [16, 34] uni-
fied multi-modal model consisting of a planning expert and
a visualization expert. This design enables decoupled train-
ing: The planner is initialized from a pre-trained VLM,
and fine-tuned on large-scale textual-proxy planning and
understanding data, where each image is located and rep-
resented by a dense prompt. The visualizer is then trained
on reference-guided generation data, with the planner kept
frozen to provide contextual features. During sequential in-
ference, The planner processes the input together with the
previously generated text–image context and produces visu-

alization guidance and plain text, while the visualizer gener-
ates corresponding images conditioned on the guidance and
visual references. Although the dense visual guidance pro-
duced by the planner provides useful high-level semantics
for the current visualization step, the textual form of the
dense prompt inevitably loses subtle contextual cues. In-
spired by the notion of context windows [3], we introduce a
dense prompt context window and further fine-tune the visu-
alizer to improve the consistency of the generated content.

Moreover, our multi-task–trained planner exhibits emer-
gent task reasoning across understanding and generation
tasks, advancing toward more intelligent multi-modal gen-
eration. To support comprehensive evaluation, we further
introduce WeaverBench, a benchmark specifically designed
for interleaved generation and covering a broad range of
everyday use cases. Extensive experiments demonstrate
that our proposed method not only surpasses leading open-
source counterparts but also achieves performance on par
with the commercial model Nano Banana. Fig. 1 features
our work. Our contributions are summarized as follows:
• We decompose the interleaved multi-modal generation

problem and design a unified architecture comprising
dedicated planning and visualization experts.

• We curate large-scale proxy cross-modal data to address
the lack of interleaved supervision and develop a decou-
pled training strategy that substantially improves inter-
leaved generation over contemporary baselines.

• We propose a benchmark for evaluating open-ended in-
terleaved image-text generation, covering a wide range of
daily use cases.

2. Related Work
Unified Multi-modal Models [10, 11, 45, 67, 75] aim
to build a single architecture capable of both understand-
ing and generation. They take images and text as input
and produce either text or image as output. While current
VLMs generally extend GPT-style LLMs [5, 50, 51] and
adopt next-token prediction for multi-modal understand-
ing [1, 3, 24, 31, 84], while state-of-the-art visual gener-
ators rely on diffusion modeling [17, 29]. This trend has
spurred investigations into various paradigms for unifying
multi-modal models, which can be roughly classified into
three categories: autoregressive (AR) models, fused AR
with diffusion models, and diffusion models. AR mod-
els [18, 28, 41, 49, 55–57, 67, 72, 77] follow the paradigm
of next-token prediction in language models [62] by encod-
ing images in continuous embeddings or discrete tokens.
However, AR approaches still lag behind diffusion-based
ones in visual fidelity [8, 32, 40, 60]. Fused AR with dif-
fusion models integrates diffusion processes into language
backbones, either using additional image decoder [10, 21,
25, 33, 36, 48, 61, 64, 65, 68, 69, 71, 76, 79] or employ-
ing a shared Transformer architecture [53, 73, 74, 80, 82].
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Text Output

User: Tell me how
to cook this step
by step with text
and images.

Assistant: Of course! This looks like a very delicious Simple White Cake. To
make it, you will first need to prepare your ingredients, which include half a
cup of softened unsalted butter, two large room-temperature eggs, and two
teaspoons of vanilla extract. You will also need one and a half cups of all-
purpose flour, one and three-quarters teaspoons of baking powder, a quarter
teaspoon of table salt, and half a cup of room-temperature whole milk.

<imagine>: A photo of baking
ingredients, including butter, two
eggs, vanilla extract, all-purpose
flour, baking powder, salt, and
milk, laid out on a white marble
counter.</imagine>

Planner Visualizer

QKV Projection

Causal Multi-modal Self-attention

FFN

QKV Projection

FFN

ViT Encoder Text Tokenizer VAE Encoder

Image Output

Next Token Prediction Velocity
Prediction

Dense Prompt Context Window

Dense Prompt Start <imagine> & End </imagine>

Visualization Start: <BOI>

Gaussian Noise

Figure 2. Overview of the inference process of Wan-Weaver. Given a prompt, the planner expert autoregressively generates plain text and
dense prompts as visualization cues. Through causal multi-modal self-attention, the visualizer interacts with the planner, enabling it to
synthesize images conditioned on the dense prompt context and visual references. The resulting text–image outputs are appended to the
history and fed back into the planner, enabling an iterative interleaved generation process that maintains long-range contextual coherence.

Although this hybrid design improves visual quality, it of-
ten degrades multi-modal reasoning, as shared parameters
must simultaneously optimize for both generation and un-
derstanding [34, 37]. Recent methods [16, 35] introduce
MoT [34] architecture to successfully achieve better perfor-
mance with separated Transformer parameters. Diffusion-
based approaches [66, 75] attempt to completely aban-
don autoregressive architectures, pursuing unified vision-
language modeling from the perspective of discrete diffu-
sion or flow matching, achieving considerable results. Our
unified model adopts the architecture of MoT and employs
a decoupled training strategy for interleaved generation.

Interleaved Multi-modal Generation is a primary use
case of unified models [11, 19, 27, 45, 76]. Pioneering
AR frameworks [56, 77] demonstrated that models trained
on interleaved sequences could generate both text and im-
ages, enabling diverse tasks such as text-to-image genera-
tion, visual understanding, and image editing. To enhance
the visual realism, subsequent approaches [82] substituted
image token-wise prediction with iterative denoising for su-
perior image fidelity. However, these approaches are pre-
dominantly designed for single-turn generation, producing
an isolated text or image output. Recent works [16, 28, 35]
have attempted to pre-train models on collected interleaved
data to enhance their multi-turn multi-modal generation ca-
pabilities. However, due to the difficulty in acquiring large-
scale and reliable interleaved data, it is challenging for these
models to learn complex long-range contextual dependen-
cies. Consequently, this paradigm has yielded suboptimal
results. In contrast, we explore a strategy of decoupled
training within a unified model, leveraging large-scale syn-
thetic data to achieve superior performance.

3. Method
3.1. Problem Definition
Interleaved multi-modal generation aims to produce a se-
quence of text and images from an input prompt. At the
modal level, the distribution over this multimodal sequence
can be written in a causal form:

logPθ(x) =

T∑
t=0

logPθ(xt+1 | x0, . . . ,xt),

where θ denotes the parameters of the model and xt rep-
resents either a text or visual modality rather than an in-
dividual token. This formulation is general and encom-
passes a broad spectrum of existing tasks, including but not
limited to text question answering, image captioning, vi-
sual question answering, text-to-image generation, and im-
age editing, among others. While our model is also capa-
ble of handling these tasks (see Sec.4.4), they are not the
primary focus of this work. Instead, we focus on inter-
leaved text–image generation, with particular emphasis on
the more common interleaved pattern, where textual and vi-
sual elements are produced alternately in a contextually co-
herent and semantically aligned manner.

3.2. Overview of Wan-Weaver
The overall architecture of Wan-Weaver is illustrated in
Fig. 2. Motivated by our decomposition of interleaved
generation into planning and visual coherence modeling,
we adopt a unified mixture-of-transformers (MoT) [16, 34]
framework comprising a planner and a visualizer expert,
which work jointly to produce long-range coherent inter-
leaved text–image content in a coordinated manner. The
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(a) Visualizer Training
with generation data

Pred. txt + <imagine>…</imagine> + <BOI>

(b) Planner Tuning
with textual-proxy generation data

+ understanding data

Text PromptImage(s) Image(s)

Pred. Image(s)Flow matching loss

Visualizer

PlannerFrozen

Trainable

Text PromptImage(s)

CE loss

(c) DPCW Tuning
with generation data

Text PromptImage(s) Image(s)

Pred. Image(s)Flow matching loss

Pred. txt + <EOS>  or
<imagine>…</imagine> + <BOI>  or

Figure 3. Illustration of our decoupled training strategy.

planner, instantiated as a VLM, handles modal reasoning
and planning, deciding both the modality of the next output
and the content of the image when one is required. Given
a multi-modal user instruction, text is tokenized and im-
ages are encoded with a ViT encoder [3], and the resulting
tokens are processed using generalized causal multi-modal
self-attention to produce plain text responses. When decid-
ing to transition to the image modality, the planner gener-
ates a dense prompt that provides rich visual guidance by
aggregating the complex long-range multi-modal context.

The dense prompt triggers the visualizer, implemented
as a Diffusion Transformer, which synthesizes the corre-
sponding image. Inspired by context windows in language
models [39], we introduce a Dense Prompt Context Window
(DPCW) that extracts precise contextual features around the
dense-prompt position. The visualizer then performs causal
multi-modal self-attention over this window. This targeted
conditioning leverages long-range context without intro-
ducing excessive noise, leading to better contextual ground-
ing and cross-modal coherence, while VAE-encoded refer-
ence tokens help preserve fine details. Once generated, each
text or image is appended to the history for conditioning, en-
abling Wan-Weaver to autoregressively produce interleaved
sequences from any mixture of modalities.

3.3. Decoupled Training Strategy

Interleaved generation is inherently challenging, as it re-
quires complex cross-modal reasoning over long contexts
and demands outputs that are logically consistent, seman-
tically coherent, and aligned in fine-grained details among
images. A straightforward approach is to pre-train a unified
model on large-scale interleaved data; however, such high-
quality data are scarce, making the model fail to learn reli-
able long-range contextual dependencies and modality tran-
sitions, and produce misaligned or logically inconsistent
cross-modal outputs. To address this, we decompose inter-
leaved generation into planning and visual coherence and
implement a planner–visualizer architecture that supports

decoupled training: the planner learns contextual planning
from large-scale synthetic textual-proxy and understand-
ing data, while the visualizer learns visual coherence from
abundant reference-guided generation data. To leverage
strong open-source VLMs, we initialize the planner with
the pre-trained QWen2.5-VL [3]. As no publicly available
diffusion transformer matches our visualizer’s architecture,
the visualizer is trained from scratch.
Visualizer Training. The visualizer is designed to syn-
thesize images aligned with the planner’s visual guidance
and to preserve strong reference-driven consistency across
images through causal attention. Achieving this requires
substantial generative data. To satisfy the coherence de-
mands of sequential interleaved generation, we decompose
the problem into distinct forms of guidance coherence span-
ning text, single-image, and multi-image contexts.

For text-guidance coherence, the visualizer must align
with the semantic space of the planner. We therefore col-
lect large-scale text–image pairs, including both simple and
reasoning-heavy descriptions/instructions, to ensure broad
coverage. After the first image is generated, the model
must also reference previously generated text and images to
maintain contextual consistency. To this end, we prepare
extensive single-image reference data. Similarly, multi-
image reference data are incorporated to further enhance
long-range consistency across sequences of images. Us-
ing these coherence-oriented datasets, we freeze the planner
and independently train the visualizer with flow-matching
loss [38] to achieve multi-modal consistency under diverse
conditions, as shown in Fig. 3 (a).
Planner Tuning. The planner expert is responsible for di-
gesting complex multi-modal inputs and producing text re-
sponses. Crucially, it must infer when to produce text vs. an
image and what specific visual content should be generated
given the surrounding context—capabilities that our initial-
ized planner only partially supports. Fine-tuning is there-
fore required, but this is challenging due to the scarcity of
large-scale, high-quality interleaved data.

To address this issue, we synthesize large-scale
high-fidelity textual-proxy interleaved data using top-
tier LLMs and VLMs. Each image placeholder is
tagged with <BOI> and accompanied by a detailed cap-
tion describing the intended visualization. These fine-
grained annotations, called dense prompts and enclosed in
<imagine></imagine>, provide richer image-specific
guidance than the ‘sparse’ surrounding context and align
with the visualizer’s textual conditioning during training.

Training with such data offers several advantages: (1)
it leverages the inherent ability of large VLMs to inte-
grate long-range multi-modal information, enabling pre-
cise image-generation guidance from purely textual dense
prompts and effectively benefiting generation with under-
standing; (2) it exploits the semantic equivalence of images
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and text in the language modeling space, allowing LLMs
to learn when to transition modalities without relying on
real interleaved data, thus alleviating data scarcity; and (3)
it leads to more stable optimization, as joint-training with
denoising generation objectives typically introduces gradi-
ent interference [48]. Moreover, this textual-proxy mech-
anism can generalize to other generation tasks, forming
textual-proxy generation data. To further equip the plan-
ner with automatic task reasoning (e.g., understanding, text-
to-image generation, image editing, interleaved generation),
we jointly train it on these proxy datasets together with con-
ventional understanding data, as shown in Fig. 3 (b).

Once trained, our unified model differs from prior
UMMs [16, 21], which depend on explicit task-specific sys-
tem prompts or rigid if-else logic to predefine the output
modality by users. In contrast, our approach allows the
model to implicitly infer task intent from user prompt.
Dense Prompt Context Window Tuning. While the gen-
erated dense prompt provides a rich textual description of
the intended image, it remains a purely text representa-
tion and inevitably suffers from information loss, failing
to capture subtle contextual nuances. Thus, we introduce
the Dense Prompt Context Window (DPCW), a mechanism
designed to enhance contextual grounding for image gen-
eration based on the generated dense prompt. Specifically,
during the visualization process, a self-attention window is
defined on top of the original causal self-attention centered
around the position where the dense prompt is produced.
Only the contextual information within this window par-
ticipates in self-attention interactions with the visualizer.
Moreover, since the ViT features of the input image are
crucial for maintaining semantic faithfulness during gener-
ation [16], this visual context is also incorporated.

In this way, DPCW not only encapsulates the semantic
richness of the dense prompt but also aggregates the preced-
ing contextual information accumulated through layer-wise
causal self-attention. This results in a more comprehensive
context that is continuously propagated across the sequen-
tial planning–visualization process, thereby improving the
coherence and consistency of the generated content. As il-
lustrated in Fig. 3 (c), we perform an additional DPCW tun-
ing stage to adapt the model to this context-window-aware
conditioning. In this stage, only the visualizer is fine-tuned.

3.4. Data Curation
To support the decoupled training strategy, we curate and
synthesize large-scale datasets tailored to the objectives of
each training stage.
Visualizer tuning data. We curated a diverse corpus
combining public text-to-image and image editing datasets.
The text instructions were augmented through rewriting to
simulate various user input scenarios. Beyond standard
text–image pairs and public image-to-image datasets, we

further construct large-scale image-reference-guided gen-
eration data from two sources for visual coherence learn-
ing. First, we extract high-quality key frames from videos
and use a VLM to generate detailed textual descriptions as
well as instructions describing the changes across selected
frame combinations. Because video frames typically ex-
hibit smooth temporal continuity, most variations are lo-
calized rather than drastic. As a result, this source mainly
provides data for learning fine-grained local edits and high-
coherence reference-based generation. Second, to obtain
more general reference-based generation capability that can
match that with real interleaved data, we cluster homol-
ogous images in our database using SigLIP [78] and ap-
ply a VLM to create structured descriptions spanning both
single-image and multi-image reference scenarios. Unlike
video frames, these clusters exhibit far richer diversity, in-
cluding reference-based learning on style, material, pose,
expression, and clothing, which provides highly versatile
reference supervision. Together, these datasets enhance the
visualizer’s ability to produce consistent and semantically
coherent outputs under diverse reference conditions.
Planner tuning data. To preserve the language modeling
capacity of the underlying VLM, we collect high-quality
text-only and image–text understanding data. To endow the
planner with interleaved generation planning capability, we
constructed textual-proxy data, where visual content was re-
placed by detailed captions annotated with <imagine>.
Specifically, three types of data were synthesized: (1) large-
scale user query (text only)–interleaved article pairs gener-
ated by prompting the top-tier LLMs with category or tag
keywords; (2) user query (with images)–interleaved article
pairs built around arbitrary images from the database by
VLMs; and (3) multi-image data where each image was first
captioned by a VLM, then organized into coherent inter-
leaved narratives, and finally refined for logical and stylis-
tic consistency. This refinement step is essential, as inde-
pendently generated VLM captions may introduce incon-
sistencies due to inherent sampling variability. Note that the
dense prompts in the textual-proxy data exhibit substantial
diversity: they range from short phrases to long, detailed
descriptions, and may also specify changes relative to par-
ticular reference images. The same proxy strategy was also
applied to non-interleaved generation tasks such as text-to-
image and reference-based image generation, improving the
reasoning and user intent comprehension ability.

4. Experiment

4.1. Implementation Details

We initialize the planner with an in-house Qwen2.5-VL-
32B-Think [3] model and implement a twin-structured,
DiT-based visualizer, trained from scratch. A frozen vi-
sual encoder—VAE from Wan2.2 [63] plus the Qwen2.5-
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Table 1. Quantitative comparison with existing state-of-the-art methods on interleaved generation benchmark OpenING [83].

Method Completeness Quality Richness Correctness Human Alignment IT Coherency Multi-step Consistency Overall

NExT-GPT 3.89 4.25 3.35 3.61 5.35 3.32 3.85 3.95
MiniGPT-5 3.91 4.50 3.61 3.63 5.51 3.56 4.10 4.12
Orthus 4.43 4.30 3.71 4.15 4.80 3.51 4.20 4.16
Show-o 4.37 4.79 3.83 3.76 5.78 4.04 4.33 4.41
VILA-U 5.60 5.14 4.68 4.78 5.69 4.74 4.79 5.06
SEED-LLaMA 5.59 5.50 4.61 4.59 6.50 4.43 5.13 5.19
Anole 6.27 6.02 5.28 5.06 6.91 4.90 5.81 5.75
Emu3 5.90 5.96 5.52 5.43 6.47 5.66 5.37 5.76
SEED-X 5.65 6.07 4.92 5.77 7.03 5.72 5.72 5.84
Gemini+Flux 7.58 7.26 6.48 7.03 7.98 6.98 7.33 7.23
GPT-4o+DALL-E3 8.66 8.01 7.42 7.98 8.77 8.15 8.38 8.20
Nano Banana 9.34 8.58 8.00 9.17 8.88 9.27 8.70 8.85
Wan-Weaver (Ours) 9.41 8.32 8.03 8.90 8.69 8.78 8.56 8.67

(a) (c)

(b)

Weaver
Bench

Figure 4. Statistics of WeaverBench. (a) Topic distribution across
14 everyday categories. (b) Prompt length distribution. (c) Distri-
bution of the number of images requested per prompt.

VL ViT—is used throughout all experiments. The visual-
izer is trained for 9.6T tokens with AdamW optimizer, us-
ing a learning rate that decays from 5×10−5 to 2.5×10−5;
images keep native aspect ratios with resolutions spanning
∼1962 to 14402, and the share of high-resolution data
is progressively increased. Training alternates over three
stages: text-to-image, text-image-to-image, and text-multi-
image-to-image. The planner is tuned over 35.72G to-
kens with AdamW at 7 × 10−6, using a 5:1 generation-
to-understanding sampling ratio. DPCW is realized via an
attention-masking strategy, and 3D RoPE [63] is employed.

4.2. Benchmark: WeaverBench

Prior benchmarks [2, 42] target only a narrow set of top-
ics. While recent efforts aim for broader coverage, some
of their user prompts nevertheless involve non-interleaved
tasks (e.g., pure understanding or single-image editing) [83]
or remain overly templated [9]. We therefore introduce a
compact, interleaved-generation–focused benchmark, char-
acterized by flexible user queries and diverse generation
scenarios grounded in everyday use, aiming to foster more
rigorous and practically meaningful assessment.

With the assistance of multiple AI agents, we collab-
oratively brainstormed and identified a comprehensive set

Table 2. Quantitative comparison on WeaverBench. PA: Prompt
Adherence, NC: Narrative Coordination, CC: Content Consis-
tency, IC: Image Consistency, CP: Completeness.

Method PA NC CC IC CP Overall

Orthus 2.47 1.88 1.69 1.51 1.91 1.89
Anole 4.14 3.76 3.77 3.42 3.64 3.74
Emu3.5 7.65 7.55 7.56 7.50 7.41 7.53
Nano Banana 8.53 8.19 8.53 8.38 8.29 8.38
Wan-Weaver (Ours) 8.71 8.33 8.50 8.13 8.46 8.43

of everyday scenarios that demand interleaved image–text
generation. These insights were consolidated into 14 pri-
mary categories. To construct corresponding test prompts,
we manually collected and crafted user queries from di-
verse sources (e.g., social media, search engines, and public
knowledge bases) to ensure broad topical coverage. The
resulting prompts exhibit varying levels of specificity, rang-
ing from short queries with only a few words to complex
requests that specify the number, order, and semantic con-
tent of each image to be generated. In total, the bench-
mark comprises 512 test cases, evenly split between image-
conditioned and text-only prompts. Fig. 4 presents the
statistics of our WeaverBench.

We carefully identify the primary aspects of interleaved
generation and design corresponding evaluation metrics, in-
cluding Prompt Adherence, Narrative Coordination, Con-
tent Consistency, and Completeness. As demonstrated
in [83], GPT-4o [47] aligns well with human preferences.
Following this, we develop finer-grained scoring rules to
obtain more reliable assessments.

4.3. Interleaved Image-Text Generation
To evaluate the quality of interleaved generation, we employ
the OpenING benchmark [83], a dataset comprising over
2,000 samples, along with the seven metrics proposed in
the original paper. We evaluate our method against a broad
range of existing approaches, which can be categorized into
four groups. (1) Integrated pipelines combine indepen-

36272



Q1: Display four pictures, showing the same person‘s clothing and corresponding text introductions in different seasons, maintaining the same posture.

Okay, this is a character wearing clothing 
from different seasons. \n spring:
Spring breeze brushes against the face, 
and all things revive. She chose a 
lightweight beige trench coat, paired with a 
white shirt, slim fit jeans, and white shoes. 
The overall design is fresh and comfortable, 
perfect for spring outings.

summer: \n On scorching 
summer days, the sun shines 
brightly. She put on a flowing 
blue floral dress, a wide brimmed 
straw hat, and sandals. This 
outfit can resist the enthusiasm 
of summer while appearing 
elegant and charming, making it 
perfect for beach vacations.

autumn: \n Autumn is crisp and clear, 
with red leaves covering the mountains. 
She changed into a thick beige knitted 
sweater, paired with dark jeans and 
ankle boots, and wrapped a warm scarf 
around her neck. Holding a cup of hot 
drink in hand, strolling along the colorful 
path of fallen leaves, showcasing the 
warmth and comfort of autumn.

Winter: \n The snow is 
white and covered in 
silver. She put on a thick 
green down jacket, 
paired with warm pants 
and gloves. The whole 
person is tightly wrapped, 
enough to withstand the 
cold of winter.

People often say that clothing is 
a footnote to the season. Let's 
take a look at the dressing 
changes of the same young 
person throughout the four 
seasons through four images.

In the chilly spring weather, a 
windbreaker is enough to 
withstand the temperature 
difference between morning 
and evening while retaining a 
sense of lightness.

Summer fashion 
emphasizes breathability 
and freshness, with light 
colors and natural 
materials becoming the 
main focus.

The warm colors 
and heavy fabrics 
of autumn make 
people feel as if 
they are enveloped 
by sunlight.

Winter clothing 
emphasizes 
warmth and wind 
resistance, with 
bright color accents 
adding a touch of 
vitality to dull winter 
nights.

Q2: Create a picture book "friendship", with the protagonist being a little fox & a little bear. The story depicts a small episode of their friendship & reconciliation before winter.

Okay, this is a picture book story 
about the friendship between a little 
fox and a little bear. \n Paragraph 1: 
The Beginning of Friendship \n In 
the depths of the forest, there lived 
a little fox named Fox. His good 
friend is Bella, a simple and cute 
little bear. 

Second paragraph: 
Worries before winter \n 
Bella wants to store 
some berries for winter, 
while Fox finds hide and 
seek more interesting. 
The two had a 
disagreement over what 
to play and neither 
allowed the other.

The third paragraph: A small 
argument \n The argument 
escalated. Fox thinks Bella is 
too stubborn, Bella thinks Fox 
is too capricious. Both of them 
felt very aggrieved, with their 
backs facing away. The wind 
in the forest also indicates that 
winter is coming soon

Fourth paragraph: Each 
person's loneliness
In the following days, 
Fox wandered alone in 
the forest. Bella also 
collected berries alone. 
They all felt a hint of 
loneliness and began to 
miss each other.

In the depths of the distant 
forest, there lived a lively 
little fox and a simple little 
bear. They are best friends, 
playing together every day 
and sharing the secrets of 
the forest together.

However, with the arrival of 
autumn, the leaves begin to 
turn yellow and the weather 
gradually cools down. The 
little fox and the little bear 
had a quarrel over a small 
matter, and they ignored 
each other, each hiding in 
their own little nest.

As time goes by day by day, 
the footsteps of winter are 
getting closer and closer. 
Snowflakes began to fall in the 
forest, and the earth was 
covered with a thick layer of 
white snow. The little fox and 
the little bear both felt the cold, 
and they began to miss each 
other's warmth.

Finally, on a cold night, 
the little fox gathered 
his courage and 
walked towards the 
little bear's home with 
a warm heart. They 
apologized to each 
other, hugged tightly, 
and decided to spend 
this winter together.

They made snowmen 
together, had 
snowball fights 
together, and the 
forest was filled with 
laughter and joy. 
Although winter is cold, 
with the company of 
friends, everything 
becomes warm.

Fifth paragraph: 
Winter reminder
The first snow quietly 
fell. Fox and Bella 
both realized the 
arrival of winter. In the 
long winter, they need 
each other's warmth 
and companionship 
even more.
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Figure 5. Qualitative comparison with the state-of-the-art commercial system Nano Banana on interleaved text–image generation.

dent text and image generation models: GPT-4o+DALL·E-
3 [4, 47] and Gemini+Flux [29, 58]. (2) Two-stage genera-
tors that adopt a unified model architecture but generate tex-
tual and visual content sequentially in two distinct stages:
Emu3 [67], SEED-X [20], VILA-U [72], and Show-o [73].
(3) End-to-end generators produce interleaved image–text
content within a single autoregressive process: Orthus [28],
NExT-GPT [70], MiniGPT-5 [81], SEED-LLaMA [19], and
Anole [12]. (4) Commercial interleaved generators that di-
rectly support text–image interleaving: Gemini-2.5-Image
(Nano Banana) [23]. Table 1 shows that our method clearly
surpasses all open-source and integrated-pipeline baselines.
While the top-tier commercial model Nano Banana—whose
implementation details are not publicly available—retains
a small overall lead, our method is highly competitive and
outperforms it on several metrics. We further note that Nano
Banana’s strong image–text coherence and multi-step con-
sistency may arise from repeated or highly similar image
outputs, as illustrated in Fig. 5. In addition, we further as-
sess representative unified models (with general interleaved
capabilities [12, 14, 23, 28]) on our WeaverBench to exam-
ine performance across diverse daily use cases. As shown
in Table 2, the results reveal a similar conclusion, further
demonstrating the superior performance of our method.

4.4. Single Modality Generation
Our model is a unified multi-modal generation frame-
work trained on diverse understanding and generation
data, enabling it to support both interleaved multi-modal
generation and standard single-modality tasks. For
comparison, we include understanding-only models (i.e.,

Table 3. Comparison across single-modality generation tasks (un-
derstanding, image generation, and editing). †: Our in-house base
model with thinking mode (enabled only for understanding).

Model Understanding Image Generation Image Editing

MMMU MathVista GenEval DPG ImgEdit GEdit–EN

InternVL3-38B 69.7 76.3 – – – –
Ovis2-34B 66.7 76.1 – – – –
Qwen2.5-VL-32B† 75.1 84.7 – – – –

FLUX.1-dev – – 0.66 84.0 – –
Step1X-Edit – – – – 3.06 6.70

Unified Models
Bagel 55.3 73.1 0.88 85.07 3.20 6.52
UniWorld-V1 58.6 – 0.84 81.38 3.26 4.85
Wan-Weaver (Ours) 74.9 84.3 0.89 87.21 4.31 7.39

InternVL3-38B [84], Ovis2-34B [44], and Qwen2.5-
VL-32B [3]), generation-only models (i.e., FLUX.1-
dev [29] and Step1X-Edit [43]), and unified models (i.e.,
BAGEL [16] and UniWorld-V1 [36]). As shown in Table 3,
it delivers strong performance across understanding, image
generation, and editing benchmarks, markedly outperform-
ing previous unified and specialized generation models. The
qualitative results are shown in Fig. 1.

4.5. Ablation Studies
We perform the ablation studies using the 7B variant owing
to computational limitations.
Decoupled Training. To study the superiority of our decou-
pled training strategy, we compare it with the naive joint-
training strategy on the full datasets. As shown in Fig. 6,
where P+V indicates joint-training of the planner and vi-
sualizer, and V (T2I+SI2I+MI2I) denotes visualizer tuning,
the decoupled training setting steadily reduces the vision
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Figure 6. Loss curves of different training strategies.

Figure 7. Impact of training on different types of data on our plan-
ner. (left) Performance on understanding metrics. (right) Token
prediction statistics per task.

loss from around 0.25 to 0.15 and yields a much smoother
optimization trajectory. This behavior is expected: when
the planner and visualizer are optimized jointly, the non-
negligible semantic and distribution gap between textual
and visual modalities introduces instability, leading to mis-
aligned text–image generation and degraded image quality.
In contrast, isolating visualizer training avoids this cross-
task interference, resulting in more stable convergence.
Feature Modeling in Planner. To investigate how plan-
ning levels affect understanding capability, we perform
planner tuning on various data compositions. The base-
line is a VLM-initialized planner without planning abil-
ity. As shown in Fig. 7, we compare three variants: (1)
+und.&gen.&proxy provides comprehensive planning in-
cluding dense prompts; (2) +und.&gen. preserves basic un-
derstanding with generative planning; and (3) +und. main-
tains only understanding data.

Fig. 7 (left) shows that understanding performance re-
mains stable across configurations, indicating that plan-
ning does not compromise core understanding competency.
We further evaluate modality-specific patterns via struc-
tural plan token accuracy. The planner must correctly emit
<BOI> tokens: none for understanding, exactly one for
T2I/I2I, and at least one for interleaved generation. As
shown in Fig. 7 (right), without generation data, the model
fails to emit image signals. However, as the generation-
oriented data ratio increases (from 1g1u to 5g1u), planning

Q: Please generate an article with a visual-text style about "athleisure commuter wear.".

T2I data

T2I+SI2I data

w/o <imagine>

w/ <imagine>

w/ <imagine> & DPCWT2I+SI2I+MI2I data

1 2 3

1 2 3

1 2 3

1 2 3

1 2 3

1 2 3

Figure 8. Visual comparison of the results generated by different
variants of our method.

proficiency improves substantially, with a gradual increase
in image starting tokens for interleaved tasks. Balancing
planning reliability and understanding stability, we adopt
the 5g1u ratio as the final composition for planner tuning.
Coherence Modeling in Visualizer. We constructed sev-
eral training variants of our visualizer to investigate the
effectiveness of our coherence modeling. Specifically,
we train the visualizer using three settings: (1) only
text–image paired data (T2I data), (2) T2I combined with
single-image-to-image data (T2I+SI2I data), and (3) multi-
image-to-image data added on top of all previous data
(T2I+SI2I+MI2I data), which is our strategy. The corre-
sponding qualitative result is shown in Fig. 8. We can
see that T2I data-only training provides basic text–image
alignment but lacks any reference ability, failing to gener-
ate the second image. Adding single-image reference data
improves appearance preservation across steps, while intro-
ducing multi-image reference data further strengthens long-
range visual coherence, enabling consistent object identity,
style, and detail across multiple generated images.

As shown in Fig. 8 (right), the model without the dense
prompt tends to generate repetitive and contextually irrel-
evant images. In contrast, using the dense prompt results
in significantly more diverse outputs. The integration of
our DPCW further enhances the model’s ability to adhere
to user instructions, particularly in long-context scenarios.

5. Conclusion
We presented Wan-Weaver, a unified multi-modal model
with planner-visualizer architecture for interleaved
text–image generation under limited interleaved supervi-
sion. By decomposing interleaved coherence into planning
and visual coherence, synthesizing large-scale textual-
proxy interleave data, and adopting a decoupled learning
strategy, it effectively learns long-range contextual de-
pendencies and generates consistent multi-modal content.
Extensive experiments demonstrate our model substantially
outperforms existing open-source approaches and delivers
performance competitive with top-tier commercial demos.
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