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Can you teach 
me how to make 
grilled steak with 
vegetables like 
this?

Step 1: Prepare the Ingredients
Gather your steaks (sirloin or 
ribeye would be great), a variety of 
your favorite …

Step 3: Prepare the Vegetables
Wash and chop your vegetables. 
For the broccoli, you can cut it into 
florets. …

Step 4: Grill the Steaks
Preheat your grill to medium-high 
heat. Once hot, place the seasoned 
steaks on the grates. …

Step 5: Grill the Vegetables
While the steaks are cooking, or 
immediately after removing 
them, …

Step 6: Plate and Serve
Remove the steaks and vegetables 
from the grill. Let the steaks rest for 
a few minutes before …

Step 2: Season the Steaks
Pat the steaks dry with paper 
towels. Drizzle with olive oil, then 
generously season …

Step 1: Gather Your Supplies
Before you begin, make sure you have 
everything you need within reach. This 
includes the no-rinse shampoo, …

Step 2: Prepare Your Cat and the Bath Area
Gently restrain your cat if needed, using a 
light towel if she‘s particularly anxious. 
Position yourself where you have good …

Step 3: Apply the No-Rinse Shampoo
Using the pump dispenser, apply a 
generous amount of no-rinse shampoo 
directly to your cat's fur, starting from …

Step 4: Gently Massage and Distract
Continue to gently massage the 
shampoo into your cat's skin, working 
your way up its back and neck. …

Step 5: Dry Your Cat
For cats with limited mobility, 
especially those who struggle to shake, 
you can use cotton balls to dab ..

How to 
bathe a senior 
cat with 
limited 
mobility using 
a no-rinse 
shampoo?In
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Transform the man from the original portrait into an authentic 1980s street-style subject: make him look younger and 
wear the same glasses, replace the black leather jacket into a bright neon geometric-patterned shirt layered under a light-
wash denim jacket, and add gold chains and colorful wristbands. Replace the background with a bustling 1980s downtown 
street scene — vintage cars, storefront neon signs, period architecture and warm late-afternoon film lighting.

A person sitting at a laboratory desk connected 
to a massive bioluminescent jellyfish with colorful 
cables, analog synthesizers, cinematic light

Have the person in the first image stand by the pier in the last image, 
holding the smartphone in the second image with his hands.

1 2

3

Input Image

Input Image

Turn right. There is a 
large glass pyramid.Keep move forward.Move forward.

Figure 1. Capabilities of DuoGen. Beyond standard tasks like image understanding, generation, editing, and navigation, DuoGen supports
interleaved multimodal content generation, like step-by-step tutorials or cooking recipe.

Abstract
Interleaved multimodal generation enables capabilities

beyond unimodal generation models, such as step-by-step
instructional guides, visual planning, and generating visual
drafts for reasoning. However, the quality of existing in-
terleaved generation models under general instructions re-
mains limited by insufficient training data and base model
capacity. We present DuoGen, an interleaved generation
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framework that systematically addresses data curation, ar-
chitecture design, and evaluation. On the data side, we
build a large-scale, high-quality instruction-tuning dataset
by combining multimodal conversations rewritten from cu-
rated raw websites, and diverse synthetic examples cov-
ering everyday scenarios. Architecturally, DuoGen lever-
ages the strong visual understanding of a pretrained multi-
modal LLM and the visual generation capabilities of a dif-
fusion transformer (DiT) pretrained on video generation,
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avoiding costly unimodal pretraining and enabling flexi-
ble base model selection. A two-stage decoupled strategy
first instruction-tunes the MLLM, then aligns DiT with it us-
ing curated interleaved image–text sequences. Across pub-
lic and newly proposed benchmarks, DuoGen outperforms
prior open-source models in text quality, image fidelity, and
image–context alignment, and also achieves state-of-the-
art performance on text-to-image and image editing among
unified generation models. Data and code are released at
Project Page.

1. Introduction
Interleaved text–image generation enables a critical class

of applications requiring tightly coupled multimodal out-
puts—such as step-by-step instructional guides, visual plan-
ning, and interactive editing—where text and visuals must
be produced in a coordinated manner. Although early
works [14, 18, 51] show proof-of-concept results for sto-
rytelling or QA, they lack quantitative evaluation and are
limited by their base models and data. Recent visual chain-
of-thought systems [17,22,39,54] generate images as visual
drafts interleaved with textual thinking, but only in limited
domains such as math and navigation. Despite these efforts,
the field still lacks a systematic approach to general-purpose
interleaved generation, spanning data, training, and evalua-
tion. To fill this gap, we present DuoGen, a framework that
holistically addresses all three components.

A major bottleneck for interleaved generation is the lack
of high-quality, diverse instruction-tuning data, especially
data with realistic user–assistant interactions. Although in-
struction tuning is essential for (multimodal) LLMs [27,34,
46], existing efforts largely rely on large-scale interleaved
pretraining corpora [23, 62], or video dense captions [12].
These sources provide limited instruction-style supervision.
Recent visual chain-of-thought studies [17, 22, 39] inter-
leave images with text as visual drafts for tasks like geome-
try or navigation, but they target reasoning rather than high-
quality interleaved generation, and their task coverage re-
mains narrow. To address the quantity, quality, and diversity
gaps in instruction-tuning data, we curate 298k interleaved
conversation samples from two complementary sources: (1)
a data engine that leverages a series of LLM/MLLM-based
filtering and rewriting steps to convert raw webpages into
clean user–assistant conversations; and (2) synthetic data
generated by large language models and image generation
models using carefully curated prompts designed to elicit
high-quality images. For the data engine, we scrape 347k
webpages from how-to sites, filtering the invalid webpages
and images, then rewrite and convert the remaining pas-
sages into 268k conversations. The MLLM+LLM pipeline
improves linguistic quality, enforces image–text coherence,
and enables generating user inputs in arbitrary multimodal

formats. Though web-pages provide coherent real-world
descriptions, their image aesthetics and resolutions are of-
ten limited due to lack of quality control. To enhance vi-
sual quality and consistency, we supplement the web data
with 30k high-quality interleaved samples by large lan-
guage models and image generation models. To ensure
broad topic coverage, human annotators curate 1,500 seed
prompts spanning 151 subcategories across 8 domains (e.g.,
home & living, transportation), and we use OpenAI o3 [33]
to expand them into a diverse prompt pool. This curated
synthetic subset substantially improves the visual quality of
our instruction-tuning data.

To establish basic interleaved generation abilities, most
unified models [41, 51] adopt an early-fusion paradigm that
jointly trains on interleaved and unimodal generation tasks,
such as text and images. Some works [22, 39] also at-
tempt to fine-tune from these pretrained models. How-
ever, unimodal pretraining requires heavy data engineering
and computation, and restricts the choice of base models
when scaling to different capacities. Recent unified sys-
tems [24, 35, 48] combine pretrained image generators with
MLLMs, but their interleaved generation remains underex-
plored or limited by architectural constraints. For example,
the adopted image generation heads cannot accept multiple
conditioning images. This raises a key question: Can in-
terleaved alignment be implemented directly on pretrained
models without extensive unimodal pretraining? Motivated
by this question, we adopt a decoupled and scalable design
that directly builds upon a pretrained MLLM and a diffusion
transformer (DiT) pretrained on video generation. We name
this framework DuoGen. DuoGen inherits the MLLM’s vi-
sual understanding and world knowledge to generate text,
while the video-pretrained DiT enables generation of im-
age sequences with consistent objects and scenes. Con-
cretely, the MLLM predicts a special token, <Begin-of-
Vision> (BOV), to trigger image generation. To generate a
new image, the previous images within the interleaved con-
versation history, either input or generated, are treated as
conditioning frames for the DiT, while the MLLM hidden
states preceding the <BOV> token provide semantic and
linguistic guidance. This modular framework supports di-
verse choices of strong pretrained DiT and top-performing
MLLMs without the need of unimodal pretraining from
scratch and balancing understanding and generation objec-
tives in joint learning.

Together with the model design, we propose a two-stage
decoupled training strategy that postpones interleaved pre-
training while preserving the performance of the pretrained
MLLM. In the first stage, we fine-tune only the MLLM us-
ing curated, high-quality interleaved generation data under
next-token-prediction supervision. This stage teaches the
MLLM to appropriately trigger image generation through
<BOV> token and to continue text generation based on
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generated visuals. In the second stage, referred to as the in-
terleaved context alignment stage, we freeze the MLLM pa-
rameters and update the DiT. Beyond the instruction-tuning
data, this stage leverages large-scale interleaved alignment
data, including interleaved image–text sequences that cap-
ture transitions between frames extracted from 5 million
videos, as well as open-source image generation and edit-
ing samples.

We evaluate DuoGen on two public interleaved gener-
ation benchmarks: CoMM [9] and InterleavedBench [28],
which cover diverse tasks such as how-to questions and
story generation, as well as different input formats (e.g.,
generation from scratch and continuation). In addition, we
construct a new Interleaved Benchmark, focusing on di-
verse everyday problems. This benchmark leverages recent
MLLMs capable of identifying fine-grained issues and in-
cludes the latest unified models such as NanoBanana [16]
and Zebra-CoT [22] fine-tuned from Bagel [12]. Across all
three benchmarks, DuoGen consistently outperforms pre-
vious open-source methods by a substantial margin across
multiple metrics, including text quality, image fidelity,
completeness, and image–context alignment. Moreover,
DuoGen achieves significant gains on text-to-image and
image-editing benchmarks compared to unified models like
Bagel [12] and OmniGen2 [48], underscoring the bene-
fits of leveraging pretrained MLLMs and video generation
models. We will release both the model and dataset to facil-
itate future research on interleaved generation.

Our contribution can be summarized as follows:

• We curate a high-quality 298k instruction-tuning
dataset for interleaved generation, along with large-
scale interleaved-alignment data.

• We design a model architecture that leverages strong
unimodal generation models and introduce a novel, de-
coupled training strategy.

• We propose a benchmark for evaluating interleaved
generation and provide comprehensive comparisons
with existing open-source and commercial models.

2. Related Work
Unified model. Unified models aim to support both text
and image generation within one model. Starting from
Chameleon [41], some works [11, 14, 26, 49] convert im-
ages into discrete tokens and unify language and text gener-
ation under next-token-prediction. Others, such as Transfu-
sion [61], Bagel [12], and the Show-o series [51, 52], adopt
a hybrid design that uses next-token prediction for text and
diffusion for images. Another line of works use discrete-
diffusion approaches to unify language and text generation,
including MMaDA [55] and Lumina-DiMOO [53]. In terms
of training strategy, early-fusion models [12, 41, 61] train

from scratch on mixed text, images, and large-scale inter-
leaved sequences, which requires substantial data and com-
pute. In contrast, some works [8, 24, 35] fuse a pretrained
MLLM with a pretrained generator via different connector
designs. Given the high cost of early-fusion training, we
follow the pretrained-fusion approach while noting that our
data, evaluation, and training strategies are also applicable
to early-fusion pipelines.
Interleaved generation model and datasets. Although
unified models can generate both text and images, most
still require users to specify the output modality and can-
not seamlessly alternate between modalities to generate in-
terleaved content. Early attempts [11, 14, 52] demonstrate
simple story-telling and how-to cases without quantitatively
benchmarking these capabilities, and their output resolution
remains limited. CoMM [9] improves over noisy web-scale
pretraining by converting how-to webpages into multimodal
conversations. However, its data still contains stylistic noise
(e.g., external links, inconsistent tone) and low-quality user-
uploaded images, motivating the need for a more rigorous
data pipeline. Visual chain-of-thought methods [17, 22, 39]
further use generated images to assist reasoning, but their
data focuses on several predefined tasks such as navigation
or counting, limiting generalization ability. Based on these
issues, we build a data engine that filters and rewrites web
content using LLMs/MLLMs, and use high-quality syn-
thetic data to improve visual fidelity and text-image align-
ment.

3. Interleaved Multimodal Training Data

The training data of DuoGen is divided into two parts:
1) high-quality interleaved multimodal conversations that
teach models to follow user instructions; 2) interleaved
image-text sequences for context alignment.

3.1. Instruction Tuning Data

High-quality instruction-tuning data for interleaved gen-
eration remains extremely limited. To overcome both the
quality and diversity constraints of existing data, we con-
struct an interleaved instruction dataset from two comple-
mentary sources that jointly cover realistic, embodied, and
visually high-fidelity cases.
Data engine for websites. The data engine converts
raw webpages into multimodal conversations. Similar to
CoMM [9], we source data from public how-to and story-
telling websites, but introduce extensive post-processing
and filtering, as illustrated in Fig. 2. We collect webpages
from StoryBird [3], Instructables [2], and eHow [1], and
also reuse available raw data from CoMM [9] as an addi-
tional starting point. After removing pages containing only
text or invalid images (e.g., QR codes, icons, advertise-
ments), we retain 268k high-quality webpages out of 347k
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raw sites.. The main body of each webpage is converted
into Markdown format for structured processing.

Our pipeline consists of two major steps: (1) con-
tent rewriting and reorganization, and (2) conversion to
user–assistant dialogue. First, we process text and images
separately. Text passages are rewritten by an LLM to re-
move artifacts such as HTML tags, formatting errors, and
external links. All images are captioned and categorized
(e.g., natural photos, GUI screenshots, document pages),
and invalid or irrelevant ones are discarded. To ensure co-
herence, we prompt an MLLM to remove duplicate or near-
identical consecutive images and reorder image–text pairs
so that each image appears after its corresponding descrip-
tion. Finally, a multimodal LLM transforms the cleaned im-
age–text sequences into realistic instruction-style dialogues,
where the user may optionally provide an image and the
assistant responds step-by-step with interleaved reasoning
and visual illustrations. In contrast to prior pipelines [9,62]
without further rewriting and reorganization, our data en-
gine actively denoises, restructures, and dialogizes web
content, producing clean interleaved data for instruction
tuning.

High-quality synthetic data. While website-derived data
provide feasible real-world solutions, their image quality,
resolution, and step granularity vary widely due to differ-
ences in user devices and content creation skills. The incon-
sistency can be harmful to the image quality of the gener-
ated interleaved sequence. To address these inconsistencies,
we augment the webpage data with high-quality synthetic
interleaved samples.

First, we need to prepare a pool of prompts covering dif-
ferent user queries. To enrich query diversity, we design
a hierarchical query pool spanning eight broad everyday
domains (e.g., Home & Living, Pets & Animal Caring).
Domain annotators further refine these into 151 subcate-
gories and compose about 10 seed questions per subcate-
gory, yielding 1,500 seed prompts. Using OpenAI O3 [33]
with the highest reasoning budget, we expand these into
15,270 diverse instructions. During the expansion, the base
category and other subcategories are also provided to avoid
duplication. We then prompt the image generation model
to create the image. In practice, we find this procedure per-
forms particularly well on cooking-related tasks. We there-
fore additionally sample 15k dish images from MM-Food-
100k [13] as prompts for synthetic data generation.

In total, we obtain around 30k prompts for high-quality
synthetic data, reserving 700 prompts for evaluation. The
website and synthetic data complement each other – the
synthetic portion provides high-resolution, stylistically con-
sistent, and aesthetically appealing visuals that facilitate sta-
ble model learning.

Raw Websites

Extract 
main 

content

• Rewrite text
• Summarize

• Caption & Filtering

Multi-modal 
Conversation

Title

Summary
Interleaved Image-text 

User:  …
Assistant: …

Reorder image-text
Remove duplicate images

Content
Interleaved Image-text

Markdown Document

Image Part

Text Part

LLM

MLLM

MLLM

LLM

Figure 2. Data engine for processing website data. We design
a data engine consists of a series of filtering and rewriting steps
to convert noisy website data into high-quality instruction tuning
data for interleaved generation.

3.2. Interleaved Data For Context Alignment

The interleaved data used for context alignment fo-
cuses on teaching the model to generate images consis-
tent with preceding images and text. Unlike instruction-
tuning data, these samples do not require meaningful lin-
guistic interactions between a user and an assistant, mak-
ing them relatively easy to acquire at scale. We lever-
age two primary sources: video transition captions and
various image-generation tasks. For video data, follow-
ing Bagel [12], we collect 5 million raw videos and seg-
ment each into 5-second clips. All videos are pre-processed
through scene detection and filtering to ensure temporal
consistency within each segment. For every clip, we ex-
tract the first and last frame and annotate the transition us-
ing Qwen2.5-VL-32B [6], describing object motion, human
actions, and camera movements. This converts raw videos
into interleaved image–text sequences where the text ex-
plicitly explains the visual transition between frames. For
image generation data, we aggregate open-source datasets
including ShareGPT-4o-Image [7], NHR-Edit [19], Omni-
Gen1&2 [48, 50], UniWorld-V1 [24], and Echo-4o [56],
covering text-to-image, image editing, and multi-reference
generation. Compared to video data, which typically cap-
tures smooth, subtle transitions, these datasets teach the
model creative visual manipulation skills, such as adding,
removing, or replacing objects and modifying backgrounds,
which are also essential for general interleaved generation.
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How to paint 
kitchen 
cabinets for a 
modern look?

Step 1
Clean and 
remove
…

Step 2
Sand for 
Adhesion
…

Step 3
Prime 
Time!
…

Multi-Modal
Large Language Model Diffusion TransformerConnector

Generation Target

𝑡 = 1

𝑰𝟏𝑰𝟎 𝑰𝟐

Semantic and Language Condition

User Assistant

+
𝑡 = 0

VAE 
encoder

ViT 
Encoder

𝑡 = 2

MLLM
Hidden States

Stack along temporal axis

Latents
Noise

Interleaved Multi-modal Tokens

<Begin-of-Vision>

Stage 1 - Instruction Tuning for Interleaved Generation 

• Conversations converted from websites
• Synthetic data with collected prompts

Multi-modal Large 
Language Model

Connector
Diffusion 

Transformer

Stage 2 - Interleaved Context Alignment 

Multi-modal Large 
Language Model

Connector
Diffusion 

Transformer

• Multi-modal conversations from stage-1
• Various image generation tasks: text-to-image,
      image editing, multi-reference image generation …
• Interleaved image-text sequence from videos

Image-text sequence from various tasks and sources

Multi-modal interleaved conversation

<I
M

G
>

<I
M

G
>

<T
X

T>

<T
X

T>

<T
X

T>

<T
X

T>

Pretrained on Video Generation

Figure 3. Architecture and training strategy of DuoGen. DuoGen consists of a pretrained multimodal large language model (MLLM)
and diffusion transformer (DiT) pretrained on video generation. If a “<Begin-of-Vision>” (BOV) token is generated by the MLLM, then
all the images in the interleaved sequence are packed as “condition frames” to the DiT and the MLLM hidden-states before the <BOV>
token are sent to the DiT as the text condition to generate the new images.

4. Interleaved Generation Model
In this section, we introduce the architecture and train-

ing strategy of DuoGen. Prior interleaved generation mod-
els, such as Show-o2 [52] and Chameleon [41], adopt an
early-fusion paradigm that jointly pretrains unimodal and
interleaved generation abilities, requiring substantial ef-
fort to build both image understanding and image gener-
ation capabilities from scratch. In contrast, modern pre-
trained MLLMs and video generation models already pro-
vide strong multimodal reasoning and high-quality visual
generation. This raises a natural question: can we directly
leverage these pretrained capabilities and enable interleaved
generation on top? To answer this, we design a framework
that fuses a pretrained MLLM with a pretrained video gen-
eration model. Under this formulation, the unified model
only needs to learn two behaviors: (1) the MLLM must au-
tonomously trigger image generation when visual predic-
tions benefit reasoning or user tasks, and (2) the video gen-
erator must produce images consistent with prior text and
images, whether user-provided or model-generated.

As shown in Fig. 3, DuoGen consists of an MLLM for
text generation and a diffusion transformer (DiT) initialized
from a video generation model for image synthesis. The
MLLM can be any mainstream architecture equipped with
a vision encoder and an LLM backbone, such as Qwen2.5-
VL [6] or LLaVA [27]. The video generation component
can be any model capable of conditioning on both images
and text, such as Wan [42] or the Cosmos-Predict series [4].

During generation, the MLLM autoregressively predicts
the next token. When a special <BOV> token (Begin-of-
Vision) is generated, the model is switched into image-
generation mode. Once <BOV> is produced, assume the
preceding interleaved sequence is T1, I1, T2, I2, · · · , TN ,

consisting of both user-provided and previously generated
multimodal content. Then the DiT part needs to generate
image IN conditioned on this sequence. For the visual la-
tent input, we stack all images appearing before the <BOV>
token along the temporal axis to form a set of condition-
ing frames, and encode them into latent embeddings using
the VAE encoder. These latents are concatenated with the
noisy latent of the target image to construct the visual in-
put to the video generator. For the semantic and language
condition, we extract the MLLM hidden states correspond-
ing to all multimodal tokens preceding the <BOV> token.
A lightweight connector projects these hidden states to the
dimensionality required by the language-conditioning inter-
face of the DiT.

During training, text generation is supervised with next-
token prediction loss, masking out user input in the stan-
dard MLLM manner. The <BOV> token in the assistant
turn is included in the loss, allowing the model to learn
when to trigger image prediction. For image generation, we
randomly sample one target image from each interleaved
sequence, select a random diffusion step from the sched-
uler, and compute the loss (e.g., flow-matching [25]). Dur-
ing inference, the model autoregressively produces text un-
til either a <BOV> token or the end-of-sequence token is
reached. Once an image is generated, it is appended to the
interleaved context, and the process repeats for subsequent
steps. We further apply classifier-free guidance to enhance
image fidelity: when generating the negative velocity, we
keep the visual conditions fixed but remove the final text
chunk from the MLLM hidden-state sequence.

4.1. Implementation Details
We adopt Qwen2.5-VL 7B [6] architecture for the

MLLM and initialize the DiT backbone using Cosmos Pre-
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dict 2.5 (2B) [5].
Packed sequence training. Sequence packing has become
standard in MLLM/LLM training, allowing samples of dif-
ferent lengths and image resolutions to be packed together
without padding and thereby improving training efficiency.
However, the original implementation of Cosmos Predict
2.5 [38] is incompatible with interleaved samples contain-
ing images of heterogeneous sizes. To enable packed train-
ing, we introduce the following modifications: 1) For each
interleaved sample, all images – regardless of resolution –
are extracted and treated as a heterogeneous sequence of
“video” frames. Their VAE latents are flattened and con-
catenated. For each image, we record its height, width, and
index to restore the spatial shape during decoding; 2) We ex-
tend the original position embedding implementation. Now
temporal indices increase by one after each image in the
interleaved sequence, and the spatial RoPE (height/width
indices) is computed using the per-image resolution.
Condition input. For text conditioning, guidance is in-
jected via cross-attention between the image latents and the
language embedding at every DiT decoder layer. Follow-
ing Wang et al. [43], we concatenate the hidden states from
all decoder layers along channel dimension to enhance rep-
resentation. To prevent out-of-memory issues, we cap the
maximum side length of images fed into the MLLM at 480
pixels. For visual conditioning, Cosmos Predict 2.5 con-
catenates the condition image latents with the noisy latents
of the target frame along the temporal axis. We adopt the
same strategy: the clean latents of user-provided images
and previously generated images are concatenated with the
noisy latent corresponding to the current generation target,
forming a unified visual condition sequence.

4.2. Decoupled Training Strategy

Based on our interleaved data and model architecture,
we adopt a decoupled two-stage training strategy. As il-
lustrated in Fig. 3, training is divided into: (1) instruction
tuning of the MLLM for interleaved generation, and (2)
interleaved context alignment for the connector and DiT.
In the first stage, we update only the MLLM parameters
using the high-quality multimodal conversations described
in Sec. 3.1, supervised with next-token prediction. After
this stage, the MLLM learns to autonomously trigger im-
age generation at appropriate moments and to continue text
generation conditioned on newly produced images. We in-
tentionally exclude data for interleaved context alignment
discussed in Sec. 3.2 here, as such data lacks meaning-
ful user–assistant interactions; introducing it too early may
harm the pretrained MLLM’s carefully engineered post-
training behaviors. In the second stage, we freeze the
MLLM and fine-tune only the connector and DiT, using
the context-alignment data from Sec. 3.2, which includes
video-labeled interleaved sequences and diverse image gen-

eration/editing datasets. We also add the instruction tuning
data in Sec. 3.1 into the training. This enables image gen-
eration that stays well aligned with preceding images and
textual context. This decoupled approach also lets us lever-
age heterogeneous data effectively: even if text from the
alignment data may be uninformative for a strong pretrained
MLLM, it remains valuable for aligning visual generation
behavior. The same strategy is applicable to other unified
frameworks with separated language and diffusion parame-
ters, such as Bagel [12].

5. Experiment
In this section, we present results on interleaved gener-

ation benchmarks, followed by evaluations on image gen-
eration and image editing tasks. We additionally conduct
ablation studies on different data recipe to validate the ef-
fectiveness of our data engine and the contribution of syn-
thetic interleaved data.

5.1. Interleaved Generation

We evaluate interleaved generation on our benchmark
and two public benchmarks: CoMM [9] and Interleaved-
Bench [28]. CoMM [9] contains text-only instructions cov-
ering story generation and how-to questions. Interleaved-
Bench extends this setting with more tasks like passage gen-
eration and additional input formats like continuation tasks
where models complete partially provided interleaved con-
texts. Both benchmarks rely on GPT-4o [31] for evalua-
tion, scoring text and image completeness, image coher-
ence, and image–text alignment. However, we observe that
GPT-4o often misses fine-grained visual artifacts or subtle
mismatches between user context and generated visuals.

We introduce a new benchmark focused on diverse, re-
alistic tasks, comprising two subsets. Cooking-200 re-
quires models to generate a recipe from a given dish im-
age, while How-to-500 is an open-ended collection of 500
everyday questions spanning 151 subcategories. We adopt
GPT-5 [32] as the judge, as it more reliably identifies subtle
visual–semantic inconsistencies that are often overlooked
by GPT-4o, a common choice in prior benchmarks. We
report both sequence-level metrics (text completeness, im-
age completeness, image coherence) and image-level met-
rics (aesthetic quality, image–text coherence). We also con-
ducted a pairwise human study (10 students, 475 cases) to
compute Elo scores [60]. See supplementary for details and
results using open-source VLM judges.
Quantitative Comparison. Tables 2 and 3 present results
on CoMM [9] and InterleavedBench [28]. DuoGen con-
sistently outperforms prior systems across all major dimen-
sions, including text quality, image quality, visual coher-
ence, and image–text alignment. On the CoMM test set,
it achieves a substantial improvement in Illustration Rele-
vance Score (IRS) measuring image-text alignment, reach-
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Table 1. Comparison on interleaved generation tasks. T-Com, I-Com, I-Co, IT-Co, I-Q denotes text completeness, image completeness,
image-coherence, image-text coherence, and image quality, respectively. 7B/2B in size column denotes the activated parameters for text
generation and image generation if using decoupled design.

Model Size
Cooking-200 How-to-500 Human Elo Score

T-Com I-Com I-Co I-Q IT-Co T-Com I-Com I-Co I-Q IT-Co T-Com I-Com I-Co I-Q IT-Co

Nano Banana [16] - 4.24 4.07 4.36 4.81 4.83 3.95 4.28 4.49 4.22 4.24 1393 1369 1420 1473 1419

SEED-LLaMA [14] 7B/0.8B 1.99 1.63 2.93 3.14 1.65 1.61 1.50 3.18 2.97 1.69 940 963 996 961 942
MiniGPT-5 [59] 7B/0.8B 1.85 1.81 1.75 2.81 1.88 1.94 2.22 2.63 2.98 2.43 1161 1111 1058 1071 1135
Zebra-CoT [22] 7B/7B 2.10 2.63 3.54 3.61 3.67 2.04 2.05 3.52 2.84 2.59 1078 1115 1096 1111 1256

DuoGen 7B/2B 3.61 4.70 3.92 4.78 4.75 3.39 4.22 4.21 4.08 4.18 1428 1442 1430 1384 1402

Table 2. Comparison on CoMM [9]. Sty. and Enti. denotes the
style and entity consistency among generated images. Tren. de-
notes the trend alignment betwen image and text squence. Comp.
denotes the completeness, ImgQ is the image quality. IRS is the
illustration relevance score which is used to measure whether the
generated images fits the surrounding context.

Model Sty. Enti. Tren. Comp. ImgQ IRS
MiniGPT-5 [59] 5.65 5.2 5.25 5.81 6.15 2.71
SEED-LLaMA [14] 7.55 6.81 6.15 5.13 6.36 1.46
Emu2 [40] 8.41 7.56 7.63 7.54 7.59 2.02

DuoGen 9.22 9.22 9.24 9.66 9.53 7.76

Table 3. Comparison on InterleavedBench. T-Q, I-Q, I-Co, IT-
Co denotes text-quality, image-quality, image-coherence and the
image-text coherence, respectively.

Model T-Q I-Q I-Co IT-Co Helpfulness Avg.
MiniGPT-5 [59] 1.22 2.45 1.62 2.03 1.77 1.82
GILL [18] 0.75 3.21 2.25 1.53 1.48 1.84
Emu2 [40] 1.26 2.28 1.89 1.34 1.64 1.68

DuoGen 4.28 3.65 3.70 3.69 4.06 3.87

ing 2.8× the score of the second-best method (7.76 vs.
2.71 for MiniGPT-5). A similar trend is observed on In-
terleavedBench with continuation tasks that require inter-
preting user-provided images and contextual inputs, where
DuoGen shows an even larger advantage in text quality, at-
taining 3.4× the score of Emu2. These results show that
DuoGen can comprehend complex user inputs to generate
coherent and helpful textual solutions, and produce high-
quality images that remain closely aligned with the ac-
companying text, demonstrating the advantages of utilizing
well-pretrained models.

Table 1 reports results on the two subsets of our bench-
marks. Nano Banana [16] shows strong performance across
all the subsets, especially on How-to-500, which requires
broader knowledge and the ability to generate physically
plausible objects and procedures. DuoGen surpasses all
other open-source models by large margins across all met-

rics, with particularly notable gains on How-to-500. More-
over, DuoGen significantly narrows the gap between open-
source models and Nano Banana; on the more constrained
Cooking-200 tasks, DuoGen even matches Nano Banana on
certain metrics such as image–text coherence. These results
highlight the potential of our framework: with sufficient
high-quality data, DuoGen can approach the performance
of top commercial models on specific domains.
Qualitative Results. Fig. 1 presents two interleaved gen-
eration examples. The model produces high-resolution im-
ages (768×768) with fine visual details and strong consis-
tency both across generated frames and between user in-
puts and model outputs. In the grilled-steak example, Duo-
Gen identifies and generates the sides such as tomatoes,
broccoli, and potatoes. In the bathe-a-cat example, the
model maintains consistency of major objects—including
the bathroom environment, the human, and the cat—across
multiple steps, demonstrating robust spatial and semantic
coherence during interleaved reasoning and generation. Ad-
ditional examples are provided in the supplementary.

5.2. Image Generation and Editing

We use GenEval [15] to evaluate the image generation
capabilities and use ImgEdit [57] and the English subset of
GEdit [29] to evaluate the image editing performance.
Image Generation. Our method significantly outperforms
other unified generation models on the overall score. In
particular, DuoGen achieves strong improvements on multi-
object metrics such as counting (0.94), position (0.84), and
attribute binding (0.80)—areas where unified models typi-
cally struggle—indicating enhanced compositional reason-
ing and spatial grounding. Overall, our approach substan-
tially narrows the gap with state-of-the-art commercial and
task-specialized generative systems, while establishing a
new performance baseline for unified multimodal genera-
tion. See supplementary for detailed results.
Image Editing. Table 5 shows the result on ImgEdit [57]
and GEdit EN [29] benchmarks, which uses VLM to evalu-
ate editing results from prompt following and visual quality.
On ImgEdit [57], DuoGen significantly outperforms prior
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Table 4. Comparison on GenEval. * denotes LLM prompt
rewriting.** uses interleaved generation to improve image qual-
ity.

Model Type Method Overall

Commercial GPT-4o-Image [31] 0.84

Generation

SDXL [36] 0.55
DALLE-3 [30] 0.67
FLUX.1-dev [20] 0.82
Qwen-Image [47] 0.87

Unified Model

Emu3 [45] 0.54
Show-o [51] 0.53
Janus-Pro-7B [10] 0.80
MMaDA [55] 0.63
MetaQuery-XL* [35] 0.80
Blip-3o [8] 0.84
Bagel [12] 0.82
UniWorld-V1 [24] 0.80
OmniGen2 [48] 0.80

Interleaved
Generation

Uni-CoT** [37] 0.83
DuetGen 0.88

Table 5. Combined comparison on ImgEdit and GEdit EN. G SC,
G PQ, and G O are sub-metrics for GEdit EN.

Model Type Method ImgEdit GEdit EN

Overall G SC G PQ G O

Commercial Nano Banana [16] 4.23 7.28 7.83 6.93
GPT-4o-Image [31] 4.20 7.85 7.62 7.53

Generation

ICEdit [58] 3.05 5.11 6.85 4.84
Step1X-Edit [29] 3.06 7.09 6.76 6.701
FLUX.1 Kontext [Pro] [21] 4.00 7.02 7.6 6.56
Qwen-Image-Edit [47] 4.27 8.00 7.86 7.56

Unified Model

OmniGen [50] 2.96 5.96 5.89 5.06
Bagel [12] 3.20 7.36 6.83 6.52
UniWorld-V1 [24] 3.26 4.93 7.43 4.85
OmniGen2 [48] 3.44 7.16 6.77 6.41
OVIS-U1 [44] 4.00 - - 6.42

Interleaved
Generation

Uni-CoT [37] - 7.91 6.24 6.74
DuetGen 4.19 7.68 7.76 7.35

unified models, especially on more complex tasks like “hy-
brid”, “add”, and “replace”. While recent editing model,
Qwen-Image-Edit, still achieves the highest overall score,
DuoGen is narrowing the gap as a interleaved generation
model, and shows better score on Remove (4.71), Replace
(4.69), and Add (4.53), demonstrating strong capability in
precise object-level transformations. GEdit EN benchmark
uses two metrics. “G SC” measures semantic consistency,
evaluating whether the edit aligns with the user’s prompt,
while “G PQ” measures pixel quality.” “G O” is the geo-
metric average of “G SC” and “G PQ”. Our model achieves
strong performance across the three metrics compared with
other unified model and closely matching on commercial
models and strong editing models. The results on image
generation and editing demonstrate the advantage of build-
ing upon DiT well-pretrained on video generation, which
offers good pixel generation quality and content creation
abilities.
Qualitative Examples. Fig. 1 showcases more complex
cases beyond the primitive editing operations covered in the
benchmark. DuoGen can execute intricate instructions that
simultaneously modify backgrounds, adjust character ap-
pearance or clothing, change age or pose, and alter overall
visual style. In addition, DuoGen supports combining mul-
tiple reference images with different resolutions, enabling
flexible and compositional editing. Additional results are
provided in the supplementary.

5.3. Data Ablation

In this section, we evaluate the effectiveness of our data
strategy using three configurations of instruction-tuning
data on the CoMM benchmark [9]: (1) the original CoMM

Table 6. Comparison of different data strategies. Abbreviation
is aligned with Table 2.

Data Configuration Sty. Enti. Tren. Comp. ImgQ. IRS

CoMM original 6.14 6.21 6.52 6.45 6.30 4.42
w. Our data engine 7.85 7.76 7.22 8.15 7.79 5.91
+ Synthetic Data 9.15 9.21 9.30 9.45 9.48 7.58

data (with 200k remaining samples due to expired image
links); (2) CoMM data processed using our data engine; and
(3) the processed CoMM data further augmented with our
synthetic interleaved data. As shown in Table 6, applying
our data engine yields substantial gains in both text quality
and IRS (image-text alignment), highlighting the benefits of
MLLM-based post-processing and cleaning. Incorporating
synthetic data provides additional improvements, especially
in image quality and temporal–semantic consistency.

6. Conclusion

We present DuoGen, a framework that advances inter-
leaved multimodal generation through high-quality data, ar-
chitecture design, training strategy, and quantitative bench-
mark. We curate 298k high-quality samples from comple-
mentary sources for instruction tuning, along with large-
scale interleaved context for pretraining. Instead of us-
ing expensive mixed-modality pretraining, DuoGen directly
leverages a well-pretrained MLLM and a DiT pretrained on
video generation with an efficient decoupled training strat-
egy. We also develop a benchmark covering diverse topics
and questions for interleaved generation.
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