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Fig. 1: Illustrative examples of ILLUME-X. The model handles interleaved text-
image inputs and outputs, enabling cohesive multimodal understanding and generation

Abstract. The advancement of generative Al models capable of pro-
ducing text and image marks a critical step forward in the realm of
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multimodal intelligence, particularly for tasks involving the interleaving
of both modalities. To advance this intelligence to the next stage, it is
crucial for models to autonomously generate free-form interleaved text-
image sequences. In this paper, we introduce ILLUME-X an advanced
unified multimodal paradigm that enables high-quality, free-form inter-
leaved text-image generation by improving multimodal data efficiency
and stabilizing the multimodal training process. ILLUME-X comprises
three key components: (i) an expanded training data pipeline optimized
for interleaved text-image generation, (ii) a progressive training strategy
with self-adaptive objectives for free-length multimodal token sequences,
and (iii) an objective and comprehensive evaluation method ILScore for
interleaved text-image sequences. Notably, our ILLUME-X outperforms
previous unified models across multiple interleaved text-image generation
tasks like style transfer, image decomposition and storytelling.

Keywords: Interleaved Text-Image Generation - Multimodal Unified
Model - Diffusion Transformer

1 Introduction

Multimodal Large Language Models (MLLMSs) and diffusion models [8,{12}/14}[20]
221341135//43/|47,50162] have recently achieved significant advances in visual under-
standing and generation. By merging understanding and generation capabilities
within a single framework, unified multimodal models can genuinely grasp the
relationships between visual and textual information to enable more intelligent
interactions and task execution. Naturally, researchers demonstrate considerable
interest in their abilities for interleaved text-image generation, which requires
the models to generate both images and text pieces in an arbitrary sequence for
diverse real-world scenarios.

To enable multimodal models to perform interleaved generation, existing
studies have explored several complementary paradigms. One line of work [12,[15]
60| directly applies a pure auto-regression model to generate texts and images.
These models utilize a unified auto-regressive Transformer to learn the joint
probability distribution of text and visual tokens, and elicit emergent cross-
modal generative capabilities by scaling up dataset size and model capacity.
Another direction [24}46] attempts to combine the diffusion model into an auto-
regression model. These approaches incorporate modality-aware architectural
designs within the transformer to support joint prediction of text and image to-
kens, thereby enabling cross-modal generation in a single framework. However,
despite these advancements, existing methods have not fully evaluated the per-
formance of their models or sufficiently validated their capabilities on interleaved
text-image generation benchmarks. This gap in comprehensive evaluation and
benchmark performance is a key motivation for this work.

In this work, we propose ILLUME-X, a unified multimodal paradigm that en-
ables high-quality, free-form interleaved text-image generation. To empower the
model with high-quality interleaved capabilities, we first establish a systematic
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data pipeline that curates 100K high-fidelity training samples. This pipeline inte-
grates authentic interleaved sequences derived from video data with sophisticated
synthetic data generated by multimodal LLMs, capturing real-world temporal
dynamics and diverse generative scenarios. Building upon this data foundation,
ILLUME-X employs an integrated architecture that aligns cross-modal represen-
tations using shared attention mechanisms. Additionally, an interleaved training
paradigm is introduced, featuring a specialized attention mask to jointly opti-
mize text generation, image synthesis, and modality transitions. This enables
flexible multi-input-to-multi-output (N-to-M) reasoning. Finally, we propose a
rigorous evaluation protocol ILScore to address the lack of task-specific metrics
for interleaved generation. This framework evaluates the generated sequences
from two critical perspectives: cross-modal continuity (ensuring seamless inte-
gration) and unimodal generative quality (ensuring both textual coherence and
visual fidelity).
The main contributions of ILLUME-X are as follows:

— It introduces a pioneering unified multimodal paradigm that achieves free-
form N-to-M interleaved generation, powered by a progressive training strat-
egy with self-adaptive objectives for free-length multimodal token sequences.

— It presents an efficient and scalable data pipeline that curates 100K high-
quality interleaved samples, enhancing model training.

— It establishes a multi-dimensional evaluation protocol ILScore specifically
designed for complex text-image sequences, ensuring thorough performance
assessment across modalities.

— Extensive experiments demonstrate that ILLUME-X outperforms previous
methods, enabling unified MLLMs to generate free-form interleaved content.

2 Related Work

2.1 Unified Multimodal Models

Unified multimodal models have emerged as a key direction for bridging the gap
between multimodal understanding and generation, aiming to consolidate diverse
tasks (e.g. vision-language reasoning, text-to-image synthesis, and image editing)
within a single architectural framework. Existing unified models can be broadly
grouped into three main categories: diffusion models, autoregressive (AR) mod-
els, and hybrid combinations of the two paradigms. Diffusion-based unified mod-
els (e.g. Dual Diffusion [29], MMaDA [55], LaViDa-O |28], UniModel [59], Mud-
dit [40]) usually adapt text-to-image diffusion pipelines to multimodal scenarios
by conditioning the denoising process on cross-modal contextual signals. They
offer high visual fidelity but are limited by slow inference and weaker sequential
reasoning. AR-based unified models (e.g. Chameleon [43], Janus-Pro [8], UniTo-
ken |23, Emu 3 [49]) typically serialize vision and language tokens into a single
sequence and model them in an ordered, token-by-token manner. AR + diffusion
hybrid models (e.g. Transfusion [62], Show-o [53], BLIP3-o0 [6], OmniGen2 [52],
Mogao [30], EMMA [20], BAGEL [14], HBridge [48], HunyuanImage [4]) offer a
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compelling compromise, combining the compositional control of autoregressive
decoding with the high-fidelity synthesis of diffusion.

2.2 Interleaved Generation Models and Datasets

Although existing unified models can produce both images and text, they are
typically constrained to a single target modality specified in advance. While
some studies (e.g. ) appear to demonstrate the feasibility
of interleaved image-text generation, dedicated investigation and validation for
N-to-M interleaved generation scenarios remain limited. To this end, CoMM
aggregates multi-source data with an emphasis on instructional content and vi-
sual storytelling to strengthen MLLMSs’ in-context learning and interleaved im-
age—text generation. In parallel, Zebra-CoT provides large-scale interleaved
multimodal reasoning data, and fine-tuning BAGEL on it equips the model
with interleaved multimodal reasoning capabilities. However, despite their util-
ity, both datasets remain limited in overall quality and consistency, which may
be hinder stable training for N-to-M interleaved generation. Furthermore, frame-
works such as WEAVE and ISG-Bench [5] provide a critical foundation for
evaluating interleaved generation by establishing standardized task settings and
unified evaluation protocols.

3 Approach

3.1 Model Architecture

Unified Transformer. The architecture of ILLUME-X is illustrated in Fig-
ure Following established practices , we employ distinct continuous visual
encoders to support both visual understanding and generation tasks. Specifically,
a ViT encoder is used to extract visual semantic features, while a VAE encoder
captures low-level visual details. The backbone model adopts a decoder-only
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transformer architecture, consistent with modern large language models [2,|3].
Following the MoT |14] paradigm, our transformer processes token sequences
via shared self-attention across all layers, and employs modality-specific QKV
projections and FFNs to support both image understanding and generation. To
ensure stable and efficient training, the model integrates several advanced com-
ponents, including RMSNorm [58| for normalization, QK-Norm [13}[17] to stabi-
lize attention gradients, SwiGLU [39] as the activation function, and RoPE [42]
for token positional encoding. Additionally, we utilize Grouped-Query Atten-
tion [1] to reduce KV cache overhead and improve inference efficiency.

Interleaved Attention. To handle free-form interleaved multimodal con-
texts, our framework concatenates text tokens, vision tokens and special tokens
into a unified sequence. Figure [2] illustrates the token organization mechanism
and their attention mask in our model. Besides the tokens encoded from text and
image, we introduce special tokens, including BOI (begin-of-image), EOI (end-
of-image), and EOS (end-of-sequence) tokens, to explicitly demarcate modality
transitions. Consequently, text and vision tokens from both understanding and
generation tasks are interleaved within the model according to the structural
layout of the input. For tokens within the same sample, we employ a generalized
causal attention mechanism. Specifically, tokens are partitioned into consecutive
segments based on their modality. While tokens in any given segment can attend
to all tokens in preceding segments, the attention within each segment is task-
specific: we apply causal attention to text and special tokens to maintain the
auto-regressive property, while utilizing bidirectional attention for vision tokens
to capture holistic spatial information. We explicitly arrange the noisy latent
tokens and clean reconstruction tokens within the VAE latent sequence. To al-
leviate the error accumulation caused by noise interference, we apply a masking
operation to the noisy image tokens during the generation of the next set of
samples.

Training Objective. During training, we employ a multi-objective opti-
mization strategy to jointly supervise the interleaved sequences. Specifically, a
Cross-Entropy (CE) loss is applied to text and special control tokens (BOI/EOS)
to maintain language modeling proficiency and ensure seamless modality transi-
tions. Concurrently, vision tokens are optimized via a Rectified Flow-based mean
squared error (MSE) loss [17},/33], enabling high-fidelity image synthesis within
the unified multimodal stream.

3.2 Interleaved Classifier-free Guidance

For semantic alignment control in image generation, we use Classifier-Free Guid-
ance (CFG) to enhance generation quality, which combines conditional predic-
tions with unconditional predictions to yield results that more closely align with
the specified conditions, formulated as:

V. logp(zlc) = v(Vy logp(zle) — Vi logp(x)) + Vi log p(z), (1)

where ¢ and -y denote the condition and CFG coeflicient, respectively. Unlike the
condition of image understanding and generation models, which consists only of
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the text modality, the condition ¢ and the output x in the interleaved multimodal
generation scenario contains a sequence of texts and images, defined as:

0 0 1 0 0 1
c= {Ctrmcimgﬂctfcbczlm,gw"}a T = {Itmmximgﬂz%rtaximga"'}' (2)

Previous models [14] leverage classifier-free guidance with respect to both text
and image conditions, and randomly drop each c],, or szmg independently dur-
ing training. To address this complexity, we decompose the conditions into
Ctaot = {Clut}s Cimg = {Clny} and the targets into zez = {27,4}, Timg = {27}
according to their modalities, and then use an interleaved classifier-free guidance
mechanism on image generation [30], which is formulated as:

V:mmg logp(ximg|ctzt; Cimg) = 'Ytzt(vwimg 10gp<$img|cta:ta Cimg)
- vzz‘mg 1ng(ximglcimg))
+ Yimg (V-Ti,mg logp(xlmg |Cimg)
- vl‘img 1ng(l'img)) + vl‘img 1ng(xlmg)

(3)

In this way, we simplify the two-stage guidance formulation, with text-condition
CFG as the core anchor and separate scaling coefficients v;u¢, Yimg for image con-
ditions. During training, we randomly take three condition sampling strategies
on the conditions: keep both text and image conditions, only drop the text con-
dition, and drop both text and image conditions simultaneously. Crucially, to
maintain the model’s ability to process the special tokens in the context, we
exclude losses for text tokens and special tokens when we drop any conditions.
As such, we can adjust the text guidance scale 7;,; and image guidance scale
Vimg in inference to enhance image generation quality.

3.3 Training Strategy

Pre-trained unified MLLMs are typically optimized across multimodal under-
standing and generation tasks. To adapt pretrained unified MLLMs for diverse
interleaved text-image tasks, we use a supervised training pipeline with two
complementary data components under a unified training framework.

In-context Generation Training. This data component centers on in-
context image generation samples. It enhances the model’s generative capabili-
ties, which in turn alleviates the optimization challenges typically encountered
during interleaved multimodal training. Moreover, it effectively addresses the
performance stagnation when generating multiple sequential images by ensuring
the model maintains dynamic generation quality throughout the process.

Interleaved Text-Image Training. We further incorporate a mixed cor-
pus for interleaved text-image joint training, encompassing data of image un-
derstanding, image generation, and various interleaved text-image tasks. This
hybrid training approach enables the model to achieve a comprehensive balance
across different objectives. By training on these heterogeneous datasets simul-
taneously, the model can effectively strengthen its cross-task generalization and
improve its performance across a wide range of tasks.



ILLUME-X 7

(I) Video Data Extraction

J P
f '
| it | |
' | -
. ' ' * Global Description Gy
S'l~ran]1'e : :% + Single-Frame Description Ps = {Pi}
ampling | ' Captioning § . Cross-Frame Description P = {P2}
: |
/
Video Cli N o
1deo Clip Sampled Frames Filtered Frames ~ F = {F’}
(IT) Multi-Step In-Context Generation | (IIT) Multi-Round Self-Reflection Data

Global Semantics Description Gs User
Per-Text Description Pr = {P}} Instruction
Per-In iption Py

Seed Prompt "
<Fom g Crotes G © External Director

Chartin a Spreadsheet™

Text P} 0 ) / Text P}
o ——> “Go to the 'Insert 8
spreadsheet... ! MLLM numbers , click i ! MLLM ,,,,,,:A:.,,,;, -"é:,,"- Reflection
H D2 and drag the ' l e ] Instruction K Rounds
small square...” [

Image Difference
Description P2 %

mage Difference
Description Py~

Image * Image I

onger” | ¥

—— ; — o ! —
—u= | "=-h i
5 ; = i (e ) ‘--

Tk, Ix

Evaluator & Filter

Step 1 Step 2 Step 3 Texts & Images Tr.Ir

.
' \
\ '
\ '
\ '
V '
\ '
H '
1 '
H '
' '
J oo
' '
\ '
\ '
\ '
H '
\ '
V '
\ '

Fig. 3: The overall architecture of our data pipeline. “MLLM” and “ICIG” rep-
resent multimodal large language model and in-context image generator, respectively,
used for generating textual descriptions and images.

4 Interleaved Data Curation

For in-context generation training, we use datasets established in previous re-
search . Regarding interleaved text-image training, we aggregate existing
data from VINCIE , SEED-Story , and CoMM . However, these open-
source resources frequently exhibit limitations such as mediocre image quality,
constrained instruction fidelity, and lack of task diversity. To address these short-
comings and align with our research objectives, we have curated an additional
new comprehensive training dataset. The following sections elaborate on our
data construction via three methods.

4.1 Video Data Extraction

Videos inherently encompass diverse visual information, including variations in
character actions, object states, and scene viewpoints. Effective construction of
high-quality interleaved text and image data requires the extraction of represen-
tative frames that capture major semantic transitions in chronological order and
providing their associated textual descriptions rich in causal logic. Our approach
addresses this need by developing a multi-stage video data extraction pipeline
comprising three main procedures: frame sampling, frame filtering, and frame
captioning. Figure [3| (I) illustrates this procedure to extract data from videos.
Frame Sampling. Common frame sampling strategies, such as key-frame
and uniform sampling 7 often struggle to align with actual visual content.
Specifically, key-frames may not accurately reflect semantic shifts, resulting in
uneven sample distributions or inconsistent semantic gaps. Furthermore, stan-
dard uniform sampling struggles with varying content velocities across different
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video segments, which may lead to significant information loss in dynamic sec-
tions. Considering these limitations, we propose a hybrid approach that im-
plement a multi-interval sliding window sampling strategy to capture visual
dynamics at various temporal scales to ensure both representativeness and ef-
fectiveness of the sampled frames. In practice, we uniformly sample adjacent
k-frame windows (e.g., 2, 5 or 8 frames) at varying intervals (e.g., every 1, 3, or
10 seconds), and subsequently refine this selection through a multi-perspective
filtering process. This strategy effectively captures the most informative frames
while maintaining a coherent temporal flow.

Frame Filtering. To ensure high visual quality and minimize redundancy
between adjacent frames, we implement a dual-stage content-based filtering pro-
cess focusing on aesthetic quality and motion dynamics. (i) Aesthetic Filtering:
To prioritize visual quality, we calculate each frame’s Laplacian variance and the
MANIQA [57] metric as aesthetic score. Frames falling below a predefined score
threshold are discarded as low-quality samples. To align with human preferences
and ensure semantic coherence, we further utilize Qwen-3-VL-32B [2] as a high-
level evaluator to determine whether each frame should be discarded or preserved
based on its content integrity. (ii) Motion Filtering: To eliminate the redundant
frames, we use RAFT [45] to estimate the optical flow between the source frame
and target frame from given adjacent frames. Based on the computed flow fields,
we exclude the target frames exhibiting either low mean or low variance, which
typically indicates static content or signifies uniform global motion (e.g., camera
translation or jitter) rather than meaningful object-level dynamics. To further
reduce redundancy, we utilize DINOv2 [36] to extract robust feature representa-
tions from the adjacent frame pairs and evaluate their feature differences, thus
frames with negligible differences are filtered out as redundant. In this way, we
obtain multiple images F' = {F7} for one piece of data.

Frame Captioning. To achieve comprehensive frame captioning, we pro-
pose a multi-level descriptive method that integrates intra-frame description with
inter-frame analysis. Specifically, we leverage the MLLM Qwen-3-VL-32B [2] to
generate descriptions across three granularities: (i) Global Descriptions: These
aim to synthesize the overarching narrative and thematic blueprint from the se-
quence of consecutive frames, which goes beyond literal visual mapping, instead
emphasizing causal reasoning, temporal coherence, and the logical completeness
of the depicted actions. (ii) Single-frame Descriptions: These capture static visual
attributes, including meticulous details such as color, quantity, morphology, and
the spatial arrangement of objects relative to their background. (iii) Cross-frame
Descriptions: These focus on intricate inter-frame dynamics, encompassing: (1)
subject-level dynamics, such as shifts in posture, orientation, facial expressions,
and motion magnitude; (2) interaction states, involving variations in tools, tar-
gets, or agents; and (3) environmental nuances, including subtle transitions in
lighting, shadows, and spatial structure.

In this way, we collect the frames{ F7} and descriptions Gy, Ps, Pc as a term
of interleaved text-image data, serving to train the model’s capacity to learn the
temporal evolution of actions or events.
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4.2 Multi-Step In-Context Generation

The advanced image generation model has strong in-context generation abilities.
It is able to extract visual concepts, such as objects or identities, from images
and reproduce them in new images. This ability allows for the automatic cre-
ation of multi-image sequences with internal associations, serving as interleaved
image-text data. To construct this dataset, we develop a multi-step collaborative
workflow. This workflow integrates an external MLLM as a director to implement
chain-of-thought (CoT) reasoning and imagination for analytical understanding,
and adopts an in-context image generator to achieve high-quality final image
synthesis.

Figure |3| (IT) illustrates the multi-step generation pipeline involves a CoT-
based textual planning phase followed by iterative synthesis. First, an external
MLLM (e.g., GPT-5 [41]) creates a textual blueprint includes the global seman-
tics description G, per-text description Pr = {Pj}} and per-image description
Pr = {PIJ }. Next, the image sequence is generated iteratively based on these de-
scriptions. The first image I' is generated directly from its text prompt P}. After
that, subsequent images are produced through a feedback loop. Specifically, we
employ Qwen3-VL-32B [2] as another MLLM to analyze and generate image-
to-image semantic differences that describe the visual changes needed from one
image I7 to the next I7+!. The image difference description, along with the pre-
vious visual context I7, are fed into the in-context image generator (e.g., Gemini
3 Pro [11]) to guide the precise image synthesis, resulting in the next image [7+1.

Finally, this process creates interleaved data that includes global description
Gs, texts Pr = {PJ.}, images I = {I’}, and texts Py = {P}}. Trained on such
curated data, models are able to capture the chain-of-thought logic underlying
the evolution of text-image narratives and corresponding visual variations.

4.3 Multi-Round Self-Reflection Data

Inspired by recent advances in test-time scaling [31] and self-reflection for unified
multimodal models |52], the paradigms are extended to interleaved multimodal
generation to explore how iterative refinement can build text and image sequence.

To construct the self-reflection dataset, the process is initiated by generating
initial texts Ty and images I from curated user instructions. A powerful external
MLLM (e.g., Gemini 3 Pro [11]) then acts as a critic, evaluating these outputs
against the original requirements. Upon detecting instruction misalignment or
aesthetic deficiencies, the critic diagnoses specific flaws and formulates rectifica-
tion guidance. This feedback is then prepended to the original user prompt to
steer the model through rounds of iterative refinement, culminating in the final
reflective data Tk, Ix. Finally, these data are further evaluated by the external
multimodal model to discard the suboptimal samples, ensuring high data fidelity
and yielding Tr and Ig.
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5 Experiments

In this section, we conduct extensive experiments to validate the effectiveness of
ILLUME-X as a unified model across a diverse set of vision-language tasks. We
primarily evaluate the model on interleaved text-image generation and further
benchmark its performance on standard text-to-image generation tasks.
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5.1 Evaluation

The widely adopted benchmark for interleaved text-image generation, ISG-Bench ,
has notable evaluation limitations. Several of its metrics heavily depend on the
structure of model outputs. As a result, when the structure of the generated
results deviates from the predefined template, the evaluation mechanisms tend
to fail. This makes it challenging to obtain an objective and robust measurement
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of a model’s interleaved text-image generation capability. To address these is-
sues, we systematically extend and refine its evaluation dimensions and propose
a novel metric termed ILScore.

ILScore. We present a hierarchical quantitative evaluation metric for inter-
leaved text-image generation, which assesses both the global and local quality
of generated text-image content from four distinct dimensions: 1) image-text
accuracy, which measures overall text-image alignment in terms of coherence,
relevance, and logical consistency; 2) single image accuracy, which evaluates
each image based on concept consistency, relationship matching, detail fidelity,
visual clarity, and aesthetics; 3) image sequence accuracy, which assesses
cross-image content and stylistic consistency within multi-image sequences; and
4) text accuracy, which independently evaluates the quality and expressive-
ness of text-only outputs. Together, these four dimensions provide complemen-
tary and holistic coverage, enabling precise evaluation across overall text-image
alignment, single-image quality, multi-image coherence, and text-only accuracy.

5.2 Implementation details

We choose BAGEL [14] as the initialization of our model weights for its superior
performance and public availability. The model is trained with open datasets
such as SEED-Story [56], VINCIE [38], WEAVE |10]|, and our 100K curated
dataset. The base learning rate is set to 2 x 1075.

Table 1: Quantitive comparison across different tasks on ISG-Bench [5].

Is unified Style o . Image Image-Text ~ Temporal  Visual
Model model? Transfer Progressive 3D_ Scene Decomposition Complementation Prediction StoryTelling VQA AVG
Show-o_|53] v 2.11 2.41 1.43 2.87 2.06 2.58 3.32 1.86 2.33
Anole |9] v 2.93 2.76 1.85 1.49 3.21 2.58 2.97 4.70 2.81
Minigpt-5 |61] v 2.15 3.15 1.79 2.54 2.72 2.73 2.91 4.29 2.79
CoMM-Minigpt-5_|7| v 2.96 2.60 3.09 2.24 3.09 2.52 2.72 2.87 2.96
Seed-Llama-14b |18| 4 1.84 3.30 1.52 3.69 1.94 1.78 2.84 2.20 2.39
Gemini [44] & SD37|16| X 4.89 6.59 2.68 7.26 6.37 5.26 5.68 7.89 5.83
ISG-AGENT [5] X 5.87 6.46 4.89 7.58 6.93 4.54 7.03 6.80 6.26
ILLUME-X v 6.02 5.75 3.96 6.97 7.06 6.43 7.25 6.67 6.26

5.3 Main Results

Qualitative Comparison on Interleaved Text-Image Generation. As
shown in Figure ] ILLUME-X significantly excels in narrative consistency and
complex instruction following compared to Emu 3.5 [12]. Specifically, in the first
group, ILLUME-X generates a more precise and cohesive narrative with a vi-
sual representation that seamlessly corresponds to the description of the journey
of the ants, showcasing its strength in visual storytelling. Similarly, in the sec-
ond group, ILLUME-X produces a smooth transition from whole strawberries
to blended juice, illustrating its strength in handling complex transformations in
image generation. In contrast, Emu 3.5 [12]| often struggles with more abstract
connections between text and image, resulting in less coherent outputs in some
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Table 2: Quantitative evaluation of various models across the four ILScore
dimensions. We report performance across eight sub-tasks and calculate the average
score for: D1 (image-text accuracy), D2 (single image accuracy), D3 (image sequence
accuracy), and D4 (text accuracy). Bold values indicate the best overall performance
in each category.

' Style . Image Image-Text Temporal Visual
‘I\Iodel Transfer Progressive Scene Decomposition Complementation Prediction StoryTelling VQA AVG
Emu 3.5 [12] 2.16 4.20 2.50 2.67 6.40 5.40 4.42 5.00 4.09
5 Gemini 3 pro [11] 4.10 3.93 3.38 1.11 4.00 3.40 4.64 2.00 3.32
ILLUME-X 3.80 3.60 3.12 4.60 4.56 3.80 6.64 2.40 4.07
Emu 3.5 7.44 7.19 4.80 5.48 7.58 7.73 7.27 5.75 6.66
8 Gemini 3 pro 4.42 6.51 5.08 4.50 9.42 7.46 4.00 9.76 6.39
ILLUME-X 6.33 5.84 5.93 7.21 6.41 5.96 7.44 6.41 6.44
Emu 3.5 5.05 3.93 3.50 4.70 7.00 8.20 4.25 2.30 4.87
8 Gemini 3 pro 2.75 6.20 2.38 3.22 3.89 7.30 4.18 4.80 4.34
ILLUME-X 6.25 4.47 6.12 4.60 5.89 6.00 5.93 5.70 5.62
Emu 3.5 2.70 5.57 5.25 2.40 8.80 8.00 5.58 7.20 5.69
S Gemini 3 pro 6.50 5.33 5.62 2.56 5.44 5.10 6.55 5.20 5.29
ILLUME-X 4.25 4.53 4.62 5.60 6.33 5.90 7.93 2.80 5.25
% Emu 3.5 4.34 5.22 4.01 3.81 7.45 7.33 5.38 5.06 5.33
% |Gemini 3 pro 4.44 5.49 4.12 2.85 5.69 5.82 4.84 5.44 4.84
5 ILLUME-X 5.16 4.61 4.95 5.50 5.80 5.42 6.99 4.33 5.34
Table 3: Cost Comparison.
Model ‘Parameters Time per Image
Emu 3.5 34B 409.50s
ILLUME-X (Ours)| 7B + 7B 81.33s

cases. Overall, ILLUME-X demonstrates superior performance in generating vi-
sually aligned and narratively consistent results across different tasks, making it
a strong contender in interleaved multimodal generation tasks.

Quantitative Comparison on Text-Image Generation. For the interleaved
text-image task, we first follow the popularly used ISG-Bench [5] to quantita-
tively evaluate interleaved text-image generation. As illustrated in Table [T} our
proposed ILLUME-X achieves state-of-the-art (SOTA) performance among all
unified models, reaching an average score of 6.26. Notably, ILLUME-X not only
outperforms existing unified models like Anole (2.81) and MiniGPT-5 (2.79) by a
significant margin (over 120% improvement in AVG score) but also matches the
performance of the non-unified agent-based system, ISG-AGENT (6.26). This
demonstrates the effectiveness of our approach in handling complex interleaved
generation tasks within a single unified framework.

Then, we evaluate our ILLUME-X, open-source Emu 3.5 and commercial
models Gemini 3 Pro on our proposed ILScore. As illustrated in Table[2] ILLUME-
X overall achieves the highest aggregate score (5.34), marginally surpassing Emu
3.5 (5.33) and significantly outperforming Gemini 3 Pro (4.84). ILLUME-X
demonstrates superior robustness in complex structural tasks, securing top hon-
ors in four out of eight categories: Style Transfer, 3D Scene, Image Decompo-
sition, and Visual Storytelling. More notably, our method substantially reduces



ILLUME-X 13

training overhead and achieves markedly lower inference latency, as validated in
Table |3] making it better suited for practical real-world deployment scenarios.

Table 4: Comparison of different models on GenEval [19] benchmark.

Model # Params GenEval [19]
B Single object Two objects Counting Colors Position Color attribution Overall

SDXL |37] 6.6 0.98 0.74 0.39 0.85 0.15 0.23 0.55
FLUX.I-dev |25] 8412 0.99 0.81 0.79 0.74 0.20 0.47 0.67
Show-o |53] 1.3 0.98 0.80 0.66 0.84 0.31 0.50 0.68
Janus-Pro |8] 7 0.99 0.89 0.59 0.90 0.79 0.66 0.80
UniWorld-V1 [32] 7+12 0.99 0.93 0.79 0.89 0.49 0.70 0.80
OmniGen2 |52] 3+4 1.00 0.95 0.64 0.88 0.55 0.76 0.80
BAGEL |14] T+7 0.99 0.94 0.81 0.88 0.64 0.63 0.82
ILLUME-X T+7 0.99 0.95 0.81 0.92 0.71 0.74 0.85

Table 5: Comparison of different models on DPG-Bench |21] benchmark.

Model # Params DPG-Bench |21]

B Global Entity Attribute Relation Other Overall
SDXL [37| 6.6 83.27 82.43 80.91 86.76 80.41 74.65
FLUX.I-dev |25] 8+12 82.1 89.5 88.7 91.1 89.4 84.0
Show-o [53] 1.3 79.33 75.44 78.02 84.45 60.80 67.27
Janus-Pro |8] 7 86.90 88.90 89.40 89.32 89.48 84.19
UniWorld-V1 |32]  7+12 83.64 88.39 88.44 89.27 87.22 81.38
OmniGen2 |52| 3+4 88.81 88.83 90.18 89.37 90.27 83.57
BAGEL |14] T+ 88.94 90.37 91.29 90.82 88.67 85.07
ILLUME-X T+ 90.28 91.80 94.08 82.37 88.00 86.38

More Comparison on the Text-to-Image Task. We also assess the gen-
eration quality for the text-to-image task using widely adopted benchmarks,
GenEval [19] and DPG-Bench [21], to evaluate both basic semantic alignment
and complex scene synthesis. As shown in Table[d] ILLUME-X outperforms other
models on the GenEval benchmark, achieving an overall score of 0.85, surpass-
ing OmniGen2 (0.80) and BAGEL (0.82). ILLUME-X excels in Counting (0.81),
Colors (0.92), and Overall performance (0.85), while also showing strong results
in Single Object (0.99) and Two Objects (0.95). Its performance in Color Attri-
bution (0.74) and Position (0.71) further underscores its effectiveness in handling
complex scene synthesis, making it a competitive choice in text-to-image gener-
ation.

As shown in Table[5] it presents a comprehensive evaluation of image genera-
tion performance on DPG-Bench. ILLUME-X achieves the highest Overall score
of 86.38, surpassing strong competitors such as BAGEL (85.07) and Janus-Pro
(84.19). A key driver of this performance is our model’s exceptional accuracy in
Attribute (94.08) and Entity (91.80) categories, where it outperforms all baseline
models, including the significantly larger FLUX.1-dev. The substantial margin
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in the Attribute score (42.79 over BAGEL) highlights ILLUME-X’s precision in
grounding specific textual descriptors to visual entities.

Interestingly, while our model shows a slight performance gap in the Rela-
tion sub-category compared to FLUX.1-dev, its Global (90.28) score indicates a
superior ability to maintain holistic scene coherence. Combined with its efficient
7B+7B parameter architecture, these results further validate the effectiveness
of ILLUME-X in handling dense and complex prompts that require fine-grained
semantic alignment.

Table 6: Ablation Results. Quantitative Comparison of different CFG parameters
and CoT settings for text-image interleaved generation. 7.+ represents the text guid-
ance scale, and 7;mg denotes the image guidance scale.

Yzt Yimg W/ CoT|Visual Storytelling Image-Text Complementation

2.0 1.0 X 7.02 5.35
4.0 1.0 X 7.13 5.59
8.0 1.0 X 7.12 5.69
8.0 1.25 X 7.00 5.52
8.0 1.5 X 6.85 5.60
8.0 1.0 v 7.28 5.91

5.4 Ablation Study

To efficiently and targetedly validate the effect of the interleaved text-image
structure, we conduct ablation studies only on the Visual Storytelling and “howto’
subset of Image-Text Complementation. These two task categories inherently
rely on temporal logic and strong multimodal complementarity, making them
representative scenarios where interleaving is expected to yield the most pro-
nounced gains. All remaining tasks adopt the best-performing structure iden-
tified through ablation for fair comparison. Experimental results demonstrate
that the best performance is achieved when the CFG uses a text guidance scale
of 8.0, an image guidance scale of 1.0, and incorporates CoT. We visualize quali-
tative examples with and without CoT under these optimal hyperparameters in

Figure [5

7

6 Limitations

ILLUME-X is primarily trained and evaluated for interleaved text-image gener-
ation at a resolution of 512. Due to limitations imposed by the underlying model
architecture and the finite context length, scaling both training and inference to
resolutions of 1024 and above remains challenging. Consequently, the quality of
high-resolution interleaved generation still leaves room for further improvement.
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Input: "1.Jayesh Sivan, a young woman, stands in a field of sunflowers, her eyes closed, lost in thought. 2.A girl in a tree. 3.A girl with a flower
in her hair" This text describes three story scenes. Based on the text, continue the story, presenting it through 3 new PNG images with
descriptions. Ensure each text includes connecting phrases for smooth transitions. For example, <imagel> [descriptionl], <image2> [description2].

|

4 Chapter 4: Suddenly, a
playful creature tugged

startling her.

Chapter 4: She looked up
oA and saw a smaller version
of herself sitting ona

w/o CoT

younger girl was also
Output

looking down, her eyes

4 filled with a similar sense

of wonder and
introspection.

Input: I will give you an image. Based on it, please tell me next 3 steps on How to make ground beef taco salad. Generate an
image for each step, and write a brief description after each image. For example, <imagel> [descriptionl], <image2>
[description2], <image3> [description3], <image4> [description4].

2): Cook the ground beef
ina large skillet over
medium-high heat until it
is browned and no longer
pink. Drain any excess
grease, then set the
cooked beef aside ona
paper towel-lined plate to

cool slightly.

‘ 2) Cook the ground beef.
Brown the ground beef in
a large skillet over
medium heat. Drain the
fat, then add 1 teaspoon
chili powder, 1 teaspoon
garlic powder, 1/2

w/o CoT

at the flower in her hair,

0
branch high above. This

Chapter 6: She found a
Chapter 5: She sat down, 4 small, colorful flower
looking at her hands, L and held it, smiling at
and thought about the . the beauty of the field.
little creature that had ¢ Her walk had been a
tugged at her flower. & |8 f peaceful
. ~ Journey.

Chapter 6: As the sun
began to set, casting

conversation. The older girl *, Y=gl e rirdaeiis
watched as the younger one slowl‘; turned 19heir
looked out at ﬂ\; field, a Y heads, sharing a quiet
peaceful coexistence { moment of
unfaki:?tgg:::g: ::‘: warm o gl 483 understanding before

the day drew to a close.

| L 4): Arrange the mixed
¥ combine e cooten ek base over.the bed
S/ of lettuce in the large
ground beef, black beans, s || bowl. Top generously with
g . [*) crumbled tortilla chips.
cheese. Toss everything

together gently until the N 5 F""yzz:";’;f‘?’;,gi"t':i';:lfh
ingredients are evenly " 0
distributed. » dressing and offer lime

wedges on the side.

3) Add the taco
seasoning. Add 1 packet
of taco seasoning mix
to the skillet and stir
to combine. Continue to
cook for 2 minutes, or
until the meat is cooked

4) Add the vegetables.
Add the remaining
ingredients to the skillet
and stir to combine.
Cook for 3 minutes, or
until the vegetables are

Output l l

Fig. 5: Qualitative comparison of different CoT settings.

teaspoon salt... through. slightly softened.

7 Conclusion

In this work, we present ILLUME-X, a unified multimodal model that supports
free-form interleaved text-image generation. We also build an efficient multi-
modal interleaving data construction pipeline to produce training samples. In
addition, we extend existing evaluation metrics and introduce ILScore to better
reflect the requirements of interleaved text-image generation. Extensive compar-
ative experiments demonstrate the effectiveness of the proposed framework.
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