
Loom: Diffusion-Transformer for Interleaved Generation

Mingcheng Ye1 Jiaming Liu2 Yiren Song3†

1Beijing Institute of Technology 2Independent Researcher 3National University of Singapore

Output: Step1, Preparing the dough: Mix flour 
with water and salt until it forms a lumpy 

texture, then knead into a smooth dough. Step2, 
Adding the filling: Place the filling on the dough. 

Step3, Cooking the pancake: Cook on a pan 
until both sides are golden brown.In
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Input prompt: 
Create a 

tutorial for 
making Crispy 

Scallion 
Pancakes.

Input prompt: 
Create a 

tutorial for this 
sketch bird 
<Image>.

Output: Step 1, features a simple outline of a bird with a curved line for the 
neck and a straight line for the body. Step 2, adds a head with a beak and a 

tail. Step 3, shows the bird with a more detailed head and beak. Step 4, 
shows the bird in full flight with a detailed depiction of its wings. Step 5, is 
the final image, with a detailed depiction of the bird perched on a branch.
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(d) Apply the <style> of <image 1> to transform <image 2>. (e) An image shows the model from <image 1> holding the diffuser from <image 2>. (f) Position the 
female from image 1 casually leaning against the giraffe from image 2, as they both stand on the narrow cobblestone street from image_3. 

(a) Dress the model in <image 1> with the top from <image 2> and pants from <image 3>. (b) Extract the <lower>, <upper> from <model> separately. (c) Arrange 
the pizza from image 1 on a table, placed near the wine bottle and glass from image 2. Position the lion statue from image_3 as a decorative.

Figure 1. Showcases of Loom’s interleaved text-image generation. Interleaved input tasks involve composing reference images into one
scene or style transfer. Interleaved output tasks produce text–image sequences from a prompt, including cooking tutorials or drawing guide.

Abstract

Interleaved text–image generation aims to jointly pro-
duce coherent visual frames and aligned textual descrip-
tions within a single sequence, enabling tasks such as style
transfer, compositional synthesis, and procedural tutorials.
We present Loom, a unified diffusion–transformer frame-
work for interleaved text–image generation. Loom extends
the Bagel unified model via full-parameter fine-tuning and
an interleaved architecture that alternates textual and vi-
sual embeddings for multi-condition reasoning and sequen-
tial planning. A language-planning strategy first decom-
poses a user instruction into stepwise prompts and frame
embeddings, which guide temporally consistent synthesis.
For each frame, Loom conditions on a small set of sam-
pled prior frames together with the global textual con-
text, rather than concatenating all history, yielding con-
trollable and efficient long-horizon generation. Across style

† Corresponding author.

transfer, compositional generation, and tutorial-like proce-
dures, Loom delivers superior compositionality, temporal
coherence, and text–image alignment. Experiments demon-
strate that Loom substantially outperforms the open-source
baseline Anole, achieving an average gain of 2.7 points
(on a 5-point scale) across temporal and semantic met-
rics in text-to-interleaved tasks. We also curate a 50K in-
terleaved tutorial dataset and demonstrate strong improve-
ments over unified and diffusion editing baselines. Project
page: https://github.com/Plantian/Loom.

1. Introduction
Open-source unified generative models like Bagel [12],
Show-o [58], Janus-Flow [34], BLIP3-o [4], UniWorld [26]
have shown that diverse visual tasks, spanning image edit-
ing, stylization, and layout-aware synthesis, can be handled
within a single diffusion transformer. Yet most unified sys-
tems remain confined to single-turn, single-modality inputs:
they either render an image from text or edit one reference
in isolation.

This CVPR Findings 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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This fundamental limitation, however, extends far be-
yond simple generation as shown in Fig 1. A vast and
challenging class of real-world scenarios demands reason-
ing over interleaved, mixed-modality sequences. These N-
to-M tasks, which require models to consume and produce
multiple, related inputs and outputs, include: (1) Proce-
dural Generation: Producing step-by-step tutorials where
visual frames and textual explanations are interleaved to
guide a user, such as in cooking guides or artistic work-
flows. (2) Compositional Reasoning: Synthesizing a single,
coherent scene from multiple, disparate visual and textual
inputs, or the inverse, decomposing a scene into its con-
stituent parts, for applications like virtual try-on. (3) Multi-
Reference Generation: Transforming a content image based
on the semantic or stylistic properties of several reference
images, such as in complex style transfer. Current open-
source frameworks lack a unified mechanism to handle this
full spectrum of multi-modal, multi-turn reasoning.

In contrast, proprietary multimodals such as GPT-
4o [38], Doubao [13], and Gemini [10] have demonstrated
strong proficiency in such interleaved, multi-turn scenar-
ios. These closed-source systems adaptively handle mixed-
modality inputs and outputs across conversational contexts,
maintaining semantic coherence over extended interactions.
However, their proprietary nature restricts research trans-
parency and limits customization for domain-specific appli-
cations.

To address this comprehensive gap, we introduce Loom,
a unified model that treats text and images as sequentially
composable elements within one transformer, enabling in-
terleaved inputs and outputs. Loom is designed to target
this full class of N-to-M (N inputs to M outputs) interleaved
multi-modal generation tasks. It supports (1) Procedural
and tutorial generation, producing step-by-step visual tu-
torials with aligned text. It handles (2) Compositional gen-
eration and decomposition, combining elements for vir-
tual try-on or breaking images into their parts. Finally, it
performs (3) Style transfer by conditioning on content im-
ages, style references, and text instructions.

To realize this unified approach, Loom treats text and
image embeddings as sequentially composable elements
within a shared latent space. We introduce a dual set of con-
ditioning mechanisms to manage the complexity of N-to-M
tasks. For procedural tasks, a language-planning strategy
decomposes global instructions into local steps, which are
associated with temporal frame embeddings and sparse his-
torical frame sampling to maintain long-horizon coherence.
For compositional and stylistic tasks, control is achieved via
learnable entity tokens for structured grounding.

We train Loom by full-parameter fine-tuning on the
Bagel backbone, effectively expanding its native capabil-
ity from single-turn synthesis to complex, multi-turn inter-
leaved generation. A key contribution is our curation of

a new 50K interleaved tutorial dataset spanning drawing,
cooking, and assembly workflows. Extensive evaluations
show that Loom attains high-fidelity interleaved generation
with accurate text-image alignment, strong temporal con-
sistency, and robust multi-condition control. In short, our
contributions are as follows:

(1) We propose Loom, a unified diffusion-transformer
framework for interleaved text–image generation, support-
ing style transfer, compositional synthesis, and procedural
tutorials within a single model.

(2) We introduce a unified control and condition-
ing mechanism for N-to-M tasks, including a language-
planning strategy and sparse historical frame sampling for
temporal coherence, and learnable entity tokens for struc-
tured compositional grounding.

(3) We curate a 50K interleaved tutorial dataset
and present comprehensive experiments demonstrating
Loom’s superior compositionality, temporal coherence, and
text–image alignment. By using this dataset, Loom substan-
tially outperforms the open-source baseline Anole, achiev-
ing an average gain of 2.7 points (on a 5-point scale) across
temporal and semantic metrics in text-to-interleaved tasks.

2. Related Work
2.1. Unified Models
Recent progress toward text–image unified modeling [54,
64] aims to bridge understanding and generation within a
single transformer. Existing frameworks can be broadly cat-
egorized by backbone design into diffusion-based models,
autoregressive multimodal large language models (MLLM-
AR), and MLLM (AR+diffusion) architectures. Diffu-
sion models [65] excel at pixel-level synthesis but often
lack bidirectional reasoning for cross-modal understanding.
Pure autoregressive MLLMs [46, 51, 68, 71] enable tighter
integration between text and image tokens via next-token
prediction, yet typically trade off visual fidelity. MLLM
(AR+diffusion) frameworks [58] inject diffusion decoders
into transformer backbones, improving generation while
facing potential cross-task interference between modalities.

Our work builds on this unified modeling trend using
Bagel [12], an MLLM (AR+diffusion) decoder-only trans-
former with Mixture-of-Experts (MoE) layers for seman-
tic reasoning and visual synthesis. Bagel adopts a Vision
Transformer (ViT) based hybrid visual encoder [49] to en-
code images into visual tokens for multimodal understand-
ing, and a Variational Autoencoder (VAE) with rectified
flow [21, 28] for high-fidelity image generation within a
shared attention space, providing a strong foundation for
the interleaved multimodal tasks studied in this work.

2.2. Procedural and Tutorial Generation
Procedural or tutorial generation spans storytelling, cre-
ative workflows, and instructional content, but most re-
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mains largely text-centric [19, 24, 42] without unified bidi-
rectional text–image modeling. Conventional text/image-
to-painting pipelines [3, 43, 44, 47] often produce coarse
steps lacking aligned textual logic, and recipe datasets like
RecipeGen [62] yield unimodal outputs. In the realm of
unified models, Anole [7] represents a state-of-the-art open-
source baseline but is constrained to text-conditioned in-
puts. MM-Interleaved [48] adds visual tokens but strug-
gles with error accumulation in long horizons. While con-
current approaches like OneFlow [37] and Orthus [20] im-
prove speed, they typically compromise fine-grained step-
wise control.

In contrast, Loom handles both text- and image-
conditioned interleaved generation with stable progression,
balanced alignment, and precise procedural adherence en-
abled by our planning-first strategy.

2.3. Multi-Reference Images Generation
Interleaved generation necessitates reasoning over multi-
ple visual references simultaneously. One direction is
style transfer, where a style reference and a content im-
age yield stylized yet structure-preserving outputs. While
diffusion-based approaches [16, 30–33, 35, 36, 45] effec-
tively adapt diffusion backbones (e.g., FLUX [21]) via
Low-Rank Adaptation (LoRA) [18], they rely heavily on
text prompts [22, 50, 72], limiting their exploitation of
structural guidance from reference images [14, 55, 66, 67,
70]. Parallel to this, compositional generation and de-
composition require synthesizing coherent scenes from vi-
sual context. Although models like Echo-4o [59] and Om-
niGen [53, 57] address fixed configurations, they lack flex-
ibility for decomposition [52, 56]. Most unified models are
restricted to single-round inputs, often struggling with the
long-horizon reasoning required for multi-element scenar-
ios.

In contrast, Loom supports long-context multimodal
tasks. Our framework scales to accommodate numerous vi-
sual inputs and enables diverse applications—ranging from
high-fidelity style transfer and accuracy-critical virtual try-
on [8, 9, 15, 63] to commercial model presentation, intricate
multi-object arrangement, and reverse component extrac-
tion [6, 52, 60, 61, 66, 69], ensuring semantic consistency
across extended sequences.

3. Methods
The overall architecture of Loom is shown in Fig 2. Our
method consists of three components: (1) the Loom model
design building on the Bagel backbone with task-specific
training configurations; (2) a unified training paradigm
with stepwise planning, sparse historical frame sampling,
and temporal embeddings for coherent long-horizon multi-
modal generation; and (3) a curated 50K-sample interleaved
dataset covering compositional generation, style transfer,

and procedural tutorials.

3.1. Overall Architecture
Loom builds upon the Bagel backbone, which operates au-
toregressively over interleaved token sequences, where vi-
sual content is represented via a pre-trained VAE encoder
and decoded through the rectified flow method. Following
Bagel, we adopt full-parameter fine-tuning on the genera-
tive transformer backbone while keeping the ViT encoder
frozen to preserve pre-trained semantic alignment. This al-
lows Loom to unify text prediction and image generation
within a single framework.
Multi-Modal Attention. Loom inherits Bagel’s multi-
modal attention (MMA) and noise isolation mechanism. To
ensure stable autoregressive generation, we employ a noise-
isolated causal masking strategy. The MMA formulation is
defined as:

MMA([cT ; cZ ; cI ]) = softmax

(
QK⊤
√
d

)
V (1)

where [cT ; cZ ; cI ] denotes the concatenation of three
types of tokens: (1) cT : text tokens, encoding semantic
or instructional information. (2) cZ : noised latent tokens,
representing partially corrupted visual representations to be
denoised. (3) cI : image condition tokens, providing visual
context or reference frames. Crucially, the masking is unidi-
rectional: current noised tokens cZ attend to history [cT ; cI ]
to retrieve context, while historical tokens are isolated from
cZ to prevent state contamination.

Interleaved Training Objects. We adopt the Bagel train-
ing objectives for interleaved synthesis, combining lan-
guage modeling for text [1] tokens and rectified flow match-
ing [27, 29] for image tokens. The overall training loss is:

Ltotal = λCE · Ltext
CE + Limage

MSE (2)

Here, Ltext
CE denotes the cross-entropy loss for next-token

text prediction, and Limage
MSE denotes the mean squared error

loss used for image denoising in latent space. The coeffi-
cient λCE controls the relative weight between textual and
visual objectives. This unified objective allows Loom to
jointly optimize heterogeneous interleaved tasks within a
single autoregressive framework.

3.2. Interleaved Text Image Generation Tasks
Our training paradigm unifies heterogeneous interleaved
tasks under a single autoregressive framework through three
key algorithmic designs.

Planning-First Strategy. Standard interleaved models
typically alternate between text and image generation steps
(T1 → I1 → T2 . . . ), where errors in early visual frames
(I1) propagate to subsequent text predictions (T2), causing
semantic drift [25] in long-horizon tasks. To mitigate this,
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<Condition Image>
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(b)(a)

(c)
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(2)
/

Figure 2. (a) An interleaved input paradigm with various conditional images and text prompts, producing a single image output. (b)
Interleaved output paradigm, where the model takes either pure text instructions or mixed text-image guidance and generates multi-round,
sequential text-image pairs. (c) Training and inference architecture for the interleaved output paradigm, focusing on case (1) where the
input is a text-image guidance sequence and the output is continuous text-image pairs, exemplified by a step-by-step drawing tutorial. The
pipeline contains a condition branch, which encodes sparse historical frames via ViT and VAE encoders to provide visual context, and a
generation branch, which produces both full-step textual descriptions and the next image under the attention mask, ensuring alignment
between global textual planning and incremental image rendering.

we propose a Planning-First Strategy that decouples high-
level semantic reasoning from pixel-level synthesis.

Inspired by Chain-of-Thought reasoning [23, 40], Loom
adopts a ”plan-then-render” workflow. Given a instruc-
tion, the model first generates the entire formatted tex-
tual plan P = {S1, S2, . . . , SN} in a single autore-
gressive pass, decomposing the task into coherent sub-
steps (e.g., Step 1: prepare ingredients...
Step N: final plating) without visual interfer-
ence. Once the plan is fixed, Loom enters a deterministic
rendering loop: for each step t, the image It is generated
conditioned on (1) the clean textual description St, (2) the
global plan context P , and (3) selected historical frames.
For each frame It in an N -step sequence, we construct a
training instance that predicts both the complete plan P and
the current image It sequentially: the model first generates
P autoregressively, then renders It conditioned on the cor-
responding step description extracted from P . This multi-
round alignment—where the same plan is trained with dif-
ferent visual states—ensures global coherence across all
frames. As shown in Fig. 2(c), the attention mask ensures
that noised VAE tokens (gray blocks) are isolated from pre-
vious steps; only clean historical frames (green blocks) con-
dition the generation. This noise isolation design prevents
the model from learning spurious correlations with interme-

diate diffusion states, preventing noisy context from con-
taminating the logical progression of the text.

Temporal Embeddings. To further stabilize long-
horizon interleaved generation, we incorporate a learnable
time embedding that explicitly encodes the relative posi-
tion of each visual frame within the planned generation
sequence. For a frame at step t, we add a dedicated vector
et to the input sequence via broadcasting:

x̃t = [cT ; c
(t−1)
I,Z ;vt] + et, (3)

where vt denotes the visual tokens of the t-th frame,
cT represents the textual tokens, and c

(t−1)
I,Z are image-

condition tokens from step t−1. et ∈ Rd is a learnable
temporal embedding for step t, which is broadcasted and
added to all tokens in x̃t to globally inform the model of the
current frame’s position in the generation sequence.
Sparse Historical Frame Sampling. In interleaved
text–image generation, natively conditioning each step on a
fixed-length sliding window of recent frames tends to over-
fit local patterns, making the model insensitive to the global
textual plan. To retain both efficiency and global awareness,
we adopt a sparse historical frame sampling strategy. In-
stead of relying on complex heuristics, our approach selects
a small but temporally diverse subset of frames by sampling
from the entire history at evenly distributed intervals.
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This method ensures the model receives a balanced mix
of contextual information—from early frames that establish
the overarching structure to recent frames that detail the lat-
est changes. For each selected frame, visual features are
extracted, augmented with a learnable temporal embedding
representing its absolute step index, and injected into the
multimodal attention block. This allows the model to inte-
grate long-range scene structure and short-term visual detail
with negligible overhead

3.3. Entity Tokens for Compositional Control

Standard text prompts lack explicit handles for individ-
ual objects, making fine-grained control difficult in com-
positional and multi-image reasoning tasks. We intro-
duce learnable entity tokens (e.g., ⟨model⟩, ⟨garment⟩) that
serve as semantic anchors, immediately followed by de-
tailed descriptions. For example: "a ⟨model⟩ wearing
a ⟨garment⟩ [red floral dress]". This struc-
ture allows the model to bind entity tokens to specific visual
concepts during training, enabling both forward generation
and reverse decomposition. Crucially, the clean object iso-
lation in our dataset provides implicit spatial supervision,
teaching the model to restrict the influence of entity tokens
strictly to their corresponding pixel regions to prevent at-
tribute leakage. This effectively renders the gradient up-
dates spatially sparse without requiring manual masks.

To further enhance controllability, we leverage the multi-
modal classifier-free guidance (CFG) [17] capability of
the Bagel backbone, extending beyond traditional text-only
guidance. When combined with standard tokens (e.g.,
⟨upper⟩, ⟨body⟩) that are consistently used across training
and inference, Loom can localize guidance signals to spe-
cific objects, selectively applying multimodal constraints
to targeted regions. This synergy between structured en-
tity grounding and multi-modal CFG yields precise, inter-
pretable, and robust compositional control across both syn-
thesis and decomposition tasks.

3.4. Interleaved Dataset Construction

Creating a robust interleaved generator requires data that
excels in both temporal logic and text-image alignment. As
shown in Fig 3, we construct a high-fidelity 50K-sample
dataset through a rigorous multi-stage pipeline spanning
three distinct task categories.

Compositional Generation and Decomposition. We cu-
rate a logically complex subset from Echo-4o[59] and our
internal imagery (11k, generated by Gemini 2.5 Flash Im-
age [11]), focusing on multi-object interactions. Unlike
standard datasets, we generate paired bi-directional in-
structions: forward commands for integrating entities into
unified layouts, and reverse commands for decomposing
scenes into constituent parts.

Interleaved Dataset Construction

(b): Multi-Image Composition

(c): Style Transfer

(a): Interleaved multi-steps tutorial

De-stylization
…….

Text 
description

Text 
description

Model Dress Shoes Bag

Full-Steps Text 
description

Generation 
PromptCaption

Nano-Banana

GPT-4o

Nano-Banana

Synthesis

Figure 3. Interleaved dataset construction: (a) Blogs and videos are
collected, and 4–6 frames are uniformly sampled, manually verified,
and captioned by GPT-4o with generation prompts and stepwise cap-
tions. (b) Multi-image composition combines models, objects, and
scenes via Nano-Banana [11] with textual descriptions. (c) Style
transfer uses Promptsref [39] website images; Nano-Banana performs
de-stylization to obtain realistic images and corresponding prompts.

Style Transfer Pairs. We construct a paired stylization
dataset using 12k high-aesthetic references from Prompt-
sref [39]. To enforce content-structure disentanglement,
we employ a ”De-stylization” pipeline using Gemini 2.5
Flash Image (Nano-Banana) to generate photorealistic con-
tent counterparts for each stylized reference. This results in
perfectly aligned (Content, Style, Output) triplets, enabling
the model to learn precise style injection while preserving
structural fidelity under supervised conditions.
Sequential Procedural Tutorials. We focus on long-
horizon logic in cooking and creative arts. For cooking, we
extract a high-alignment subset (14k) from RecipeGen[62],
filtering for sequences with ≥ 3 steps where visual state
changes strictly follow textual instructions. For painting,
we build a specialized 8k dataset from iPad-based screen
recordings, manually filtered to reflect human cognitive
progression (sketch → color → detail). We also use GPT-
4o to refine stepwise captions for causal consistency from
MakeAnything(5k sketch painting). This tiered filtration
ensures that every frame transition in our training data
serves as a valid logical progression for the planner.

4. Experiment
4.1. Set up
Implementation details. We employ the supervised fine-
tuning (SFT) method; we set the learning rate 2.5 × 10−5

with a constant scheduler, zero weight decay, and gradient
norm clipping at 1.0. Optimization uses AdamW with a CE
to MSE loss weight ratio of 0.25 : 1. The total training
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Step 1: A rough sketch of the car‘s outline, showing the basic shape with a rectangular 
front and a rounded rear. Step 2: The car’s side view is depicted, with the body and 
wheels clearly visible. Step 3: The car‘s front view is detailed, showing a more refined 
grille and headlights. Step 4: The final drawing shows the car in full detail, with a 
detailed front, side, and rear view, and a realistic depiction of the car's body and wheels.

1. A basic outline of a human figure with minimal details, showing only the basic 
contours and proportions. 2. The figure is shown in a fighting stance, with one arm 
raised and the other bent at the elbow, both hands gripping a sword. 3. The figure is 
shown in a similar fighting stance, with more defined muscles and a dynamic posture. 4. 
The figure is shown in a dynamic, fighting stance, with both hands on the sword and a 
fierce expression.

Step 1: The image shows a rough sketch of an owl‘s head, consisting of a circular outline 
with a few lines indicating the eyes and beak. Step 2: The image shows the same owl’s 
head with additional lines, including the feathers and a more detailed beak. Step 3: The 
image shows the owl‘s head with even more precise lines, depicting the feathers in a 
more realistic manner. Step 4: The image shows the owl's head with even more detailed 
lines, showing the feathers in a more realistic manner.

1. A circular outline with a few guide lines, indicating the head and facial features.
2. The head is refined with more lines to define the eyes, nose, and mouth. A small 
crown is added above the head. 3. The character's body is refined with more lines, 
showing the legs, arms, and feet in a dynamic pose. 4. The character's face is given a 
more expressive look, with a wider smile and squinted eyes.

Step1: Preparing the silver ear fungus: Soak the 
silver ear fungus in cold water for 2 hours, then 
tear it into small pieces. Step2: Chopping 
ingredients: Finely chop the green onion, garlic, 
and chili pepper. Step3: Finishing the dish: The 
spicy and sour silver ear fungus is ready to serve.

Step 1: Cooking squid ink pasta: Boil water, add squid 
ink pasta, a bit of salt, cook for about 8 minutes. 
Step2: Cutting avocado: Cut avocado into small pieces. 
Step3: Mixing pasta: Mix the cooked pasta with the 
sauce, and it's ready to serve.

Step1: Process chives: Clean the chives thoroughly, 
drain the water, and cut into small pieces. Set aside. 
Step2: Cook the eggs: Heat oil in a pan, pour in the 
egg mixture, cook until done, and set aside. Step3: 
Combine eggs and chives: Add the cooked eggs, salt, 
and chives, and stir.

Step1: Prepare scallop meat: Here is the cleaned scallop meat, 
drained. 
Step2: Cut into pieces: Cut into pieces.
Step3: Sauté seasonings: Heat oil in a pan, add dried chili, garlic, 
and two spoons of Doubanjiang, sauté until fragrant. 
Step4: Finish and plate: Dish out.

Step1: Prepare the pork: Take the lean part of the pork, wash 
and drain, cut into thin strips, and place in a bowl.
Step2: Prepare the chili: Cut the chili into thin strips.
Step3: Stir.
Step4: Serve: Plate the dish.

Step1: **Prepare ingredients**: Prepare all necessary 
ingredients. Step2: **Caramelize sugar**: Heat oil in a 
pan, add rock sugar, and caramelize. Step3: **Finish 
cooking**: Finally, add green onions, reduce the sauce, 
and serve.
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Cooking Tutorial: [Input] (a) Create a tutorial for making Avocado Pasta. (b) Create a tutorial for making Spicy Sour Snow Fungus with Melon. 
(c) Create a tutorial for making Stir-Fried Scallops with Garlic Chives and Chili.

(d) Create a tutorial for making Braised Pork Ribs. (e) Create a tutorial for making Chive and Egg. (f) Create a tutorial for making Stir-fried Shredded Pork with Chili.

Painting tutorial: [Input] (a) The image is a step-by-step tutorial for drawing a vintage car. (b) The image is a guide for drawing a cartoon character named Trixie.

(c) The image is a series of steps in creating a detailed illustration of an owl. (d) The image is a digital drawing sequence of iron man in a dynamic pose.

Multi Images Reasoning: [Input] (a) Show the model from <image 1> holding the AUX electric kettle from <image 2>. (b) Place the chair from image 1 in front of the couch in image 2, facing 
the colorful pillows. (c) Dress the model in <image 1> with the black graphic t-shirt from <image 2> and the blue wide-leg pants from <image 3>.

(d) Style the young woman from the image 1 wearing the skirt from the image 2, black boots from image 3, and a straw fedora hat from image 4. (e) Extract the <upper> blue striped blouse 
and <lower> red leather pants separately. (f) Position the person from image 1 sitting on the edge of the bed in image 2, facing the camera with a relaxed posture. 

Style Transfer: [Input] (a) Apply the <style> anime style of <image 1> to transform <image 2>  and output the stylized result. (b) Apply the <style> comic book art style of <image 1> to 
transform <image 2>  and output the stylized result. (c) Apply the <style> digital illustration style of <image 1> to transform <image 2>  and output the stylized result.

Figure 4. More generation results of Loom in interleaved tasks. The top rows show interleaved output tasks, including text-to-interleaved
cooking tutorials and image-to-interleaved painting tutorials. The bottom rows depict interleaved input tasks, covering (1) procedural
generation, (2) compositional generation and decomposition, and (3) style transfer from a given reference image.
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steps are set as follows: 16,000 steps for the compositional
generation (long-text, multi-image reasoning) task, 10,000
steps for style transfer, 20,000 steps for recipe-oriented
text–image interactive generation, and 5,000 steps for in-
terleaved painting tutorials. The batch size is fixed at 4. We
employ an Exponential Moving Average (EMA) ratio 0.999
and sequence length per rank in the range of (25K, 29K)
tokens, with a maximum context window of 29K. All gen-
erations are performed at a resolution between (512, 1024)
pixels on the short and long sides, with unconditional image
resolution between (378, 980) pixels.

Benchmarks. For the multi-image reasoning task, we
adopt the OmniContext benchmark, which evaluates the
ability to integrate multiple visual references into coherent
outputs by measuring scene completeness, object fidelity,
and semantic consistency.

Metrics. We evaluate interleaved generation in two set-
tings: image-conditioned and text-only. Performance is
measured across three dimensions: visual continuity (tem-
poral coherence between frames), textual continuity (logi-
cal flow of descriptions), and cross-modal alignment (con-
sistency between images and instructions). For text-to-
interleaved generation, we also report the CLIP [41] (ViT-
L/14) score to quantify prompt–image alignment. Human
ratings are compared with GPT-based scores to validate
metric reliability.

Baseline methods. For the text–image interleaved gener-
ation task, we compare our approach with Anole. We also
adapt unified models such as Janus-Pro and Bagel by con-
structing a multi-turn dialogue framework to support inter-
leaved outputs and by providing extended text prompts to
enable long context, continuous generation beyond their na-
tive single-turn editing capabilities. In addition, we include
a proprietary large multimodal model, Doubao, as a refer-
ence baseline due to its support for high-quality interactive
text–image generation.

4.2. Quantitative Comparison

Table 1. Text-to-interleaved results using GPT-4o(G) and Hu-
man(H) scoring. Coh. = Temporal Coherence; Ins. = Instruction
Following; Con. = Narrative Consistency; CLIP = CLIP Score; G
= GPT-4o score; H = Human score.

Model Coh.(G | H)↑ Ins.(G | H)↑ Con.(G | H)↑ CLIP↑

Doubao [13] 4.35 | 4.10 4.25 | 4.05 4.95 | 4.65 0.250

Bagel [12] 1.40 | 1.25 1.55 | 1.05 – 0.217
Janus-Pro [5] 1.05 | 1.10 1.10 | 1.00 – 0.105

Anole [7] 1.55 | 1.05 1.35 | 1.05 1.95 | 1.35 0.219
Loom (Ours) 4.25 | 4.15 3.75 | 3.35 4.70 | 4.30 0.269

Task 1: Interleaved generation. We evaluate two
sub-settings: text-to-interleaved (Table 1) and image-to-
interleaved (Table 2). Compared to the baseline Bagel,

Table 2. Image-to-interleaved results using GPT-4o and human
scoring. Coh. = Temporal Coherence; Ref. = Reference Faithful-
ness; Ali. = Semantic Alignment; G = GPT-4o score; H = Human
score.

Model Coh. (G | H)↑ Ref. (G | H)↑ Ali. (G | H)↑

Doubao [13] 2.05 | 2.15 2.65 | 2.65 3.55 | 3.85

Bagel [12] 1.25 | 1.00 1.15 | 1.55 –
Loom (Ours) 3.15 | 3.65 3.85 | 4.15 3.15 | 2.95

Loom achieves an average relative improvement of over
50% in text-to-interleaved generation and around 44% in
image-to-interleaved generation, while outperforming the
strongest open-source interleaved model Anole by over
51% in the text setting. (Con. and Ali. are not reported
for baseline model Bagel and Janus-Pro that do not pro-
duce paired text-image guidance in the given setting.)

In the text-to-interleaved setting, extending Bagel with
our multi-turn framework enables continuous stepwise gen-
eration from scratch, where the native model cannot. Across
metrics, Loom far surpasses Anole and all single-turn
unified baselines, and in image-to-interleaved task even
exceeds the proprietary model Doubao in some metrics,
evidencing strong overall capability. In the image-to-
interleaved setting, Loom achieves the highest average
scores, balancing instruction adherence and faithful visual
preservation.

Qualitative comparisons in Figure 5 show that open-
source single-turn unified models quickly lose logical pro-
gression in later frames, while Hunyuan Image Edit [2] fail
to preserve details. Anole struggles with text–image align-
ment; Doubao produces visually appealing and well-aligned
results but still exhibits logical breaks, whereas Loom main-
tains superior alignment, coherence, and near-perfect adher-
ence to reference images in painting tasks.

Table 3. Multi-image reasoning performance on the OmniContext
benchmark. Scores are categorized by scene type (MULTIPLE
and SCENE) and the composition of ”Character” (Char.), ”Ob-
ject” (Obj.), and both (Char.+Obj.). Higher average scores (Avg)
indicate better performance. The benchmark’s SINGLE category
is excluded, as it is not relevant to our multi-image task.

Model MULTIPLE SCENE Avg↑
Char. Object Char.+Obj. Char. Object Char.+Obj.

GPT-4o [38] 9.07 8.95 8.54 8.90 8.44 8.60 8.75

UNO [56] 2.54 6.51 4.39 2.06 4.33 4.37 4.03
Bagel [12] 5.17 6.64 6.24 4.07 5.71 5.47 5.55

OmniGen [57] 5.65 5.44 4.68 3.59 4.32 5.12 4.8
OmniGen2 [53] 7.11 7.13 7.45 6.38 6.71 7.04 6.97

Echo-4o [59] 8.07 7.50 8.29 8.62 8.00 8.08 8.09
Loom(Ours) 8.09 7.62 8.25 8.67 7.95 8.23 8.13

Task 2: Compositional Generation (multi-image reason-
ing). For this task, performance is directly reported using
the OmniContext benchmark in Table 3.
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Step1: Prepare ingredients: Prepare all 
necessary ingredients, Step2: Cut cherry 
tomatoes: Cut a cross on the top of the cherry 
tomatoes, blanch them in boiling water to

1. Ingredients: 2 tomatoes 
(chunked), 3 eggs (whisked), 
100g fresh noodles, 50g baby 
bok choy, green onions, ginger,

1:Start by chopping 2 medium sized potatoes, 1 medium onion, 4 cloves of 
garlic, and 3 carrots into small pieces. Saute the vegetables in a large pot on 
medium heat until they are softened and caramelized. Add 1 lb of rinsed, 
dried, and chopped egg noodles to the pot……(Not match any pictures).
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Input prompt: Create a tutorial for making Tomato and Egg Noodle Soup. The 
tutorial should include both images and text, generating four consecutive frames.

(a) Only support one image or text generation

(b) Support multi-steps text-images generation

D
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Input prompt: Recreate the image of step-by-step tutorial for drawing a classic car in a 
minimalist style <Image>.

O
ur
s

of the car, and sketch the basic shape of the car body's side with smooth lines. 2: Add the position of 
the wheels and the window frames, mark the center points of the wheels with circles, draw the 
approximate shapes of the front and rear windows, and confirm the position of the cockpit. 3: 
Refine the details of the car's front and rear, draw the outlines of the headlights, air intake grille, 
and the shape of the rear spoiler, making the car body's features more distinct. 4: Improve the wheel 
structure, draw the approximate lines of the wheel hubs, and add the door handles and decorative 
lines on the side of the car body to make the overall lines smoother.

refined, showing a more defined shape, with additional details added. Step 3: The car’s front and 
side view are further refined, showing a more detailed, three-quarter perspective. Step 4: The car’s 
full view is done.

oil, salt, light soy sauce, white pepper, water. 2. Sauté: Fry whisked eggs until golden (set aside). 
Sauté tomatoes with salt until saucy. 3. Cook noodles: Boil water, add noodles (stir to avoid sticking). 
Add bok choy when noodles float, blanch. 4. Serve: Combine noodles + bok choy, top with tomato-
egg. Drizzle sesame oil, sprinkle green onions/white pepper. 

remove the skins, Step3: Cook tomatoes: Add the cut tomatoes to the pan and stir, Step4: Cook 
noodles: Add the noodles to the pot, cook them according to your preferred texture, then remove 
and place them in a bowl.

1: Based on the first image, refine the 
overall outline of the car body, 
determine the approximate 
proportions of the front, roof, and rear

Step 1: A rough outline of the car’s 
front and side view, sketched with blue 
lines on a white background. Step 2: 
The car’s back and side view are 

Figure 5. Comparison results. (a) Unified models such as Bagel
and Janus-Pro only support single-round input–output genera-
tion. (b) Interleaved models, including Anole and Doubao support
multi-step text–image generation; we also compared closed-source
Doubao with our method.

4.3. Qualitative Evaluation
More qualitative generation results are shown in Figure 4.

4.4. Ablation
We perform ablation studies exclusively on the image-to-
interleaved generation setting (painting tutorials). More ab-
lation results are in Figure 6. The ablation results in Ta-
ble 4 reveal contributions from all components. Remov-
ing any single module leads to a clear drop across at least
two metrics, confirming their complementary roles: tex-
tual guidance provides fine-grained control over semantic
alignment, reference sampling strengthens temporal coher-
ence via richer visual context, and time embedding is crit-
ical for maintaining consistent progression across frames.
Compared to the baseline model Bagel, the full system im-

Step 1: A rough outline 
sketch of a car with simple, 
blue lines. The car is 
depicted in a basic, boxy 
shape, with minimal details. 

O
ur

s

Draw the front bumper and the lower part of the front. Step 3: Draw the side windows. Step 4: Detail the wheels further, 
adding more spokes and the hubcap. Step 5: Add final details like the side mirrors, the roofline, and any other small features.
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front bumper. Step 2: The car‘s front and rear sections are further defined, adding a grille and a rounded hood. Step 3: The 
car’s body is further refined, showing a more detailed hood and grille. Step 4: The car‘s wheels are refined, showing a circular
shape with spokes. Step 5: The final image shows a detailed car illustration.
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Step 1: A rough outline 
sketch of a car with a simple, 
basic shape, featuring a 
rectangular body, two 
wheels, and a triangular
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same car with additional details added, including the front and rear windows, doors, and wheels. 3. The image shows the car 
with further details added, such as the front and rear bumpers, fenders, and tires.4. The image shows the car with additional
details added. 5. The final image shows the car with even more detailed lines, including the hood, roof, and trunk.

Step 1: Start with the basic 
shape of the car. This would 
involve drawing the overall 
outline, including the hood, 
roof, doors, and rear. Step 2: 

1. The image shows a rough 
sketch of a car, with simple, 
outline lines indicating the 
basic shape of the vehicle. 
2. The image shows the

Step 1: A rough outline 
sketch of a car with a simple, 
basic shape, featuring a 
rectangular body, two 
wheels, and a triangular

front bumper. Step 2: The car's front and rear sections are further defined, adding a grille and a rounded hood. Step 3: The 
car's body is more detailed, with a curved front and rear, and a more defined hood and grille. Step 4: The car's wheels are 
detailed, showing a circular shape with spokes. Step 5: The final image shows a detailed car illustration.

Step 2: The car is refined with a more defined shape, and the blue lines are replaced with a more detailed, curved outline. The 
car's proportions are adjusted to create a more aerodynamic profile. Step 3: The car is further refined with a more defined side
and rear end, and the addition of a more detailed wheel design. The lines are now smoother and more precise. Step 4: The 
car's body is refined with a more detailed hood and front fender, and the lines are smoothed out. Step 5: The final drawing 
shows the car in full detail, with a smooth, curved body, and a detailed, rounded nose and rear end. The wheels are detailed 
with a precise tread pattern and hub design.

Figure 6. Ablation study results. From top to bottom: (1) base-
line (Bagel), (2–4) removing each of the three modules: stepwise
textual guidance, reference sampling, and time embedding and (5)
our full model Loom. Red rectangles highlight errors.

proves temporal coherence by +38%, reference faithfulness
by +54%, underscoring the necessity of all components.

Table 4. Ablation Study for Painting Tutorials (Image-to-
Interleave) with GPT-4o Evaluation. Coherence. = Temporal Co-
herence; Reference. = Reference Faithfulness; Alignment. = Se-
mantic Alignment.

Method Coherence.↑ Reference.↑ Alignment.↑

Baseline 1.25 1.15 –
w/o Time Embedding 2.55 2.35 2.85
w/o Stepwise Prompt 2.15 2.95 2.35

w/o Reference Sampling 1.45 1.25 2.05
Full 3.15 3.85 3.15

5. Conclusion
We present Loom, a unified diffusion–transformer frame-
work for interleaved text–image generation across style
transfer, compositional synthesis, and procedural tuto-
rials. Built by extending the Bagel pre-trained unified
model from single-turn inputs to handle complex N-
to-M interleaved sequences, Loom supports interleaved
procedural sequencing, structured compositional ma-
nipulation, and reference-guided appearance transfer.
Experiments on a 50K interleaved dataset demonstrate
that Loom delivers superior compositionality, tempo-
ral coherence, and text–image alignment, significantly
outperforming open-source baselines and setting a new
benchmark for coherent interleaved multimodal generation.
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