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A. Weave Analysis

A.1. Collection Process

To ensure the quality of the generated data, we incorporated
manual sampling verification into the design process of each
pipeline to validate the success rate after filtering. Specifi-
cally, we utilized four pipelines, each with integrated quality
assurance mechanisms.

(i) Multi-image fusion: We achieved reference to previous
iterations by fusing edited or directly generated images. For
image fusion data, we utilized two primary sources. First,
we leveraged the multi-image fusion dataset from Echo-
4o [56], where image fusion was initially performed using
GPT-Image. Due to quality inconsistencies in this dataset,
we regenerated images using Seedream 4.0 [41] and refined
instructions with GPT-4.1. Second, we generated single-
round image fusion instructions with GPT-4.1, including
original image captions. We then produced original images
using Qwen-Image [50], substituting suboptimal generations
with Seedream 4.0 outputs, and performed multi-image fu-
sion using Seedream 4.0. Building upon these single-round
fusion data, we employed GPT-4.1 to annotate image edit-
ing instructions for the original images, categorizing them
into five types: ’add’, ’remove’, ’replace’, ’color alter’, and
’background change’ following the taxonomy in [3]. We sub-
sequently applied Step1X-Edit(v1.2) [32] for single-round
editing. For images failing our quality verification protocol,
we utilized Nano Banana [14] for additional refinement. Fi-
nally, GPT-4.1 provided reverse instructions and captions for
edited images. We used these edited images as originals and
multi-fusion input images as edited results, concatenating
the data to create comprehensive multi-round editing and
multi-image fusion sequences.

(ii) Remove-then-back: We employed GPT-4.1 [1] to gen-
erate instructions for multi-round editing. Specifically, we
designed the instructions such that one round would require
adding back an object that had been previously removed or
replaced in an earlier round. Following instruction gener-
ation, we implemented a filtering process wherein approx-
imately 25% of instructions successfully met our criteria.
The filtered instructions were subsequently utilized to gener-
ate outputs using Seedream 4.0 [41] and Nano Banana [14],
after which we retained the superior generation based on
qualitative assessment.

(iii) Derivative imagination and comparison: We incorpo-
rated methods for deriving or imagining alternative solutions
or new images before fusion. Due to the inherent challenges



in automating LLMs to generate associative content or edit-
ing data, we adapted chess game and visual jigsaw datasets
from Zebra-CoT [30] using GPT-4.1 for both recombination
and self-verification processes. Specifically, we modified the
abbreviated chess notations into explicit editing instructions
to mitigate potential comprehension difficulties in generative
models when interpreting condensed commands.

(iv) Sequential procedures: We implemented sequential
edits following narrative progressions or structured oper-
ations requiring visual memory during generation. This
approach was particularly effective for scenarios where char-
acters disappear and subsequently reappear within narra-
tives. Multiple editing rounds on identical scenes evaluated
model consistency maintenance capabilities. Our pipeline
employed GPT-4.1 to generate instructions satisfying three
requirements: (1) multi-step processes requiring visual rep-
resentation at each stage, (2) explicit inter-step relationships,
and (3) identifiable animated characters. To maximize gen-
eration diversity, we utilized the 12 categories defined in
Table 2 to produce editing instructions. These constraints
imposed significant demands on generative models; even
state-of-the-art systems such as Seedream 4.0 [41] and Nano
Banana [14] failed to produce high-quality data without
human supervision. Consequently, we allocated GPT-4.1-
generated, human-screened story-based content to the test
set, while retaining numerous multi-round editing exam-
ples identified during the filtering process for training. For
data annotation, we employed SeedEdit 3.0 [46] and Nano
Banana [14], while test set generation utilized Seedream
4.0 [41] and Nano Banana [14]. When using Nano Banana,
we observed that providing style reference images improved
generation quality. Therefore, we curated a set of style refer-
ence images, as shown in Figure 1.

Post-verification Process We identified frequent edit-
ing failures within the Nano Banana framework and imple-
mented a supplementary verification protocol employing
GPT-4.1 for processed data evaluation. Problematic sam-
ples were detected using CLIP similarity metrics [9, 31, 38].
Samples exhibiting abnormally high similarity scores un-
derwent re-editing via Step1X v1.2. Unmodified samples
following this secondary editing attempt—identified through
joint supervision by CLIP and Qwen3-VL-4B metrics—were
systematically excluded from the dataset while maintaining
referential integrity of image identifiers.

Comprehension Extension To incorporate comprehen-
sion tasks into our dataset, we randomly sampled from the
filtered generated data and expanded it using GPT-4.1. Each
data point was annotated with at most one turn. The compre-
hension tasks primarily consisted of captioning tasks, ques-
tions regarding quantities and relationships within images,
and a small subset of knowledge-based inquiries [4, 24, 53].

A.2. Data Source for WEAVEBench

WEAVEBench primarily utilizes web-collected data, with
select images refined using SeedEdit 3.0. The jigsaw and
chess game images are sourced from Zebra-CoT [30], while
various optical and physical phenomena images are drawn
from PhysBench [13]. Additionally, the dataset incorporates
synthetically generated images from three models: Seedream
4.0 [41], Nano Banana [14], and SeedEdit 3.0 [46].

Domain Type #Chats

Multi-image Fusion
GPT-Image 72,348
SeeDream 3,648

Recall 1,369
Animals 91
Architecture 74
Cartoon 135
Fashion 73
Fantasy 126
Food 116
Nature Landscapes 164
Plants 54
Products 77
Real Human 347
Sports 49
Vehicles 63

Edit 19,903
None 18,261
Animals 263
Architecture 114
Cartoon 96
Fashion 141
Fantasy 98
Food 234
Nature Landscapes 105
Plants 97
Products 164
Real Human 136
Sports 98
Vehicles 96

Visual Jigsaw 1,286
None 1,286

Chess Game 2,196
None 2,196

Total 100,750

Table 1. Detailed statistics of the WEAVE-100k dataset.



Abstract Expressionist Acrylic Painting Anime Art Nouveau Baroque Black And White Photography Cartoon Cel Shading

Charcoal Drawing Chinese Ink Wash Colored Pencil Cubist Cyberpunk Digital Painting Expressionist Fantasy Art

Film Noir Glitch Art Graffiti Graphite Drawing Hyperrealistic Impressionist Ink Painting Isometric

Low Poly Manga Marker Drawing Minimalist Mosaic Neon Art Oil Painting Pastel Drawing

Pen And Ink Pencil Sketch Photorealistic

Pixel Art Pointillism
Polaroid

Pop Art
Realism

Renaissance Sci-Fi Art Screen Print Sepia Tone Stained Glass Steampunk Street Art Surrealist

Synthwave Ukiyo-E Vaporwave Vector Art Vintage Photography Watercolor Woodcut

Figure 1. Image style examples used in Nano bana inference.

A.3. Statistics

While Section ?? presents the proportional distribution of
various data types in WEAVE-100k and WEAVEBench,
Table 1 in this section provides a more granular breakdown
of the composition of sub-domains and domains within the
complete WEAVE-100k dataset.

B. Experiment Details

B.1. Evaluation Prompts

We employ GPT-4o [1] as our evaluation judge for the main
experimental results presented in Figure ??. The evalua-
tion prompts used to assess the four dimensions—Key Point
Correctness, Visual Consistency, Image Quality, and Accu-
racy—are illustrated in Figures 2, 3, 4, and 5, respectively.



Table 2. Dataset categories with main content, scenarios, and editable dimensions.

Category Main Content Scenarios Editable Dimensions

Food & Drink Staples, snacks, desserts, fruits, beverages (hot/cold) Dining tables,
restaurants, street
stalls, picnics,
festive banquets

Ingredient substitution,
plating style, scene modifi-
cation, style adjustment

Real Humans Portraits, full-body, half-body, group photos; Actions:
standing, walking, exercising, socializing, working

Indoor/outdoor,
offices, streets,
event venues

Clothing change, pose
adjustment, background
modification, expression
change

Animals & Pets Pets (cats, dogs, rabbits, birds), farm animals (cattle,
sheep, horses), wildlife (lions, elephants, bears), ma-
rine life (fish, dolphins, whales), insects & reptiles
(butterflies, spiders, snakes), mythical creatures (drag-
ons, unicorns, phoenix); Actions: playing, running,
sleeping, eating, flying, swimming

Homes, parks,
zoos, natural habi-
tats, aquariums

Breed change, color vari-
ation, accessory addition,
scene switching, pose ad-
justment

Architecture & In-
terior

Exteriors (modern buildings, historical structures,
skyscrapers, bridges, churches, castles), interiors (liv-
ing rooms, bedrooms, kitchens, offices, cafés); Styles:
modern, vintage, industrial, Nordic, Japanese, Chinese

City skylines,
countryside,
historic districts,
campus land-
scapes

Style change, furniture re-
placement, lighting adjust-
ment, seasonal variation,
decoration modification

Nature & Land-
scapes

Terrain (mountains, canyons, plains, deserts, glaciers),
water bodies (oceans, lakes, rivers, waterfalls), vegeta-
tion (forests, grasslands, bamboo groves, rainforests),
sky (sunrise, sunset, starry sky, aurora, sea of clouds);
Seasons: spring, summer, autumn, winter; Weather:
sunny, rainy, foggy, snowy, stormy

Natural environ-
ments

Weather change, time tran-
sition, seasonal switching,
color adjustment, natural
element addition

Products & Ob-
jects

Electronics (phones, earbuds, cameras, laptops,
tablets), fashion accessories (watches, bags, jew-
elry, sunglasses), cosmetics (perfume, lipstick, skin-
care), home goods (lamps, vases, cushions, tableware),
books, stationery, toys, sports equipment

White back-
ground, display
stands, lifestyle
scenes, desktops,
outdoor settings

Color variation, material
change, arrangement
combination, background
switching, lighting adjust-
ment

Cartoon & Styl-
ized Characters

Anime characters (Japanese anime, manga), West-
ern cartoons (Disney/Pixar, American comics), 3D
characters (game characters, virtual avatars), mascots
& avatars (brand mascots, social media avatars), Q-
version/Chibi, fantasy hybrids (robots, elves, monsters,
hybrid creatures)

Fantasy worlds,
modern cities,
space, magic
academies

Clothing change, expres-
sion adjustment, color
scheme change, scene
switching, style transfor-
mation

Flowers & Plants Flowers (roses, tulips, cherry blossoms, sunflowers,
peonies, orchids), plants (potted plants, succulents,
foliage plants, trees, vines)

Gardens, vases,
outdoors, green-
houses, balconies,
floral arrange-
ments

Species change, color vari-
ation, layout adjustment,
background modification,
seasonal change

Vehicles Land (cars, motorcycles, bicycles, buses, trains), air
(airplanes, helicopters, hot air balloons), water (yachts,
sailboats, ferries, speedboats); Views: side, front,
aerial, interior

City streets, high-
ways, racetracks,
parking lots, air-
ports, ports, show-
rooms

Color change, model
replacement, background
modification, modification
addition, lighting adjust-
ment

Fantasy & Sci-Fi Sci-fi elements (spaceships, aliens, robots, futuristic
cities, cyberpunk streets), fantasy elements (magic
scenes, fantasy creatures, magic academies, elf forests,
dragon lairs), surreal art (dreamscapes, geometric ab-
stractions, spacetime distortions)

Space stations,
alien planets,
magic worlds,
parallel universes

Creature replacement, envi-
ronment change, effect ad-
dition, atmosphere adjust-
ment, style transformation

Sports & Fitness Ball sports (basketball, soccer, tennis, volleyball, golf),
fitness activities (yoga, running, weightlifting, swim-
ming, cycling), extreme sports (rock climbing, skiing,
surfing, skydiving), equipment (gym machines, sports
gear)

Stadiums, gyms,
outdoor fields,
pools, competi-
tion venues

Action variation, equip-
ment change, scene switch-
ing, sport type change

Fashion & Cloth-
ing

Apparel (dresses, suits, casual wear, sportswear, for-
mal wear), accessories (shoes, hats, scarves, belts), dis-
play methods (hangers, mannequins, flat lay); Styles:
streetwear, elegant, athletic, business, vintage

Runways, street
photography, stu-
dios, stores, fash-
ion exhibitions

Color/pattern variation,
style adjustment, combi-
nation matching, scene
switching



Prompt for Key point Checklist

# Image Gener ation Evaluation Framework

You are a str ict an d professional visual evaluation specialist with expertise in assessing AI -gen erated images. Yo ur task is to determin e h ow accurately 
and effectively  a generated image fu lfills th e specified instruction s, usin g a stru ctu red evaluation methodology.

## Inp ut Structure

For each evalu ation, you will receive:
1. **Generated Image**: The final ou tput image created by  an  AI system
2. **Task Instructions**: A detai led set o f req uirements that includ es:
- One or more reference images
- Specific modification requir ements for each reference image

## Evaluation Criteria

Evaluate the gener ated image based on these key dimensions:
1. **Requiremen t Fulfillment** (70% weight)
- Accuracy: How pr ecisely each  r equested  mo dification was implemented
- Co mpleteness: Wheth er all specified changes were executed
- Fidelity: How well imp ortant elemen ts from the reference were preser ved

2. **Visual Quality** (30% weight)
- Co herence: Natural integration of modificatio ns without arti facts
- Co mposition: Balanced visual arran gement maintaining ar tistic integrity
- Detail: Appro priate lev el of detail in modified elements

## Evaluation Pr ocess

1. **Initial Assessment**: First examine both  th e r efer ence an d generated  images side by side
2. **Systematic Review**: Analyze each instruction req uirement ind ividually
3. **Requiremen t Tracking**: Create a mental checklist to ensur e n o requiremen ts are overlooked
4. **Visual Verification**: Identify sp ecific visual evidence for each implementation success or failure
5. **Holistic Scoring**: Consider both  techn ical execution  an d artistic in tegrity  in your final score

## Scorin g Guidelines

- **9-10**: Exceptional execution with virtually all requ irements p erfectly implemented
- **7-8**: Str ong imp lementatio n with  minor oversights or qu ality issu es
- **5-6**: Adequate implementation with noticeab le flaws in  several requiremen ts
- **3-4**: Par tial implementation  with sign ificant omissions or quality issues
- **0-2**: Po or implementation with most r equirements missed or poo rly executed

## Output Format
Pro vide your  ev aluatio n in strict JS ON format:
```json
{
"score": 0-10,
"r easoning": "Simple explanation of your  assessmen t"
}

## Impo rtant No tes

- Evaluate ALL task in structio ns compreh ensiv ely, not just the most obv ious o nes
- Co nsid er both what was added/mod ified AND what was correctly  p reserved
- Be p recise in yo ur reaso ning, citing specific visual elements as evidence
- Focus on  o bjective evaluation rather  th an subjective aesthetic preferen ces
- Co nsid er tech nical difficulty wh en assessing complex modificatio ns

Now:
Generated Image is <image>\n
Task Instr uctions is:

Figure 2. Prompt for Evaluating Key Point Correctness.

B.2. Training Details

We trained the model on 8× NVIDIA H100 GPUs with the
batch size per GPU set to 1, for a total of 30, 000 training
steps, requiring approximately 60 hours of compute time.
Due to the token-intensive nature of images in the Bagel
dataset, many of our samples contained more than three im-
ages within a single conversation turn. Concatenating these
into multi-turn dialogues would exceed the maximum con-

text length of the H100 GPUs. Therefore, we implemented
a random sampling approach where we selected individual
conversation turns for training rather than including com-
plete dialogue sequences. Additionally, our dataset utilized
the notation “Image #3” to reference specific images. Since
our methodology involved randomly selecting single turns,
we refined these numerical references to correctly reflect the
sequential position of images in the post-processing phase.



Prompt for Visual Consistency
# Image Consistency Evalu ation Framework

You are a meticulous, uncompr omising visual for ensics expert with exceptional attention to detail. Yo ur mission is to conduct a pixel-lev el analysis of 
image con sistency, ap plying the strictest possible standards in your evaluation . You will  assess with  scientific precision whether non-target elements 
maintain  p erfect visual fidelity  with referen ce images.

## Inp ut Structure
You will  receive:
1. **Generated Image**: The resu lt image for  th e comp osition of task instru ctions
2. **Task Instructions**: One or more specific r equirements, each containing: A r efer en ce image modification  r equirements

## Your Pr imary Objective
Evaluate wh ether **n on-target elements** in the generated image remain **visu ally co nsistent**  with  th e r eferen ce images in cluded in the task 
instructions. Focus exclusively on elemen ts that sh ould  NOT hav e chan ged accordin g to the requir ements.

## Con sistency Evaluation Guidelines

### Elemen ts Th at M ust Remain Consistent
- **Backgrou nd Elemen ts**: En vironmen t, scen ery, setting details not mention ed in tasks
- **Unrelated Objects**: Items no t involved in the editin g process
- **Structural Elemen ts**: Basic compo sitio n, layout, perspective (u nless specified for ch ange)
- **Identity Preservation**: People, animals, or ob jects sh ould  maintain their core characteristics
- **Style Consisten cy**: Overall visual style, lighting conditio ns, color  p alette

### Elemen ts Expected to Change
- **Target Ob jects**: Items explicitly mentioned in  task in structio ns
- **Direct Co nsequ ences**: Changes that lo gically result from the in tended transformations
- **Process Effects**: Visu al effects directly cau sed by the editing pr ocess

## Evaluation Pr ocess

1. **Identify Task Requir ements**: Analyze each task instru ction and its asso ciated refer ence image
2. **Identify Tar get Elements**: Clear ly define what sh ould  chan ge based on task instru ctions
3. **Identify Preservatio n Elements**: Deter mine wh at should remain un ch anged
4. **Compare Preservatio n Qu ality**: Assess how well no n-target elements maintained consisten cy  with referen ce images
5. **Evaluate Imp act**: Determine ho w any in co nsistencies affect overall visual coh er ence

## Scorin g Scale (0-10)

| S co re | Description  |
|---- ---|---- ------ ---|
| **10**  | **Absolute Perfection**: Forensic analy sis reveals zero detectable differences in any no n-target element |
| **9**  | **Near-Perfect**: M icroscop ic d eviations detectable on ly thro ugh pixel-lev el analysis |
| **8** | **Superio r**: Min imal deviations v isib le only under in tense scr utiny | 
| **7**  | **Highly  Proficient**: M inor in co nsistencies v isib le upon  close in spection  |
| **6**  | **Proficient**: S mall but noticeable inconsistencies in non-target elements |
| **5** | **Bord erlin e Acceptable**: Multiple clear inconsistencies affectin g visual coheren ce | 
| **4**  | **S ubstandard**: Numero us obv ious inconsistencies co mpromising v isual integr ity | 
| **3** | **Deficient**: Significant in co nsistencies creating visual d issonance |
| **2**  | **S everely Deficient**: M ajor alter ations r endering non-target elements b arely recognizab le | 
| **1**  | **Critical Fai lure**: Extreme inconsistencies with fundamental breakdown of visual co herence | 
| **0** | **Complete Corr uption**: Non-target elements u tterly tran sformed, bearin g no resemblan ce to referen ces |

## Output Format
Pro vide your  ev aluatio n in strict JS ON format:
```json
{
"score": 0-10,
"r easoning": "Simple explanation of your  assessmen t"
}
```

Imp ortant Notes:
- You will be evalu ating a generated image against reference images embedded within multiple task in structio ns
- Each task instruction contain s both a reference image and specific requ irements for  changes
- You must co nsid er all tasks comprehensively wh en evaluating consisten cy
- Focus solely on whether elements that should NOT h ave ch anged remained consistent with their appear ance in the reference imag es

Now
Generated Image is <image>\n
Task Instr uctions is

Figure 3. Prompt for Evaluating Visual Consistency.

During training, we employed the following hyperparame- ters: maximum latent size of 64, learning rate of 2× 10−5,



Prompt for Image Quality

You are a uncompromising and professional image quality assessor specializing in AI-generated content evaluation.

You will be given:
1. **Generated Image**: an AI-generated image to evaluate

Your Objective:
Evaluate the **perceptual quality** of the AI-generated image, focusing on technical excellence, visual coherence, and absence of 
generation artifacts.

## Quality Assessment Dimensions:

### Structural Coherence
- **Anatomy/Geometry**: Correct proportions, realistic structures, proper object shapes
- **Spatial Relationships**: Logical positioning, appropriate scale relationships
- **Compositional Logic**: Coherent scene layout, proper perspective

### Visual Fidelity 
- **Texture Quality**: Realistic surface textures, appropriate material appearance
- **Detail Clarity**: Sharp important details, appropriate level of detail throughout
- **Color Accuracy**: Natural color distribution, proper lighting/shadow

### Generation Artifacts
- **Duplication Issues**: Repeated elements, phantom objects, merged features
- **Blending Problems**: Unnatural transitions, ghosting effects, edge artifacts
- **Distortion Errors**: Warped features, impossible geometries, scale inconsistencies

### Overall Naturalness
- **Photorealism**: Does the image look natural and believable?
- **Coherent Style**: Consistent visual style throughout the image
- **Professional Quality**: Would this pass as high-quality content?

## Evaluation Scale (0 to 10):
- **9-10 Exceptional Quality**: **Professional-grade image** with **no noticeable artifacts or flaws**; perfect technical excellence 
and photorealistic quality
- **7-8 Very Good Quality**: **High-quality image** with **minimal flaws** that don't affect overall impression
- **5-6 Good Quality**: **Decent image** with **some noticeable flaws** but overall usable
- **3-4 Fair Quality**: **Multiple noticeable flaws** that somewhat detract from image usability
- **1-2 Poor Quality**: **Multiple significant flaws** that severely detract from image usability
- **0 Unusable Quality**: **Major structural problems**, severe artifacts, completely unusable

## Important Note:
If the input is a composite of multiple images (collage, grid, multiple separate images combined) rather than a single coherent 
image, the maximum possible score is 4, regardless of quality.

## Reasoning Steps:
1. **Image Type Assessment**: Determine if this is a single image or a composite of multiple images
2. **Structural Analysis**: Assess geometric and anatomical correctness
3. **Fidelity Evaluation**: Check texture, detail, and color quality
4. **Artifact Detection**: Identify any generation artifacts or distortions
5. **Naturalness Assessment**: Evaluate overall believability and professional quality

## Input: <image>\n

## Output Format:
You must return your evaluation as a JSON object with the following structure:
`` j̀son
{
"score": 0-10,
"reasoning": "Simple explanation of your assessment"
}
```

Note: The score must be an integer value between 0 and 10.

Figure 4. Prompt for Evaluating Image Quality.



Prompt for Key point Checklist

You are a careful expert answer evaluator with deep analytical capabilities.

You will be given:
1. **Standard Answer**: The correct answer or reference solution
2. **Generated Answer**: An answer to evaluate against the standard

Your Objective:
Evaluate how closely the generated answer matches the standard answer in terms of correctness, completeness, and accuracy.

## Evaluation Dimensions:

### Content Accuracy
- **Factual Correctness**: Whether facts, data, and information are correct
- **Conceptual Alignment**: Whether key concepts and ideas match the standard
- **Error Presence**: Absence of incorrect statements or misunderstandings

### Completeness
- **Key Points Coverage**: Whether all essential points from standard are covered
- **Detail Level**: Appropriate depth of information compared to standard
- **Scope Alignment**: Whether the generated answer stays within the proper scope

## Scoring System (0, 5, or 10 only):
- **10 - Excellent Match**: The generated answer contains all key information from the standard answer with no significant errors or 
omissions. It may use different wording but conveys the same meaning and reaches the same conclusions.

- **5 - Partial Match**: The generated answer contains some key information from the standard answer but has notable omissions 
or errors. It partially addresses the question but misses important elements or includes some incorrect information.

- **0 - Poor Match/Mismatch**: The generated answer is substantially different from the standard answer, contains major factual 
errors, misses most key points, or demonstrates fundamental misunderstanding of the question.

## Reasoning Steps:
1. **Content Comparison**: Identify key points in both answers and compare them
2. **Gap Analysis**: Determine what important information is missing from the generated answer
3. **Error Detection**: Identify any incorrect information in the generated answer
4. **Holistic Assessment**: Consider the overall effectiveness of the generated answer compared to standard

## Output Format:
You must return your evaluation as a JSON object with the following structure:
{{
"score": 0|5|10,
"reasoning": "Simple explanation of your assessment"
}}

Note: The score must be exactly 0, 5, or 10 with no other values permitted.

Now:
Standard Answer is : {standard_answer}
Generated Answer is : {generated_answer}

Figure 5. Prompt for Evaluating Comprehension Accuracy.

maximum number of tokens set to 11, 520, maximum tokens
per sample limited to 10, 240, vision transformer conditional
dropout probability of 0, and exponential moving average
(EMA) decay rate of 0.9999.

B.3. Details on Benchmarks and Metrics

Score Weights. The importance across evaluation dimen-
sions varies considerably. For instance, in editing tasks, ful-
fillment of requirements—specifically the Key Points (KP)
mentioned in Section ??—is paramount. We employ the
following scoring methodology: for generation tasks exclu-

sively, the composite score is calculated as:

Score = 0.50 · KP + 0.20 · VC + 0.30 · IQ (1)

When evaluating unified models for both generation and
comprehension tasks, the scoring formula becomes:

Score = 0.40 ·KP+0.10 ·VC+0.20 · IQ+0.30 ·ACC (2)

For comprehension tasks in isolation, we report ACC
directly.

Detailed Results for WEAVEBench. The leaderboard
scores on WEAVEBench are presented in Table ??. De-



tailed performance metrics for each model across the four
major categories—Science, Creation, Logic, and Game—are
provided in Table 3, Table 4, Table 5, and Table 6, respec-
tively.

History Usage. Evaluations were conducted under three
distinct in-context conditions: (1) no history (single-turn gen-
eration without contextual information), (2) partial history
(incorporating only self-generated images with explicitly
mentioned visual context, excluding prior interactions), and
(3) complete history (incorporating all previous interactions).
For image placement, we implemented two configurations:
“yes-first,” where images appear at their first mention posi-
tion, and “yes-front,” where all images are consolidated at
the beginning of the input (results reported in Table ??). We
denote the use of ground truth images in history as “yes-gt”
in Figure ??, which was implemented based on the “yes-
front” configuration. In the implementation of complete
history, VLMs had access to all historical dialogue, while
generative models only received historical images as input,
since most cannot process dialogue information (with lim-
ited exceptions such as nano-banana). Consequently, we
adopted the approach of providing only images as historical
context.

Image Concatenation Methodology. For models in-
capable of processing sequence-format inputs, we imple-
mented a concatenation approach following established
precedents [13, 16, 16, 17, 61]. Specifically, images were
arranged horizontally in a single row, with sequential nu-
merical identifiers annotated in the upper-left corner of each
image. We observed that after implementing the concatena-
tion approach, certain models such as Step1X were unable to
distinguish which specific image required editing, and con-
tinued to maintain the original dimensions in their outputs.
Consequently, when presenting examples in Table ??, we
extracted the relevant portions and rescaled them to either
their original dimensions or to dimensions consistent with
other models for comparative display purposes.

B.4. Baselines Details
We evaluated 4 LLMs, 7 Edit models, and 11 UMMs on
WEAVEBench as presented in Table ??. In this section,
we provide detailed information regarding the parameter
configurations for these models.

Unified Models.
• Bagel [15] is an open-source multimodal foundation model

comprising 7B active parameters (14B total) trained on
large-scale interleaved multimodal data. Bagel demon-
strates superior performance relative to state-of-the-art
open-source VLMs across standard multimodal under-
standing benchmarks. Concurrently, it achieves text-to-
image generation quality comparable to specialized mod-
els such as Stable Diffusion 3. Throughout our experimen-
tal evaluation, we adhere to the officially recommended

parameters and prompting strategies. Bagel-Zebra [30] is
a variant of the model that has been fine-tuned using the
Zebra-Chain-of-Thought (Zebra-COT) methodology [30].

• OmniGen2 [51] represents a unified multimodal gen-
erative framework exhibiting enhanced computational
efficiency and modeling capacity. Unlike its predecessor
OmniGen v1, OmniGen2 implements a dual-pathway
decoding architecture with modality-specific param-
eters for text and image generation, coupled with a
decoupled image tokenization mechanism. For our
experimental evaluation, we configure the temporal
offset parameter to 3.0, the text guidance scale to
5.0, and the image guidance scale to 1.5. The
negative prompt is specified as "(((deformed))),
blurry, over saturation, bad anatomy,
disfigured, poorly drawn face,
mutation, mutated, (extra limb),
(ugly), (poorly drawn hands), fused
fingers, messy drawing, broken legs
censor, censored, censor bar". All inference
procedures employ a 50-step sampling schedule.

• OmniGen [52] is a unified image generation model ca-
pable of producing a wide range of images from multi-
modal prompts. This model was open-sourced by the
Beijing Academy of Artificial Intelligence (BAAI). For
our implementation, we utilize the following parame-
ters: height=1024, width=1024, guidance scale=2.5,
img guidance scale=1.6, and seed=0.

• Ovis-U1 [44] is a unified model for multimodal understand-
ing, text-to-image generation, and image editing, open-
sourced by Alibaba’s AIDC group. We employ the follow-
ing parameters: steps=50, img cfg=1.5, and txt cfg=6.
It should be noted that Ovis’s generation tasks only sup-
port single-image input; therefore, for data with two or
more images, we implemented image concatenation. The
understanding tasks, however, support multiple sequential
image inputs.

• UniPic [45] is Skywork’s unified generation and under-
standing model, encompassing three variants:
– UniPic-1.0 — 1.5B parameters, employing Unified Au-

toregressive Modeling for joint visual understanding
and generation, enabling a single transformer to handle
both perception and synthesis tasks.

– UniPic-2.0 Series — SD3.5M-Kontext and MetaQuery
variants based on Efficient Architectures with Diffusion
Post-Training, delivering state-of-the-art performance
in text-to-image generation, fine-grained image editing,
and multimodal reasoning.

For UniPic-1.0, we utilize the following hyper-
parameters: image size=1024, num iter=32,
cfg=3, cfg prompt="Repeat this image",
cfg schedule="constant", and tempera-
ture=1.0. For all UniPic-2.0 variants, we employ:



Size In-context Modality Format KP VC IQ ACC Avg

Intern3.5-VL [47] 8B Ë � � - - - 0.114 0.114
Qwen3-VL [6] 8B Ë � � - - - 0.432 0.432
GPT-4o [1] - Ë � � - - - 0.591 0.591
GPT-4.1 [1] - Ë � � - - - 0.705 0.705

AnyEdit [58] 1B è Õ � 0.376 0.563 0.481 - 0.445
UltraEdit(SD3) [62] 2B è Õ � 0.45 0.558 0.528 - 0.493
VAREdit-8B [35] 8B è Õ � 0.437 0.661 0.618 - 0.536
Step1X-Edit v1.1 [32] 12B è Õ � 0.442 0.821 0.630 - 0.574
Step1X-Edit v1.2 [32] 12B è Õ � 0.497 0.622 0.625 - 0.560
FLUX.1 Kontext [27] 12B è Õ � 0.500 0.755 0.628 - 0.589
Qwen-Image-Edit [50] 20B è Õ � 0.510 0.622 0.687 - 0.586

OminiGen [52] 4B è Õ � 0.375 0.343 0.473 - 0.398
OminiGen2 [51] 7B è * � 0.455 0.501 0.612 - 0.511
Ovis-U1 [44] 3B è * � 0.466 0.545 0.569 0.159 0.402
UniPic [45] 1.5B è Õ � 0.490 0.455 0.454 - 0.472
UniPic2-SD3.5M [48] 2B è Õ � 0.422 0.558 0.513 - 0.477
UniPic2-Metaquery [48] 9B è Õ � 0.442 0.542 0.546 - 0.493
NextStep-1-Large [43] 15B è Õ � 0.515 0.516 0.528 - 0.519
Seedream 4.0 [41] - è Õ � 0.617 0.686 0.791 - 0.683
Seedream 4.0 [41] - Ë Õ � 0.597 0.678 0.778 - 0.667
Nano Banana [14] - è Õ � 0.631 0.763 0.824 - 0.715
Nano Banana [14] - Ë Õ � 0.633 0.739 0.818 - 0.710
Bagel [15] 14B è * � 0.446 0.534 0.528 0.136 0.378
Bagel-Zebra [30] 14B è * � 0.463 0.561 0.551 0.159 0.399
+ WEAVE-100k 14B è * � 0.500 0.584 0.569 - 0.537

Table 3. Main results on WEAVEBench �Science Part. Ë and è denote full and partial in-context history, respectively. Õ, �, and
* indicate image-only, text-only, and combined evaluations, respectively. � and � represent sequential and concatenated image inputs,
respectively.

num inference steps=50, guidance scale=3.5, and
seed=42. Notably, UniPic-2.0 tokenizes images after
adjusting their height and width to the nearest downward
multiple of 16.

• NextStep-1-Large-Edit [43] is a 14B autoregressive
model paired with a 157M flow matching head, trained
on discrete text tokens and continuous image tokens
with next-token prediction objectives. NextStep-1
achieves state-of-the-art performance for autoregressive
models in text-to-image generation tasks, exhibiting
strong capabilities in high-fidelity image synthesis.
Since it only supports a single <image> tag, we
followed the case format by placing <image> at the
beginning and inputting images sequentially. The
hyperparameters used were: num images per caption=1,
positive prompt=None, negative prompt="Copy
original image.", cfg=7.5, cfg img=2,
cfg schedule="constant", use norm=True,
num sampling steps=50, timesteps shift=3.2, and
seed=42.

• Seedream 4.0 [41] is a new-generation image creation

model that integrates image generation and image editing
capabilities into a single, unified architecture. Some im-
ages were omitted after multiple attempts due to sensitive
content flags. The parameters used were: size="2k" and
sequential image generation="disabled".

• Nano Banana [14] is a top-rated AI image generation and
image editing tool from Google DeepMind that enables
the transformation of a single photograph into numerous
novel creations. No special parameter configurations were
employed in our implementation.

Image Editing Models. We establish the models listed
in Table ?? as baselines, comprising six open-source mod-
els: AnyEdit, UltraEdit (SD3) with diffusion architec-
ture, FLUX.1 Kontext, VAREdit-8B with VAR architecture,
Qwen-Image-Edit employing MLLM combined with diffu-
sion models, Step1X-Edit v1.1, and Step1X-Edit v1.2. We
strictly adhere to the default hyperparameters provided in
the official GitHub repositories or Hugging Face [25] im-
plementations of these baseline models. The key parameter
configurations are enumerated below:
• Qwen-Image-Edit [50]: An image editing variant of Qwen-



Size In-context Modality Format KP VC IQ ACC Avg

Intern3.5-VL [47] 8B Ë � � - - - 0.500 0.500
Qwen3-VL [6] 8B Ë � � - - - 0.000 0.000
GPT-4o [1] - Ë � � - - - 0.500 0.500
GPT-4.1 [1] - Ë � � - - - 0.500 0.500

AnyEdit [58] 1B è Õ � 0.460 0.572 0.566 - 0.514
UltraEdit(SD3) [62] 2B è Õ � 0.531 0.599 0.587 - 0.561
VAREdit-8B [35] 8B è Õ � 0.645 0.662 0.603 - 0.636
Step1X-Edit v1.1 [32] 12B è Õ � 0.646 0.877 0.720 - 0.714
Step1X-Edit v1.2 [32] 12B è Õ � 0.643 0.680 0.622 - 0.644
FLUX.1 Kontext [27] 12B è Õ � 0.705 0.879 0.759 - 0.756
Qwen-Image-Edit [50] 20B è Õ � 0.706 0.739 0.715 - 0.715

OminiGen [52] 4B è Õ � 0.473 0.425 0.507 - 0.474
OminiGen2 [51] 7B è * � 0.644 0.675 0.751 - 0.682
Ovis-U1 [44] 3B è * � 0.500 0.593 0.590 0.555 0.557
UniPic [45] 1.5B è Õ � 0.619 0.584 0.545 - 0.590
UniPic2-SD3.5M [48] 2B è Õ � 0.613 0.638 0.637 - 0.625
UniPic2-Metaquery [48] 9B è Õ � 0.664 0.664 0.670 - 0.666
NextStep-1-Large [43] 15B è Õ � 0.652 0.636 0.556 - 0.620
Seedream 4.0 [41] - è Õ � 0.840 0.869 0.843 - 0.847
Seedream 4.0 [41] - Ë Õ � 0.828 0.842 0.824 - 0.830
Nano Banana [14] - è Õ � 0.819 0.856 0.806 - 0.823
Nano Banana [14] - Ë Õ � 0.838 0.873 0.832 - 0.843
Bagel [15] 14B è * � 0.683 0.685 0.666 0.000 0.475
Bagel-Zebra [30] 14B è * � 0.667 0.661 0.614 0.000 0.456
+ WEAVE-100k 14B è * � 0.734 0.743 0.635 - 0.706

Table 4. Main results on WEAVEBench `Creation Part. Ë and è denote full and partial in-context history, respectively. Õ, �, and
* indicate image-only, text-only, and combined evaluations, respectively. � and � represent sequential and concatenated image inputs,
respectively.

Image that extends the foundational 20B Qwen-Image
model’s text rendering capabilities to instruction-based
image editing tasks, enabling precise textual modifica-
tions within images. The architecture incorporates a
dual-pathway approach where the input image is simul-
taneously processed through Qwen2.5-VL for seman-
tic understanding and control, and through a VAE en-
coder for visual appearance preservation and manipula-
tion. This design enables comprehensive editing capa-
bilities encompassing both semantic content modifica-
tion and visual appearance refinement. Inference is con-
ducted with the following hyperparameters: random seed
= 0, true cfg scale = 4.0, negative prompt
= "", and num inference steps = 50.

• FLUX.1-Kontext [27]: A 12 billion parameter rectified flow
transformer architecture designed for instruction-guided
image editing. The model employs flow matching tech-
niques to enable coherent image modifications based on
textual instructions. We set guidance scale = 2.5
for all experiments to ensure optimal generation quality
while maintaining editing fidelity.

• UltraEdit [62]: This model is trained on approxi-
mately 4 million instruction-based editing samples
using the Stable Diffusion 3 [40] architecture. It
supports both free-form and mask-based input modal-
ities to enhance editing performance. For consistency
across all experiments, we exclusively employ its
free-form variant. We note that since UltraEdit is
trained on the SD3 architecture, its performance met-
rics may not fully reflect the intrinsic improvements
attributable to its specialized editing dataset. We uti-
lize the BleachNick/SD3 UltraEdit w mask
model variant in free-form editing mode with
blank mask initialization. Evaluation is conducted
with hyperparameters num inference steps
= 50, image guidance scale = 1.5,
guidance scale = 7.5, and negative prompt
= "" to maintain consistency with our experimental
protocol. Inference is performed at 512× 512 resolution.

• VAREdit-8B [35]: A visual autoregressive (VAR) frame-
work for instruction-guided image editing, built upon In-
finity [21]. This approach reframes image editing as a



Size In-context Modality Format KP VC IQ ACC Avg

Intern3.5-VL [47] 8B Ë � � - - - 0.667 0.667
Qwen3-VL [6] 8B Ë � � - - - 0.000 0.000
GPT-4o [1] - Ë � � - - - 0.167 0.167
GPT-4.1 [1] - Ë � � - - - 0.167 0.167

AnyEdit [58] 1B è Õ � 0.352 0.330 0.365 - 0.351
UltraEdit(SD3) [62] 2B è Õ � 0.435 0.639 0.487 - 0.491
VAREdit-8B [35] 8B è Õ � 0.630 0.591 0.504 - 0.584
Step1X-Edit v1.1 [32] 12B è Õ � 0.661 0.857 0.661 - 0.700
Step1X-Edit v1.2 [32] 12B è Õ � 0.543 0.587 0.470 - 0.530
FLUX.1 Kontext [27] 12B è Õ � 0.557 0.861 0.626 - 0.639
Qwen-Image-Edit [50] 20B è Õ � 0.587 0.630 0.565 - 0.589

OminiGen [52] 4B è Õ � 0.404 0.352 0.430 - 0.401
OminiGen2 [51] 7B è * � 0.552 0.530 0.565 - 0.551
Ovis-U1 [44] 3B è * � 0.535 0.478 0.509 0.000 0.364
UniPic [45] 1.5B è Õ � 0.513 0.448 0.391 - 0.463
UniPic2-SD3.5M [48] 2B è Õ � 0.543 0.557 0.535 - 0.543
UniPic2-Metaquery [48] 9B è Õ � 0.561 0.509 0.417 - 0.507
NextStep-1-Large [43] 15B è Õ � 0.483 0.417 0.374 - 0.437
Seedream 4.0 [41] - è Õ � 0.674 0.643 0.713 - 0.679
Seedream 4.0 [41] - Ë Õ � 0.678 0.578 0.639 - 0.646
Nano Banana [14] - è Õ � 0.648 0.652 0.704 - 0.666
Nano Banana [14] - Ë Õ � 0.735 0.757 0.704 - 0.730
Bagel [15] 14B è * � 0.583 0.630 0.548 0.000 0.406
Bagel-Zebra [30] 14B è * � 0.574 0.561 0.535 0.000 0.393
+ WEAVE-100k 14B è * � 0.582 0.612 0.512 - 0.567

Table 5. Main results on WEAVEBench �Logic Part. Ë and è denote full and partial in-context history, respectively. Õ, �, and *
indicate image-only, text-only, and combined evaluations, respectively. � and � represent sequential and concatenated image inputs,
respectively.

next-scale prediction problem, achieving precise image
modifications through the generation of multi-scale tar-
get features. We employ the following hyperparameters:
classifier-free guidance scale cfg = 3.0, temperature
parameter tau = 0.1, and random seed seed = 42.

• Step1X-Edit v1.1 [32]: Step1X-Edit leverages the image
understanding capabilities of multimodal large language
models (MLLMs) to parse editing instructions and gener-
ate editing tokens, which are subsequently decoded into
images using a DiT-based network. We utilize the follow-
ing inference parameters: num inference steps =
28, true cfg scale = 6.0, and seed = 42.

• Step1X-Edit v1.2 [32]: An enhanced version of
Step1X-Edit featuring improved reasoning ca-
pabilities and superior performance. We employ
num inference steps = 28, true cfg scale
= 4.0, seed = 42, enable thinking mode =
True, and enable reflection mode = False.

• AnyEdit [58] is a Mixture of Experts (MoE) architecture-
based image editing model, which is the result of fine-
tuning SD-XL [37] on the AnyEdit-2.5M dataset. For

our implementation, we employed the following hyper-
parameter configuration: utilizing the general expert,
guidance scale=3, num inference steps=100, and orig-
inal image guidance scale=3.

Vision-Language Models. We also evaluated 2 open-source
VLMs and 2 proprietary VLMs:

• Intern3.5-VL [47] is a new family of open-source mul-
timodal models that significantly advances versatility,
reasoning capability, and inference efficiency along the
InternVL series. For our implementation, we utilized
max new tokens=128.

• Qwen3-VL [6] is the most powerful vision-language model
in the Qwen family to date. This generation demonstrates
improvements to the model across multiple areas. In our
experiments, we employed max new tokens=512.

• GPT-4o [1] and GPT-4.1 [1, 9] are OpenAI’s advanced
VLMs. We implemented these models with the parameter
max tokens=1400.



Size In-context Modality Format KP VC IQ ACC Avg

Intern3.5-VL [47] 8B Ë � � - - - 0.292 0.292
Qwen3-VL [6] 8B Ë � � - - - 0.250 0.250
GPT-4o [1] - Ë � � - - - 0.083 0.083
GPT-4.1 [1] - Ë � � - - - 0.167 0.167

AnyEdit [58] 1B è Õ � 0.407 0.548 0.354 - 0.419
UltraEdit(SD3) [62] 2B è Õ � 0.398 0.526 0.454 - 0.440
VAREdit-8B [35] 8B è Õ � 0.581 0.698 0.498 - 0.580
Step1X-Edit v1.1 [32] 12B è Õ � 0.617 0.941 0.426 - 0.625
Step1X-Edit v1.2 [32] 12B è Õ � 0.567 0.681 0.476 - 0.562
FLUX.1 Kontext [27] 12B è Õ � 0.578 0.907 0.465 - 0.610
Qwen-Image-Edit [50] 20B è Õ � 0.667 0.802 0.446 - 0.628

OminiGen [52] 4B è Õ � 0.167 0.106 0.241 - 0.177
OminiGen2 [51] 7B è * � 0.502 0.543 0.504 - 0.511
Ovis-U1 [44] 3B è * � 0.470 0.526 0.393 0.125 0.357
UniPic [45] 1.5B è Õ � 0.341 0.296 0.287 - 0.316
UniPic2-SD3.5M [48] 2B è Õ � 0.517 0.583 0.407 - 0.497
UniPic2-Metaquery [48] 9B è Õ � 0.456 0.457 0.415 - 0.444
NextStep-1-Large [43] 15B è Õ � 0.356 0.265 0.259 - 0.309
Seedream 4.0 [41] - è Õ � 0.652 0.689 0.572 - 0.635
Seedream 4.0 [41] - Ë Õ � 0.609 0.672 0.533 - 0.599
Nano Banana [14] - è Õ � 0.680 0.790 0.560 - 0.666
Nano Banana [14] - Ë Õ � 0.604 0.737 0.546 - 0.613
Bagel [15] 14B è * � 0.506 0.635 0.431 0.042 0.365
Bagel-Zebra [30] 14B è * � 0.500 0.624 0.480 0.125 0.396
+ WEAVE-100k 14B è * � 0.503 0.754 0.430 - 0.531

Table 6. Main results on WEAVEBench �Game Part. Ë and è denote full and partial in-context history, respectively. Õ, �, and *
indicate image-only, text-only, and combined evaluations, respectively. � and � represent sequential and concatenated image inputs,
respectively.

C. More Related Works

Interleaved Reasoning. Large-scale corpora with inter-
leaved text and images have become essential for pretraining
VLMs with reasoning capabilities [2, 10, 12, 15, 19, 42, 55,
64]. Inspired by human cognition, where visual counterfac-
tuals facilitate reasoning [39], recent work has incorporated
analogous interleaved reasoning mechanisms into UMMs
by mapping visual inputs to symbolic representations (e.g.,
images or bounding boxes) [29, 49]. [54] explored pure
visual reasoning relying solely on visual representations
without textual modalities. Zebra-CoT [28, 30] provides an
interleaved vision-language reasoning trajectory dataset to
enhance UMMs’ comprehension performance. IRG [23] gen-
erates an initial image, then iteratively refines it through re-
flective reasoning about quality improvements. ROVER [31]
investigates the reciprocal relationship between generation
and comprehension capabilities. In contrast, Weave focuses
on in-context interleaved multimodal comprehension and
generation.
Benchmarks for UMMs. UMM capability assessment
typically encompasses three dimensions: (i) Text-to-Image:

evaluated using GenEval [20] and DPGBench [22], which
employ image detection methods [8] to ensure policy-
compliant generation, and WISE [36], which examines
complex semantic understanding and world knowledge
for T2I generation; (ii) Vision Comprehension: consistent
with Vision-Language Model (VLM) evaluation protocols,
using benchmarks including MME [7], MMBench [33],
MMMU [60], MM-Vet [59], and MathVista [34]; (iii) Image
Editing: assessed via GEdit-Bench [32] and ImgEdit [57],
which challenge UMMs to maintain image identity preserva-
tion while demonstrating semantic understanding. Addition-
ally, RISEBench and KRIS-Bench evaluate reasoning with
world knowledge. These benchmarks assess generation and
comprehension in isolation, whereas ROVER [31] pioneered
reciprocal cross-modal reasoning for omnimodal generation,
systematically evaluating intermediate processes. WEAVE
represents the first benchmark to comprehensively evaluate
interleaved multi-turn generation and understanding.



D. Additional Examples for WEAVE

D.1. Additional Examples for WEAVE-100k

In this appendix, we present a comprehensive collection of
examples that illustrate the versatility and capabilities of our
WEAVE-100k framework. Figure 10 and Figure 11 demon-
strate complex editing operations that require significant
reasoning capabilities. The first example showcases intricate
manipulations that demand careful consideration of spatial
relationships and semantic coherence, while the second ex-
ample introduces human subjects into the composition.

For Multi-Image Fusion operations, we provide four illus-
trative examples in Figures 6–9. Figure 8 demonstrates the
model’s ability to preserve footwear details during fusion
operations. Figure 7 exhibits dual-task face processing capa-
bilities. Figure 6 highlights the precise execution of specific
hairstyle requirements and depicts scenarios where head-
phones are both held by one subject and worn by another,
showcasing the model’s understanding of object interactions
across multiple contexts.

The Recall capability is exemplified in Figure 12, Fig-
ure 13, and Figure 14. In the first example, the model suc-
cessfully restores previously removed trousers to the subject.
The second example demonstrates the model’s ability to ref-
erence a full-body model from Image #2 to reconstruct the
complete body and scene in Image #4, while implement-
ing a horizontally symmetrical background transformation.
The third example shows the targeted reinsertion of a single
human subject into the composition.

Additionally, we present specialized examples for Chess
Game manipulation in Figure 15 and Visual JigSaw pro-
cessing in Figure 16, further demonstrating the framework’s
adaptability to structured visual reasoning tasks.

D.2. More example for WEAVEBench

This section presents the details of the examples shown in
Figure ??. Figure 17 demonstrates astronomical concepts,
while Figure 19 tests biological knowledge. Mathematical
reasoning is evaluated in Figure 25, and physical principles
are examined in Figure 28. The model’s chemistry knowl-
edge is assessed in Figure 20, and fusion-related concepts
in Figure 23. Geographic reasoning is presented in Fig-
ure 24. The model’s game understanding capabilities are
tested through chess problems in Figure 21 and Minecraft
scenarios in Figure 18. Optical principles are demonstrated
in Figure 27. The model’s memory and recall abilities are
evaluated in Figure 29, while spatial reasoning is tested in
Figure 30 and Figure 32. Finally, narrative comprehension
is assessed in Figure 31, and image editing capabilities in
Figure 22.

E. Broader Impact
The broader impact of Weave carries both potential benefits
and risks upon deployment and release. Some considerations
are unique due to the multimodal nature of UMMs while
others reflect challenges common to image creation environ-
ments. Below, we outline risks and mitigation strategies for
its release.
Hallucination. Similar to other models [5, 15, 30], our
approach extends and fine-tunes text-to-image generation
models to obtain unified generation capabilities, which in-
troduces potential hallucination issues [26, 63]. Analogous
to existing methods, models trained on WEAVE-100k may
produce outputs that deviate from user intentions or specified
input conditions. This phenomenon raises significant con-
cerns, particularly in commercial image applications where
purchasing decisions rely on accurate visual representations,
given that user requirements and expression modalities ex-
hibit inherent variability.
Biases. Despite implementing human supervision and a
multi-model ensemble pipeline to mitigate biases in our syn-
thetically generated dataset, the inherent biases from the
foundation models inevitably permeate our data collection
process and subsequently propagate to our fine-tuned mod-
els. This propagation can yield biased retrieval results and
inequitable representations across diverse cultural contexts.
Multilingual processing introduces additional bias vectors
through language alignment mechanisms, as demonstrated
by [11, 18].



Figure 6. An example of multi-image fusion in WEAVE-100k.

Figure 7. An example of multi-image fusion in WEAVE-100k.



Figure 8. An example of multi-image fusion in WEAVE-100k.



Figure 9. An example of multi-image fusion in WEAVE-100k.



Figure 10. An example of edit in WEAVE-100k.



Figure 11. An example of edit in WEAVE-100k.



Figure 12. An example of recall in WEAVE-100k.



Figure 13. An example of recall in WEAVE-100k.



Figure 14. An example of recall in WEAVE-100k.



Figure 15. An example of Chess Game in WEAVE-100k.



Figure 16. An example of Chess Game in WEAVE-100k.



Figure 17. An example of astronomy domain testing the model’s understanding of celestial objects and phenomena.

Figure 18. An example of Minecraft domain testing the model’s understanding of the game mechanics and environments.



Figure 19. An example of biology domain testing the model’s understanding of biological structures and processes.



Figure 20. An example of chemistry domain testing the model’s understanding of chemical structures and reactions.



Figure 21. An example of chess game analysis testing the model’s understanding of chess positions and strategies.



Figure 22. An example of image editing task testing the model’s ability to understand and suggest visual modifications.



Figure 23. An example of fusion domain testing the model’s understanding of nuclear fusion concepts and processes.



Figure 24. An example of geography domain testing the model’s understanding of geographical features and locations.



Figure 25. An example of mathematics domain testing the model’s problem-solving and reasoning abilities.



Figure 26. An example of maze-solving task testing the model’s pathfinding and spatial reasoning abilities.



Figure 27. An example of optics domain testing the model’s understanding of optical principles and phenomena.

Figure 28. An example of physics domain testing the model’s understanding of physical laws and principles.



Figure 29. An example of recall task testing the model’s memory and information retrieval capabilities.



Figure 30. An example of spatial reasoning task testing the model’s understanding of spatial relationships and transformations.



Figure 31. An example of story comprehension task testing the model’s understanding of narratives and contexts.



Figure 32. An example of visual jigsaw task testing the model’s ability to understand and reconstruct visual patterns.
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