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Abstract

Recent diffusion-based image editing methods have made
great strides in text-guided tasks but often struggle with com-
plex, indirect instructions. Additionally, current models fre-
quently exhibit poor identity preservation, unintended edits,
or rely on manual masks. To overcome these limitations, we
introduce X-Planner, a Multimodal Large Language Model
(MLLM)-based planning system that bridges user intent with
editing model capabilities. X-Planner uses chain-of-thought
reasoning to systematically break down complex instructions
into simpler sub-instructions. For each one, X-Planner au-
tomatically generates precise edit types and segmentation
masks, enabling localized, identity-preserving edits without
applying external tools or models during inference. To enable
the training of such a planner, we also introduce a fully au-
tomated, reproducible pipeline to generate large-scale, high-
quality training data. Our complete system achieves state-of-
the-art results on both existing and newly proposed complex
instruction-based editing benchmarks.

Introduction
Despite impressive progress in diffusion-based image edit-
ing (Podell et al. 2023; Brooks, Holynski, and Efros 2023;
Zhang et al. 2024a), existing systems often struggle with
a simple but critical challenge: understanding and execut-
ing complex, multi-step user instructions. While free-form
methods (Brooks, Holynski, and Efros 2023; Zhang et al.
2024a; Sheynin et al. 2024) offer convenience but often mis-
interpret intent, controllable approaches (Nichol et al. 2021;
Zhao et al. 2024; Li et al. 2023; Wang et al. 2024a; Shi et al.
2024; Nie et al. 2024; Ye et al. 2023; Chen et al. 2024a) pro-
vide spatial precision yet demand tedious manual inputs like
masks or bounding boxes.

At the core lies a deeper issue: the disconnect between
user’s instruction and editing models’ understanding, rea-
soning, and execution. We identify three major challenges
that highlight this gap: As illustrated in Figure 1, (1) Multi-
Object Reasoning: Instructions like “make this meal set-
ting to breakfast theme” (row 1) require correctly identify-
ing and modifying multiple targets, not just one. (2) Multi-
Task Planning: Prompts often imply multiple distinct edits
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(e.g., change style + alter object texture) (row 2,3), demand-
ing coherent decomposition and spatial control. (3) Indirect
and Implicit Cues: Instructions such as “make the image
look like the season when ice cream is a daily need” (row
4) require contextual reasoning and visual transformations
beyond literal object edits.

Recent MLLM-guided methods (Huang et al. 2024; Fu
et al. 2023) often falter on such nuanced instructions, mis-
interpreting prompts or editing irrelevant regions. While
GenArtist (Wang et al. 2024b) takes a step toward instruc-
tion decomposition using GPT-4 (Achiam et al. 2023), it re-
lies on brittle external detectors (Liu et al. 2024; Kirillov
et al. 2023), causing failure in tasks like object insertion
where the target is absent from the image and must be hallu-
cinated (e.g., “add a red ball” in Figure 1).

In order to robustly handle complex editing instructions,
we need an unified system that reasons over image con-
tent, understands instruction structure, and generates spa-
tially grounded, edit-type-aware plans—all within a sin-
gle, unified model. To achieve this goal, we propose X-
Planner, an Multimodal Large Language Model (MLLM)-
driven editing agent that interprets complex prompts, de-
composes them into actionable sub-instructions, and gen-
erates precise masks or bounding boxes tailored to each
edit type. For example, for insertion tasks, it goes beyond
masking and predicts a plausible insertion region using
world knowledge—something external detectors cannot do.
X-Planner also outputs the edit type, allowing task-specific
model selection to improve quality and control.

To support this system, we introduce COMPIE, a large-
scale dataset of 260K automatically generated complex-to-
simple instruction pairs, each annotated with masks, edit
types, and insertion boxes. This dataset is created with
a fully automated pipeline and strict quality controls. In
light of the lack of benchmarks for evaluating complex
instruction-driven image editing, we also propose a compre-
hensive evaluation protocol and a benchmark on complex
instructions. Our contributions are summarized as follows:

• An unified and effective planning agent. We introduce
X-Planner, an MLLM-driven agent that automatically
decomposes complex instructions into simpler tasks and
generates precise spatial guidance (masks and boxes), in-
ternalizing independently of external tools like detectors,
segmentors, or external models at inference time.
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Could you add a spaceship 
in the sky, and make tree 
in cyberpunk, and change 
the style to sci-fi style.

Insertion: <box> Add a 
spaceship in the sky

Local texture: Make tree 
to be in cyberpunk

Style: Change the 
style to sci-fi style

Complex
User instruction X-Planner (Ours) IC-Edit GPT-4o

Could you change this meal 
setting to a breakfast 
theme?

Replace: Replace the 
pasta with pancakes

Replace: Change the wine 
glass to a coffee mug

Background: adjust the 
background to a cozy 
morning setting

Could you let the dog look 
at the side, and add a red 
ball on the ground, and 
make the image look like a 
water painting style.

Shape Change: Make 
the dog look at the 
side

Insertion: <box> Add a 
red ball on the ground.

Style: Make the image 
look like a water 
painting style.

Could you make this image 
look like the season when 
ice cream is a daily need?

Local color change:
Turn the grass into a 
lush green

Insertion: <box> Add a 
picnic blanket with a 
basket on the ground

Background: Change the 
sky to a bright, sunny 
day

identity not 
preserved

execution failure

identity not 
preserved

identity not 
preserved

execution failure

identity not 
preserved

identity not 
preserved

instruction is 
not followed

Figure 1: Left. Given a source image and complex instruction, X-Planner decomposes it into sub-instructions with edit types,
generates corresponding segmentation masks, and predicts bounding boxes for insertion edits. Each edit is executed by passing
the sub-instruction and region (mask/box) to a compatible editing model. Right. Recent IC-Edit (Zhang et al. 2025) and GPT-
4o (Hurst et al. 2024) struggle with complex instruction understanding and object identity preservation.

• A fully automated and reproducible data pipeline.
We present a novel, large-scale data creation pipeline
that systematically generates complex-simple instruc-
tion pairs with corresponding annotations (segmentation
masks, bounding boxes, and edit types).

• A new complex editing benchmark with extensive
validation. We introduce a new benchmark, COMPIE,
and show through comprehensive experiments that our
framework is not only superior to prior art but also ro-
bust against multi-step errors via a closed-loop verifica-
tion mechanism.

Related Works
Controllable Generative Image Editing. Recent text-to-
image diffusion models (Rombach et al. 2022; Podell et al.

2023) have inspired text-guided image editing. These ap-
proaches are often training-free (Hertz et al. 2022; Parmar
et al. 2023; Wu et al. 2024), like Prompt-to-Prompt (Hertz
et al. 2022), which steer the diffusion process, or training-
based (Fu et al. 2023; Ge et al. 2024), like Instruct-
Pix2Pix (Brooks, Holynski, and Efros 2023), which fine-
tune on paired images. Despite their effectiveness, these
methods can over-edit or misalign with user intent. Subse-
quent works (Zhao et al. 2024; Chen, Laina, and Vedaldi
2024; Shi et al. 2024; Ye et al. 2023; Chen et al. 2024a)
introduced control signals—such as masks, boxes, or drag-
ging—to improve precision. However, these controls rely on
manual inputs and are limited to simple, direct instructions.
Our X-Planner addresses these limitations. It automatically
decomposes complex user instructions into actionable sub-
instructions and generates spatial guidance (segmentation
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X-Planner

Grounding 
Image 

Encoder

Segmentation 
Decoder

Insertion Editing Model Texture Editing Model BG Editing Model
Editing Model Pool

Could you make all 
animals look like 
they are celebrating 
Christmas?

Insertion: 
<(0.59,0.71,0.95.0.93)> 
Add Christmas ornaments 
around the cat

Local texture: 
Change the dog to have a 
red and white Christmas 
suit

Background: 
Make the background 
look like a cozy snowy 
Christmas setting

MLLM

Figure 2: Overview of X-Planner for Complex Instruction-Based Editing. X-Planner first uses an MLLM to decompose
complex instructions into sub-instructions with editing anchors, which are fed to a segmentation decoder for mask generation.
For insertion edits, it also predicts bounding boxes. Each sub-instruction is then executed by selecting the appropriate editing
model from a model pool to execute each specific edit given X-Planner generated sub-instruction along with masks / boxes.

masks and bounding boxes), removing the need for manual
controls and enabling fine-grained, intent-aligned edits.
MLLM-based Image Editing. Multimodal Large Lan-
guage Models (MLLMs) (Chowdhery et al. 2023; Tou-
vron et al. 2023; Dubey et al. 2024) are increasingly used
for image editing. Methods like SmartEdit (Huang et al.
2024) and MGIE (Fu et al. 2023) use MLLMs to guide
editing models but can struggle with identity preservation.
GenArtist (Wang et al. 2024b) uses closed-source GPT-4
to decompose prompts and relies on external detectors for
spatial grounding. In contrast, our X-Planner is a unified
MLLM agent that handles complex instructions by decom-
posing them into actionable steps. It uniquely generates edit-
type-specific masks—even hallucinating regions for object
insertion. Unlike prior work, X-Planner requires no external
tools or closed-source models.

Method
We introduce X-Planner, a unified planning agent for com-
plex instruction-based image editing. Unlike models relying
on handcrafted inputs or brittle toolchains, X-Planner di-
rectly predicts actionable sub-instructions and control guid-
ance from complex prompts to enable precise, task-type-
specific editing (Figure 2).

From Limitations to Design: Why X-Planner?
Prior work like GLaMM (Rasheed et al. 2024) can ground
visual entities but is not designed for instruction-driven edit-
ing. We observe two key limitations: (1) Lack of instruc-
tion understanding: They are trained for grounding, not
language decomposition, failing to parse complex prompts
(e.g., “make the tree cyberpunk and change the style to sci-
fi,”). (2) Inability to generate control inputs: The segmen-
tation decoder only works for visible objects. For insertion
tasks (e.g., “add a red ball” in Figure 1), GLaMM cannot
localize hallucinated objects or predict insertion regions.

These failures reveal a lack of structured, multi-step plan-
ning. We argue that a decomposition-based approach offers
fundamental advantages in interpretability, controllability,

and modular efficiency over a monolithic model. It allows
users or verification systems to correct single-step errors and
enables dispatching sub-tasks to specialized editing models.

Guided by this, we re-purpose the GLaMM architecture
for editing-centric planning. X-Planner takes an image and
complex instruction, then outputs a sequence of decomposed
sub-instructions, each annotated with: Edit type, Editing an-
chor (target object/region), and Control inputs (a segmen-
tation mask and, for insertion, a bounding box, e.g., [in-
sertion]¡ 0.59,0.71,0.95,0.93> Add Christmas ornaments
around the cat). We retain the GLaMM vision-segmentation
backbone but retrain its MLLM on our proposed COMPIE
dataset. This enables X-Planner to understand complex in-
structions and generate grounded, task-aware control inputs,
including plausible insertion boxes, bypassing external de-
tectors.

Since no existing dataset supports such end-to-end plan-
ning, we construct COMPIE, a large-scale dataset of 260K
examples linking complex instructions to simplified steps,
annotated with masks, edit types, and insertion boxes. This
supervision enables X-Planner to learn instruction decom-
position and spatial control jointly, making it the first fully-
trainable, end-to-end planner for multimodal image editing.

Automated Data Annotation Pipeline
To support X-Planner’s training, we construct COMPIE, a
novel, large-scale dataset tailored for complex instruction
decomposition and spatial control. Our automated pipeline
comprises three levels: Level 1 (Figure 3) uses MLLM to
generate complex-to-simple instruction pairs with editing
anchors; Level 2 (Figure 4) employs Grounded-SAM (Ren
et al. 2024) to produce and refine segmentation masks based
on edit type; Level 3 (Figure 5) predicts insertion boxes for
hallucinated objects, enabling location-aware insertion be-
yond visible object segmentation.
Level 1: Complex-Simple Instruction Pair Generation.
Current editing models lack data for indirect or multi-step
instructions. To address this, we leverage GPT-4o (Hurst
et al. 2024) and Pixtral-Large (Agrawal et al. 2024) to gen-
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Level 1: Complex-Simple Instruction Pair Generation

GPT-4o

Task TemplateSource Image
[In-Context Complex-Simple Pair Examples] 

1. Indirect Instructions
2. Multi-Object Targeting Instructions
3. Multi-Task Instructions 

How about making this lion look like a circus performer?

[local texture] Make the lion's fur look more groomed and shinier;  Anchor: <lion’s fur>
[background] Replace background to circus stage;  Anchor: <background>
[insertion] Add a colorful circus hat on the lion's head;  Anchor: <lion>
[insertion] Place a circus ring behind the lion;  Anchor: <lion>

- Ensure to decompose 1 to 5 simpler instructions
- Ensure instruction variability and relationship
- Generate editing task types and object anchors 

Generate 4 pairs per 
image sample

Figure 3: Level 1: Complex-Simple Instruction Pair Gen-
eration. Using our structured template, we prompt GPT-4o
to generate complex instructions—including indirect, multi-
object, and multi-task instructions (as defined in Section
1)—along with their corresponding simpler instructions, ob-
ject anchors, and edit types.

erate complex-to-simple instruction pairs grounded in image
content from diverse sources (SEED-X (Ge et al. 2024), Ul-
traEdit (Zhao et al. 2024), InstructPix2Pix (Brooks, Holyn-
ski, and Efros 2023)) into atomic edits tagged with edit types
and editing anchor(s). By utilizing in-context exemplars for
various reasoning patterns (e.g., indirect, multi-task) and in-
jecting simple-simple pairs, we ensure robust generalization
across 1 to 5 atomic steps. Please see Supp. for more details.
Level 2: Instruction Mask Generation and Refinement.
We define target regions in two stages. First (Stage 1), we
use Grounded-SAM (Ren et al. 2024) to generate raw masks
from Level 1 anchors. Then (Stage 2), we refine these based
on edit type: using direct masks for texture or background
changes, and a 20% dilated mask for shape edits. For replace
tasks (e.g., “replace pasta with pancake”), we use the union
of pre- and post-edit masks (if available) or dilate the pre-
edit mask by 20%, while global style edits utilize the entire
image (Figure 4).
Level 3: Insertion Task-Based Box Localization. A key
shortcoming of existing pipelines is handling insertion
prompts—where the object does not yet exist. Segmenting
the anchor (e.g., ”lion” in “add a circus ring behind the
lion” in Figure 3) misrepresents the intended location and
causes errors by segmenting the existing object (lion) rather
than the intended insertion area (behind the lion). To solve
this, we fine-tune the MLLM from GLaMM (Rasheed et al.
2024) to predict plausible bounding boxes for unseen ob-
jects. We supervise this on the MULAN dataset (Tudosiu
et al. 2024), which includes background images with and
without foreground objects, allowing us to use images with-
out the object as input and MLLM learns to predict the

Level 2: Instruction-Based Mask Generation & Refinement

Grounded
SAM

Anchor: <lion’s fur>
Anchor: <background>

Anchor: <lion>
Anchor: <lion>

<lion’s fur>

<lion>

<background>

[local texture]
& [local color change]  & 
[remove] & [background]

[replace] 
& [local shape change]

Make statue gold

Stage 1: Generate the Mask Based on Given Anchor

Stage 2: Refine the Mask Based on Given Edit Type (list other examples)

[style]

Make jet to be round Make image 1950’s style
Use Mask from Stage1 Dilate the Mask (+20%) Mask = Entire Image 

<lion>

Figure 4: Level 2: Instruction-Based Mask Generation
and Refinement. Stage 1 uses the source image and anchor
text with Grounded-SAM to generate an initial object mask.
Stage 2 refines the mask using edit-type-specific strategies
defined in Level 1 (Figure 3).

Level 3: Insertion Task-Based Box Localization

Annotated Insertion Task Dataset

Q: add a man next to the elephant

Training

MLLM

Q: Place a circus ring behind 
the lion

A: [insertion] <(box)> add 
a man next to the elephant

A: [insertion] <(box)> Place a 
circus ring behind the lion

Annotate 
(pseudo-label)

(GT Box       )

(Pseudo Box       )

(GT Box       ) MLLM

Stage 1: Generate the Mask Based on Given Anchor (in Level 2)

Stage 2: Generate the Bounding Box Based on Pseudo-Label from Insertion Task Pretrained MLLM

Grounded SAM

Anchor: <lion>

<lion>
❗⚠❗

The insertion type 
mask is not correct

Place a circus ring behind the lion

Figure 5: Level 3: Insertion Task-Based Mask & Box Lo-
calization. Grounded-SAM cannot localize objects absent
from the source image. We pre-train an MLLM on box-
annotated data (Tudosiu et al. 2024) to predict bounding
boxes for insertion edits via pseudo-labeling.

bounding box for novel insertion instructions. For unan-
notated examples, the model produces pseudo-labels from
the instruction alone, enabling large-scale generation. These
predictions are diverse yet consistent (see Figure 7), without
relying on external detectors for insertion instructions.
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InstructPix2Pix*InstructPix2Pix* Baseline + X-Planner

Could you add a hat to the 
plushy, and change the color 
of rabbit to blue, and apply 
oil painting to image?

[insertion] <box> Add a 
hat to the plushy

[local color change] 
Change the color of 
rabbit to blue

[style] Make the image 
into oil painting

X-Planner

UltraEdit Baseline + X-Planner UltraEdit

Could you make this image 
look like the era when AI 
dominates the world?

[local texture] Make the 
pool table have a 
holographic texture

[insertion] <box> Add a 
small robot next to the 
kitten

[background]  Replace the 
background with a 
futuristic cityscape

Could you turn this modern 
scene into an alien invasion 
scenario?

[replace] Change the 
windows to alien spaceships

[local texture] Make 
the building's exterior 
look damaged

[background] Make the 
sky look stormy with 
green hues

X-Planner

[local texture] Make the 
grass look like bamboo

X-Planner

Could you make this look 
like a serene Zen garden?

[insertion] <box> Add a 
small stone lantern on the 
ground

[remove] Remove the people 
from the scene

[style] Change the building to 
have a traditional Asian style

X-Planner

Figure 6: Qualitative Comparison on Complex Instruction Editing. Examples illustrating how X-Planner can improve iden-
tity preservation and instruction alignment for baselines like InstructPix2Pix* and UltraEdit. By providing decomposed steps
with spatial guidance (masks/boxes), our planner facilitates more precise edits than methods relying only on the global prompt.

Experiments
We evaluate X-Planner on both simple and complex in-
struction settings. For simple edits, we use both the Mag-
icBrush (Zhang et al. 2024a) and Emu Edit (Sheynin et al.
2024) benchmarks. For complex edits, we assess perfor-
mance w/wo X-Planner using our COMPIE benchmark.
Settings. X-Planner is built on GLaMM (Rasheed et al.
2024) with a Vicuna-7B backbone (Zheng et al. 2023),
trained on 260K complex-simple pairs from COMPIE. See
Supp. for details of training and dataset distributions.
Baselines. For MagicBrush and Emu Edit, we compare
against existing methods (Zhang et al. 2024b,a; Meng et al.

2021; Zhao et al. 2024; Xiao et al. 2024), and integrate
X-Planner into UltraEdit (Zhao et al. 2024) to assess its
benefit under simple settings. For COMPIE, we benchmark
against UltraEdit and InstructPix2Pix*, an improved version
of InstructPix2Pix using our internal dataset and also uti-
lizes mask as input conditioning, to show the generalizabil-
ity of X-Planner. We also include MLLM-based methods
MGIE (Fu et al. 2023), SmartEdit (Huang et al. 2024), and
GenArtist (Wang et al. 2024b) for comparison. Each base-
line is evaluated with and without X-Planner.
Metrics. For MagicBrush and Emu Edit, we follow its stan-
dard setup using L1/L2 distance, CLIP-I, and DINO sim-
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ilarity. For COMPIE, we adopt EmuEdit (Sheynin et al.
2024)’s protocol: L1, CLIPim, DINO for content preser-
vation; Given that CLIPout can struggle to capture the
nuances of complex instructions, we additionally employ
InternVL2-Llama3-76B (Chen et al. 2024b), to evaluate the
alignment between the editing instruction and edited image
(MLLMti); and MLLMim for image similarity. We use
InternVL2-76B for evaluation to avoid overlap with GPT-4o
used in training. Please find Supp. for more details.

Method Control L1↓ L2↓ CLIP-I↑ DINO↑

M
ag

ic
B

ru
sh

— Single-Turn —
Null Text Inversion — 0.0749 0.0197 0.8827 0.8206
HIVE — 0.1092 0.0380 0.8519 0.7500
InstructPix2Pix (IP2P) — 0.1141 0.0371 0.8512 0.7437
IP2P w/ MagicBrush — 0.0625 0.0203 0.9332 0.8987

UltraEdit — 0.0614 0.0181 0.9197 0.8804
UltraEdit Human Mask 0.0575 0.0172 0.9307 0.8982
X-Planner + UltraEdit Mask 0.0528 0.0171 0.9281 0.8900
X-Planner + UltraEdit Mask + Bbox 0.0513 0.0168 0.9312 0.8959
X-Planner + Bag of Models Mask + Bbox 0.0511 0.0172 0.9331 0.8970

— Multi-Turn —
Null Text Inversion — 0.1057 0.0335 0.8468 0.7529
HIVE — 0.1521 0.0557 0.8004 0.6463
InstructPix2Pix (IP2P) — 0.1345 0.0460 0.8304 0.7018
IP2P w/ MagicBrush — 0.0964 0.0353 0.8924 0.8273

UltraEdit — 0.0780 0.0246 0.8954 0.8322
UltraEdit Human Mask 0.0745 0.0236 0.9045 0.8505

X-Planner + UltraEdit Mask 0.0679 0.0227 0.9025 0.8423
X-Planner + UltraEdit Mask + Bbox 0.0668 0.0226 0.9047 0.8475
X-Planner + Bag of Models Mask + Bbox 0.0665 0.0223 0.9079 0.8508

E
m

u
E

di
t

InstructPix2Pix (450K) — 0.1213 - 0.8518 0.7656
OmniGen — - - 0.8360 0.8040
EmuEdit (10M) — 0.0895 - 0.8622 0.8358

UltraEdit (1M w/o region) — 0.0515 - 0.8915 0.8656
UltraEdit (3M w/o region) — 0.0713 - 0.8446 0.7937
UltraEdit — 0.0611 - 0.8627 0.8079

X-Planner + UltraEdit Mask 0.0462 - 0.9007 0.8723
X-Planner + UltraEdit Mask + Bbox 0.0457 - 0.9029 0.8766
X-Planner + Bag of Models Mask + Bbox 0.0443 - 0.9046 0.8754

Table 1: Quantitative Comparison on Simple Instruction-
Based Benchmarks. We report results for MagicBrush
single- and multi-turn settings, and Emu Edit benchmark.
In comparison to UltraEdit baseline using human labeled
masks, our X-Planner uses its predicted masks and bounding
boxes as control inputs. For Bag of Models, we utilize Pow-
erPaint for removal tasks, InstructDiff for style changes, and
UltraEdit for other edit types.

Results on Simple Instruction-Based Benchmarks

In Table 1, we show quantitative results on the Mag-
icBrush (Zhang et al. 2024a), and Emu Edit (Sheynin et al.
2024) benchmarks. Key observations: (1) X-Planner en-
hances UltraEdit by providing masks and bounding boxes
for localized edits, improving performance, especially for
insertion tasks. X-Planner’s mask is able to match the hu-
man labeled mask, which serve as a practical upper bound,
and even outperform it in most of metrics as shown in the
result. (2) X-Planner is model-agnostic, integrating seam-
lessly with multiple models (e.g., PowerPaint (Zhuang et al.
2023) for removal, InstructDiff (Geng et al. 2024) for style
changes, and UltraEdit for other edits)for boosting overall
performance. Please find Supp. for more quantitative results.

Results on Complex Instruction-Based Benchmark
Qualitative Results. Figure 6 shows editing results w/wo
X-Planner for InstructPix2Pix* and UltraEdit. Without X-
Planner, models often misinterpret complex instructions
(e.g., UltraEdit fails to capture the “futuristic” style in the
last row). Even when the instruction is understood, base-
lines struggle with identity preservation due to lack of spa-
tial guidance (e.g., first row for InstructPix2Pix*), whereas
X-Planner’s controls improve consistency and localization.
Quantitative Results. We construct COMPIE-Eval, a
550-image test set focused on complex edits, sourced
from LAION-high-aesthetics (Schuhmann et al. 2022) and
Unsplash-2K (Kim and Son 2021). Instructions are gen-
erated using GPT-4o and filtered by crowd workers. The
dataset includes instruction types defined in Section 1.

As shown in Table 2, X-Planner significantly improves
editing models by decomposing instructions and providing
precise masks, boosting the identity preservation. Gains are
consistent across most metrics for UltraEdit and Instruct-
Pix2Pix*, except CLIPout, which sometimes misaligns im-
age and complex prompt semantics. To better capture in-
struction alignment, we use MLLMti (InternVL2 (Chen
et al. 2024b)), which shows substantial improvements
when using X-Planner. MLLM-guided baselines MGIE and
SmartEdit perform worse in both structure and alignment.
GenArtist (Wang et al. 2024b) uses external segmentors
could not handle several edit types, especially insertion.
Reproducibility with Open-Source Models. To ensure our
pipeline is not reliant on closed-source models, we trained
X-Planner on data generated by using the open-source
MLLM, Pixtral-Large (Agrawal et al. 2024). As shown in
Table 2, X-Planner trained on this version achieves perfor-
mance comparable to the GPT-4o-based version.
User Study. We conducted a user study with 100 random
samples from 550 images in the COMPIE benchmark to
compare results of two baselines: InstructPix2Pix* and Ul-
traEdit with and without X-Planner. 10 Participants rated
images on (1) identity preservation, (2) instruction align-
ment, and (3) overall quality, and choose the preferred image
or rate them equal. In Figure 8, we show average results for
both benchmarks and observe the users prefer results with X-
Planner for all criteria (better means X-Planner preferred).

Ablation Studies and Robustness Analysis
Control Input (Mask & Bbox) Generation. We first eval-
uate the quality of the spatial guidance generated by X-
Planner. As shown in Table 3, for X-Planner’s segmenta-
tion mask generation performance on the PIE benchmark (Ju
et al. 2024), comparing it with GLaMM (Rasheed et al.
2024) variations (baseline model and a version fine-tuned
on RefSeg dataset to have better grounding) and a baseline
that leverages Llama3 (Dubey et al. 2024) for object an-
choring followed by GLaMM for mask generation. Based
on the results, we can see X-Planner consistently surpasses
other instruction-to-segmentation methods. For bounding
box generation in insertion tasks, Table 4 shows a detailed
ablation on the MULAN benchmark (Tudosiu et al. 2024).
Our proposed techniques, including pseudo-labeling and
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Backbone Method Control L1↓ CLIPim↑ CLIPout↑ DINO↑ MLLMti↑ MLLMim↑
SmartEdit (Huang et al. 2024) — 0.2764 0.7713 0.2512 0.6044 0.6511 0.5347
MGIE (Fu et al. 2023) — 0.2988 0.7692 0.2498 0.5981 0.6408 0.5288

U
ltr

aE
di

t

UltraEdit (Baseline) — 0.1292 0.7688 0.2698 0.6387 0.6652 0.5523
GenArtist (Wang et al. 2024b) + UltraEdit Mask + Bbox 0.1279 0.7704 0.2654 0.6412 0.6664 0.5541

X-Planner (trained w GPT-4o generated data) + UltraEdit Decomposed Instruction Only 0.1253 0.7767 0.2621 0.6435 0.6894 0.5593
X-Planner (trained w GPT-4o generated data) + UltraEdit Decomposed Instruction + Mask + Bbox 0.1188 0.7875 0.2569 0.6599 0.7061 0.5744

X-Planner (trained w Pixtral-Large generated data) + UltraEdit Decomposed Instruction Only 0.1261 0.7744 0.2630 0.6428 0.6904 0.5626
X-Planner (trained w Pixtral-Large generated data) + UltraEdit Decomposed Instruction + Mask + Bbox 0.1207 0.7853 0.2584 0.6577 0.7102 0.5765

In
st

ru
ct

Pi
x2

Pi
x* InstructPix2Pix* (Baseline) — 0.1517 0.8020 0.2666 0.6988 0.6727 0.6160

GenArtist (Wang et al. 2024b) + InstructPix2Pix* Mask + Bbox 0.1501 0.8079 0.2653 0.7045 0.6689 0.6131

X-Planner (trained w GPT-4o generated data) + InstructPix2Pix* Decomposed Instruction Only 0.1458 0.8143 0.2641 0.7114 0.7072 0.6277
X-Planner (trained w GPT-4o generated data) + InstructPix2Pix* Decomposed Instruction + Mask + Bbox 0.1320 0.8285 0.2591 0.7068 0.7408 0.6454

X-Planner (trained w Pixtral-Large generated data) + InstructPix2Pix* Decomposed Instruction Only 0.1460 0.8141 0.2655 0.7122 0.7088 0.6295
X-Planner (trained w Pixtral-Large generated data) + InstructPix2Pix* Decomposed Instruction + Mask + Bbox 0.1325 0.8291 0.2586 0.7077 0.7431 0.6488

Table 2: Master Quantitative Comparison on the COMPIE-Eval Benchmark. This table provides a comprehensive break-
down for both UltraEdit and InstructPix2Pix* backbones. It shows X-Planner’s superiority over baselines and highlights the key
contributions of reproducibility (training data via open-source model, Pixtral-Large). To overcome the limitations of CLIPout

in handling complex instructions, we utilize an MLLM-based evaluation metric to better reflect X-Planner’s capabilities.

box enlargement, systematically boost performance at both
K=1 and K=3, with the combination of masks and boxes
achieving the best results. Finally, Figure 7 shows our pre-
dicted bounding boxes are plausible and consistent.

Method IoU Precision Recall

Rand. 10% Mask 0.09 0.49 0.12

GLaMM-Base 0.14 0.66 0.15
GLaMM-RefSeg 0.28 0.69 0.32
Llama3+GLaMM 0.44 0.73 0.53
X-Planner (Ours) 0.67 0.79 0.81

Table 3: Mask Generation
on PIE Benchmark.

Setting K=1 K=3
IoU AP50 IoU AP50

Mask Only 0.37 0.34 0.46 0.37
+Pseudo-L 0.63 0.70 0.71 0.69
+Box Enlar. 0.75 0.77 0.81 0.82
+Mask&Box 0.73 0.78 0.81 0.86

Table 4: BBox Localization
on MULAN Benchmark.

Add a unicorn on the ground Add a laptop on the table Add a palm tree next to the person

Figure 7: Visualize Consistent Bounding Box with Re-
peated Runs. X-Planner generates consistent and plausible
bounding boxes for insertion tasks over 10 runs.

Robustness via Closed-Loop Error Verification. To ad-
dress potential error propagation in multi-step editing, we
introduce a closed-loop verification mechanism. After each
editing step, a MLLM verifier (e.g., InternVL2.5-38B (Chen
et al. 2024b) and GPT-4o (Hurst et al. 2024)) to assign
a score from 0–4 that reflects how well the edited image
aligns with the current instruction; if the score is below a
threshold (e.g., 3), the step is automatically re-generated us-
ing a different random seed to recover from potential hal-
lucinations, misalignment (see Appendix for prompt and
success rate). Table 5 compares our method against base-
lines. The verification mechanism provides further improve-
ments; Even a single verification attempt (max=1) boosts
performance across all metrics, while allowing more retries
(max=4) yields additional gains, especially in MLLMti.

Method Visual Consistency Instruction Alignment
DINO CLIPim MLLMim CLIPout MLLMti

SmartEdit 0.6044 0.7713 0.5347 0.2512 0.6511
MGIE 0.5981 0.7692 0.5288 0.2498 0.6408

UltraEdit (UE) 0.6387 0.7688 0.5523 0.2698 0.6652
X-Planner+UE (No Verify) 0.6599 0.7875 0.5744 0.2569 0.7061
+ Verify (GPT-4o, max=1) 0.6612 0.7853 0.5798 0.2563 0.7113
+ Verify (InternVL, max=1) 0.6632 0.7861 0.5822 0.2559 0.7128
+ Verify (GPT-4o, max=4) 0.6673 0.7942 0.5936 0.2574 0.7308
+ Verify (InternVL, max=4) 0.6647 0.7901 0.5955 0.2571 0.7258

Table 5: Effectiveness of MLLM-Based Verification.
For COMPIE-Eval, closed-loop verification boosts the X-
Planner+UltraEdit model against other baselines. We notice
more retries (max=4) offers additional gains.

Figure 8: User Study on COMPIE-Eval Benchmark. We
compare against InstructPix2Pix* and UltraEdit. “Better”
means the generated images by using our X-Planner is pre-
ferred and vice versa.

Conclusion
In this paper, we introduced X-Planner that handles complex
image editing by decomposing instructions and generating
spatial control guidance such as mask and box. By bridging
high-level semantic logic with low-level execution, our “de-
compose, ground, and execute” framework effectively trans-
lates abstract user intents into executable atomic tasks with
mask and box supervision. This approach mitigates identity
inconsistencies in multi-step editing scenarios.
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