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Abstract

Diffusion models have advanced text-to-image generation,
producing high-quality images from textual prompts. How-
ever, editing specific objects remains challenging due to the
need for precise modifications without affecting the over-
all scene. Text-driven methods often struggle with local-
ized edits, while interactive approaches require manual in-
put. We propose POEM (Precise Object-level Image Editing
from Text Instruction via MLLMs), a framework that lever-
ages multimodal large language models for fine-grained,
instruction-driven editing. POEM generates object masks
before and after transformation, guiding a diffusion-based
process for accurate localization and modification without
user input. To evaluate our method, we introduce VOCEd-
its, a benchmark based on PASCAL VOC 2012 with anno-
tated prompts and ground-truth transformations. Experi-
ments show that POEM improves precision and reliability
over prior methods without relying on manual effort.

1. Introduction

Diffusion models [27, 30] have significantly advanced high-
resolution text-to-image generation, producing realistic im-
ages from textual prompts. Beyond generation, image edit-
ing [15, 16] has emerged as a key application, enabling
users to modify images while preserving realism. A central
challenge in image editing is precise object-level manipu-
lation without disrupting global structure. While current
methods support global edits [2], fine-grained transforma-
tions with high spatial accuracy remain burdensome [13].
Broadly, image editing methods fall into two categories:
text-based instructional editing [2, 16, 17, 31] and image
interaction-based editing [4, 7, 12, 15, 18, 19, 22, 32, 36].
Text-based methods like InstructPix2Pix [2], modifies input
images based on a single edit prompt, making it efficient
and user-friendly. Even though these methods have shown
compelling results with global edits, they struggle with pre-
cise object-level shape transformations, often producing un-
intended global changes (Fig. 1, top). This is mainly be-
cause they purely rely on cross-attention text conditioning
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Figure 1. POEM. Existing text-based editing methods (top) strug-
gle with precise object-level edits. Interaction-based approaches
(middle) perform better but require manual user effort. Instead,
we propose (bottom) leveraging MLLMs to interpret text-based
prompts and automatically generate precise object masks and nu-
merical transformations to support image editing pipelines.

of a stable diffusion model [2, 16]. In contrast, interaction-
based approaches require users to provide additional guid-
ance through precise object masks [15, 19, 22, 36], ob-
ject modification shapes [7] or click and drag [4, 12, 18].
While these methods can localize edits accurately and im-
prove object-level editing, they demand manual effort, mak-
ing them less scalable (Fig. |, middle).

To address these limitations, we introduce POEM
(Precise Object-level Image Editing via from Text Instruc-
tion via MLLMs), a novel framework that decouples vi-
sual reasoning from the editor to achieve fine-grained ob-
ject transformations (Fig. 1, bottom). Instead of requiring
users to provide precise image interactions, POEM lever-
ages Multimodal Large Language Models (MLLMs) to in-
terpret instructional prompts, generate precise object masks
before and after transformation, and provide image content
descriptions. Inspired by recent advancements in large lan-
guage models (LLMs) for complex reasoning [11, 35] and
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Figure 2. POEM Pipeline. Given an image and an edit prompt, we rst use an MLLM to analyze the scene and detect objects. We then
re ne detections and enhance object masks using Grounded SAM. A text-based LLM predicts the transformation matrix for the target
object. Finally, we perform image-to-image translation guided by the previous steps to generate the edited image.

MLLMs [9, 10, 23, 33, 34, 38, 39] for guiding diffusion we present VOCEdits, a novel dataset for evaluating precise
processes, POEM ensures object localization and transforobject-level edits, establishing a comprehensive benchmark
mation without manual annotation. for detection, transformation, and synthesis tasks.

Given an input image and a user edit instruction, POEM
operates in two stages. In the reasoning stage, MLLMs gen-2- Method

erate structured editing instructions, including precise seg- .. . . . .

. . ; Given an input imagé and a textual instructioR, our ob-
mentation masks that de ne object boundaries before and'ective is to produce an edited imagere ecting precise
after the transformation. These masks then guide the edit’<® P : . g Pre
. S : object-level transformations speci ed Y. To eliminate
ing stage, where we apply controlled modi cations in the la- : : . oo
tent space of a pre-trained diffusion model. By constraining manual interaction, we leverage reasoning capabilities of

the generation process with de ned regions, POEM ensures'vlu't'mOdal Large Languagg Mod(_els (MLLMS). .
: : . . We proposd’OEM (Precise Object-level Image Editing
ne-grained control over object transformations, surpassing

previous text-based approaches in precision and reliability. via MLLMs), a framework that decouples reasoning from

L i " generation to enable ne-grained, automated edits.
EX|§t|ng_ _data_lsets fqr image edmng [37, 40] evaluate POEM comprises ve stages (Fig. 2): (a) Visual Ground-
generic editing instructions, but they fail to capture the nu-

ing: an MLLM received andP and is prompted to detect

anced variations and details that are critical when assessy objects in the scene: (b) Detection Re nement: we re-

ing object sh_ape edits. To address this gap and_valldate OUMe detections into accurate object segmentation masks; (c)
method, we introduce a novel dataset, VOCEits, by aug-g it operation Parsing: we use an LLM that is instructed
menting the training set of PASCAL VOC 2012 [S] within- 4, select the target object and compute the transformation
structional edits and precise ground-truth object masks formatrix; (d) Transformation: we apply the transformation
before-and-after transformations. Our dataset enables a rigt0 the segmented object mask: (e) Edit-Guided Image-to-
orous evaluation of our framework’s ability to handle pre- Image Translation: given the initial input image and the
cise edits, which existing datasets do not fully account for. masks of the target object before and after the transforma-
Experiments demonstrate that POEM achieves signi - tion, we generate the nal modi ed image while preserving
cantly higher edit delity compared to existing text-based spatial and visual coherence.
editing approaches while requiring no additional user anno- vjisyal Grounding. We use an MLLM to analyzé and
tations, unlike interaction-based methods. P via zero-shot prompting, detecting all objedtsand re-
Our contributions are two-fold: (a) we introduce a plug- turning, for each objedt 2 N, a bounding boxy, a seg-
and-play reasoning block that interprets user edit instruc- mentation points;, classc;, and a unique object IX;.
tions with high numerical precision, generating accurate ob- The MLLM also generates structured textual descriptions:
ject masks and transformation matrices that enhance lay-scene layout%), object relationsR), background appear-
out modi cations and mask-guided diffusion editing; (b) ance Pyg), and generation intenPg). S andR support
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