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“Change the left/middle/right apple to an orange”

“Change the left/right animal to a white fox” “Change the bigger/smaller bear to a wolf”

“Change the red/green apple to a peach”

“Change the dog in mirror to a tiger” “Please replace the animal that is usually known 
as friend of human's with a tiger”

“Please remove the object that can tell the time”

Figure 1. We propose SmartEdit, an instruction-based image editing model that leverages Multimodal Large Language Models (MLLMs)
to enhance the understanding and reasoning capabilities of instruction-based editing methods. With the specialized design, our SmartEdit
is capable of handling complex understanding (the instructions that contain various object attributes like location, relative size, color, and
in or outside the mirror) and reasoning scenarios.

Abstract

Current instruction-based image editing methods, such
as InstructPix2Pix, often fail to produce satisfactory re-
sults in complex scenarios due to their dependence on the
simple CLIP text encoder in diffusion models. To rectify
this, this paper introduces SmartEdit, a novel approach of
instruction-based image editing that leverages Multimodal
Large Language Models (MLLMs) to enhance its under-
standing and reasoning capabilities. However, direct in-
tegration of these elements still faces challenges in situ-
ations requiring complex reasoning. To mitigate this, we

∗ Equal contribution † Corresponding author # Interns in ARC
Lab, Tencent PCG

propose a Bidirectional Interaction Module (BIM) that en-
ables comprehensive bidirectional information interactions
between the input image and the MLLM output. During
training, we initially incorporate perception data to boost
the perception and understanding capabilities of diffusion
models. Subsequently, we demonstrate that a small amount
of complex instruction editing data can effectively stimu-
late SmartEdit’s editing capabilities for more complex in-
structions. We further construct a new evaluation dataset,
Reason-Edit, specifically tailored for complex instruction-
based image editing. Both quantitative and qualitative re-
sults on this evaluation dataset indicate that our SmartEdit
surpasses previous methods, paving the way for the practi-
cal application of complex instruction-based image editing.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Text-to-image synthesis [8, 13, 23, 26, 27, 29] has experi-
enced significant advancements in recent years, thanks to
the development of diffusion models. These methods have
enabled the generation of images that are not only consis-
tent with natural language descriptions, but also align with
human perception and preferences, marking a substantial
leap forward in the field. Instruction-based image editing
methods [1, 36], represented by InstructPix2Pix, leverage
pre-trained text-to-image diffusion models as priors. This
allows users to conveniently and effortlessly modify images
through natural language instructions for ordinary users.

While existing instruction-based image editing methods
can handle simple instructions effectively, they often fall
short when dealing with complex scenarios, which require
the model to have a more powerful understanding and rea-
soning capabilities. As depicted in Fig. 1, there are two
common types of complex scenarios. The first is when the
original image contains multiple objects, and the instruc-
tion modifies only one of these objects through certain at-
tributes (such as location, relative size, color, in or outside
the mirror). The other is when world knowledge is needed
to identify the object to be edited (such as the object that
can tell the time). We define these two types as complex
understanding scenarios and complex reasoning scenarios,
respectively. Handling these two scenarios is crucial for
practical instruction editing, but existing instruction-based
image editing methods probably fail in these scenarios (as
shown in Fig. 2). In this paper, we attempt to identify the
reasons why existing instruction-based image editing meth-
ods fail in these scenarios, and try to tackle the challenge in
these scenarios.

The first reason why existing instruction-based image
editing methods fail in these scenarios is that they typi-
cally rely on a simple CLIP text encoder [25] in diffusion
models (e.g., Stable Diffusion) to process the instructions.
Under this circumstance, these models struggle to 1) un-
derstand and reason through the instructions, and 2) inte-
grate the image to comprehend the instructions. To ad-
dress these limitations, we introduce the Multimodal Large
Language Models (MLLMs) (e.g., LLaVA) [22, 39] into
instruction-based editing models. Our method, SmartEdit,
jointly optimizes MLLMs and diffusion models, leveraging
the powerful reasoning capabilities of MLLMs to facilitate
instruction-based image editing task.

While substituting the CLIP encoder in the diffusion
model with MLLMs can alleviate some problems, this ap-
proach still falls short when it comes to examples that ne-
cessitate complex understanding and reasoning. This is
because the input image to edit (original image) is inte-
grated into the UNet of the Stable Diffusion model through
a straightforward concatenation, which is further interacted
with MLLM outputs through a cross-attention operation. In

this setup, the image features serve as the query, and MLLM
outputs act as the key and value. This means that the MLLM
outputs unilaterally modulate and interact with the image
feature, which affects the results. To alleviate this issue, we
further propose a Bidirectional Interaction Module (BIM).
This module reuses the image information extracted by the
LLaVA’s visual encoder from the input image. It also fa-
cilitates a comprehensive bidirectional information interac-
tion between this image and the MLLM output, enabling
the model to perform better in complex scenarios.

The second reason contributing to the failure of existing
instruction-based editing methods is the absence of specific
data. When solely training on editing datasets, such as the
datasets used in Instructpix2pix [1] and MagicBrush [36],
SmartEdit also struggles to handle scenarios requiring com-
plex reasoning and understanding. This is because SmartE-
dit has not been exposed to data from these scenarios. One
straightforward approach is to generate a substantial amount
of paired data similar to those scenarios. However, this
method is excessively expensive because the cost of gen-
erating data for these scenarios is high.

In this paper, we find that there are two keys to compen-
sate the insufficiency of specific editing data. The first is to
enhance the perception capabilities of UNet [28], and the
second is to stimulate the model capacity in those scenar-
ios with a few high-quality examples. Correspondingly, we
1) incorporate the perception-related data (e.g., segmenta-
tion) into the model’s training. 2) synthesize a few high-
quality paired data with complex instructions to fine-tune
our SmartEdit (similar to LISA [19]). In this way, SmartE-
dit not only reduces the reliance on paired data under com-
plex scenarios but also effectively stimulates its ability to
handle these scenarios.

Equipped with both the model designs and the data uti-
lization strategy, SmartEdit can understand complex in-
structions, surpassing the scope that previous instruction
editing methods can do. To better evaluate the understand-
ing and reasoning ability of instruction-based image edit-
ing methods, we collect the Reason-Edit dataset, which
contains a total of 219 image-text pairs. Note that there
is no overlap between the Reason-Edit dataset and the
small-amount high-quality synthesized training data pairs.
Based on the Reason-Edit dataset, we evaluate existing
instruction-based image editing methods comprehensively.
Both the quantitative and qualitative results on the Reason-
Edit dataset indicate that SmartEdit significantly outper-
forms previous instruction-based image editing methods.

In summary, our contributions are as follows:

1. We analyze and focus on the performance of instruction-
based image editing methods in more complex instruc-
tions. These complex scenarios have often been over-
looked and less explored in past research.

2. We leverage MLLMs to better comprehend instructions.
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“Change the dog in mirror to a lion” “Change the black raspberry to a tangerine” “Please remove the tool that is used to cut cakes.”

Figure 2. For more complex instructions or scenarios, InstructPix2Pix fails to follow the instructions.

To further improve the performance, we propose a Bidi-
rectional Interaction Module to facilitate the interaction
of information between text and image features.

3. We propose a new dataset utilization strategy to enhance
the performance of SmartEdit in complex scenarios. In
addition to using conventional editing data, we introduce
perception-related data to strengthen the perceptual abil-
ity of UNet in the diffusion process. Besides, we also
add a small amount of synthetic editing data to further
stimulate the model’s reasoning ability.

4. An evaluation dataset, Reason-Edit, is specifically col-
lected for evaluating the performance of instruction-
based image editing tasks in complex scenarios. Both
qualitative and quantitative results on Reason-Edit
demonstrate the superiority of SmartEdit.

2. Related Work
2.1. Image Editing with Diffusion Models.

Pretrained text-to-image diffusion models [8, 13, 23, 26, 27,
29] can strongly assist image editing task. Instruction-based
image editing task [1, 4, 11, 12, 16, 17, 32, 36, 38] requires
users to provide an instruction, which converts the original
image to a newly designed image that matches the given
instruction. Some methods can achieve this by utilizing a
tuning-free approach. For example, Prompt-to-Prompt [12]
suggests modifying the cross-attention maps by comparing
the original input caption with the revised caption. MasaC-
trl [4] converts existing self-attention in diffusion models
into mutual self-attention, which can help query correlated
local contents and textures from source images for consis-
tency. In addition, due to the scarcity of paired image-
instruction editing datasets, the pioneering work Instruct-
Pix2Pix [1] introduces a large-scale vision-language im-
age editing datasets created by fine-tuned GPT-3 [2] and
Prompt-to-Prompt with stable diffusion, and further fine-
tunes the UNet [28], which can edit images by providing a
simple instruction. To enhance the editing effect of Instruct-
Pix2Pix on real images, MagicBrush [36] further provides a
large-scale and manually annotated dataset for instruction-
guided real image editing.

The recent work, InstructDiffusion [11], also adopts the
network design of InstructPix2Pix and focuses on unifying
vision tasks in a joint training manner. By taking advantage
of multiple different datasets, it can handle a variety of vi-
sion tasks, including understanding tasks (such as segmen-

tation and keypoint detection) and generative tasks (such as
editing and enhancement). Compared with InstructDiffu-
sion, our primary focus is on the field of instruction-based
image editing, especially for complex understanding and
reasoning scenarios. In these scenarios, InstructDiffusion
typically generates inferior results.

2.2. LLM with Diffusion Models

The exceptional open-sourced LLaMA [6, 31] significantly
enhances the performance of vision tasks with the aid of
Large Language Models (LLMs). Pioneering works such
as LLaVA and MiniGPT-4 have improved image-text align-
ment through instruction-tuning. While numerous MLLM-
based [7, 22, 24, 39] studies have demonstrated their robust
capabilities across a variety of tasks, primarily those reliant
on text generation (e.g., human-robot interaction, complex
reasoning, science question answering, etc.), GILL [18]
serves as a bridge between MLLMs and diffusion models. It
learns to process images with LLMs and is capable of gen-
erating coherent images based on the input texts. SEED [9]
presents an innovative image tokenizer to enable LLM to
process and generate images and text concurrently. SEED-
2 [10] further refines the tokenizer by aligning the genera-
tion embedding with the image embedding of unCLIP-SD,
which allows for better preservation of rich visual semantics
and reconstruction of more realistic images. Emu [30] can
be characterized as a multimodal generalist, trained with the
next-token-prediction objective. CM3Leon [35] proposes
a multi-modal language model that is capable of execut-
ing text-to-image and image-to-text generation. It employs
the CM3 multi-modal architecture that is fine-tuned on di-
verse instruction-style data, and utilizes a training method
adapted from text-only language models.

3. Preliminary

The goal of instruction-based image editing is to make spe-
cific modifications to an input image x based on instructions
cT , resulting in the target image y. InstructPix2Pix, which
is based on latent diffusion, is a seminal work in this field.
For the target image y and an encoder E , the diffusion pro-
cess introduces noise to the encoded latent z = E(y), result-
ing in a noisy latent zt, with the noise level increasing over
timesteps t ∈ T . A UNet ϵδ is then trained to predict the
noise added to the noisy latent zt, given the image condition
cx and text instruction condition cT , where cx = E(x). The
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image condition is incorporated by directly concatenating
cx and zt. The specific objective of latent diffusion is as
follows:

Ldiffusion = EE(y),E(x),cT ,ϵ∼N (0,1),t[∥ϵ
−ϵδ(t, concat[zt, E(x)], cT )∥22 (1)

where ϵ is the unscaled noise, t is the sampling step, zt
is latent noise at step t, E(x) is the image condition, and cT
is the text instruction condition. The concat corresponds to
the concatenation operation.

Although InstructPix2Pix has some effectiveness in in-
struction editing, its performance is limited when dealing
with complex understanding and reasoning scenarios. To
address this issue, we introduce a Multimodal Large Lan-
guage Model (MLLM) into the network architecture and
propose a Bidirectional Interaction Module (BIM) to im-
plement bidirectional information interaction between the
MLLM output and image information. In addition, we also
explore the data utilization strategy and find that perception-
related data and a small amount of complex editing data are
crucial for enhancing model’s performance. We provide de-
tailed descriptions of these aspects in the next section.

4. Method
In this paper, we introduce SmartEdit, specifically designed
to handle complex instruction editing scenarios. In this sec-
tion, we first provide a detailed overview of the framework
of SmartEdit (Section 4.1). Then, we delve into the Bidirec-
tional Interaction Module (Section 4.2). In Section 4.3, we
discuss how to enhance the perception and understanding
capabilities of UNet in the diffusion model and stimulate
the ability of MLLMs to handle complex scenarios. Finally,
We introduce Reason-Edit, which is primarily used to eval-
uate the ability of instruction-based image editing methods
toward complex scenarios. (Section 4.4).

4.1. The Framework of SmartEdit

Given an image x and instruction c, which is tokenized as
(s1, ..., sT ), our goal is to obtain the target image y based
on c. As shown in Fig 3, the image x is first processed by
the image encoder and FC layer, resulting in vµ(x). Then
vµ(x) is sent into the LLM along with the token embed-
ding (s1, ..., sT ). The output of the LLM is discrete tokens,
which cannot be used as the input for subsequent modules.
Therefore, we take the hidden states corresponding to these
discrete tokens as the input for the following modules. To
jointly optimize LLaVA and the diffusion model, following
GILL [18], we expand the original LLM vocabulary with
r new tokens [IMG1],...,[IMGr] and append the r [IMG]
tokens to the end of instruction c. To be specific, we incor-
porate a trainable matrix E into the embedding matrix of
the LLM, which represents the r [IMG] token embeddings.
Subsequently, we minimize the negative log-likelihood of

generated r [IMG] tokens, conditioned on tokens that have
been generated previously:

LLLM(c) = −
r∑

i=1

log p{θ∪E}([IMGi] | vµ(x),

s1, ..., sT , [IMG1], . . . , [IMGi−1]) (2)

The majority of parameters θ in the LLM are kept frozen
and we utilize LoRA [15] to carry out efficient fine-tuning.
We take the hidden states h corresponding to the r [IMG]
tokens as the input for the next module.

Considering the discrepancy between the feature spaces
of the hidden states in the LLM and the clip text encoder,
we need to align the hidden states h to the clip text encoder
space. Inspired by BLIP2 [20] and DETR [5], we adopt the
QFormer Qβ with 6−layer transformer [33] and n learn-
able queries, obtaining feature f . Subsequently, the image
feature v output by the image encoder Eϕ interacts with f
through a bidirectional interaction module (BIM), resulting
in f ′ and v′. The mentioned process is represented as:

h = LLaVA(x, c),

f = Qβ (h) ,

v = Eϕ(x),

f ′, v′ = BIM(f, v)

(3)

For the diffusion model, following the design of Instruct-
pix2pix, we concat the encoded image latent E(x) and noisy
latent zt. Unlike Instructpix2pix, we use f ′ as the key and
value in UNet, and combine v′ into the features before en-
tering UNet in a residual manner. The specific process can
be formulated as:

Ldiffusion = EE(y),E(x),cT ,ϵ∼N (0,1),t[∥ϵ
−ϵδ(t, concat[zt, E(x)] + v′, f ′)∥22 (4)

To keep consistency with equation 1, we omit the Conv
operation here.

4.2. Bidirectional Interaction Module

The design of BIM is depicted in Fig 4. It includes a self-
attention block, two cross-attention blocks, and an MLP
layer. The two inputs of BIM are the output f from
QFormer and the output v from the image encoder. After
bidirectional information interaction between f and v, BIM
will eventually output f ′ and v′. In BIM, the process be-
gins with f undergoing a self-attention mechanism. After
this, f serves as a query to interact with the input v, which
acts as both key and value, through a cross-attention block.
This interaction results in the generation of f ′ via a point-
wise MLP. Following the creation of f ′, it then serves as
both key and value to interact with v, which now acts as a
query. This second cross-attention interaction leads to the
production of v′.
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Figure 3. The overall framework of SmartEdit. For the instruction, we first append the r [IMG] tokens to the end of instruction c. Together
with image x, they will be sent into LLaVA, which can then obtain the hidden states corresponding to these r [IMG] tokens. Then the
hidden state is sent into the QFormer and gets feature f . Subsequently, the image feature v output by the image encoder Eϕ interacts with
f through a bidirectional interaction module (BIM), resulting in f ′ and v′. The f ′ and v′ are input into the diffusion models to achieve the
instruction-based image editing task.

Figure 4. The network design of the BIM Module. In this module,
the input information f and v will undergo bidirectional informa-
tion interaction through different cross-attention.

As discussed in the introduction, the proposed BIM mod-
ule reuses the image feature and inputs it as supplementary
information into UNet. The implementation of two cross-
attention blocks in this module facilitates a robust bidirec-
tional information interaction between the image feature
and the text feature. Compared to not adopting the BIM
module or only fusing the image feature and text feature in
one direction, SmartEdit which is equipped with the BIM
module yields better results. The experimental comparison
of different designs is shown in Section 5.3.

4.3. Dataset Utilization Strategy

During the training process of SmartEdit, two primary chal-
lenges emerge when solely utilizing datasets gathered from
InstructPix2Pix and MagicBrush as the training set. The
first challenge is that SmartEdit has a poor perception of
position and concept. The second challenge is that, despite
being equipped with MLLM, SmartEdit still has limited ca-
pability in scenarios that require reasoning. In summary, the
effectiveness of SmartEdit in handling complex scenarios is
limited if it is only trained on conventional editing datasets.
After analysis, we have identified the causes of these issues.
The first issue stems from the UNet in the diffusion model
which lacks an understanding of perception and concepts,
leading to SmartEdit’s poor perception of position and con-

cept. The second issue is that SmartEdit has limited expo-
sure to editing data that requires reasoning abilities, which
in turn limits its reasoning capabilities.

To tackle the first issue, we incorporate the segmenta-
tion data into the training set. Such modifications signifi-
cantly enhanced the perception capabilities of the SmartE-
dit model. Regarding the second issue, we take inspiration
from LISA [19] that a minimal amount of reasoning seg-
mentation data can efficiently activate MLLM’s reasoning
capacity. Guided by this insight, we establish a data pro-
duction pipeline and synthesize 476 paired data (each sam-
ple contains original image, instruction, and synthetic tar-
get image) as a supplement to the training data. This syn-
thetic editing dataset includes two major types of scenarios:
complex understanding and reasoning scenarios. For com-
plex understanding scenarios, the original image contains
multiple objects and the corresponding instruction modifies
the specific object based on various attributes (i.e., location,
color, relative size, and in or outside the mirror). We specif-
ically consider the mirror attribute because it is a typical
example that requires a strong understanding of the scene
(both inside and outside the mirror) to perform well. For
reasoning scenarios, we involve complex reasoning cases
that need world knowledge to identify the specific object.
The effectiveness of this synthetic editing dataset and the
impact of different datasets on the model’s performance are
detailed in Section 5.4. The details of the data production
pipeline and some visual examples are described in the sup-
plementary material.

4.4. Reason-Edit for Better Evaluation

To better evaluate existing instruction editing methods and
SmartEdit’s capabilities in complex understanding and rea-
soning scenarios, we collect an evaluation dataset, Reason-
Edit. Reason-Edit consists of 219 image-text pairs. Con-
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sistent with the synthetic training data pairs, Reason-Edit is
also categorized in the same manner. Note that there is no
overlap between the data in Reason-Edit and the synthetic
training set. With Reason-Edit, we can thoroughly test
the performance of instruction-based image editing mod-
els in terms of understanding and reasoning scenarios. We
hope more researchers will pay attention to the capabili-
ties of instruction-based image editing models from these
perspectives, thereby fostering the practical application of
instruction-based image editing methods.

5. Experiments

5.1. Experimental Setting
Training Process and Implementation Details. The train-
ing process and implementation details of SmartEdit can be
found in the supplementary material.
Network Architecture. For the Large Language Model
with visual input (e.g., LLaVA), we choose LLaVA-1.1-7b
and LLaVA-1.1-13b as the base model. During training, the
weights of LLaVA are frozen and we add LoRA for efficient
fine-tuning. In LoRA, the values of the two parameters, dim
and alpha, are 16 and 27, respectively. We expand the orig-
inal LLM vocabulary with 32 new tokens. The QFormer
is composed of 6-layer transformer [33] and 77 learnable
query tokens. In the BIM module, there is a self-attention
block, two cross-attention blocks, and an MLP layer.
Training Datasets. For the training process of SmartE-
dit, the training data can be divided into 4 categories: (1)
segmentation datasets, which include COCOStuff [3], Ref-
COCO [34], GRefCOCO [21], and the reasoning segmenta-
tion dataset from LISA [19]; (2) editing datasets, which in-
volve InstructPix2Pix and MagicBrush; (3) visual question
answering (VQA) dataset, which is the LLaVA-Instruct-
150k dataset [22]; (4) synthetic editing dataset, where we
collect a total of 476 paired data for complex understanding
and reasoning scenarios.
Evaluation Metrics. As we hope to only change the fore-
ground of the image while keeping the background un-
changed for editing, we adopt three metrics for the back-
ground area: PSNR, SSIM, and LPIPS [14, 37]. For the
foreground area, we calculate CLIP Score [25] between the
foreground area of the edited image and the GT label. The
GT label is annotated manually. Among these four metrics,
except for LPIPS where lower is better, the other three met-
rics are higher the better. While these metrics can reflect the
performance to a certain extent, they are not entirely accu-
rate. To provide a more accurate evaluation of the effects of
edited images, we propose a metric for assessing editing ac-
curacy. Specifically, we hire four workers to manually eval-
uate the results of these different methods on Reason-Edit.
The evaluation criterion is whether the edited image aligns
with the instruction. After obtaining the evaluation results

from each worker, we average all the results to get the final
metric result, which is Instruction-Alignment (Ins-align).

5.2. Comparison with State-of-the-Art Methods
We compare SmartEdit with existing SOTA instruction-
based image editing methods, namely InstructPix2Pix,
MagicBrush, and InstructDiffusion. Considering that these
released models are trained on specific datasets, they would
inevitably perform poorly if directly evaluated on Reason-
Edit. To ensure a fair comparison, we fine-tune these meth-
ods on the same training set used by SmartEdit, and evaluate
the fine-tuned models on Reason-Edit. The experimental re-
sults are shown in Tab. 1. From the quantitative results of
the reasoning scenarios in the table, it can be observed that
when we replace the clip text encoder in the diffusion model
with LLaVA and adopt the proposed BIM module, both
SmartEdit-7B and SmartEdit-13B achieve better results on
these five metrics. This suggests that in scenarios requir-
ing reasoning from instructions, a simple clip text encoder
may struggle to understand the meaning of the instructions.
However, the MLLM can fully utilize its powerful reason-
ing ability and world knowledge to correctly identify the
corresponding objects and perform edits.

The qualitative results further illustrate this point. As
shown in Fig. 5, the first three examples are reasoning
scenarios. In the first example, both SmartEdit-7B and
SmartEdit-13B successfully identify the tool used for cut-
ting fruit (knife) and remove it, while keeping the rest of
the background unchanged. The second example can also
be handled well by both of them. However, in the third
example, we observe a difference in performance. Only
SmartEdit-13B can accurately locate the object and perform
the corresponding edits without altering other background
areas. This suggests that in instruction-based image editing
tasks that require reasoning, a more powerful MLLM model
can effectively generalize its reasoning ability to this task.
This observation aligns with the findings from LISA.

However, for understanding scenarios, we observe
a difference in performance between SmartEdit-7B and
SmartEdit-13B when compared to InstructDiffusion on
PSNR/SSIM/LPIPS. Specifically, SmartEdit-7B performs
worse than InstructDiffusion, while SmartEdit-13B outper-
forms InstructDiffusion on these metrics. Upon further
analysis of the qualitative results, as shown in the 4th and
5th rows of Fig. 5, we find that from a visual perspective,
both SmartEdit-7B and SmartEdit-13B appear superior to
InstructDiffusion. This suggests that the three metrics do
not always align with human visual perception. We con-
firm this phenomenon in the supplementary material. From
the result of the Ins-align metric, it can be observed that
SmartEdit shows a significant improvement compared to
previous instruction-based image editing methods. Also,
when adopting a more powerful MLLM model, SmartEdit-
13B performs better than SmartEdit-7B on Ins-align.
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“Change the cat in mirror to a tiger.”

“Please replace food contains most vitamin with an orange.”

“Please remove the object that can be used to have meals.”

“Change the middle panda to a cat”

“What is the tool that is used to cut fruits. Remove this tool.”

Input Image InstructPix2Pix MagicBrush InstructDiffusion SmartEdit-7B SmartEdit-13B

Figure 5. Qualitative comparison on Reason-Edit. When compared to several existing instruction editing methods that have undergone
further fine-tuning on our synthetic editing dataset, our approach demonstrates superior editing capabilities in complex scenarios.

Methods Understanding Scenarios Reasoning Scenarios
PSNR(dB)↑ SSIM↑ LPIPS↓ CLIP Score↑ Ins-align↑ PSNR(dB) SSIM LPIPS CLIP Score Ins-align↑

InstructPix2Pix 21.576 0.721 0.089 22.762 0.537 24.234 0.707 0.083 19.413 0.344
MagicBrush 18.120 0.68 0.143 22.620 0.290 22.101 0.694 0.113 19.755 0.283

InstructDiffusion 23.258 0.743 0.067 23.080 0.697 21.453 0.666 0.117 19.523 0.483
SmartEdit-7B 22.049 0.731 0.087 23.611 0.712 25.258 0.742 0.055 20.950 0.789

SmartEdit-13B 23.596 0.751 0.068 23.536 0.771 25.757 0.747 0.051 20.777 0.817

Table 1. Quantitative comparison (PSNR↑/SSIM↑/LPIPS↓/CLIP Score↑(ViT-L/14)/Ins-align↑) on Reason-Edit. All the methods we com-
pared have been fine-tuned using the same training data as that used by SmartEdit.

“What is the object that the dog's food should be put into? Remove this object.”

“Please remove the object that can be used to eat the cake. ”

plain SimpleCA BIMInput Image

Figure 6. Demonstration of the effectiveness of the BIM Module.

5.3. Ablation Study on BIM
To validate the effectiveness of the bidirectional informa-
tion interaction in our proposed BIM module, we conduct

“Please replace the animal that is lying on the grass with a fox”

“Change the red strawberry to a white pumpkin”

Input Image Edit Edit+Seg TotalEdit+Reason-Edit

Figure 7. Demonstration of the significance of joint training with
multiple datasets.

comparative experiments on the SmartEdit-7B model. The
details are presented in Tab. 2. The first experiment, denoted
as Exp 1, aims to verify the necessity of the information in-
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Exp ID Plain SimpleCA BIM Understanding Scenarios Reasoning Scenarios
PSNR(dB)↑ SSIM↑ LPIPS↓ CLIP Score↑ Ins-align↑ PSNR(dB) SSIM LPIPS CLIP Score Ins-align↑

1 ✓ 20.975 0.713 0.108 23.36 0.695 23.848 0.725 0.074 20.33 0.694
2 ✓ 19.557 0.692 0.126 23.66 0.692 23.508 0.716 0.081 20.17 0.722
3 ✓ 22.049 0.731 0.087 23.61 0.712 25.258 0.742 0.055 20.95 0.789

Table 2. Quantitative comparison (PSNR↑/SSIM↑/LPIPS↓/CLIP Score↑(ViT-L/14)/Ins-align↑) on Reason-Edit. These comparative exper-
iments are conducted based on the SmartEdit-7B.

Exp ID Edit Segmentation Synthetic editing dataset Understanding Scenarios Reasoning Scenarios
PSNR(dB)↑ SSIM↑ LPIPS↓ CLIP Score↑ Ins-align↑ PSNR(dB) SSIM LPIPS CLIP Score Ins-align↑

1 ✓ 17.568 0.664 0.171 22.79 0.201 22.400 0.706 0.102 19.22 0.233
2 ✓ ✓ 18.960 0.690 0.143 22.83 0.361 21.774 0.693 0.116 19.82 0.311
3 ✓ ✓ 19.562 0.702 0.111 22.32 0.440 23.595 0.715 0.079 20.43 0.567
4 ✓ ✓ ✓ 22.049 0.731 0.087 23.61 0.712 25.258 0.742 0.055 20.95 0.789

Table 3. Quantitative comparison (PSNR↑/SSIM↑/LPIPS↓/CLIP Score↑(ViT-L/14)/Ins-align↑) on Reason-Edit. These comparative exper-
iments are conducted based on the SmartEdit-7B.

teraction proposed in the BIM module. In this experiment,
we remove the BIM module from the SmartEdit-7B model
and directly apply the text feature output from QFormer to
the diffusion model. The second experiment, denoted as
Exp 2, aims to verify the necessity of the bidirectional in-
formation interaction proposed in the BIM module. Specif-
ically, all blocks are discarded except for the cross-attention
block on the image feature branch. Therefore, the infor-
mation from the text feature of QFormer is unidirectionally
applied to the image feature. These two experiments are de-
signed to test the impact of removing or altering the BIM
module on the performance of SmartEdit-7B in complex
understanding and reasoning scenarios. As shown in Tab. 2,
if the BIM module is removed, there is a significant decline
in all metrics for both understanding and reasoning scenar-
ios. When the BIM module is replaced with the SimpleCA
module, we observe a noticeable decline in all metrics, ex-
cept for the clip score in understanding scenarios. Further
comparison of the qualitative results in Fig. 6 confirms that
the introduction of the BIM indeed enhances SmartEdit’s
instruction editing performance. To be specific, when we
do not use the BIM module (i.e., plain), the dog bowl (first
row) turns into other objects (marked with a red circle), and
the fork (second row) does not change at all. After using
SimpleCA, it can be found that the dog bowl and fork have
been partially removed. When SmartEdit is equipped with
BIM, the dog bowl and fork can be well removed.

5.4. Ablation Study on Dataset Usage
In Section 4.3, we explore an efficient strategy for data uti-
lization, aiming to enhance SmartEdit’s capabilities in han-
dling complex understanding and reasoning scenarios. Dur-
ing the training process of SmartEdit, we employ the com-
mon editing dataset, segmentation dataset, and the synthetic
editing dataset. To validate the significance of these dif-
ferent data types in boosting SmartEdit’s performance, we
conduct a series of ablation studies, as detailed in Tab. 3.
These experiments are based on the SmartEdit-7B model.
In Exp 1, we train the model using only the editing data. In
Exp 2, we incorporate segmentation data into the training

process, building upon Exp 1. In Exp 3, we further add the
synthetic editing data to the basis established in Exp 1. The
quantitative results of these experiments reveal that segmen-
tation data and synthetic editing data play complementary
roles in enhancing the model’s performance. This is further
corroborated by the visual comparison in Fig. 7. For rea-
soning scenarios, when adopting only the editing dataset or
combining the editing dataset and the segmentation dataset,
the performance of SmartEdit is inferior. When the syn-
thetic editing data is incorporated into the editing dataset,
SmartEdit can accurately locate the specific objects. How-
ever, the output of SmartEdit is also mediocre (the gener-
ated fox has obvious artifacts, and two pumpkins are gener-
ated). When all these datasets are combined as the training
set, the results generated by SmartEdit have a further signif-
icant improvement in visual effects.

6. Conclusion
In conclusion, this paper presents SmartEdit, a novel ap-
proach to instruction-based image editing that enhances un-
derstanding and reasoning capabilities by incorporating the
LLMs with visual inputs. By introducing the Bidirectional
Interaction Module (BIM), we have overcome challenges
associated with the direct integration of LLMs and diffusion
models in complex reasoning scenarios. Our data utilization
strategy, which incorporates perception data and complex
instruction editing data, effectively enhances SmartEdit’s
capabilities in handling complex understanding and reason-
ing scenarios. Evaluation on our newly constructed dataset,
Reason-Edit, shows that SmartEdit outperforms previous
methods, marking a significant step towards practical ap-
plications of complex instruction-based image editing.
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