Dotting the Eye: An Intent-Driven Image
Retouching Agent for Visual Focus Enhancement

Chujie Qin'%*| Zilong Zhang!4*| Zewei Chang2, Chunle Guo'-2, Ruixing
Wang?|'l Tao Hu*, Ming-Ming Cheng"?:3, and Chongyi Lil’?ﬂ

1 VCIP,CS,Nankai University
2 NKIARI, Shenzhen Futian
3 AAIS, Nankai University
{chujie.qin,zhangzilong}@mail .nankai.edu.cn
{guochunle, cmm, lichongyi,}@nankai.edu.cn
4 DJI Technology Co., Ltd
ruixingw@hustunique.com
hubert.hu@dji.com

Cinematic Focus
g %

Output

Fig. 1: EyeControl focuses on highlighting the user-intended visual focus through im-
age retouching. With just a few clicks or casual strokes, EyeControl can deliver profes-
sional retouching looks— Cinematic Focus, Color Isolation, Light Guidance, Warm—Cool
Contrast, Global Enhancement—and, of course, please dot the eye to make the cat
"break through" the background wall and pop forward as the new visual focus.

Abstract. Image retouching is commonly formulated as enhancing over-
all visual quality through color adjustment, but in practice, it also serves
to emphasize visual focus by guiding viewers’ attention toward a specific
subject or region. Achieving such focus-oriented retouching is inherently
challenging, as it requires well-coordinated global and local adjustments
to manipulate perceptual saliency while maintaining visual naturalness.
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This intricate process typically demands substantial professional exper-
tise. In this study, we propose EyeControl, a multi-modal large lan-
guage model (MLLM)-driven agent with a diffusion-based retouching
executor that enables visual focus enhancement under weak user intent.
With only a few clicks or coarse strokes, EyeControl directs visual at-
tention to the intended region, effectively “dotting the eye” of the image.
The core idea is to explicitly link the weak user intention with the tar-
get editing region and the corresponding tonal adjustment operations
during retouching. To achieve this, the system first interprets the in-
tent and image content to infer the visual focus and generate structured
intent guidance for the retouching executor. Second, the retouching ex-
ecutor is encouraged to respond more strongly to the target region, ex-
plicitly aligning its attention map with a designed pseudo-intent map.
We also introduce an operation-consistency constraint to improve coor-
dination between global and local adjustments, achieving more natural
and coherent retouching. Additionally, we contribute ControlArt-Bench,
a high-quality evaluation dataset for visual focus enhancement. Exten-
sive evaluations demonstrate that EyeControl yields perceptually ap-
pealing results with stronger intent alignment. Code will be released at
https://github.com/DragonisCV /EyeControl.
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1 Introduction

Image retouching has evolved from manual workflows to learning-based meth-
ods [111|17,/26}/36] that enhance perceptual quality through tonal and color ad-
justments. Recent diffusion- and VLM-based models [4}/6,/7,21] further automate
such edits via textual prompts. However, retouching also serves to guide viewers’
attention toward a visual focus—a purposeful enhancement that current models
fail to explicitly model, even though they support localized edits.

Building upon this observation, we study intent-driven visual focus retouch-
ing under weak spatial cues. Instead of relying solely on text prompts, we adopt
sparse spatial interactions, such as clicks or coarse strokes, as intention signals.
Text prompts often lack precise spatial grounding for subtle focus manipulation,
while real-world editing workflows typically rely on lightweight spatial interac-
tions to indicate regions of interest. Given an input image and a weak intention
signal, the goal is to apply tonal and color adjustments that make the intended
visual focus easier to notice, while preserving content and perceptual naturalness.

This problem introduces several inherent challenges. First, spatial inten-
tion signals are sparse and ambiguous. Spatial interactions such as clicks
or coarse strokes provide only partial observations of user intention and do not
directly specify the desired editing operations. Inferring the intended visual focus
from such sparse signals, therefore, requires reasoning over both user interactions
and image context. Second, visual focus lacks explicit control mecha-
nisms in existing retouching models. While existing retouching models can
apply local adjustments, they do not provide explicit ways to translate user inten-
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tion into visual focus enhancement. Third, effective visual focus enhance-
ment requires coordinated global and local adjustments. Enhancing the
prominence of a region often requires coordinated adjustments between the focal
area and its surrounding regions, rather than isolated local modifications.

To address the above challenges, we propose EyeControl, an intent-driven
image retouching agent for visual focus enhancement. To enable controllable
visual focus enhancement, we introduce Pseudo-Intention Attention Alignment
(PAA), which explicitly supervises the model’s internal attention using pseudo-
intention labels derived from saliency difference maps. This encourages the model
to align its attention with intention-driven saliency shifts, allowing focus modu-
lation to be learned during generation rather than relying on indirect color per-
turbations. Finally, we introduce an operation consistency constraint to improve
coordination between global and local adjustments. Specifically, the guidance
for visual focus enhancement is decomposed into global and local operations,
and enforces consistency between the result of applying them jointly and the
results obtained by applying them sequentially (e.g., global-then-local or local-
then-global). This encourages the executor to produce more natural and coherent
visual focus enhancement.

In summary, our contributions are threefold:

— We present a visual-focus-centric perspective on image retouching, enabling
visual focus enhancement through retouching and producing more expressive
and visually appealing results beyond existing methods, as shown in Fig.

— We propose EyeControl, an intent-driven image retouching framework that
integrates intention reasoning, attention-level focus modulation, and cross-
scale coordination, enabling controllable and stable visual focus enhancement
while preserving global coherence and perceptual naturalness.

— We introduce ControlArt-Bench, the first image retouching benchmark
for visual focus enhancement with paired spatial user-intent annotations
and focus-oriented evaluation metrics. Extensive experiments show that our
method achieves state-of-the-art performance in visual focus enhancement,
while remaining competitive on global and local retouching tasks.

2 Related Work

2.1 Global Image Retouching

With the release of large-scale retouching datasets [3,[19], deep learning has
become a dominant approach for image retouching. Some methods model the
retouching process through interpretable adjustment operators, such as tone
curves [15}/16,[24}26], bilateral grid transformations [6,[8,/17], or lookup tables
(LUTs) |28,)341/36], aiming to mimic traditional editing pipelines. Another line of
work learns image-to-image mappings directly using convolutional networks [5],
Transformers [29], or diffusion models [6]. However, most existing approaches
treat retouching as a global enhancement problem. Moreover, widely used paired
datasets mainly contain globally adjusted targets without explicit modeling of
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user intention or region-specific emphasis [3[19]. As a result, the learned super-
vision often reflects an averaged color preference rather than an intention-driven
objective, causing models to converge toward globally consistent but perceptu-
ally generic solutions. In contrast, practical editing is often guided by subjective
intention, where adjustments aim to reshape perceptual focus rather than merely
improve overall appearance.

2.2 VLM-Driven Image Retouching

Recent advances in vision-language models (VLMs) have enabled language-driven
image retouching frameworks [412021]. By leveraging multimodal understand-
ing, these systems interpret user instructions, analyze image content, and gen-
erate editing plans. Some approaches further employ large language models to
decompose complex requests into sequential operations or parameter adjust-
ments [7,/32]. However, these methods primarily focus on semantic reasoning
and instruction following. The connection between weak spatial intention signals
(e.g., clicks or coarse masks) and controlled perceptual saliency redistribution
remains indirect, as spatial cues are typically translated into textual instruc-
tions or heuristic editing steps. In contrast, our approach incorporates intention
signals directly into the attention mechanism of a diffusion backbone, enabling
structured mask—image interaction and explicit supervision of saliency change.

2.3 Saliency Retargeting

Saliency retargeting |11|23/30] studies how image appearance can be modified
to redirect visual attention. Early methods rely on computational saliency mod-
els and apply handcrafted adjustments—such as color, contrast, or luminance
manipulation—to enhance target regions or suppress distractions [1,[10]. These
works demonstrate that appearance modulation can alter perceptual ordering.
However, existing saliency retargeting techniques are largely rule-based and op-
erate outside modern generative editing frameworks. They typically assume ex-
plicit target regions and predefined transformations, and are not designed to han-
dle weak or ambiguous intention signals. Moreover, aesthetic plausibility is rarely
considered: aggressive color or contrast manipulation may increase saliency but
distort object attributes and reduce perceptual realism. In contrast, we integrate
saliency redistribution directly into a diffusion-based editing backbone. By mod-
eling mask-guided attention interactions and supervising the induced saliency
difference, our approach enables retouching for visual focus enhancement.

3 Method

We begin by presenting the overall workflow of EyeControl (Sec. . We then
describe the proposed data generation pipeline, which constructs a high-quality
dataset containing diverse samples of weak, spatially specified user intent(Sec. .
Finally, we introduce the core innovations of EyeControl, including VLM-based
ambiguous intention understanding and guidance, as well as the training frame-
work for the retouching executor(Sec. . Together, these components enable
intention-driven image retouching that effectively enhances the user-specified
visual center under weak or ambiguous inputs.
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Fig. 2: Pipeline for generating intent-driven retouching supervision: (1) curating re-
touching pairs, (2) deriving user intent via saliency difference, and (3) simulating and
augmenting intent signals.

3.1 Overview

EyeControl is a user-intention-driven image retouching agent that supports not
only global enhancement (Global Mode) and local adjustment (Local Mode),
but also visual focus enhancement (Focus Mode) based on weak or ambiguous
user inputs such as clicks or free-form brush strokes. The overall workflow of
EyeControl is illustrated in Fig.

The framework consists of three components: a user interaction interface, a
VLM-based Planner A, and a Diffusion Transformer-based retouching Executor
&. Through the interaction interface, users indicate the desired visual focus using
clicks, strokes, or region markings, optionally accompanied by textual guidance ¢
describing their intention. The Planner A integrates and interprets these ambigu-
ous signals, performs intention reasoning, determines the appropriate execution
mode, and generates refined textual guidance for downstream processing.

Conditioned on the input image I, the inferred intention mask M, , and the
generated text guidance G, the Executor performs the retouching operation and
produces the updated result I,., which can then be fed back into the system for
subsequent interaction rounds. Formally, EyeControl implements a function:

]:9([7 Mu) — Ir- (1>

3.2 Data Generation Pipeline

We design a three-stage data generation pipeline to construct training pairs, with
a particular focus on extracting user-intended visual focus, as shown in Fig.
Further Details of our train set can be found in the supplemental materials.

Stage 1: Retouching Pairs Curation. Following the practice of JarvisArt [20], we
curate a large-scale retouching corpus from PPRI10K [19], Lightroom Commu-
nity, and portfolios of professional retouchers. To ensure that the collected edits
indeed induce visual focus enhancement, we apply a two-stage filtering proce-
dure. First, Qwen3-VL-32B [33] is used to remove retouching pairs with negligible
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Fig. 3: The overall workflow of EyeControl. Given an image to be retouched, the sys-
tem first collects user interactions. The Planner then performs multi-stage reasoning to
parse the image, infer user intent, and select an appropriate execution mode, producing
decoupled guidance prompts. Subsequently, the Ezecutor carries out the actual image
retouching conditioned on the input image, the inferred intention representation, and
the generated guidance. The result is then returned to support iterative refinement.

perceptual differences or without a distinct visual focus before and after editing.
Second, we estimate saliency difference between the pre- and post-retouch im-
ages using an ensemble of saliency detectors IEL, and discard samples whose
saliency change falls below a predefined threshold. This procedure ensures that
the retained image pairs present clear visual focus enhancement.

Stage 2: User-Intent Eztraction via Saliency Difference. To construct struc-
tured supervision for visual focus enhancement, we derive user-intent signals
from saliency difference maps computed between reference image pairs. Given
a saliency difference map D € RH*W  we extract polarity-specific responses
and process them through the following steps. 1) Region Selection: Determine
threshold 7 such that the selected region covers a predefined proportion p of
total saliency energy, producing an initial binary mask. 2) Region Filtering: Per-
form connected-component analysis, remove small regions, and retain dominant
components based on accumulated energy and size constraints. 3) Peak Extrac-
tion: Extract top-K local maxima within the selected region using non-maximum
suppression to obtain sparse intention anchors. 4) Human-in-the-loop validation:
select valid intent regions and peaks for training.

Stage 3: Intent Simulation and Augmentation. We further introduce an online
intent augmentation strategy to better simulate real-world user interaction pat-
terns. Given the intent representation extracted in the previous stage—including
coarse regions and salient peaks, we randomly generate diverse interaction masks
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to simulate typical user inputs, such as point clicks, free-form strokes, and region-
based painting. While preserving the original intent, this augmentation produces
varied interaction patterns and spatial layouts, improving the model’s robustness
to different user inputs in retouching.

3.3 EyeControl Framework

Intent Understanding and Planning User interactions in our setting are
sparse, ambiguous, and often expressed in non-professional language. To bridge
this gap, we introduce a collaborative multi-VLM agent A, designed as a Multi-
Stage Reasoning planner that progressively reconstructs the desired visual focus
from incomplete observations, as shown in Fig. [3]

Formally, the Planner is modeled as a structured reasoning operator:

g = A(IraMu)a (2)

which internally decomposes intent understanding into scene parsing, intent rea-
soning, and guidance generation before execution planning.

Intent Understanding The agent first decomposes the scene into complementary
semantic channels: a scene-level description ds = ¢(I-) capturing global stylis-
tic attributes, and a region-aware description d, = ¢,(I, M,,) focusing on the
potential focal area. The user intent description d,, is inferred as:

du - ¢(Iv d87d7‘)a (3)

Finally, the planner A generates an initial unified guidance Gy based on the scene
description d,s and the inferred user intention d,,:

gO = ¢(d57du)v (4)

where 9 (+) denotes the guidance generation function.

Planning After completing intention understanding, the Planner determines the
appropriate adjustment mode based on its joint interpretation of the inferred
d, and d,. Specifically, it selects among Global Mode for overall tonal and color
adjustments, Local Mode for region-specific refinement, or Focus Mode, often
treated as the default setting, which coordinates both global and local adjust-
ments to enhance the intended visual focus.

To implement this decision, the Planner first produces a unified guidance
representation Gy that captures scene context and inferred intention. This rep-
resentation is then decoupled into executor-compatible instructions, consisting
of a global edit instruction Ggioha1 and a mask-aware local edit instruction Gigcal.

The final executor-compatible instruction is formulated as:

G = mq - {Gglobal } Uma - {Giocal }+ (5)
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where m = (mq, m2) € {(1,0),(0,1),(1,1)} is a binary mode indicator control-
ling the activation of global and local instructions. Specifically,

(1,0), Global Mode,
m =< (0,1), Local Mode, (6)
(1,1), Focus Mode.

Under Focus Mode, both global and local instructions are activated to col-
laboratively enhance the intended visual focus. The assembled instruction G is
then fed into the diffusion executor together with the input image I and the
intent mask M,,. In Global Mode, the mask is replaced by an all-zero mask, so
that the retouching is driven purely by global guidance.

Retouching Executor Next, we describe the architecture and training process
of the retouching executor.

Architecture The overall architecture is built upon Flux.1-Kontext [14] and
augmented with intention-aware conditioning. Given an input image I, a user-
provided intent mask M,, and structured intent guidance text G, the image
is first encoded into a latent representation via a VAE encoder. During train-
ing, the latent is perturbed according to the diffusion process to obtain a noisy
latent z;. I, M, z:, and G are patchified into token sequences and jointly pro-
cessed by stacked MM-DiT blocks. Within each block, latent tokens interact
with image-condition, mask, and text tokens through multi-modal attention.
To mitigate feature interference across modalities, the mask branch is equipped
with dedicated projection parameters, enabling mask-aware modulation of la-
tent representations. After passing through multiple MM-DIT layers followed by
Single-DiT refinement blocks, the network predicts the denoised latent. Train-
ing is supervised in latent space using a standard Flow-Matching reconstruction
loss:

Lrec = Hi’o - ZO||§7 (7>

where Z is the predicted clean latent and zy denotes the encoded latent of the
ground-truth retouched image I,;. The final retouched output I, is obtained by
decoding the predicted latent through the VAE decoder.

Pseudo-Intent Guided Attention Alignment(PAA) Although mask tokens par-
ticipate in multi-modal conditioning, standard attention mechanisms do not ex-
plicitly regulate how spatial intention influences latent interactions. As a result,
mask concatenation alone cannot guarantee that user interaction leads to con-
sistent emphasis on the intended regions during denoising.

In the DiT, attention at timestep t follows the standard formulation:

QK )
\/& )

A; = Softmax (
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where Q; = WX, and K; = Wk X, are the query and key projections of the
latent features X;, and d denote the channel dimension.
When mask conditioning is incorporated, mask tokens derived from M, are

appended to the token sequence. Let QEM) denote queries originating from mask

tokens, and ng) denote keys from noisy latent tokens z;. The corresponding
mask-to-latent attention map is:

Q™ (k)

A(M—)z)
Vd

Softmax

(9)

This sub-attention determines which spatial regions in the latent representation
are influenced by the mask guidance. Supervising AEMHZ)
constrains the effective region of mask-guided modulation.
We construct a pseudo-intent map A from saliency difference between pre-
and post-adjustment signals. Unlike a binary mask, A encodes signed prominence
variations, indicating both regions to be enhanced and regions to be suppressed.
Let S(-) : REXWx3 5 [ 1 1]H*W denote a saliency estimation function that

produces a normalized saliency map. The pseudo-intent map is defined as:

therefore directly

A = SoftMaz(S(I,:) — S(I)), (10)

where I and I;; denote the input image and the ground-truth retouched image,
respectively. Unlike a binary mask, A encodes signed prominence variations,
indicating both regions to be enhanced and regions to be suppressed. We align
the normalized mask-to-latent attention with the pseudo-intent map:

L
Lpan = E; l Z HNorm A(M_)Z) ¢ — Norm(A H (11)

where ¢ denotes the diffusion timestep, L is the number of attention layers, and
AEMHZM represents the mask-to-latent attention map at layer ¢ and timestep
t. Norm(-) denotes spatial normalization applied to both maps to ensure com-
parable scales. Through this alignment, the model learns to associate spatial

masks with consistent attention allocation, enabling intent-aware retouching.

Operation-Consistensy Loss Global and local re-

\»OCO\ touching operations form compositional transfor-
mations within a unified editing space. In partic-

@ ular, samples annotated under the focus mode si-
> multaneously contain global and local editing in-

@ Local =z structions. This allows us to decompose a focus
sample into two independent conditioning signals

Fig. 4: Illustration of Opera- corresponding to the Global and Local modes.
tion Consistency Loss. Ideally, applying these operations sequentially
should yield results consistent with applying them
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jointly under the focus condition. However, diffusion models trained under mixed
modes often exhibit order-sensitive behavior: dominant global adjustments may
suppress local guidance, while local edits may disrupt overall visual coherence.

To address this issue, we introduce an operation-consistency objective
using focus mode samples as supervision. For each focus sample, we construct one
joint denoising path and two sequential paths with randomly sampled execution
orders (Fig. {4).

For the focus path, the model performs a standard forward pass under the
focus mode, producing the latent prediction 2,{1 at timestep t, which serves as
the anchor target.

Global-to-Local Path. We first denoise under the global-only condition to
obtain £§, then inject noise:

zZ] = (1= 04)z] + ove, (12)

where € is Gaussian noise and oy controls the noise injection strength. The re-
noised latent Z; is refined under the local condition, producing 28%1.
Local-to-Global Path. Similarly, swapping the execution order yields ééﬁg .
Finally, we enforce operation-consistency by aligning the sequential predic-
tion with the Focus anchor:

Loo = A (29) — stopgrad(:])||2, (13)

where 0 € {g—1, | — g} denotes the execution order sampled during training.
In summary, the overall training objective is:

L=Lrect+ MLpaa+  Loc. (14)

4 Experiments

4.1 Implementation details

Training setting We utilize Flux-1.0-Kontext [14] as the base model. For fine-
tuning, we apply LoRA (rank r» = 128) and optimize the network using a learning
rate of 2 x 107°. The training is conducted across 4xH20 for 10,000 steps with
a batch size of 1 per GPU.

ControlArt-Bench To the best of our knowledge, there is currently no pub-
licly available retouching benchmark designed to evaluate image editing quality
under ambiguous user intentions, particularly for the assessment of visual fo-
cus enhancement. Therefore, we introduce ControlArt-Bench, a high-quality
evaluation dataset specifically constructed for focus enhancement. ControlArt-
Bench contains 200 groups of real-user retouching samples, each consisting of
an IntentMask—Image pair. The dataset spans diverse categories, including por-
traits, natural landscapes, architecture, food, and animals. To further improve
its usability and reproducibility, we additionally provide, for each sample, an
editing instruction aligned with the corresponding retouching intention.
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Table 1: Quantitative evaluation of retouching performance on ControlArt-Bench.
The best and second-best results are highlighted. FA, PQ, and O denote the metrics
evaluated by Qwen2.5-VL-72B .

Method PSNRt SSIM{ FAt  PQt ot KL, CCt SIMt

Advanced Retouching Agents

JarvisArt 18.8169 0.7463 7.8350 8.7050 8.2087 0.2229 0.9548 0.8785
JarvisEvo |21 20.9291 0.8293 7.9700 9.2000 8.4895 0.2928 0.9644 0.8913
PerTouch 15.9370 0.5946 7.4650 8.4100 7.8240 0.2700 0.9621 0.8828

Open-Source Editing Diffusion Models

UniWorld-v2 18.0759 0.6879 8.2850 8.5850 8.3832 0.7567 0.9363 0.8494
SteplX-Edit 18.1433 0.7533 8.1950 8.8350 8.4632 0.2508 0.9564 0.8789
FLUX.1-Kontext 18.0646 0.7471 8.2200 7.2150 7.4000 0.8231 0.9243 0.8362

chn—Imagc—Edit—ZE)ll 18.7092 0.7029 8.2550 8.6200 8.3530 0.2610 0.9577 0.8783

Commercial Closed-Source Models

GPT-Image-1.5 16.7133 0.5659 8.3291 8.8101 8.5196 0.6651 0.9141 0.8269
Nano-Banana-2 21.1127 0.7633 8.1800 9.2900 8.6785 0.2389 0.9735 0.9085
EyeControl(Ours) 21.8845 0.8517 8.2100 9.3050 8.7054 0.2215 0.9743 0.9068

Input Intent Mask JarvisEvo SteplX-Edit GPT-Image-1.5 Nano-Banana 2 Ours
Fig. 5: Qualitative comparisons with other methods on ControlArt-Bench.

Metrics We report eight metrics: PSNR, SSIM, FA, PQ, O, KL, CC, and
SIM. PSNR. and SSIM measure the overall fidelity and structural similarity to
the reference image. We introduce Focus Alignment (FA) to evaluate how well
the visual focus in the retouched image aligns with the regions specified by
the user intent (0-10 scale). PQ measures contextual coherence and artifacts
(0-10 scale) . The overall score O = y/FA x PQ. Furthermore, KL, CC, and
SIM quantify visual-focus (saliency) discrepancies between the retouched and
reference images . See the supplementary material for details.
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Fig. 6: User Preference Study. Comparison across three criteria: aesthetic quality,
intent consistency, and content fidelity. We report the percentages of win and tie out-
comes of EyeControl against each competing method. Results are shown separately for
image editing models (left) and agent-based retouching models (right).

4.2 Compared with other Methods

We compare EyeControl with open-source agent-based retouching models (Jarvis-
Art [20], JarvisEvo [21], PerTouch [4]), generative editing models (UniWorld-
v2 SteplX—Edit FLUX.1-Kontext [14], Qwen-Image-Edit-2511 ),
and commercial systems (GPT-Image-1.5 @ Nano-Banana 2 . To en-
sure a fair comparison, we provide detailed long-form editing instructions that
are carefully aligned with the underlying user intentions. In addition, based on
the Intent Mask, we generate corresponding bounding-box location descriptions
to accommodate the input formats required by different models. Further imple-
mentation details, along with additional qualitative results on global and local
image retouching, are provided in the supplementary material.

Comparison on ControlArt-Bench As shown in Tab. [I} EyeControl outperforms
existing image retouching models, open-source diffusion-based editing models,
and GPT-Image-1.5 on the majority of evaluation metrics. Moreover, our ap-
proach achieves performance comparable to NanoBanana 2, demonstrating its
strong competitiveness against advanced commercial systems. We observe in-
Fig.[5] that some editing models score well on the Focus Alignment metric mainly
because they introduce large structural changes, rather than focus guidance via
subtle retouching. In contrast, our method demonstrates clear advantages in vi-
sual focus enhancement. It combines the high content fidelity typically observed
in retouching models with the broad editing flexibility characteristic of diffusion-
based editing approaches. More importantly, EyeControl substantially surpasses
competing methods in intention alignment, achieving significantly stronger con-
sistency with the specified user intent.

Lthe latest version of SteplX-Edit-vip2, released on Nov 26, 2025
2Generative model from OpenAl, released in December, 2025
3the latest model from Google, released in March, 2026
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Table 2: Quantitative Ablation of EyeControl.

Variants Methods ‘ Focus Global Local Multi-Round Average

|[PSNR SSIM O KL |PSNR SSIM|PSNR SSIM|PSNR SSIM |[PSNR SSIM

21.29 0.8502 8.64 0.2006
21.71 0.8565 8.64 0.2199
21.92 0.8616 8.66 0.1655
21.88 0.8517 8.71 0.2215

18.54 0.7655
18.07 0.7596
17.75 0.7657
23.34 0.800

27.63 0.9428
27.75 0.9433
28.55 0.9569
28.37 0.9408

19.03 0.8165
19.48 0.8254
20.33 0.8340
20.81 0.8353

19.62 0.8438
21.76 0.8462
22.14 0.8546
24.17 0.8587

baseline
A+Planner

B+ PAA
C+ OCLoss

/ —

Attention Map w/oPAA  Attention Map w/ PAA

gQuwy

Intent Mask

Maintain cool,
desaturated tones with
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Fig.7: Effect of Pseudo-Intent Fig.8: Effect of intent guidance under different
Guided Attention Alignment. levels of user specificity.

User Preference Study Evaluating intent-driven image retouching is subjective,
as aesthetic preference varies across individuals. To quantitatively assess this sub-
jectivity, we conduct a large-scale user study on ControlArt-Bench. We recruit 50
participants to compare our method against seven state-of-the-art approaches,
including four image editing methods and three image retouching methods.

The evaluation is conducted from three perspectives: (1) Aesthetic Quality,
measuring whether the image is visually pleasing; (2) Intention Alignment,
assessing whether the highlighted region aligns with the user’s intended focus;
and (3) Image Fidelity, evaluating whether the edited result preserves the
original content structure.

For each comparison, we randomly select one competing method and perform
a blind pairwise comparison against our approach. Participants are asked to
choose the better result under each metric (or indicate a tie). As shown in Fig. @
EyeControl consistently outperforms all competing approaches across all three
evaluation criteria.

4.3 Ablation Study and Discussion

We quantitatively ablate the major components of EyeControl in Tab. 2| The
evaluation is conducted on the full test sets without sampling, covering four
representative user scenarios: focus enhancement and multi-round retouching on
ControlArt-Bench, global enhancement on MIT-FiveK , and local enhance-
ment on MMArt-Bench . Starting from a fine-tuned Flux.1-Kontext base-
line, adding the planner improves the average performance, suggesting that ex-
plicit planning helps constrain the retouching direction. Introducing PAA fur-
ther improves focus and local editing performance, achieving the best Focus



14 Qin et al.

PSNR/SSIM and Local PSNR/SSIM among all variants. This indicates that
attention-level supervision is particularly important when the edit needs to re-
distribute visual prominence within a localized or semantically intended region.
Finally, adding operation-consistency loss leads to the best overall average per-
formance across the four scenarios. Although it does not uniformly improve
every individual metric, it substantially improves the Global setting, increasing
PSNR/SSIM from 17.75/0.7657 to 23.34/0.800, and also yields the best Multi-
turn performance.

We further analyze the contribution of each component in EyeControl through
focused discussions. We focus our discussion on three primary aspects:

Are spatial masks sufficient for visual focus enhancement without ex-
plicit attention alignment? Fig. [7] suggests that spatial masks alone are in-
sufficient to induce structured focus enhancement. In conventional conditioning
designs, mask tokens share QKV projections with image conditions and noisy
latent tokens. However, masks encode intention cues rather than visual appear-
ance. When forced to share projections, attention responses remain diffuse and
concentrate along mask boundaries, indicating that the model treats the mask
mainly as a spatial constraint rather than a driver of prominence redistribution.
Consequently, the edits rely primarily on photometric adjustments, resulting in
weak perceptual separation between focal and non-focal regions.

With dedicated mask projections and pseudo-intention attention alignment,
the attention distribution becomes more concentrated within the intended re-
gion and less boundary-driven. The outputs show clearer structural separation
between the preserved red telephone box and the desaturated background. These
observations suggest that architectural decoupling and explicit attention super-
vision are necessary to transform spatial masks into effective mechanisms for
visual focus modulation.

What role does VLM-driven visual guidance play in focus enhance-
ment? Fig. 8| further reveals that the impact of VLM-driven guidance depends
on the ambiguity of the editing intention. When the intended adjustment is ex-
plicit and the image offers limited stylistic variation, the difference between using
VLM guidance and omitting it is marginal. In such cases, the spatial mask alone
provides sufficient structural constraint for reasonable focus enhancement.

However, when multiple plausible adjustment directions exist—such as at-
mospheric tone balancing, selective desaturation, or contrast redistribution—the
absence of VLM guidance leads to inconsistent or unstable edits. Without high-
level reasoning, the model may over-enhance local regions or fail to harmonize
the global atmosphere with focal emphasis.

These results suggest that VLM-driven guidance mainly acts as a semantic
disambiguation mechanism. Rather than amplifying enhancement strength, it
constrains the space of plausible editing trajectories, enabling intention-consistent
and scene-aware focus modulation in complex retouching scenarios.

How Does Operation-Consistency Loss Affect Retouching? Fig. [ il-
lustrates the effect of operation-consistency regularization on multi-round re-
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w/o OC-loss w/o OC-loss
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w/ OC-loss I w/ OC-loss

Fig. 9: Effect of operation-consistency loss (OC-loss) on multi-round retouching.

touching. Without OC-loss, the interaction between global and local adjust-
ments becomes path-dependent: different execution orders (Global—Local vs.
Local—Global) produce noticeably different results. In particular, repeated lo-
cal refinement may override the global atmosphere, while dominant global ad-
justments can suppress focal emphasis. This suggests that, without structural
constraints, heterogeneous editing conditions interfere during diffusion.

With OC-loss enabled, editing trajectories across different execution orders
become more consistent. The focal region maintains stable prominence, and the
global color tone remains coherent across rounds. This indicates that operation-
consistency regularization enforces path-invariant editing dynamics and stabi-
lizes the interaction between global and local directives. Rather than merely
aligning pixel outputs, OC-loss reshapes the diffusion process to guide multi-
scale adjustments toward a coherent retouching trajectory.

5 Conclusion
In this work, we revisit image retouching from the perspective of visual focus

enhancement, where the goal is not only to improve overall image quality but
also to intentionally guide viewers’ attention toward desired regions. To address
this problem under weak user intent signals, we propose EyeControl, an intent-
driven retouching agent that explicitly links user intention, visual focus, and
tonal adjustment operations during the retouching process.

The proposed framework combines intention understanding, attention-level
focus modulation, and coordinated global-local adjustments to enable control-
lable visual focus enhancement while preserving perceptual naturalness. In addi-
tion, we introduce ControlArt-Bench, a dedicated benchmark with paired spatial
intent annotations and focus-oriented evaluation metrics for systematic assess-
ment of visual focus enhancement.
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