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Abstract

Affective image editing aims to transform an
image toward a target emotional state. Existing
emotion-based editing methods typically repre-
sent emotion as a global condition, which often
leads models to produce templated edits, lim-
iting their ability to control fine-grained affec-
tive variations. To address these limitations, we
propose Affective Continuous Editing Frame-
work (ACE), an object–atmospheric framework
for modeling visual emotion. To reduce tem-
plated editing, our framework employs an Af-
fective Disentanglement Agent (ADA) to trans-
late abstract affective intent into region-level
editing instructions and counterfactual super-
vision signals. Guided by this data, we de-
sign a decoupled regional LoRA module with
two independent lightweight branches, Object
LoRA (OB-LoRA) and Atmosphere LoRA (AT-
LoRA), which respectively learn object and
atmospheric editing directions. In addition,
we introduce a counterfactual regional sup-
pression loss, encouraging the model to learn
disentangled regional features and continuous,
fine-grained affective variations. Experiments
demonstrate that ACE achieves better iden-
tity preservation, region-level controllability,
and fine-grained emotional expression than ex-
isting emotion-conditioned editing methods.
Quantitative analyses further confirm that the
two learned control directions are monotonic
and largely confined to their intended regions.
The dataset and code are available at https:
//github.com/xixixixixxxx/ACE.

1 Introduction

Affective image editing aims to transform a source
image toward a user-specified emotional state while
preserving its structure, objects, and subject iden-
tity. Unlike conventional object editing, emotion
does not have explicit visual boundaries. Instead, it
emerges from the joint effects of subjects, actions,
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(a) Existing methods tend to generate templated edits that
are strongly associated with the target emotion but weakly
grounded in the original image content.

(b) Continuous editing from sadness to contentment with ACE.

Figure 1: Motivation of ACE. (a) Existing methods tend
to generate target-emotion-specific but image-agnostic
templated edits. (b) ACE enables fine-grained target-
emotion editing through object–atmospheric control
while preserving source identity and layout.

relationships, illumination, color tone, weather, and
ambience (Machajdik and Hanbury, 2010; Yuan
et al., 2013; Zhao et al., 2018; Fan et al., 2018;
Yang et al., 2021).

Recent emotion-oriented editing methods have
made notable progress (Weng et al., 2023; Lin et al.,
2025; Yang et al., 2025; Mao et al., 2026; Zhang
and Fan, 2026); however, most methods inject the
target emotion as a global prompt or implicit con-
dition. This formulation lacks an explicit bridge
between abstract affective intent and image-specific
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visual editing operations. As a result, models may
associate emotions with a limited set of frequent
objects or scene templates, thereby producing tem-
plated edits. As shown in Figure 1a, existing meth-
ods tend to generate target-emotion-specific but
image-agnostic templated edits, indicating that the
learned affective transformation is often weakly
grounded in the source image content.

Moreover, such global emotion modeling (Lin
et al., 2025; Yang et al., 2025) can also collapse
fine-grained emotional expression: existing meth-
ods distinguish coarse affective directions such as
positive versus negative reasonably well, but when
the target is specified into fine-grained categories
such as amusement, contentment, awe, and excite-
ment, their results exhibit substantial confusion.

Studies in visual cognition suggest that affective
appraisal in everyday scenes is primarily driven
by object representations and their object relation-
ships, whereas scene-level cues provide comple-
mentary evidence when object information is in-
sufficient (Gao et al., 2025). This finding indicates
that image emotion is shaped by both object and
atmospheric factors. Motivated by this observation,
we propose ACE, an explicitly object–atmospheric
framework for continuous affective image editing.
As illustrated in Figure 1b, ACE enables continu-
ous affective editing from sadness to contentment
by jointly controlling object and atmospheric fac-
tors, supporting fine-grained target-emotion editing
while preserving the source identity and layout.

To translate abstract emotions into image-
dependent executable visual edits and mitigate
template-like editing, we construct an Affective Dis-
entanglement Agent (ADA) driven by large-scale
foundation models. The agent analyzes the input
image with visual foundation models to identify
low-level visual cues and high-level semantic in-
formation. In this way, abstract affective intent is
converted into a region-aware, attribute-level edit-
ing plan and further decomposed into object-level
and atmospheric changes (Wu et al., 2023; Cui
et al., 2023; Mao et al., 2026).

We further introduce an Object–Atmospheric Af-
fective Continuous Editing model (OACE). It for-
mulates emotional transformation as the coordi-
nated interaction between object-level and atmo-
spheric factors, controlled along two continuous
dimensions. To achieve disentangled and contin-
uous control, we design a counterfactual regional
suppression loss, which encourages affective ex-
pression within the target region while suppressing

irrelevant emotional changes in non-target regions.
After training, the lightweight adaptation modules
form two smoothly scalable control directions, en-
abling interpretable modulation of object-level and
atmospheric factors.

Our contributions are summarized as follows:

• We propose an object atmospheric continuous
paradigm for affective image editing, mov-
ing beyond global emotion-label condition-
ing toward controllable modulation of affect-
bearing object and atmospheric factors.

• We develop an Affective Disentanglement
Agent that translates abstract affective in-
tent into region-aware, attribute-level editing
instructions and counterfactual supervision,
bridging high-level affective intent with exe-
cutable visual operations.

• We introduce OACE, a lightweight continuous
affective editing model that learns scalable ob-
ject and atmospheric control directions with a
counterfactual regional suppression loss, en-
abling smooth, localized, and interpretable
emotion editing.

2 Related Work

2.1 Image Editing

Diffusion-based image editing has advanced
through pretrained generative models (Ho et al.,
2020; Dhariwal and Nichol, 2021; Rombach et al.,
2022), attention or feature manipulation (Hertz
et al., 2023; Tumanyan et al., 2023; Mokady et al.,
2023), and subject-preserving representations such
as BLIP-Diffusion (Li et al., 2023). Instruction-
based and conversational methods, including In-
structPix2Pix (Brooks et al., 2023), Visual Chat-
GPT (Wu et al., 2023), and ChatEdit (Cui et al.,
2023), align natural-language commands with vi-
sual modifications (Sun et al., 2025; Li et al., 2025),
and recent foundation models such as Qwen-Image
and Qwen-Image-Edit (Wu et al., 2025) support
high-resolution generation and complex object or
appearance editing. Region-aware and control-
lable methods such as Blended Diffusion (Avra-
hami et al., 2022), Prompt-to-Prompt, Control-
Net (Zhang et al., 2023b), and drag-based edit-
ing (Fu et al., 2025) localize edits with user-
provided masks, attention maps, point handles,
or control signals, and LoRA adapters such as
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Concept Sliders (Gandikota et al., 2024) and Slid-
erEdit (Zarei et al., 2025) expose continuous con-
trol over a single attribute. These methods target
semantic edits with explicit boundaries, require
the user to specify what and where to edit, and
rarely model affective factors. In contrast, ACE
takes only a source image and a target emotion, de-
rives image-specific object and atmospheric edits
automatically, and learns two composable LoRA
directions confined to disjoint regions.

2.2 Image Emotion Editing

Early image emotion editing relied on emotional
color transfer and style manipulation with prede-
fined affective color statistics (Liu et al., 2018,
2022). Later methods incorporated human-centric
cues such as facial expressions and face geome-
try (Li et al., 2024b), but still focused largely on
global appearance shifts rather than localized af-
fective reasoning (Ibarrola et al., 2024; Yang et al.,
2024a). Affective Image Filter (AIF) maps textual
emotion descriptions to visual styles while preserv-
ing object content (Weng et al., 2023); EmoEdit
constructs a large-scale emotion editing dataset and
trains an Emotion Adapter for content-level mod-
ifications (Yang et al., 2025); Make Me Happier
learns an affective semantic mapping that shifts
source image representations toward target emo-
tions (Lin et al., 2025); and EmoAgent (Mao et al.,
2026) and EmoKGEdit (Zhang and Fan, 2026) di-
versify affective edits with multi-agent planning or
visual-cue knowledge. All of these methods condi-
tion on a global emotion label or description; none
separates affect-bearing object factors from atmo-
spheric factors or supervises them with region-level
counterfactual targets.

2.3 LLM-As-Agent

LLM-based agents have demonstrated strong rea-
soning, planning, and tool-use capabilities (Wei
et al., 2022; Yao et al., 2023; Schick et al., 2023;
Wang et al., 2024a; Liu et al., 2024b). Multimodal
agents extend them to visual tasks (Xie et al., 2024):
Visual ChatGPT, MM-REACT, and HuggingGPT
orchestrate vision foundation models through an
LLM controller (Wu et al., 2023; Yang et al., 2023b;
Shen et al., 2023); VisProg and ViperGPT com-
pose visual programs (Gupta and Kembhavi, 2023;
Surís et al., 2023); and ChatEdit and GenArtist
apply agents to image editing (Cui et al., 2023;
Wang et al., 2024b). Most visual agents focus on
explicit semantic edits, whereas affective editing

requires reasoning over abstract emotions and their
image-specific manifestations. Our ADA converts
affective intent into region-aware instructions and
counterfactual supervision; unlike EmoAgent (Mao
et al., 2026), which invokes agents at inference
time, it is used offline, so the resulting editor re-
quires no agent or tool calls.

3 Method

3.1 Affective Disentanglement Agent

To obtain region-level counterfactual supervision
for object–atmospheric affective control and miti-
gate the template-like editing, we introduce ADA,
a multi-tool-augmented multimodal visual reason-
ing agent that translates a source image and a target
emotion into context-aware, region-specific, and
executable editing plans. ADA is used only of-
fline for data construction; it is not invoked during
OACE training or inference.

As shown in Figure 2, ADA operates in three
stages. First, it performs structured visual percep-
tion by integrating Depth Anything V2 (Yang et al.,
2024b), InSPyReNet (Kim et al., 2022), Grounding
DINO (Liu et al., 2024a), and Semantic-SAM (Li
et al., 2024a). These modules provide spatial rela-
tions, salient-subject localization, open-vocabulary
detection, and region segmentation as structural
cues and region-level evidence for the input image.

In the affective editing reasoning stage, ADA de-
composes the editing intent into object adjustment
and atmospheric modulation based on the target
emotion and image context. Object adjustment
refers to high-level changes of the affect-bearing
subjects, such as facial expression, pose, action,
object state, and inter-subject relationships. Atmo-
spheric modulation refers to low- and mid-level
visual changes, such as illumination, color tone,
weather conditions, and overall ambience.

In the counterfactual editing generation stage,
ADA generates object and atmospheric edit-
ing instructions separately and constructs three
types of counterfactual targets: object-only
edits, atmospheric-only edits, and joint ob-
ject–atmospheric edits. Each constructed sample
contains the source image xsrc, the target emo-
tion e, object and atmospheric masks Ms and
Ma, the ADA-generated object and atmospheric
instructions τs and τa, and counterfactual targets
xs, xa, and xf , which correspond to object-only,
atmospheric-only, and full-image edits, respec-
tively. The detailed instructions τs and τa are used
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Figure 2: Overview of the ADA multimodal editing agent. Given an input image and a target emotion, the agent
performs structured visual perception, iterative multimodal reasoning, and tool-augmented editing generation to
produce executable region-level affective editing instructions.

only to produce the counterfactual targets; as de-
scribed in Section 3.2, OACE itself is conditioned
on concise emotion prompts, so no ADA output is
required at inference.

Overall, ADA produces a counterfactual ob-
ject–atmospheric dataset comprising 4,609 source
images, 6,945 full-image edits, 13,419 object and
atmospheric region-level edits, and 8,226 masks.
On average, each source image is associated with
1.51 target-emotion editing directions, and each
editing direction is paired with explicit object and
atmospheric instructions. The source images come
from existing datasets, and the generation, filtering,
and editing models are all distinct, so no model
consumes its own supervision. Image filtering, the
agent prompt, tool configurations, quality control,
and rejection statistics are detailed in Appendix A.

3.2 Object–Atmospheric Affective
Continuous Editing Model

Using the counterfactual object–atmospheric
dataset constructed by ADA, we build the Object–
Atmospheric Affective Continuous Editing model
(OACE) on a frozen Qwen-Image-Edit backbone
with an MM-DiT architecture. Instead of modeling
the target emotion as a global condition, OACE
factorizes affective editing into two composable
directions, object-level cues and atmospheric cues,
as defined in Section 3.1.

Given a training sample, OACE is conditioned
on concise region-level emotion prompts rather
than one-hot emotion labels, global emotion em-

beddings, or the detailed ADA instructions. We
consider three training states: object editing, atmo-
spheric editing, and full affective editing. Their
textual prompts are defined as ps = ts, pa = ta,
and pf = ts ⊕ ta, respectively, where ⊕ denotes
text concatenation. Specifically, ts follows the
foreground-oriented template “Edit the foreground
of the image to convey {emotion},” while ta fol-
lows the background-oriented template “Edit the
background of the image to convey {emotion}.”
The same templates are used at inference, so the
model receives only the target emotion and no
additional regional or attribute information. The
prompts are encoded by the frozen text encoder
ϕ(·) to obtain cs, ca, and cf .

During training, a state k ∈ {s, a, f} is sam-
pled, and a state router R selects the corresponding
condition ck, target image xk, mask Mk when avail-
able, and LoRA strengths (λs, λa). For object-only,
atmosphere-only, and full editing states, the router
sets (λs, λa) to (1, 0), (0, 1), and (1, 1), respec-
tively, thereby activating OB-LoRA, AT-LoRA, or
both, so that each counterfactual target supervises
only the branch (or composition) responsible for it.

Decoupled regional LoRA. Standard LoRA (Hu
et al., 2022) adapts pretrained weights by intro-
ducing low-rank incremental updates. For the l-th
linear layer in MM-DiT, the update is defined as

W ′
l = Wl +∆Wl, ∆Wl = BlAl, (1)

where Wl denotes the frozen pretrained weight, and
Al and Bl are trainable low-rank matrices.
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Figure 3: Overview of OACE. The upper part shows the training stage, where the teacher and student models
are optimized with the designed training losses. The lower part shows the inference stage, where the learned
modules are used for controllable emotion editing. The right part illustrates the loss design, including reconstruction,
suppression, and edit-related supervision.

In affective image editing, a single LoRA mod-
ule often entangles emotion cues from different
sources. It may change color tone when only facial
expression should be edited, or weaken identity
when only the atmosphere should change. To ad-
dress this, we decompose the affective parameter
update into two independent directions:

W ′
l = Wl + λsB

s
l A

s
l︸ ︷︷ ︸

∆W s
l

+λaB
a
l A

a
l︸ ︷︷ ︸

∆Wa
l

. (2)

Here, ∆W s
l denotes the object editing direction

learned by OB-LoRA, whereas ∆W a
l denotes the

atmospheric editing direction learned by AT-LoRA.
The coefficients λs and λa control the strengths
of the object and atmospheric sliders, respec-
tively. Unlike single-adapter LoRA editing, the two
branches are trained under the router with paired
counterfactual targets and thus form composable
control directions rather than parallel adapters.

Counterfactual regional suppression (CRS) loss.
Although the counterfactual targets provide direct
supervision for the two affective factors, naively fit-
ting them over the entire image can still induce
cross-region leakage. For example, the object
branch may learn atmospheric color shifts from an
object-only target, whereas the atmospheric branch

may modify object content from an atmospheric-
only target. We therefore retain each LoRA branch
as a positive editing direction and use regional sup-
pression only as a leakage regularizer outside the
intended edit region.

For a sampled training state k ∈ {s, a, f},
we obtain a noisy latent zkt from the correspond-
ing counterfactual target xk and denote its flow-
matching velocity (Lipman et al., 2023) by v⋆k.
The student prediction is computed as vkstu =
Fθ0+λs∆θs+λa∆θa(z

k
t , ck), where θ0 is the frozen

pretrained editing model and (λs, λa) is selected
by the router, as described above. For the two re-
gional states k ∈ {s, a}, the intended edit region is
Mk, and the active branch is trained to match the
counterfactual edit within that region:

Lk
edit =

∥∥∥D(Mk)⊙
(
vkstu − v⋆k

)∥∥∥
2

2
, (3)

where D(·) downsamples an image-space mask to
the latent or token resolution.

To suppress unintended changes outside the tar-
get region, we construct a no-edit teacher predic-
tion vkref = Fθ0(z

k
t , cneu) with the frozen base

model and a neutral preservation prompt cneu. The
preservation regularizer then matches the student
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prediction to this neutral reference on the comple-
ment of the edit mask:

Lk
sup =

∥∥D(1−Mk)⊙
(
vkstu − sg(vkref)

)∥∥2
2
, (4)

where sg(·) denotes the stop-gradient operation.
This term does not reverse the editing direction; it
only discourages the active branch from producing
affective changes in regions that should remain
unchanged. Unlike pixel-space preservation or
mask-reconstruction losses, it operates in the flow-
matching prediction space and matches a frozen
no-edit reference rather than the source pixels.

For the full editing state f , both LoRA branches
are activated and the target is the joint counter-
factual edit xf . Since no region is held out, we
supervise the full prediction directly:

Lf
edit =

∥∥∥vfstu − v⋆f

∥∥∥
2

2
. (5)

The state-wise loss is Lk = λeditLk
edit + λsupLk

sup

for k ∈ {s, a} and Lf = Lf
edit, and the overall

objective is L = Ek∼p(k)[Lk], where p(k) is the
state-sampling distribution used by the router.

4 Experiments

We evaluate ACE from four aspects: whether the
edits express the requested target emotion, whether
they preserve the source content and visual quality,
whether human raters prefer the edits, and whether
the decoupled object and atmospheric controls are
monotonic, disentangled, and interpretable.

4.1 Dataset
To evaluate affective image editing across diverse
visual scenarios, including natural scenes, indoor
and outdoor objects, and human activities, we con-
struct a test set containing 346 source images. The
images are sampled from EmoSet (Yang et al.,
2023a), MagicBrush (Zhang et al., 2023a), and
MA5K (Shi et al., 2021), and are manually filtered
and deduplicated to balance emotional relevance,
source diversity, and editability. Each image is tar-
geted with 8 emotion directions, resulting in a total
of 2,768 image pairs.

4.2 Evaluation Metrics
Affective image editing requires a balance between
emotional transformation and source preservation.
We therefore report emotion, preservation, and
perceptual-quality metrics. For affective expres-
sion, Emo-Acc8 (Yang et al., 2024a) measures

whether an edited image is assigned to the re-
quested emotion among the eight target categories.
TEA (Zhang and Fan, 2026) measures the activa-
tion strength of the target emotion in the edited
result, while Emo-S (Yang et al., 2024a) measures
the gain of the target emotion response relative to
the source image. For source preservation, DINO-
I (Caron et al., 2021) measures high-level semantic
similarity between the edited and source images,
and LPIPS (Zhang et al., 2018) measures percep-
tual distance in deep feature space. We also re-
port AesScore to assess overall visual quality. Fi-
nally, ID measures identity consistency on person-
centric samples using identity features, including
ArcFace (Deng et al., 2019) facial features when
faces are available, so that subject drift is reflected
in the evaluation. All methods are evaluated on
the same 2,768 samples with identical evaluators;
implementation details of the evaluators are given
in Appendix B.3.

4.3 Baselines

We compare ACE with representative general im-
age editing and affective editing methods. The
baselines include two instruction-based image edit-
ing methods, InstructPix2Pix (Brooks et al., 2023)
and Qwen-Image-Edit (Wu et al., 2025); two affec-
tive transfer methods, AIF (Weng et al., 2023) and
CLVA (Fu et al., 2022); and two affective image
editing methods, EmoEdit (Yang et al., 2025) and
EmoEditor (Lin et al., 2025). Qwen-Image-Edit
receives the same concise emotion prompt as ACE
without adaptation and serves as a same-backbone,
no-training reference; same-backbone LoRA alter-
natives are compared in Section 4.8.

4.4 Qualitative Analysis

Figure 4 presents the qualitative comparisons. ACE
produces target-consistent affective edits while pre-
serving the main content and spatial layout of the
source images. General editing methods often
make limited emotion-related changes, affective
transfer methods rely mainly on global stylization
and may weaken source objects, and existing af-
fective editing methods introduce stronger changes
that are sometimes less localized or less aligned
with the target emotion. In contrast, ACE adjusts
object and atmospheric cues according to the im-
age context, leading to more expressive and better-
preserved edits.
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Figure 4: Qualitative comparison with general image editing, affective transfer, and affective image editing baselines.
The examples cover amusement, excitement, fear, and sadness across object-centric, human-centric, scene-centric,
and animal-centric inputs.

4.5 Quantitative Analysis

Table 1 presents the quantitative comparison. ACE
achieves the best results on all affective metrics, in-
dicating stronger target-emotion alignment than the
compared methods. Compared with EmoEdit, the
strongest affective baseline, ACE improves Emo-
Acc8 from 0.300 to 0.564 and Emo-S from 1.914
to 6.327. ACE also improves DINO-I, ID, and
AesScore over EmoEdit, showing better content
consistency, identity preservation, and visual qual-
ity; EmoEditor achieves the highest ID but remains
weaker on emotion metrics and DINO-I.

Expression–preservation trade-off. ACE does
not obtain the best DINO-I or LPIPS. Both metrics
compare the edit directly with the source and thus
favor methods that change little: InstructPix2Pix
and Qwen-Image-Edit obtain the lowest LPIPS
(0.129 and 0.195) but also the lowest Emo-S (0.430
and 0.491), i.e., they largely leave the image un-
changed. Conveying a new emotion requires visi-
ble changes in expression, pose, illumination, and
color tone, so a moderate increase in perceptual
distance is an expected consequence of successful
affective editing rather than a preservation failure.
We therefore treat DINO-I and LPIPS as safeguards
against excessive drift: compared with EmoEdit,
the only baseline with a substantial affective gain,
ACE achieves a much larger Emo-S together with
higher DINO-I, ID, and AesScore, and its LPIPS
(0.553) stays below that of AIF (0.663) and EmoEd-

itor (0.623), whose changes are less targeted. The
user study (Section 4.7) confirms that raters judge
this operating point as the best balance.

4.6 Continuous Control and Disentanglement

Qualitative sweeps. For a fixed source image
and target emotion, we vary the object strength λs

and the atmospheric strength λa independently. As
shown in Figure 5, increasing λs gradually strength-
ens affect-bearing object cues while keeping the
atmospheric context largely stable, whereas increas-
ing λa progressively modulates illumination, color
tone, and ambience without replacing the object
content. Figure 6 further shows that the two sliders
can be assigned to different target emotions, en-
abling counterfactual affective compositions that
are not available in a single-label editing formula-
tion. In these examples, object changes and atmo-
spheric changes evolve along different emotional
directions while the subject identity and spatial lay-
out remain largely preserved. Additional sweeps
are provided in Appendix C.

Monotonicity and smoothness. To verify that
the sliders provide gradual rather than abrupt con-
trol, we evaluate each branch on 352 source image–
emotion sequences covering all eight emotions,
sweeping its strength over five evenly spaced levels
while the other branch is disabled. Table 2 reports
Spearman correlations between slider strength and
regional LPIPS change (visual monotonicity) or
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Method Main Test Set EmoEdit Test Set
Emo-Acc8 TEA Emo-S DINO-I LPIPS AesScore ID Emo-Acc8 TEA Emo-S DINO-I LPIPS AesScore ID

InstructPix2Pix 0.152 0.147 0.430 0.964 0.129 5.492 0.449 0.150 0.137 0.447 0.952 0.132 5.733 0.626
Qwen-Image-Edit 0.160 0.145 0.491 0.938 0.195 5.534 0.338 0.152 0.148 0.525 0.935 0.278 6.394 0.645
AIF 0.121 0.127 0.161 0.755 0.663 4.711 0.670 0.127 0.125 0.160 0.743 0.647 5.035 0.821
CLVA 0.136 0.125 0.093 0.702 0.531 4.964 0.712 0.136 0.137 0.144 0.720 0.583 5.309 0.786
EmoEdit 0.300 0.345 1.914 0.725 0.280 5.510 0.488 0.436 0.355 3.025 0.744 0.368 6.170 0.637
EmoEditor 0.152 0.244 0.513 0.542 0.623 5.106 0.858 0.145 0.190 0.417 0.656 0.550 5.542 0.869
ACE 0.564 0.353 6.327 0.755 0.553 5.583 0.807 0.531 0.369 5.722 0.740 0.433 6.173 0.898

Table 1: Main quantitative comparison on the main test set and the EmoEdit test set. Higher is better for Emo-Acc8,
TEA, Emo-S, DINO-I, AesScore, and ID. Lower is better for LPIPS.

Figure 5: Continuous control visualization of ACE on two source images. Each row shows one sample: the left
sweep varies the object slider and the right sweep varies the atmospheric slider.

Metric OB-LoRA AT-LoRA Better
Visual Monotonicity (ρ) 0.990 0.977 ↑

median / success rate 1.000 / 0.989 1.000 / 0.975 ↑
Emotion Monotonicity (ρ) 0.678 0.637 ↑

median / success rate 0.900 / 0.773 0.800 / 0.766 ↑
Step-CV 0.419 0.524 ↓
Path Straightness 0.743 0.623 ↑
Emotion Dynamic Range 5.429 4.623 ↑

Table 2: Continuous-control analysis over 352 se-
quences with strengths {0, 0.25, 0.5, 0.75, 1.0}. ρ:
mean Spearman correlation between strength and mea-
sured change; success rate: fraction of sequences with
ρ > 0. Definitions are in Appendix B.4.

Branch Target ∆ Non-target ∆ Ratio Leakage
OB-LoRA FG: 0.152 BG: 0.091 1.68× 0.434 ± 0.124
AT-LoRA BG: 0.274 FG: 0.058 4.76× 0.258 ± 0.106
Disentangle Score (chance level: 0.500) 0.729 ± 0.123

Table 3: Cross-region leakage under single-branch edit-
ing. ∆: mean regional LPIPS change inside the fore-
ground (FG) or background (BG) mask; Leakage: per-
sample non-target/target ratio (↓); Disentangle Score:
proportion of change inside the intended region (↑).

Emo-S (emotion monotonicity), the coefficient of
variation of adjacent-step changes (Step-CV), tra-
jectory straightness in DINO feature space, and the
emotion dynamic range over the full sweep. Both
branches are almost perfectly monotonic in visual
change (median ρ = 1.0) and positively monotonic
in emotion, and the non-trivial dynamic ranges rule
out a degenerate no-change solution. OB-LoRA
has a lower Step-CV and a straighter trajectory than
AT-LoRA, which varies slightly more because it
jointly modifies spatially distributed attributes such

as lighting, color tone, and ambience.

Cross-region leakage and disentanglement. Ta-
ble 3 quantifies whether each branch modifies only
its intended region. Under OB-only editing the fore-
ground changes 1.68× more than the background,
and under AT-only editing the background changes
4.76× more than the foreground, giving leakage ra-
tios of 0.434 and 0.258. The Disentangle Score of
0.729 is well above the 0.5 chance level of a non-
selective edit, confirming that the two branches
primarily act within their own regions.

4.7 User Study

We further conduct a user study with 24 partici-
pants, each answering 80 questions, yielding 1,920
human judgments in total. Participants are shown
edited results from ACE and three affective base-
lines, AIF, EmoEdit, and EmoEditor, under the
same source image and target emotion. For each
comparison, participants are asked to select the pre-
ferred result from four aspects: structural similarity
(StructSim), emotion activation (EmoAct), balance
between content preservation and emotional expres-
sion, and aesthetic quality (Aesthetics).

As shown in Figure 7, ACE is consistently pre-
ferred across all four criteria. The gains are most
evident in Balance and Aesthetics, suggesting bet-
ter content preservation and visual quality. Higher
preferences in StructSim and EmoAct further show
that object–atmospheric control improves both
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Figure 6: Counterfactual continuous slider editing. Ob-
ject and atmospheric sliders are independently assigned
different target emotions to generate continuous coun-
terfactual images.
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Figure 7: User study results on pairwise preference se-
lection between ACE and each comparative method in
terms of structural similarity, emotion activation, bal-
ance and aesthetics.

structural consistency and target-emotion expres-
sion, aligning with the automatic evaluation. The
study is limited in scale and demographic cover-
age and serves as complementary human validation
(see Limitations).

Variant Emo-Acc8 TEA Emo-S DINO-I LPIPS AesScore ID
Global Joint LoRA 0.402 0.337 3.214 0.712 0.534 5.421 0.781
Single LoRA 0.467 0.348 4.722 0.741 0.578 5.532 0.779
Dual LoRA w/o Supp 0.502 0.350 5.232 0.736 0.570 5.556 0.780
ACE 0.564 0.353 6.327 0.755 0.553 5.583 0.807

Table 4: Ablation results of ACE. Higher is better for
Emo-Acc8, TEA, Emo-S, DINO-I, AesScore, and ID.
Lower is better for LPIPS.

4.8 Ablation Study

Table 4 evaluates the contribution of each compo-
nent in ACE. All variants share the same frozen
backbone, ADA-constructed data, prompts, and
training settings, isolating the parameterization and
loss design. Global Joint LoRA trains a single
adapter on the full-image targets xf only; Single
LoRA trains one adapter on all three counterfactual
states; Dual LoRA w/o Supp uses the two routed
branches without the CRS loss. Compared with
Global Joint LoRA, Single LoRA improves affec-
tive expression by learning region-aware editing
cues. Separating the adaptation into dual LoRA
branches further strengthens the target emotion,
while the full ACE achieves the best overall trade-
off after adding regional suppression, which also
improves DINO-I and ID. ADA, the counterfactual
targets, and the masks are not ablated individually,
since they jointly define the training states and re-
gional losses.

The qualitative comparison in Appendix C.3
shows the same trend: Dual LoRA without suppres-
sion may over-amplify atmospheric cues, whereas
ACE expresses the target emotion clearly while
keeping region-specific edits under control.

5 Conclusion

We presented ACE, an object–atmospheric contin-
uous control framework for fine-grained affective
image editing. By decomposing affective expres-
sion into object and atmospheric cues and training
two lightweight LoRA branches with counterfac-
tual regional supervision and a suppression loss,
ACE enables controllable affective editing with
reduced region leakage. Experiments show im-
proved target-emotion expression with competitive
preservation, quality, and identity consistency, and
quantitative analyses confirm that the two learned
directions are monotonic and largely disentangled.
These findings hold for the eight emotions, test
sets, and participants evaluated here and are not
universal claims about affective perception.
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Limitations

Although ACE demonstrates promising results for
controllable affective image editing, several aspects
can be further explored. First, visual emotion is
inherently complex, and real-world affective states
go beyond the eight emotion categories considered
in this work. Extending the range of affective fac-
tors and target emotion categories may further im-
prove the diversity and expressiveness of editing
results. Second, affective perception is subjective,
and viewers with different cultural backgrounds
or personal experiences may interpret the same
visual cues in different ways. Our user study in-
volves 24 participants and does not cover diverse
cultural backgrounds, so its results should be under-
stood as complementary human validation rather
than as a universal measure of affective preference.
Future work may consider more personalized or
context-aware affective representations, together
with larger and more diverse human evaluations, to
better reflect such diversity in human emotion per-
ception. Third, the training supervision is produced
by an automated agent built on foundation models
and filtered with automatic metrics. Although the
generation, filtering, and editing models are dis-
tinct and the evaluation uses an independent test
set and human judgments, the learned editor may
still inherit biases and failure modes of these com-
ponents (see Appendix C.5),our claim is therefore
that ADA provides scalable and effective region-
level supervision for the evaluated emotions, not
that it captures universal principles of human affect.
Fourth, the default slider strengths are set per emo-
tion (Table 5), while the sliders are shown to be
monotonic, choosing these defaults automatically
remains open. Finally, automatic emotion met-
rics depend on learned classifiers and may reward
stereotyped cues, so we complement them with
preservation metrics and human feedback; more
interactive and personalized evaluation protocols
would further strengthen affective editing research.
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A Dataset Construction Details

This section provides additional details about
the construction of the counterfactual object–
atmospheric editing dataset. We describe the image
sources, the two-stage filtering pipeline, the agent
prompt and tool configurations, the quality-control
criteria and rejection statistics, and the computa-
tional cost of data generation.

A.1 Source Image Collection

We collect candidate images from three large-scale
image datasets: EmoSet, MagicBrush, and MA5K.
These datasets provide diverse emotion-related,
instruction-editing, and high-quality photographic
images, covering both subject-centric and scene-
centric cases. We then apply a two-stage filtering
pipeline to identify images that are suitable for
region-level affective editing.

A.2 Geometric and Saliency Filtering

The first stage uses lightweight visual tools to
remove images that are unlikely to support reli-
able region-level editing. Specifically, we use In-
SPyReNet to estimate salient foreground regions
and Depth Anything V2 to estimate monocular
depth. These cues help identify images with clear
foreground–background separation, compact ed-
itable subjects, and sufficient spatial structure. Im-
ages with ambiguous foregrounds, fragmented sub-
jects, or weak geometric separation are removed or
sent for manual review.

A.3 Second-stage VLM Editability
Assessment

The second stage uses a vision-language model
to assess whether the remaining images have suf-
ficient potential for high-level secondary editing
and emotional activation. Each image is evalu-
ated together with a short reference description of
the original foreground or scene. The model is

prompted to judge three aspects on a 0–3 scale:
foreground–background separation, editability un-
der background or lighting changes, and emotion
activation potential after color grading or visual
effects. Based on these judgments, images are as-
signed to keep, review, or reject groups. This stage
filters out visually flat, cluttered, or emotionally
limited images that are unlikely to benefit from
object–atmospheric editing.

A.4 ADA Agent Design
Tool configurations. In our implementation,
ADA uses Qwen3-VL-32B-Instruct as the multi-
modal reasoning model, and the image_editor
tool is instantiated with FLUX.2 [dev] for high-
quality image editing. The perception tools are
Grounding DINO (Liu et al., 2024a) for open-
vocabulary detection, Semantic-SAM (Li et al.,
2024a) for instance segmentation, Depth Anything
V2 (Yang et al., 2024b) for monocular depth, and
InSPyReNet (Kim et al., 2022) for saliency; all use
their official checkpoints and default settings. The
object mask Ms is the union of the Semantic-SAM
instance masks of the subjects selected by the agent,
refined by the InSPyReNet saliency map, and the at-
mospheric mask is its complement, Ma = 1−Ms.
The agent runs the ReAct-style loop below with at
most 20 tool calls per sample; samples that exceed
this budget or fail a verification step are discarded.

Instruction generation. Given the perception re-
sults, the agent first writes an object instruction τs
describing concrete, visually observable changes
to the salient subjects (expression, pose, action,
object state, or inter-subject relation) and an atmo-
spheric instruction τa describing changes to illu-
mination, color tone, weather, or ambience. Both
instructions must reference entities detected in the
image, which grounds the edit in the source content
and discourages templated, image-agnostic edits.
The object-only target xs is produced by apply-
ing τs with a relatively high editing strength, the
atmospheric-only target xa by applying τa to the
source with a lower strength, and the joint target
xf by applying τa on top of xs.

Prompt template. The following prompt tem-
plate is used to guide ADA. We divide the prompt
into four parts for readability: agent role, tool speci-
fication, operating procedure, and response format.

[Role and Objective]
You are an autonomous Emotional Image Editor
Agent. You will receive an initial image, its object
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description, and a target emotion. Your goal is
to orchestrate visual perception tools and image
editing tools to make the image convey the tar-
get emotion, while strictly preserving the main
subject identity and the core spatial structure.

[Toolbox]
grounding_dino: open-vocabulary object de-
tection. Use it to locate main subjects and key
objects, and to verify whether object positions
and counts are preserved after editing.

depth_anything: monocular depth estima-
tion. Use it to record foreground–background
depth structure and to verify that style edits do
not change the subject depth layer.

object_sam: pixel-level instance segmenta-
tion. Use it to obtain object masks, check subject
connectivity, and compare subject masks before
and after editing.

inspyrenet: saliency detection. Use it to iden-
tify the protected salient subject region and to
verify that editing does not erode the main fore-
ground.

facial_action_analysis: face detection
and facial action unit analysis. Use it only when
faces are present, and verify whether expression-
related action units match the target emotion.

image_editor: diffusion-based image editing.
The editing prompt must describe concrete and
visually observable changes. It should avoid ab-
stract emotional phrases such as “make it terrify-
ing” and instead specify actionable visual modifi-
cations.

[Standard Operating Procedure]
Step 1: Deep observation. Do not edit yet. Use
perception tools to verify the initial description
and record subject, mask, depth, and expression
cues.
Step 2: Object planning. Compare the observed
image with the target emotion and plan the object
edit.
Step 3: Object editing. Call image_editor
with a subject-focused instruction and a relatively
high editing strength.
Step 4: Object verification. Use perception tools
again. If subject identity or spatial structure is
damaged, stop and mark the sample as failed.
Step 5: Atmospheric editing. Call
image_editor with a background, lighting,
color, or ambience instruction using a lower
editing strength.
Step 6: Atmospheric verification. Verify that the
atmosphere is changed while the main subject
and structure remain intact.
Step 7: Finish. Output done when the target
emotion is successfully evoked.

[Response Format]
The agent must output only one valid JSON ob-
ject:

{
"thought": "SOP step.",
"action": "Tool name or done",
"params": {"key": "value"}

}

A.5 Quality Control

Beyond the verification and revision steps per-
formed by the agent itself, we apply an additional
automatic quality validation stage to the generated
counterfactual edits. We first use CLIP image sim-
ilarity to constrain source preservation, keeping
edits whose similarity to the source image falls
within the range of 0.75 to 0.90. We then use CLIP
text-image similarity to measure whether the edited
image is consistent with the corresponding editing
instruction, and retain samples with scores between
0.25 and 1.00. For object-only and atmospheric-
only regional edits, both CLIP-based scores are
computed on the corresponding masked regions
rather than on the full image. Finally, we evalu-
ate target-emotion activation with an emotion clas-
sifier(the EmoSet-trained ResNet/CLIP classifier
used for Emo-Acc8) and require the softmax score
of the target emotion to be higher than 0.30. Sam-
ples failing any of these checks are discarded from
the training set. The image-similarity range ex-
cludes both near-identity edits (similarity above
0.90, i.e., the instruction was not executed) and
excessive edits (below 0.75, i.e., the source content
was replaced); the instruction-consistency and emo-
tion thresholds ensure that retained edits are both
faithful to the instruction and affectively effective.

A.6 Computational Cost of Data Generation

ADA is executed once, offline, to build the dataset,
and none of its components (the multimodal rea-
soning model, the perception tools, or the FLUX.2
editor) is used during OACE training or inference.
Generating one training sample requires one multi-
modal reasoning loop and, on average, 15 percep-
tion tool calls and two to three image_editor
calls, which takes approximately 200 seconds on
a single H100; the complete dataset was gener-
ated in approximately 168 GPU-hours. Once the
dataset is built, OACE has the same cost as stan-
dard LoRA fine-tuning of the backbone: with four
NVIDIA H100 GPUs, training takes approximately
30 hours, compared with 20 hours for EmoEdit and
38 hours for EmoEditor under the same hardware.
At inference, OACE adds only the two rank-32
LoRA branches to the frozen backbone, so its la-
tency and memory footprint are essentially those
of Qwen-Image-Edit.
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B Training and Evaluation Details

This section documents the implementation de-
tails of ACE, including the pretrained backbone,
LoRA insertion layers, optimization settings, train-
ing schedule, inference-time slider control, and the
evaluation protocol.

B.1 Adapter Configuration and Optimization

We use the pretrained Qwen-Image-Edit model as
the frozen editing backbone. OB-LoRA and AT-
LoRA are inserted into the linear layers of every
MM-DiT block, with the LoRA rank set to 32 and
α = 1 for both branches. The remaining backbone
parameters are kept frozen during training. We
train with AdamW at a learning rate of 1e-4, a batch
size of 1, and 500 training steps at a resolution of
1024×1024, on four NVIDIA H100 GPUs. The
state router samples the three training states with
probabilities p(s) = 1/3, p(a) = 1/3, and p(f) =
1/3, and the loss weights are λedit = 1 and λsup =
1. The neutral preservation prompt cneu is "Keep
the image same".

B.2 Inference and Slider Scaling

At inference time, the object and atmospheric slid-
ers are controlled by scaling the two learned LoRA
directions with λs and λa. We use emotion-specific
default strengths for the object slider (OB) and at-
mospheric slider (AT), as shown in Table 5. These
values provide the default inference configuration
for each target emotion, while users can further
adjust the two sliders for finer control. The de-
faults were chosen empirically, with stronger atmo-
spheric modulation for high-arousal negative emo-
tions such as fear and anger and milder settings for
contentment; Section 4.6 shows that the sliders are
monotonic, so the defaults act as an operating point
rather than as a requirement for controllability.

B.3 Evaluation Protocol and Metric
Implementation

All methods are evaluated on the same 2,768
(source image, target emotion) pairs of the main
test set and on the EmoEdit test set with identi-
cal evaluators and image resolution. Emo-Acc8
and Emo-S follow EmoGen (Yang et al., 2024a):
an eight-way emotion classifier predicts the emo-
tion distribution of the edited image; Emo-Acc8
is the fraction of edits whose argmax equals the
target emotion, and Emo-S is the increase of the
target-emotion logit relative to the source image.

TEA follows EmoKGEdit (Zhang and Fan, 2026)
and measures the activation strength of the target
emotion. DINO-I is the cosine similarity between
DINO ViT (Caron et al., 2021) CLS features of the
edited and source images; LPIPS uses the AlexNet
variant (Zhang et al., 2018); AesScore uses the
LAION aesthetic predictor. ID is computed on
person-centric samples using ArcFace (Deng et al.,
2019) embeddings when a face is detected and
CLIP embeddings of the salient subject otherwise.
Baselines use their official code and settings.

B.4 Continuous-Control Metrics

For the analysis in Section 4.6, we use 352 (source
image, target emotion) sequences covering all
eight emotions. For each sequence and branch
b ∈ {s, a}, we set the other branch to zero and
sweep λb ∈ {0, 0.25, 0.5, 0.75, 1.0}, producing
images {y0, . . . , y4} with y0 = xsrc. Let Mb be
the target mask of the branch (Ms for OB-LoRA
and Ma = 1−Ms for AT-LoRA), and let dM (x, y)
denote the LPIPS distance inside mask M .

Visual monotonicity is the Spearman correla-
tion between the slider strength λb and the regional
change dMb

(xsrc, yi) across the five levels, aver-
aged over sequences; we also report the median
and the success rate, i.e., the fraction of sequences
with positive correlation.

Emotion monotonicity is defined analogously
with Emo-S of yi in place of the regional change.

Step-CV is the coefficient of variation (standard
deviation divided by mean) of the adjacent-step
changes {dMb

(yi−1, yi)}4i=1; lower values indicate
more uniform transitions between adjacent levels.

Path straightness is the ratio between the di-
rect distance and the path length of the edit-
ing trajectory in DINO feature space, ∥f(y4) −
f(y0)∥2/

∑4
i=1 ∥f(yi)− f(yi−1)∥2, where f(·) is

the DINO CLS embedding; a value of 1 corre-
sponds to a perfectly straight trajectory.

Emotion dynamic range is the Emo-S of y4, i.e.,
the total change of target-emotion intensity over
the full sweep.

Leakage and Disentangle Score. Let ∆fg and
∆bg denote the regional change dM (xsrc, y) com-
puted inside the foreground mask Ms and the back-
ground mask Ma for a single-branch edit y at
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Target Emotion OB AT
Amusement 0.75 0.50
Awe 0.75 1.00
Contentment 0.50 0.50
Excitement 1.00 0.75
Disgust 1.00 0.75
Anger 1.00 1.00
Fear 1.00 1.25
Sadness 1.00 1.00

Table 5: Default object (OB) and atmospheric (AT)
slider strengths for each target emotion.

λb = 1. Under OB-only editing,

OB-Leak =
∆bg

∆fg
, (6)

and under AT-only editing,

AT-Leak =
∆fg

∆bg
. (7)

The Disentangle Score averages, over both
branches, the proportion of change that falls inside
the intended region,

DS = 1
2

(
∆s

fg

∆s
fg +∆s

bg

+
∆a

bg

∆a
fg +∆a

bg

)
, (8)

where superscripts s and a denote OB-only and
AT-only edits. A non-selective edit that changes
both regions equally yields DS = 0.5. All leak-
age scores are computed per sample and then av-
eraged (mean ± standard deviation in Table 3),
whereas the reported foreground and background
changes are averaged independently; the mean leak-
age therefore does not exactly equal the ratio of the
two mean changes.

C Additional Results and Analysis

This section collects additional qualitative and
quantitative results that support the main claims
of the paper.

C.1 Continuous Control Analysis
Figures 8 and 9 provide additional one-dimensional
slider sweeps for the two learned control directions.
The object slider mainly changes foreground affec-
tive cues, whereas the atmospheric slider gradually
adjusts background illumination, color tone, and
ambience. Figures 10 and 11 further show two-
dimensional OB–AT sweeps for contentment and
sadness, demonstrating that the two sliders can
jointly compose emotion-specific object and atmo-
spheric variations. The quantitative counterpart of
these sweeps is reported in Tables 2 and 3.

C.2 Additional Qualitative Examples

Figure 12 shows neutral-to-emotion editing results,
where ACE introduces target-consistent object de-
tails and atmospheric changes while preserving
the original layout and main subject. Negative
emotions are expressed through darker illumina-
tion, desaturated tones, and adverse visual cues,
whereas positive or high-arousal emotions are con-
veyed through brighter lighting, warmer or more
vivid colors, and emotion-relevant object cues.

Figure 13 further shows emotion-to-emotion
transfer results. These examples indicate that ACE
does not simply amplify the source emotion, but
can redirect the affective state by jointly adjusting
object-level cues and atmospheric factors, enabling
flexible transformations across different emotional
starting points.

C.3 Qualitative Ablation

Figure 14 shows qualitative results of the ablation
variants. Global Joint LoRA often produces weak
affective changes, whereas Single LoRA introduces
clearer object or atmospheric cues. Dual LoRA
without suppression can generate stronger edits,
but may over-amplify atmospheric changes or in-
troduce excessive emotional cues. In contrast, ACE
expresses the target emotion more clearly while
keeping the source layout and region-specific edits
better controlled.

C.4 Challenging Scenes

Affective editing is most difficult when the object
factor is not concentrated on a single salient sub-
ject. We observe three recurring hard cases. First,
in crowded scenes with many small subjects (e.g.,
street crowds or group photos), the object mask
Ms covers many disconnected regions, and OB-
LoRA tends to modify only the largest subjects
while the remaining ones stay neutral; the atmo-
spheric branch still shifts the overall mood, so the
edit reads as a scene-level change rather than a co-
ordinated change of all subjects. Second, in images
without a clear foreground (e.g., wide landscapes
or textures), the object mask degenerates to a small
or empty region, and the edit is carried almost en-
tirely by AT-LoRA, so emotions that require ob-
ject cues (amusement, disgust) are expressed less
clearly than those dominated by atmosphere (sad-
ness, awe). Third, when the source emotion is
strong and opposite to the target (e.g., fear to con-
tentment), the object edit must change expressions
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0 0.25 0.5 0.75 1 1.25
Semantic of sadness

Semantic of anger
0 0.25 0.5 0.75 1 1.25

Figure 8: Continuous control of the object slider.

Atmosphere of contentment 
0 0.25 0.5 0.75 1 1.25

0 0.25 0.5 0.75 1 1.25
Atmosphere of amusement

Figure 9: Continuous control of the atmospheric slider.

Figure 10: OB–AT joint sweep for contentment.

and poses substantially, which increases LPIPS and
occasionally alters fine identity details. Examples
of the first two cases are shown in Figure 15(c) and

(a), respectively.

C.5 Failure Case Analysis

Figure 15 shows three representative failures of
ACE, which we group into the categories below.

Missing object factor. When the source image
has no salient subject, as in the rocky shore of
Figure 15(a), the object mask Ms degenerates to a
small or empty region and OB-LoRA has nothing
to act on. The edit is then carried almost entirely
by AT-LoRA, which can only darken or recolor
the scene; the result is a low-contrast image with
blurred surface texture in which the target emotion
(anger) is weakly expressed. Emotions that rely on
object cues are therefore harder to evoke on such

31566



Figure 11: OB–AT joint sweep for sadness.
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Figure 12: Additional qualitative examples from neutral
source images to specified target emotions.

Excitement to Contentment

Fear to Sadness

Sadness to Amusement

Sadness to Excitement

Figure 13: Additional qualitative examples from source
images with existing emotions to related or opposite
target emotions.

inputs than atmosphere-dominated ones such as
sadness or awe.

Over-editing and inappropriate cues. At high
object strength, the object branch occasionally ex-
aggerates the affective cues far beyond what the
target requires. In Figure 15(b), editing an excited
source toward disgust turns a nail file into a blade
and adds wounds and stains to the arm and cloth-
ing, which is both an unsuitable depiction and a
change of subject identity, and is reflected in a
lower ID score. This behavior inherits the stereo-

typed associations between negative emotions and
harmful objects present in the foundation models
used by ADA and in the emotion classifier used for
filtering; reducing λs recovers identity at the cost
of weaker expression, and we consider stronger
content constraints on the generated targets an im-
portant direction for future work.

Crowded scenes and text. When many small
subjects are present, as in the protest scene of Fig-
ure 15(c) edited from anger toward contentment,
the object mask covers many disconnected regions
and OB-LoRA modifies only the largest faces,
which are re-synthesized rather than re-expressed,
so the identities of the foreground participants are
lost while the remaining crowd stays unchanged.
Text regions inside the mask are also corrupted,
since the backbone does not preserve legible char-
acters under strong object edits. Such scenes call
for instance-level masks and explicit text preserva-
tion, which the current pipeline does not provide.

Other observed limitations. Beyond these ex-
amples, two further error sources appear in the
automatic metrics. Semantically close targets, es-
pecially amusement versus excitement and con-
tentment versus awe, account for most Emo-Acc8
errors: the edit moves the image toward the correct
valence and arousal, but the classifier assigns the
neighboring category, consistent with the confu-
sion observed for prior methods in Section 1. In
addition, when the perception tools mis-segment
the subject during data construction (e.g., merg-
ing a person with a held object), the counterfactual
targets and regional losses are defined on an incor-
rect region, and the trained model may leak object
edits into the background for similar images; this
motivates the leakage analysis in Section 4.6.
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Figure 14: Qualitative ablation comparison of the variants in Table 4.
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(a) No salient foreground
(neutral  anger)
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(b) Over-editing with inappropriate cues
(excitement  disgust)

(c) Crowded scene with text
(anger  contentment)

Figure 15: Representative failure cases of ACE (top: source; bottom: edited result). (a) A scene without a salient
foreground edited toward anger: the object mask is nearly empty, so the edit is carried by the atmospheric branch
alone and mostly darkens the scene while blurring surface texture, leaving the target emotion weakly expressed. (b)
Over-editing with inappropriate cues (excitement to disgust): the object branch not only changes the expression but
turns the nail file into a blade and adds wounds and stains, an exaggerated and unsuitable rendering of a negative
emotion that also alters the subject’s identity. (c) A crowded scene with text (anger to contentment): the faces of the
foreground participants are replaced rather than re-expressed, and the banner text is corrupted.
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