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Towards Deeper Emotional Reflection:
Crafting Affective Image Filters
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Abstract—Social media platforms enable users to express
emotions by posting text with accompanying images. In this
paper, we propose the Affective Image Filter (AIF) task, which
aims to reflect visually-abstract emotions from text into visually-
concrete images, thereby creating emotionally compelling results.
We first introduce the AIF dataset and the formulation of the AIF
models. Then, we present AIF-B as an initial attempt based on a
multi-modal transformer architecture. After that, we propose AIF-
D as an extension of AIF-B towards deeper emotional reflection,
effectively leveraging generative priors from pre-trained large-
scale diffusion models. Quantitative and qualitative experiments
demonstrate that AIF models achieve superior performance for
both content consistency and emotional fidelity compared to state-
of-the-art methods. Extensive user study experiments demonstrate
that AIF models are significantly more effective at evoking specific
emotions. Based on the presented results, we comprehensively
discuss the value and potential of AIF models.

Index Terms—Emotion analysis, Image editing, Image filters.

I. INTRODUCTION

SOCIAL media platforms (e.g., Facebook and X), as widely
embraced communication tools, enable people to forge

emotional connections with one another [1]. By sending posts,
users can share what they are seeing, talking, and thinking.
Although texts in posts can express emotions straightforwardly,
attached images may act as more powerful affective stimuli to
attract the attention of their followers.

In an effort to help create unique and emotionally compelling
images that stand out from the crowd, the task of Affective
Image Filter (AIF) [2] has emerged as an innovative research
topic. As shown in Fig. 1, given a content image that
depicts users’ daily experience and a text description that
reflects personal thoughts and feelings, an AIF model can
reflect visually-abstract emotions from user-provided texts to
visually-concrete images with appropriate colors and textures.
Specifically, a qualified AIF model should exhibit both content
consistency and emotional fidelity, which requires the model
to effectively preserve the details of content images, accurately
understand emotions in text descriptions, and appropriately
visualize colors and textures with corresponding emotions.
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The previous Basic AIF model [2] (denoted as AIF-B)
achieves the aforementioned objectives with a specifically
collected AIF dataset. Since low-level and mid-level features
(e.g., colors and styles) can effectively represent evoked
emotions [3], [4], the AIF dataset focuses on famous paintings
across various aesthetic styles. Based on it, AIF-B takes the
first step to concrete visualization of emotions, formulating
the process as three parts: (i) Model architecture. AIF-B
is based on a multi-modal transformer architecture, which
unifies content images and text descriptions into the token
representation, enabling the model to learn their interdepen-
dency through subsequent transformer blocks. (ii) Emotional
understanding. To understand inherent emotional properties,
AIF-B leverages the prior knowledge of the VAD dictionary [5],
which encodes the valence, arousal, and dominance scores for
emotional words. Additionally, AIF-B introduces an emotional
distribution loss to capture high-dimensional emotional cues.
(iii) Emotional visualization. To visualize the corresponding
emotional expressions in synthesized images, AIF-B introduces
a sentiment metric loss and an anchor-based sentiment loss to
effectively reflect specific emotions. Content loss, style loss,
GAN loss, and identity loss are further adopted to improve the
aesthetic quality of synthesized images.

Although AIF-B has made remarkable progress in applying
the corresponding filters, three major challenges still remain
for this initial approach: (i) Blurry details. When applying
AIF-B, a potential side effect is the removal of high-frequency
details from objects, leading to a blurry effect (Fig. 1 (a),
synthesizing windows with blurred contours). (ii) Keyword
blindness. To accurately evoke emotions, AIF-B may overly
focus on specific keywords within text descriptions, potentially
missing the broader context (Fig. 1 (b), expressing feelings with
less warmth and relaxation). (iii) Overly-stylized effects. When
reflecting emotions to images, AIF-B may excessively apply
artistic modifications, resulting in abrupt colors, exaggerated
contrast, and distorted content (Fig. 1 (c), visualizing emotions
with over-saturated colors).

In this paper, we extend our preliminary work AIF-B [2]
towards deeper emotional reflection. We design the Deeper
AIF model (denoted as AIF-D) following the aforemen-
tioned formulation of AIF-B: (i) Refined model architecture.
We build AIF-D upon the pre-trained large-scale generative
model [6], leveraging its rich generative priors to produce
high-quality images. To address the blurry details caused by
the downsampling block during image encoding, we design a
content preservation module that extracts multi-scale spatial



2

During the sunny 

afternoon, I enjoy a 

steaming cup of tea 

and a captivating 

book.

(b) Keyword blindness

The city was bathed 

in a light as the sun 

dropped, leaving 

behind a sense of 

warmth.

(c) Overly-stylized effects

Original

AIF-B AIF-D

Original

AIF-B AIF-D

No warmth touched 

this place; the street 

was chilled and 

frigid, leaving me 

cold.

(a) Blurry details

Original

AIF-B AIF-D

Fig. 1. Towards deeper emotional reflection, we propose AIF-D to better meet the requirements of emotional fidelity and content consistency. Compared to
previous AIF-B [2], AIF-D overcomes three major challenges: (a) Blurry details. AIF-D preserves high-frequency details of the content image more effectively.
(b) Keyword blindness. AIF-D has a deeper emotional understanding of text descriptions that lack specific keywords. (c) Overly-stylized effects. AIF-D
reflects emotions with more appropriate artistic representation.

features. This module effectively preserves these details and
maintains content consistency (Fig. 1 (a), the intricate details
of the houses). (ii) Nuanced emotional understanding. To
avoid keyword blindness when handling complex emotional
expressions, we leverage a Large Language Model (LLM) [7],
[8] and introduce Chain-of-Thought (CoT) prompting [9],
[10] to better reflect emotions from text descriptions. Ad-
ditionally, we propose a voting ensemble mechanism that
evaluates emotional distributions from multiple perspectives. By
ensembling estimated emotional distributions, this mechanism
enables accurate analysis of evoked emotions (Fig. 1 (b),
cozy atmosphere for the room). (iii) Advanced emotional
visualization. To enable accurate visualization of emotions,
we propose an emotional reflection strategy to effectively
learn both emotional and artistic priors and present compelling
artistic features. After that, we redesign the aesthetic loss to
balance artistic style and content consistency, ensuring that the
synthesized images align more closely with the objectives of
the AIF task. (Fig. 1 (c), appropriate artistic representation in
the street view).

In summary, AIF-D improves content consistency and
emotional fidelity, advancing the AIF models towards deeper
emotional reflection by making the following contributions:

• We leverage the generative priors from the pre-trained
generative model and propose a content preservation
module to preserve high-frequency details.

• We integrate an LLM and CoT prompting to improve
emotional understanding. The voting ensemble mechanism
is presented to accurately analyze evoked emotions.

• We propose an emotional reflection strategy to enhance
the image decoder. The aesthetic loss is further redesigned
to balance artistic style and content consistency.

The remainder of this paper is organized as follows. We begin
with an introduction to the related work in Sec. II, including
text-guided image editing, visual-emotional analysis, and image
style transfer. We introduce the AIF dataset and AIF model
formulation in Sec. III. We then introduce AIF-B in Sec. IV,

followed by AIF-D in Sec. V, highlighting improvements made
in model architecture, emotional understanding, and emotion
visualization. In Sec. VI, we conduct both quantitative and
qualitative experiments. In Sec. VII, we explore applications,
failure cases, robustness testing, and differences from general
editing methods. Finally, the paper is concluded in Sec. VIII.

II. RELATED WORK

A. Text-guided Image Editing.

As a user-friendly option, text descriptions have been widely
used in image editing tasks, e.g., enabling modifications across
color [11], [12], texture [2], [13], and high-level semantic [14],
[15]. Initial research efforts are directed towards developing
effective text injection modules [16]–[18]. The emergence
of language-image pre-trained models [19] further expands
the scope of image editing, allowing for a broader, open-
vocabulary approach [20]–[22]. Recently, diffusion models [23],
[24] have demonstrated remarkable improvement in text-to-
image generation task [6], [25], [26], inspiring researchers
to leverage the powerful generative capabilities to advanced
image editing applications, e.g., a fine-tuning model for multi-
conditional image editing [27], [28], personalizing generative
models through image inversion [29], [30], and developing
advanced sampling strategies to steer generation results [31],
[32]. Leveraging rich generative priors from pre-trained models,
AIF models could present rich details and create visually
compelling synthesizing results.

B. Visual Emotional Analysis.

The visual emotional analysis holds a crucial position in
computer vision [33]. In the early years, relevant efforts [3]
focus on utilizing hand-crafted features for emotional recog-
nition in images. Various low-level features are adopted by
numerous studies [4], [34] to represent emotional cues, e.g.,
color, shape, and texture. The potential of mid-level features
in emotional recognition is subsequently identified [35]–[37],
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providing a more intuitive human understanding than low-level
features. The emergence of deep learning has revolutionized
this domain, researchers [38]–[41] extract high-level features to
improve performance in image-based emotional recognition by
focusing on content-rich information, e.g., facial expressions.
Following them, multiple emotional features are integrated
for a comprehensive understanding [42], [43]. Furthermore,
recent works [44], [45] introduce contextual understanding
for visual emotion analysis, since emotions are conveyed
through scene interplay, social interactions, and the overall
environment. Recent large language models (LLMs) have led
to notable advancements in understanding text descriptions
and generating corresponding responses [7], [8]. With Chain-
of-Thought (CoT) prompting [9], [10], LLMs are improved
towards deeper emotional understanding. Inspired by these
pioneering works, AIF models ensemble low-level and mid-
level features as cues, leveraging emotional reasoning to
accurately analyze nuanced emotions within text descriptions.
High-level features are omitted since an image filter should
preserve the fundamental content or narrative of images.

C. Image Style Transfer.

Early style transfer models focus on replicating individual
styles through optimization-based methods [46] or designing
end-to-end convolutional neural networks [47], [48]. Later,
arbitrary style transfer models [49]–[52] adaptively synthesize
stylized results from any given reference image. To improve
the ability of contextual understanding, attention mechanisms
are integrated [53]–[56], establishing long-range dependencies
between image patches. In recent years, diffusion models [6],
[27] break new ground in producing high-fidelity images,
which facilitates style transfer research to incorporate the
generative capabilities of these models [57]–[59]. Meanwhile,
text descriptions are gradually replacing traditional reference
images, offering a more flexible and user-friendly approach
to style transfer [13], [22], [60]. Compared to style transfer
methods that rely on explicit color and texture features, an AIF
model should reflect implicit emotional cues.

III. COMMON SETUPS FOR AIF TASK

The AIF task enables users to reflect their thoughts and
feelings, which requires the model to understand visually-
abstract emotions from user-provided text descriptions and
reflect them into visually-concrete images with appropriate
colors and textures. We introduce the AIF dataset to provide
comprehensive emotional data. Additionally, we formulate the
AIF model with four key components.

A. AIF Dataset Collection

Although previous datasets (e.g., ArtEmis [61] and ArtEmis
v2 [62]) connect visual elements, text descriptions, and emo-
tions, their descriptions may emphasize the visual content
over the evoked emotions of artistic images. This limitation
motivates us to create the AIF dataset to prepare qualified data
for training and evaluating relevant models. Specifically, we first
merge all images from ArtEmis [61] and ArtEmis v2 [62]. Then,

we manually filter the unqualified text descriptions, remaining
those that illustrate evoked emotions and discarding those that
focus on visual details. After that, we ensure each image in
the AIF dataset has an average of four to five such emotional
descriptions, and categorize these descriptions according to
Mikel’s wheel [63]. Due to the inherent subjectivity and
ambiguity of emotions, we represent the evoked emotions of
each image as a distribution across these categories, enabling
the model to capture the relationships between emotions.

Finally, the AIF dataset consists of abundant aesthetic sam-
ples as anchor images that have diverse colors and textures, used
as fixed points of visually-concrete references for visualizing
colors and textures from visually-abstract emotions. Each image
is paired with several corresponding text descriptions associated
with the emotional category labels in Mikel’s wheel [63]. We
directly adopt the original emotional categories provided by the
source datasets. To ensure the quality and reliability of these
annotations, we conduct a second round of verification on a 10%
subset of our dataset. After measuring the inter-rater agreement
using Cohen’s Kappa [64], the result is 0.81, indicating
almost perfect agreement and confirming the reliability of
the annotations. We split the dataset into a training set (69.6K
images and 292.9K text descriptions) and an evaluation set
(7.7K images and 32.5K text descriptions). To evaluate the
performance of relevant methods, we use samples from the
COCO-Stuff [65] dataset as content images.

B. AIF Model Formulation

We systematically formulate an AIF model with the follow-
ing four key components:

1) Inputs: Content images Icnt ∈ RH×W×3 to provide
visual content and text descriptions T des ∈ NM to evoke
specific emotions, where H and W are the image size, and
M is the number of words in the text descriptions.

2) Crafting architecture with content preservation: Content
images Icnt and text descriptions T des are encoded by an
image encoder E and a text encoder T , respectively:

Z img = E(Icnt), Ztex = T (T des), (1)

where Z img ∈ Rh×w×Cimg and Ztex ∈ RM×Ctex are separately
image tokens and text tokens. h = H/f , w = W/f , and f
is a hyper-parameter of the downsampling rate. Cimg and
Ctex are the numbers of embedding channels of image and
text tokens, respectively. To capture long-range dependencies
between tokens across different modalities, both the image
tokens Z img and text tokens Ztex are fed into a generation
model G to preserve the overall structure of content images:

Z ′ = G(Z img, Ztex). (2)

An image decoder D is further used to synthesize images
Iout ∈ RH×W×3 that effectively reflect specific emotional
responses from human observers:

Iout = D(Z ′). (3)
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Fig. 2. The pipeline of AIF-B [2]. (a) Users input content images to provide visual content and text descriptions to evoke specific emotions. (b) Content images
and text descriptions are encoded by the image encoder and text encoder, respectively. The encoded image and text tokens are fed into multi-modal transformer
blocks, each comprising a Multi-headed Self-Attention (MSA) layer, a Multi-Layer Perceptron (MLP) layer, and residual connections (Sec. IV-A). (c) To
understand inherent emotional properties, AIF-B leverages the VAD dictionary as emotional prior knowledge. The emotional distribution loss is introduced to
capture high-dimensional emotional cues (Sec. IV-B). (d) The sentiment metric loss and anchor-based sentiment loss are proposed to effectively reflect specific
emotions (Sec. IV-C). The aesthetic loss is further adopted to ensure the aesthetic quality and enrich the artistic style of synthesized images (Sec. IV-D).

3) Learning high-dimensional emotional cues: To under-
stand inherent emotional properties, we augment the emotional
expression of text tokens Zemo by incorporating external
emotional cues:

Zemo = P (Ztex), (4)

where P represents an emotional augmentation module. We
further replace Ztex with Zemo in Eq. (2) to leverage these
emotional cues. Since emotions are ambiguous and subjective,
an emotional distribution loss Led is required to capture
the synthesized emotional cues, which ensures the evoked
emotional distributions align with users’ intentions.

4) Creating concrete emotional visualization: The AIF
model is equipped with four losses to synthesize visually
appealing images. To ensure the synthesized images could
evoke specific emotional responses, a sentiment metric loss Lsm

is required to learn relationships between emotions. To create
appropriate colors and textures, an anchor-based sentiment
loss Las is required to learn artistic representations from
corresponding anchor images. Additionally, to improve the
aesthetic quality of synthesized images, the aesthetic loss Lae

is required to balance artistic style with content consistency.

IV. BASIC AIF MODEL

In this section, AIF-B is introduced as an initial attempt
based on the AIF model formulation (Sec. III-B). We first
present the multi-model transformer architecture (Sec. IV-A).
Then, we fetch the emotional cues from the VAD dictionary
and design the emotional distribution loss (Sec. IV-B). Next,
we introduce the sentiment loss and the anchor-based sentiment
loss (Sec. IV-C), along with the aesthetic loss (Sec. IV-D), for
effective emotional visualization. Finally, we provide the details
of training settings (Sec. IV-E).

A. Multi-modal Transformer

As illustrated in Fig. 2 (b), given sampled batches, the
multi-modal transformer separately encodes text descriptions
and content images, and captures their dependencies in the
subsequent transformer blocks. Specifically, the multi-modal
transformer can be divided into four components.
Image encoder. Content images Icnt are split into image
patches and a transformer-based image encoder is adopted to
extract image tokens Z img = [Z img

1 , . . . , Z img
N ] ∈ RN×Cimg ,

where N is the number of image patches and Cimg is the
number of embedding channels.
Text encoder. Text descriptions are encoded with pre-trained
BERT [66] to form text tokens Ztex = [Ztex

1 , . . . , Ztex
M ] ∈

RM×Ctex , where M is the number of words and Ctex is the
number of embedding channels.
Multi-modal transformer. A stack of MLP layers further
projects the image and text tokens into a shared latent space.
Then, modal-type embeddings Ztyp

0 and Ztyp
1 are introduced

to distinguish token modalities:

Ẑ img = MLP(Z img)+Ztyp
0 , Ẑtex = MLP(Ztex)+Ztyp

1 , (5)

These embeddings are then concatenated as the initial input of
the transformer:

Z0 = [Ẑ img
1 , . . . , Ẑ img

N , Ẑtex
1 , . . . , Ẑtex

M ] ∈ R(N+M)×C0 , (6)

where C0 is the number of channel. The adopted transformer
consists of L transformer blocks [67], and each block includes a
self-attention layer, an MLP layer, and two residual connections.
The computation within each block is formulated as:

[Z̄i] = MSA(LN([Zi−1])) + [Zi−1], i ∈ {1, . . . , L} (7)
[Zi] = MLP(LN([Z̄i])) + [Z̄i], i ∈ {1, . . . , L} (8)
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where LN means the LayerNorm.
Image decoder. A three-layer CNN is used as the image
decoder to synthesize results Iout, which alleviates the grid
artifacts caused by the patch partition of images.

B. External Emotional Cues
As illustrated in Fig. 2 (c), the VAD dictionary, as an emo-

tional augmentation module, augments emotional expression.
The emotional distribution loss is employed to evoke emotions
accurately.
VAD prior knowledge. Affective tokens are fetched from the
VAD dictionary [5] and used as the emotional cues to extract
the inherent emotional properties of each word (i.e., valence,
arousal, and dominance). Specifically, valence indicates the pos-
itivity or negativity of the emotion, arousal reflects the intensity
or excitement level of the emotion, and dominance represents
the degree of control or influence one feels with the emotion.
Words not included in the VAD dictionary are assigned neutral
values to ensure the completeness and consistency of emotional
understanding. These tokens are denoted as Zvad ∈ RM×Cvad ,
where Cvad is the number of embedding channels. To augment
the emotional expression, text tokens are concatenated with
affective tokens as Zemo = [Ztex;Zvad] ∈ RM×(Ctex+Cvad),
replacing Ztex in Eq. (5) and Eq. (6).
Emotional distribution loss. To effectively capture synthesized
emotional cues, an emotional distribution loss is proposed.
Since emotions are inherently ambiguous and subjective, a
single image can evoke a diverse range of emotional responses
even within the same individual. Instead of categorizing a single
dominant emotion for each image, the emotional distribution
loss aims to estimate the comprehensive emotional distribution.
Specifically, a VGG-based distribution estimator φ is used to
extract color and style features through the mean and variance
of the feature representations. The emotional distribution loss is
defined using the Kullback-Leibler (KL) divergence [68], which
minimizes the discrepancy between the emotional distributions
of synthesized images and the ground truth:

Led =

Ncat∑
i=1

diln
di

φ(Iout)i
, (9)

where Ncat is the number of emotional categories, φ(Iout)i and
di are the value of i-th category of the estimated distribution
and the ground truth, respectively.

C. Emotional Reflection Loss
As demonstrated in Fig. 2 (d), the sentiment metric loss Lsm

and anchor-based sentiment loss Las are proposed to enable
synthesized images to effectively reflect specific emotions.
Sentiment metric loss. AIF-B learns relationships between
emotions in three steps: (i) Following Yang [69], a sentiment
extractor is built. A VGG network is used to extract multi-
level features of synthesized images. These features are then
projected through a convolutional layer and used to calculate
multiple Gram matrices at multiple feature levels. The sentiment
vector V is then defined by concatenating selected elements
from these Gram matrices:

V = Concati∈{1,...,Ngram}∪j∈{1,...,Nlev}(Φi,j), (10)

where Φi,j means the i-th upper triangular elements in the
Gram matrix at j-th feature level, Ngram is the number of
elements, and Nlev is the number of levels. (ii) Based on
Mikel’s wheel [63] that defines relationship between emotions,
and given randomly sampled text descriptions T sed, tuples
of text samples [T sed, T pos, T rel, T neg] are constructed. Here,
T pos represents positive samples from the same emotional
region, T rel represents related samples from adjacent emotional
regions, and T neg represents negative samples from the opposite
emotional region. The corresponding sentiment vectors are
denoted as [V sed, V pos, V rel, V neg]. (iii) Defining the emo-
tional distance Fdis as the minimum number of steps between
emotion regions in the Mikel’s wheel [63], the distance between
sentiment vectors is formulated as: Fsw(Vi, Vj) =

∥Vi−Vj∥2

Fdis(Vi,Vj)
.

As a result, the sentiment metric loss is formulated in a metric-
learning manner:

Lsm=max(Fsw(V
sed, V pos)−Fsw(V

sed, V rel)+α), 0)

+max(Fsw(V
sed, V rel)−Fsw(V

sed, V neg)+β), 0), (11)

where α = 0.02 and β = 0.01 are hyper-parameters that
control margins between sentiment vectors.
Anchor-based sentiment loss. To ensure that synthesized
images have appropriate colors and textures, the sentiment
extractor is further used to obtain sentiment vectors for each
synthesized images and their corresponding anchor images
(denoted as V out and V acr). By minimizing the mean squared
error between these vectors, the model aligns the synthesized
images with the desired artistic representations:

Las = ∥V out − V acr∥2. (12)

D. Visual Aesthetics Loss

As depicted in Fig. 2 (d), the aesthetic loss Lae is designed
to improve the aesthetic quality of synthesized images. In
practice, AIF-B defines aesthetic loss as a composite function,
including content loss Lc [49], style loss Ls [53], GAN loss
LGAN [70], and identity loss Lid [71], detailed as follows:
Content loss. To preserve the visual features and overall
structure, the content loss uses a pre-defined VGG network [72]
to extract multi-level features and narrows the squared error
between corresponding features at each level as:

Lc =
∑
i

∥ϕout
i − ϕcnt

i ∥2, (13)

where ϕout
i and ϕcnt

i are extracted features of synthesized
images and content images at i-th level, respectively.
Style loss. Following the style transfer methods [49], [53],
we represent the image style using the mean and variance of
extracted feature maps. To transfer the artistic style of images,
the style loss minimizes the style difference between feature
statistics of synthesized images and anchor images at each
level as:

Ls =
∑
i

∥µ(ϕout
i )− µ(ϕacr

i )∥2 + ∥σ(ϕout
i )− σ(ϕacr

i )∥2,(14)

where µ and σ denote the mean and variance functions,
respectively. ϕacr

i is extracted features of anchor images.
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Fig. 3. The pipeline of AIF-D. (a) Users input content images to provide visual content and text descriptions to evoke specific emotions. (b) Content images
and text descriptions are fed into the image encoder and text encoder to extract image tokens and text tokens, respectively. The noise prediction network
estimates the noise at each diffusion step. Within the downsampling modules, each Vanilla Convolution (VC) block before the Cross-Attention (CA) blocks is
equipped with a Content Preservation (CP) module. These CP modules integrate the context of content images to preserve high-frequency details (Sec. V-A).
(c) An LLM and CoT prompting are used to handle complex emotional expressions with in-depth emotional reasoning. The voting ensemble mechanism is
introduced to evaluate emotional distributions from different points of view and ensembles low-level (colors and texture) and mid-level features (image style
and patch features) to enable accurate analysis of evoked emotions (Sec. V-B). (d) To enable accurate visualization of emotions, we propose an emotional
reflection strategy to enhance the emotional understanding of the image decoder, using the sentiment metric loss and anchor-based sentiment loss (Sec. V-C).
Finally, images are synthesized using a redesigned aesthetic loss, achieving a balance between artistic style and content consistency (Sec. V-D).

GAN loss. To ensure consistency between synthesized images
and text descriptions while maintaining aesthetic quality, a
conditional-unconditional discriminator is introduced:

LGAN = logD(Iacr) + log
(
1−D(G(Icnt, Zemo))

)
(15)

+ logD(Iacr, Zemo) + log
(
1−D(G(Icnt, Zemo), Zemo)

)
,

where D and G are the discriminator and generator.
Identity loss. To learn richer semantic representations (e.g.,
color, texture, and visual content), anchor images and corre-
sponding text descriptions are fed into the AIF model to syn-
thesize identity images. The identity loss ensures consistency
between identity images and their original anchor images:

Lid = ∥I idt − Iacr∥2 + λ
∑
i

∥ϕidt
i − ϕacr

i ∥2, (16)

where I idt and ϕidt
i are identity images and extracted features

at i-th level, respectively. Iacr means corresponding anchor
images. λ = 0.01 is a hyper-parameter.

Consequently, the aesthetic loss in AIF-B is defined as:

Lae = λcLc + λsLs + λganLGAN + λidLid, (17)

where λc = 5, λs = 0.3, λgan = 3, and λid = 2 denote the
weights for losses.

E. Learning and training details

Losses. AIF-B is trained by solving a minimax optimization
problem involving full objective losses:

max
D

min
G

λedLed + λsmLsm + λasLas + λaeLae,

where λed = 140, λsm = 30, λas = 600, and λae = 1 are
hyper-parameters, which are determined empirically.

Training Details. AIF-B is trained on 4 NVIDIA TITAN RTX
GPUs for 80K iterations with batch size 24 for 30 hours. We
use the Adam optimizer minimizes losses with the warm-up
adjustment strategy [73].

V. DEEPER AIF MODEL

Although AIF-B takes the first step to concrete visualization
of emotions, it still suffers from blurry details, keyword
blindness, and overly-stylized effects. In this section, we
present AIF-D as an extension of AIF-B, advancing towards
deeper emotional reflection. For clarity, we follow the same
presentation structure as AIF-B (Sec. IV) to describe AIF-D.
We begin by introducing the diffusion-model backbone with
a content preservation module (Sec. V-A). Then, we leverage
an LLM for in-depth emotional reasoning while ensembling
emotional cues from different perspectives (Sec. V-B). We
improve the emotional understanding of the image decoder
based on the sentiment metric and anchor-based sentiment loss
(Sec. V-C). The aesthetic loss is further proposed to balance
artistic style and content consistency (Sec. V-D) Finally, we
provide the details of training settings (Sec. V-E).

A. Diffusion-model backbone

As shown in Fig. 3 (b), AIF-D is built upon the pre-trained
latent diffusion model [6] to leverage its rich generative priors,
rather than training a multi-modal transformer from scratch
(Sec. IV-A). The model can be divided into four components.
Condition encoders. A pre-trained Variational Autoencoder
(VAE) [74] is adopted as the image encoder E , converting con-
tent images Icnt into image tokens Z img. Text descriptions T des
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are processed through the CLIP [19], as the text encoder T , to
generate text tokens Ztex. These tokens are then injected into
the latent space of a UNet-based noise prediction network ϵθ,
which incorporates the cross-attention mechanism [75].
Content preservation module. As the condition encoder
compresses the image, high-frequency details are mostly lost,
resulting in blurry details and reduced content consistency.
To address this degradation, the integration of a content
preservation module is proposed within the noise prediction
network, leveraging intermediate encoder features as the
additional context of the content image. Specifically, this
module injects multi-scale features from the image encoder into
a modified U-Net architecture [6], serving as contextual anchors
that guide the noise prediction. By injecting these intermediate
features into corresponding stages of the U-Net backbone, the
content preservation module preserves high-frequency details
and improves content consistency. This process could be
expressed as:

f ′
i = fi + Fcp(Ei), i ∈ {1, . . . , Nenc}, (18)

where fi and Ei are the features in the U-Net backbone and
the image encoder of the i-block respectively, Fcp means a
stack of downsampling convolution, and Nenc is the number
of blocks in the image encoder.
Forward process. Given the property of the forward process
in diffusion models [23], [24], the forward process plays a
critical role in transforming the image tokens into a latent space,
learning a robust generative pathway. Specifically, let Z img

0

denote the encoded image features Z img at timestep t = 0. The
noised sample Z img

t can be expressed as a linear combination
of Z img

0 and a noise variable ϵ as the diffusion process:

Z img
t =

√
αtZ

img
0 +

√
1− αtϵ, (19)

where ϵ ∼ N (0, 1) is the Gaussian noise and αt is the
parameter for controlling noise levels.
Backward process. The noise prediction network aims to
iteratively refine the noised sample Z img

t until it converges to
the clear content latent code Z ′

0:

Z img
t−1 =

1√
αt

(
Z img

t − 1− αt√
1− ᾱt

ϵθ(Z
img
t , t, Ztex, Z img

0 )
)
+ σtϵ,

(20)

where ᾱt =
∏t

s=1 αs controls the amount of noise, Ztex

denotes text tokens, σt defines the standard deviation of the
noise. Finally, a pre-trained VAE image decoder D is used to
map the latent code back into the pixel space and present the
synthesized image as Iout = D(Z ′

0).

B. Ensembling Emotional Cues

As illustrated in Fig. 3 (c), AIF-D replaces the VAD
dictionary (Sec. IV-B) with an LLM and CoT prompting as the
emotional augmentation module to facilitate in-depth emotional
reasoning. Instead of estimating emotional distribution solely
from style (Sec. IV-B), the voting ensemble mechanism extracts
image features from different perspectives to ensure the
synthesized results evoke the corresponding emotions.
In-depth emotional reasoning. Relying solely on individual
emotional words can lead to keyword blindness and failure

to capture complex emotional expressions. Towards deeper
understanding of emotions, an LLM [8] and the CoT prompt-
ing [9], [10] are introduced to facilitate in-depth emotional
reasoning. Specifically, the CoT prompting process enhances
user-provided text descriptions into a rich emotional prompt
through three sequential steps: (i) First, we prompt the LLM [8]
to analyze the text description and extract emotional keywords
(e.g., calmness, contentment, and enjoyment). (ii) Next, using
these identified keywords, we guide the LLM [8] to formulate
an enhancement directive for the image content (e.g., the room’s
contentment and enjoyment). (iii) Finally, the LLM combines
the original text description with the enhancement directive to
generate the rich emotional prompt for the subsequent process.
We present the details of the reasoning process in the Supp.
Voting ensemble mechanism. People may experience a variety
of emotions when looking at the same image because they have
different perceptual preferences, cognitive styles, and aesthetic
tendencies. Consequently, rather than solely relying on VGG-
based emotional distribution estimation, a voting ensemble
mechanism is designed to simulate people viewing images from
different perspectives, aggregating votes to accurately analyze
the evoked emotions. Specifically, the emotional distribution
is estimated separately using low-level features [3], [34] and
mid-level features [35], [76]: (i) Color. Color histograms are
independently computed for each of the RGB color channels
in images. (ii) Texture. The gray-level co-occurrence matrix
(GLCM) [34] is computed, followed by the extraction of
handcrafted features. (iii) Style. A distribution estimator φ
extracts style features (Sec. IV-B). (iv) Patch. The image is
randomly cropped [76] and the patch features are extracted.
Consequently, ϕj(Iout)i is defined as the value of the i-th
category within the distribution estimated by the j-th classifier:

φ(Iout)i =

∑
j ϕ

j(Iout)i × wj∑
j w

j
, (21)

where ensemble weights wj are the accuracies of classifier
models from each perspective, evaluated on a hold-out valida-
tion set. Then, the emotional distribution loss Led (Eq. (9)) is
adopted to learn high-dimensional emotional cues effectively.

C. Emotional Reflection Strategy

As demonstrated in Fig. 3 (d), the sentiment metric loss and
anchor-based sentiment loss are reused from AIF-B (Sec. IV-C).
To effectively learn both emotional and artistic priors, sentiment
metric loss Lsm is combined with the style loss Ls to improve
the emotional reflection of the image decoder. Additionally,
anchor-based sentiment loss Las is maintained to ensure the
synthesized results evoke specific emotional responses.
Emotion reflection decoder. Observing that images synthe-
sized by the pre-trained image decoder [6] cannot effectively
produce colors and textures that align with the intended
emotions, AIF-D enhances the emotional understanding of the
decoder to appropriately present visually compelling artistic fea-
tures. Specifically, sentiment vectors [V sed, V pos, V rel, V neg]
are extracted from the images corresponding to text descriptions
[T sed, T pos, T rel, T neg]. Defining the emotional distance as
Fsw(Vi, Vj) =

∥Vi−Vj∥2

Fdis(Vi,Vj)
, the sentiment loss Lsm (Eq. (11))
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(a) (c) (d) (e) (f) (g)(b)

The small boat 

bobbed gently on 

the sea, its 

tranquility washing 

over me, making 

me feel cool and 

calm .

The fading orange 

and red sunlight 

cast long shadows, 

highlighting the 

abandoned street 

as day slipped into 

dusk.

Fig. 4. Visualization of applying the texture mapping loss across different blocks of the image decoder. (a) User-provided content images. (b) Text descriptions
that reflect thoughts and feelings. (c)-(f) Results from applying the texture mapping loss at progressively later decoder blocks. (g) Results of AIF-D with
appropriate artistic style and content consistency by combining losses across blocks.

is calculated to capture the relationships between emotions.
To create appropriate colors and textures that reflect intended
emotions, style loss Ls (Eq. (14)) is adopted to minimize the
style difference between synthesized results and anchor images.
As a result, the image decoder is fine-tuned by anchoring
visually abstract emotions to visually concrete images through
a combined loss:

Lft = Lsm + λLs, (22)

where hyper-parameter is set as λ = 0.01. Note that this
process is completed before the training of the noise prediction
network. The parameters of the image decoder are then fixed
to preserve the learned emotional and artistic priors.
Anchor-based sentiment loss. Additionally, the anchor-based
sentiment loss (Eq. (12)) is adopted to minimize the distance
between sentiment vectors of the synthesized results and their
corresponding anchor images. Within the diffusion-model back-
bone, this remains effective in ensuring the synthesized results
evoke specific emotional responses from human observers.

D. Visual Aesthetics Balance
As shown in Fig. 3 (d), the aesthetic loss Lae is redesigned

for the diffusion-based backbone to address the overly-stylized
effects of AIF-B (Sec. IV-D). The redesigned loss emphasizes
balancing artistic style and content consistency while visualiz-
ing emotions as appropriate colors and textures. AIF-D defines
aesthetic loss as a combination of the diffusion model loss
Ldm and the texture mapping loss Ltm, detailed as follows:
Diffusion model loss. Guided by the text tokens carrying
emotional cues Zemo and context of image tokens Z img, the
MSE loss is adopted to minimize the discrepancy between
the learned image distribution and the target distribution for
arbitrary noised latent code:

Ldm=E
t,Z

img
0 ,ϵ∼N (0,1)

[
∥ϵt−ϵθ(Z

img
t , t, Zemo, Z img

0 )∥2
]
. (23)

Texture mapping Loss. The texture mapping loss is presented
to leverage the learned priors and the extracted decoding
features. Denote the denoised latent observation as:

Z ′ =
(
Z img
t −

√
1− αtϵθ(Z

img
t , t, Zemo, Z img

0 )
)
/
√
αt. (24)

Anchor images are then fed into the image encoder and decoder
to extract multi-scale decoding features as guidance:

Li
tm = Fdif

(
Di(Z

acr),Di(Z
′)
)
, (25)

where Fdif(a, b) = ∥µ(a)−µ(b)∥2+∥σ(a)−σ(b)∥2 measures
the difference between decoding features, Di means features
extracted from the i-th decoding block, and Zacr = E(Iacr)
represents encoded anchor tokens. To demonstrate the influence
of applying the texture mapping loss at different decoder blocks,
the synthesized results are visualized in Fig. 4. As the loss is
applied to progressively later blocks in the decoder, the artistic
features become stronger, accompanied by increased content
distortion. Therefore, the texture mapping loss is calculated
across multiple blocks to balance artistic style and content
consistency:

Ltm =
∑
i

γi+1Li
tm, (26)

where γ = 0.3 is a hyper-parameter.
Consequently, the aesthetic loss in AIF-D is defined as:

Lae = λdmLdm + λtmLtm, (27)

where λdm = 1 and λtm = 0.001 denote the weights for losses.

E. Learning and training details

Losses. AIF-D is trained by combining the emotional distribu-
tion loss Led, anchor-based sentiment loss Las, and aesthetic
loss Lae into the full objective loss for training the noise
prediction network:

Ltotal = λedLed + λasLas + λaeLae (28)

where λed = 10, λas = 10, and λae = 1 are hyper-parameters,
which are determined empirically.
Training details. The image decoder in AIF-D is first fine-tuned
for only 2 epochs with a batch size of 4, a strategy similar
to Imagic [77]. Subsequently, the parameters of the image
decoder are fixed, and the noise prediction network is trained
for 4 epochs with a batch size of 2, requiring approximately
68 hours with 2 NVIDIA GeForce 3090 GPUs. To supervise
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(a) (c) (d) (e) (f) (g)(b) (h)

Every sunlit 

building seemed to 

shine with 

opportunity, 

inviting me to seize 

the day with 

confidence.

Shadows danced 

within the castle 

walls, creating a 

fearful, sad, sorrow 

atmosphere that 

whispered of tragic 

histories.

The faded 

photographs on the 

crumbling walls 

reflected the 

melancholy of a 

bygone era.

The sharpness of 

the cold had a cool, 

refreshing and 

revitalizing with 

every breath.

Fig. 5. Qualitative comparison results with state-of-the-art methods. (a) User-provided content images. (b) Text descriptions that reflect thoughts and feelings.
(c) ManiGAN [16] (d) DiffusioinCLIP [21]. (e) CLIPstyler [22]. (f) CLVA [13]. (g) AIF-B [2]. (h) AIF-D.

the synthesizing process conditioned on text descriptions, the
classifier-free guidance [78] is applied. Adam optimizer [79]
is employed with learning rates of 1 × 10−6 for the image
decoder and the noise prediction network.

VI. EXPERIMENTS

A. Quantitative evaluation metrics

To conduct a thorough evaluation of the model’s performance
in the AIF task, we utilize four quantitative metrics: (i)
Structural Similarity Index Measure (SSIM). Following
CLVA [13], we use SSIM [80] to assess whether the synthesized
images have similar visual content to the content images,
evaluating whether the synthesized results preserve the content
consistency. (ii) Shallow Style Difference (SSD). Since
the shallow layers of the VGG network extract color and
texture features that are more aligned with AIF objectives,
we calculate the style difference [53] between these layers to
measure the statistical distribution of visual features between
synthesized results and anchor images. (iii) Sentiment Gap
(SG). Following the preliminary work [2], we extract sentiment
vectors of synthesized results and anchor images according to
Yang et al. [69]. Their Euclidean distance is further calculated
to determine whether synthesized images could evoke specific
emotional responses. (iv) Ensemble Accuracy (EAcc). We
extend the Accuracy metric in our preliminary work [2],
separately estimating emotional distributions from color, texture,
style, and patch features. By ensembling these estimation
results, we comprehensively evaluate whether the image filter
reflects the intended emotions.

TABLE I
QUANTITATIVE EXPERIMENT RESULTS. ↑ (↓) MEANS HIGHER (LOWER) IS

BETTER. THROUGHOUT THE PAPER, BEST PERFORMANCES ARE
HIGHLIGHTED IN BOLD.

Methods SSIM (%) ↑ SSD ↓ SG (‰) ↓ EAcc (%) ↑

Comparison with state-of-the-art methods

ManiGAN 50.72 1.4970 1.6589 33.58
DiffusionCLIP 53.05 1.9873 1.7095 32.71
CLIPstyler 52.49 1.9717 1.5676 34.19
CLVA 50.30 1.2232 1.6707 32.32

AIF-B (Ours) 56.15 1.1739 1.3881 36.02
AIF-D (Ours) 57.74 1.1123 1.3416 37.48

Ablation study of AIF-D

W/o CPM 13.48 2.5374 1.8421 31.19
W/o IER 57.54 1.1251 1.3662 35.87
W/o VEM 57.32 1.1173 1.3949 34.18
W/o ERD 55.75 1.2356 1.4639 35.21
W/o TML 56.91 1.2824 1.4312 36.23

B. Comparison with state-of-the-art methods

As the AIF task is a recently proposed task with limited
closely related work, we compare our results with relevant
text-driven image editing methods (i.e., ManiGAN [16] and
DiffusionCLIP [21]) and style transfer methods (i.e., CLIP-
styler [22] and CLVA [13]).
Qualitative comparisons. We show visual quality comparisons
with the aforementioned methods in Fig. 5. Among these
methods, ManiGAN [16] tends to distort content details
(e.g., the first row, the flowers in the vase become blurred);
DiffusionCLIP [21] fails to preserve the overall structure of the
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(a) (c) (d) (e) (f) (g)(b) (h)

The idea of eating 

this disgusting 

pizza made me feel 

sick, with every oily 

slice looking like it 

would be 

impossible to eat.

In the bright, 

welcoming light of 

this house, every 

moment was filled 

with joy and 

laughter.

The bright 

enchanted 

landscape, with its 

funny creatures 

and magical flora, 

was filled with 

amusement.

The air crackled 

with fear, each 

breath heavy with 

the weight of the 

bizarre sky.

Fig. 6. Ablation study results with different variants of AIF-D. (a) User-provided content images. (b) Text descriptions that reflect thoughts and feelings.
(c) W/o CPM. (d) W/o IER. (e) W/o VEM. (f) W/o ERD. (g) W/o TML. (h) AIF-D.

TABLE II
USER STUDY RESULTS. AIF-D OUTPERFORMS RELEVANT METHODS WITH

THE HIGHEST SCORE.

Methods EPS (%) ↑ EFS ↑ FES (%) ↑

ManiGAN 7.63 3.01 13.24
DiffusionCLIP 11.72 3.35 11.88
CLIPstyler 12.84 3.37 6.19
CLVA 9.78 3.03 9.30

AIF-B (Ours) 18.52 3.45 16.44
AIF-D (Ours) 39.51 3.66 42.95

content (e.g., the second row, the whole photo seems gritty);
CLIPstyler [22] tends to over-stylize the content (the third
row, the filter creates an unnaturally radiant golden glow);
CLVA [13] generally synthesizes colorless images, making it
difficult to accurately convey emotions (e.g., the fourth row,
the castle appears shrouded in a layer of gray haze); AIF-
B [2] can partially reflect emotions from text descriptions but
struggles with effectively balancing artistic style and content
consistency, resulting in blurry details (e.g., the fourth row,
the texture on the castle walls looks irregular and distorted).
In contrast, AIF-D demonstrates superior content consistency
and emotional fidelity, advancing AIF models towards deeper
emotional reflection.
Quantitative comparisons. We show comprehensive quan-
titative results in Tab. I, where AIF-D achieves the highest
scores across all four metrics. This demonstrates that AIF-
D outperforms state-of-the-art methods. Specifically, AIF-D
effectively preserves the overall structure of the content image
(SSIM), exhibits appropriate filter-like visual effects (SSD),

TABLE III
HYPER-PARAMETER SENSITIVITY ANALYSIS FOR AIF-D MODEL.

Methods SSIM (%) ↑ SSD ↓ SG (‰) ↓ EAcc (%) ↑

AIF-D (γ = 0.1) 57.70 1.2057 1.4575 36.64
AIF-D (γ = 1.0) 57.03 1.1679 1.3694 37.04
AIF-D (γ = 3.0) 55.11 1.3142 1.6127 36.02

AIF-D (γ = 0.3) 57.74 1.1123 1.3416 37.48

evokes specific emotions of human observers (SG), and reflects
emotions to images more accurately (EAcc).
User study. In addition to qualitative and quantitative com-
parisons, we further conduct three user studies to evaluate
the effectiveness of AIF models. (i) Emotional Preference
Scores (EPS). We conduct a user study to determine whether
images synthesized by AIF model are more favored by
human observers compared to those produced by relevant
state-of-the-art methods. In this study, each participant is
shown a combination of a content image, an emotional text,
and six synthesized images. They are asked to select the
synthesized image that they feel best matches the emotional
text descriptions. We denote the rate of selection as the EPS
for each method. (ii) Emotional Fidelity Scores (EFS). We
investigate the emotional shift from the content images to
the synthesized ones by asking participants to categorize the
emotions of each synthesized image. The EFS ranging from 5 to
1 are calculated according to the emotional distance between the
content images and synthesized images in Mikel’s wheel [63],
where higher scores mean closer categories with respect to the
labels of corresponding text descriptions. (iii) Filter-like Effect
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Apply AIF-D model (Close Beta Test)

The awe-inspiring 

rendering of the 

clouds by the sun 

left me in wonder, 

like witnessing a 

celestial dance.
Start

ALL

The musty air, thick with the scent of lost times, filled the 

abandoned rooms of the house I once called home. Stepping into 

the old house, I was enveloped by a sense of nostalgia.

Apply AIF-D model (Close Beta Test)

Send

Fig. 7. Application. Left: Retouching photography. By leveraging text descriptions that reflect users’ thoughts when taking the photo, AIF models can retouch
these images to convey their intended emotions. Right: Social platforms. When sharing experiences on social platforms, users can select results that accurately
reflect their emotions, thereby personalizing their content and attracting more followers.

As the clock strickes

midnight, the eerie 

sound echoes 

through the empty 

streets, making me 

feel particularly 

scared and fearful.

A wave of dread 

washes over me, 

making me feel 

scared and fearful.

Scared and fearful.

A heavy sense of 

disgust and sorrow 

remained as a dense 

dark brown haze 

enveloped the streets.

In the dim , dull city, 

the fog added to the 

anxiety and 

uneasiness that 

seemed to seep from 

the streets.

The haze enveloped 

the streets. It clung to 

buildings and 

sidewalks. This made 

the area feel 

unwelcoming.

(a) (c) (d) (e) (f) (g)(b)

Fig. 8. Robustness testing. Top: Examples with varying levels of descriptive detail. Bottom: Examples with varying levels of emotional intensity. (a) User-
provided content images. (b, d, f) Text descriptions that reflect thoughts and feelings. (c, e, g) Robust results produced by AIF-D.

Scores (FES). To further evaluate the visual effects of AIF
models, we ask users to judge which image has the strongest
filter-like effect. Participants are shown six synthesized images
from comparison methods and are asked to select the one that
appears most like the result of applying a filter. The FES for
each method represents the selection rate. These experiments
are conducted on Amazon Mechanical Turk (AMT), where 200
samples from the testing set of the AIF dataset are randomly
selected, and experiment results are polled independently by 50
volunteers. We present the EPS, EFS, and FES results in Tab. II,
where the highest scores indicate the subjective advantages of
AIF-D. To further measure inter-rater agreement, we calculate
Fleiss’s Kappa [81], resulting in 0.60 and 0.63 for EPS and
FES, indicating a substantial level of consistency among raters.

C. Ablation study
We discard various modules and create five variants to study

the impacts of AIF-D’s modules and designed losses. The
evaluation scores and synthesized images of the ablation study
are shown in Tab. I and Fig. 6, respectively.
W/o CPM (Content Preservation Module). In this ablation,
we remove the content preservation module. As a result,

this ablation cannot preserve the overall structure without
corresponding content images as cues (lower SSIM score).
As shown in the first row of Fig. 6, synthesized images are
completely irrelevant to the user-provided content images and
are therefore unqualified.
W/o IER (In-depth Emotional Reasoning). We discard the
in-depth emotional reasoning module. Due to the absence of
emotional and filter effect prompts, AIF-D cannot leverage the
emotional cues from the LLM to infer deeper emotions (higher
SG score and lower EAcc score). As shown in the second row
of Fig. 6, the overall color tone of the image appears dull,
failing to convey the emotion of fear.
W/o VEM (Voting Ensemble Mechanism). We remove
the voting ensemble mechanism. Consequently, AIF-D has
difficulty in comprehensively understanding ambiguous and
subjective emotions (reduced EAcc score). As shown in the
third row of Fig. 6, the overall color tone of the image is on the
darker side, failing to convey the disgusting feeling mentioned
in the text description effectively.
W/o ERD (Emotional Reflection Decoder). We replace the
emotional reflection image decoder with the vanilla image
decoder. Therefore, this variant struggles to anchor emotions
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(a) (c) (d) (e) (f) (g)(b) (h)

The silent tears of 

the weeping willow 

reflect a quiet grief, 

one that murmurs 

of lost days and 

whispered regrets.

I feel a vibrant 

energy pulsating 

through the forest 

as new life unfurls 

with the coming of 

spring.

Fig. 9. Qualitative comparison results with general image editing models based on the diffusion approach. (a) User-provided content images. (b) Texts that
reflect thoughts and feelings. (c) Stable Diffusion [6]. (d) ControlNet [27]. (e) SDEdit [82]. (f) InstructPix2Pix [83]. (g) Imagic [77]. (h) AIF-D.

to colors and textures with appropriate artistic representations
(higher SG score). As shown in the fourth row of Fig. 6, there
are numerous white and black artifacts scattered across the
image, damaging the image emotional representation.
W/o TML (Texture Mapping Loss). During the training of
the noise prediction network, we utilize the standard style
loss [53] instead of the proposed texture mapping loss. As a
result, the model excessively applies artistic modifications to
user-provided content images (higher SSD score). As shown
in the second row of Fig. 6, the room presents exaggerated
contrast, leading to overly-stylized effects.

D. Hyper-parameter sensitivity analysis.

We further investigate the influence of the crucial hyper-
parameter γ (introduced in Eq. (26)), which controls the balance
between artistic style and content consistency. As Tab. III
demonstrates that γ = 0.3 achieves the best quantitative results,
we adopt this value for the AIF-D model.

VII. DISCUSSION

A. Application

The AIF models are typically applied in two scenarios.
Retouching photography. With daily photography becoming
a ubiquitous practice, there is a growing expectation for photos
to have artistic qualities, be visually pleasing, and reflect
the photographer’s mood. Given users’ written thoughts, AIF
models could retouch their photos to be visually compelling
and reflect what they are thinking. We show this application
in Fig. 7 (left), where the user requests the model to enhance
their photograph by applying affective filters that reflect the
emotion they experienced at the moment of capture.
Social platforms. People share posts with texts and correspond-
ing images to express their feelings on social platforms. AIF
models could personalize their content, potentially enabling
influencers to stand out from the crowd and evoke specific
emotional responses from their followers. As demonstrated
in Fig. 7 (right), several affective images are provided as
options, recognizing that emotions are inherently subjective
and ambiguous. This allows users to select the result that most
accurately represents their intended visually-abstract emotions.

B. Robustness testing of AIF-D

To evaluate the robustness of AIF-D’s text understanding
with diverse user input (e.g., varying levels of details and
emotional intensity), we conduct the following experiments.
Levels of detail. As shown in Fig. 8 (top), we present examples
with consistent emotional intensity but varying levels of detail.
As a result, AIF-D effectively conveys emotions (particularly
scared and fearful), regardless of the levels of descriptive detail.
Levels of intensity. As shown in Fig. 8 (bottom), we maintain
descriptive detail but change emotional intensity. Consequently,
AIF-D successfully produces results that progressively heighten
the sense of emotions (disgust and discomfort).

C. Differences from general image editing

Reflecting visually-abstract emotions from text descriptions
to visually concrete images presents a significant challenge.
Existing general image editing techniques achieve impressive
results in their respective domains but struggle to meet the
objectives of the AIF task. Specifically, Stable Diffusion [6]
and SDEdit [82] struggle to preserve the overall structure
of content images; ControlNet [27], InstructPix2Pix [83],
and Imagic [77] are unable to understand emotional cues to
synthesize appropriate artistic representation. We illustrate their
unsuitability in Fig. 9.

VIII. CONCLUSION

In this paper, we introduce the task of Affective Image
Filter (AIF), which requires the model to understand visually-
abstract emotions from text descriptions and reflect them
into visually-concrete images with appropriate colors and
textures. We first introduce the AIF dataset and formulate
the AIF model. Next, we present AIF-B, built upon a multi-
modal transformer architecture. As an initial attempt, AIF-B
leverages external emotional cues, proposing the emotional
reflection loss, and designing the visual aesthetic loss. To
advance AIF models towards deeper emotional reflection, we
propose AIF-D, a model built upon a pre-trained diffusion
model with a content preservation module for preserving high-
frequency detail. By ensembling emotional cues, improving
emotional reflection strategy, and redesigning visual aesthetic



13

balance, AIF-D achieves state-of-the-art performance across
four quantitative and three user study experiments. Finally, we
discuss applications, robustness, and differences from general
image editing techniques to highlight the value and potential
of AIF models.
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A. In-depth emotional reasoning

As illustrated in Sec. V-B of the main paper, we leverage
an LLM [1] and the CoT prompting to facilitate in-depth
emotional reasoning. For better reproducibility of our results,
an example of this reasoning process is illustrated in Fig. S1.

New Chat

Send message

“During the sunny afternoon, I enjoy a 

steaming cup of tea and a captivating 

book.”

Based on the emotional prompt “During the sunny 

afternoon, I enjoy a steaming cup of tea and a 

captivating book”, please summarize the main emotions 

expressed in the text description using several words. 

Calmness, contentment, coziness, serenity, and enjoyment.

Focus on boosting the room’s contentment and enjoyment.

Based on the identified emotions “Calmness, 

contentment, coziness, serenity, and enjoyment” and 

the image, which emotions should be enhanced in the 

image?

Combine the “During the sunny afternoon, I enjoy a 

steaming cup of tea and a captivating book” with 

“Focus on boosting the room’s contentment and 

enjoyment” to generate a concise summary that 

highlights the emotional context.

A sunny afternoon spent sipping a steaming cup of tea 

and lost in a captivating book, accentuating the room’s 
contentment and enjoyment.

The image and prompt provided by the user are:

Fig. S1. Detailed illustration of in-depth emotional reasoning.

B. Voting ensemble mechanism

As illustrated in Eq. (21) (Sec. V-B) of the main paper, a
voting ensemble mechanism is developed that simulates people
looking at images from different points of view and ensembles
votes for accurately analyzing major evoked emotions. Specif-
ically, distinct features are first extracted from synthesized
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results, e.g., color, texture, style, and patch features. These
features are then fed into the corresponding classifier to estimate
the emotional distribution independently. The backbone of
these classifiers is a three-layer convolutional neural network.
Each classifier is trained with the Kullback-Leibler (KL) loss
function [2], enabling them to effectively analyze the emotional
content of the images. The accuracy of each classifier is
presented in Tab. S1. During training, the parameters of these
classifiers are frozen, and their estimated distributions are
ensembled to effectively learn high-dimensional emotional
cues. The architecture of the voting ensemble mechanism is
shown in Fig. S2.

TABLE S1
THE ACCURACY (%) OF FOUR INDEPENDENT CLASSIFIERS (COLOR,

TEXTURE, STYLE, AND PATCH) AND THE COMBINED ENSEMBLE RESULT.

Method Color Texture Style Patch Ensemble

ManiGAN 30.99 27.21 27.77 30.47 33.58
DiffusionCLIP 30.39 28.62 24.59 30.75 32.71
CLIPstyler 30.99 29.61 26.40 30.39 34.19
CLVA 30.17 30.05 25.64 30.59 32.32

AIF-B (Ours) 31.12 31.72 29.96 31.77 36.02
AIF-D (Ours) 32.92 32.12 30.87 32.57 37.48
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Fig. S2. The architecture of the voting ensemble mechanism.

C. Rater instruction details
As mentioned in Sec. VI-B of the main paper, we conduct

three user studies to evaluate the effectiveness of AIF models.
To illustrate the detailed instructions, we present the user study
interface in Fig. S3.
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EPS: Please select the generated image that best matches the 

emotion expressed in the text.

C

F

B

E

A

D

Original

This painting conveys 

spiraling hopelessness 

because of the lack of 

colors and shapes.

Text

FES: Please select the generated image that has the strongest 

filter-like effect.

C

F

B

E

A

D

Original

The frigid stillness of the 

landscape, mirrored in the 

serene calm of his face, 

draws the viewer into his 

contemplative process.

Text

EFS: Using the 8 emotion categories from Mikel's emotion wheel 

in the bottom left, please label each of the images below.

Original

Emotion 
category

Fig. S3. The user interface for user study experiments.

D. Failure cases

We present two failure cases that the AIF models encounter.
Applying counterintuitive content. The visual content of
an image plays a critical role in evoking specific emotional
responses from human observers. AIF models still face chal-
lenges in producing convincing results when the visual content
of the provided image conflicts with the intended emotion of
text descriptions. As shown in Fig. S4 (top), AIF-D fails to
accurately reflect the emotion of “sorrow” in the image where
a girl is smiling and struggles to reflect “peacefulness” in the
image depicting a burning grassland.
Reflecting contrastive emotions. AIF models also face
challenges in reflecting contrasting emotions within varied and
complex text descriptions, leading to difficulties in creating
appropriate affective image filters. As illustrated in Fig. S4
(bottom), text descriptions that combine opposing emotions
(e.g., “triumph/defeat” or “awe/tension”) pose significant

She wandered aimlessly under the grey 

sky, her heart heavy with sorrow, each 

step a reminder of the dreams.

The gentle hues blended seamlessly, 

wrapping the scene in a peaceful 

embrace.

The painting’s colors are a dance of light 

and shadow, telling a story of triumph 

and defeat, hope and despair.

The air left me in awe, yet it was thick 

with an unsettling tension that made my 

heart race.

Original AIF-D

Original AIF-D

Original AIF-D

Original AIF-D

Fig. S4. Failure cases. Top: Examples where the content image conflicts with
intended emotions. Bottom: Examples where the text description includes
opposing emotions.

challenges for AIF-D, resulting in inaccuracies in reflecting
the intended emotions of users.

E. Additional qualitative results
We show additional comparison results of AIF models with

relevant text-driven image editing methods (i.e., ManiGAN [3]
and DiffusionCLIP [4]) and style transfer methods (i.e.,
CLIPstyler [5] and CLVA [6]). The qualitative results are
presented in Fig. S5. More qualitative ablation study results are
shown in Fig. S6, whose details are presented in Sec. VI of the
main paper. More application results are shown in Fig. S7. With
different text descriptions, users can create visually compelling
photos that evoke a variety of emotional responses.

F. Dataset samples
As illustrated in Sec. III-A of the main paper, a large-scale

dataset tailored for the AIF task is collected and processed,
including abundant aesthetic images and corresponding text
descriptions associated with the closest emotional category in
Mikel’s wheel [7]. More samples of the AIF dataset are shown
in Fig. S8 to inspire relevant research.
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(a) (c) (d) (e) (f) (g)(b)

Everywhere I looked, 

flowers were 

blooming, filling the 

air with a sense of joy 

and beauty.

Walking down the old 

street, every brick 

seemed to remind me 

of stories from back 

in the day.

The vibrant spring 

colors adorned the 

landscape, with lush, 

leaves bursting forth, 

signaling a world 

reborn.

Each soggy, 

disgusting food had 

an unappetizing, 

slimy appearance 

that made me want to 

vomit.

The dull light of the 

afternoon seemed to 

drain the color from 

the world, leaving 

everything feeling 

lifeless and desolate.

The detailed 

sculptures on the 

church looked so 

divine, they turned 

the building into a 

powerful symbol of 

faith.

The golden sunrise 

painted the sky with 

hues of hope, 

heralding a new day 

filled with 

possibilities.

The bright and 

unblemished sky 

radiated a soothing 

calm, washing away 

worries and leaving a 

feeling of pure 

freshness.

(h)

Fig. S5. Additional qualitative comparison results with state-of-the-art methods. (a) User-provided content images. (b) Texts that reflect thoughts and feelings.
(c) ManiGAN [3]. (d) DiffusionCLIP [4]. (e) CLIPstyler [5]. (f) CLVA [6]. (g) AIF-B [8]. (h) AIF-D.
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(a) (c) (d) (e) (f) (g)(b)

Amid the darkness of 

despair, the heart 

grapples with a 

profound sadness 

that seems to seep 

into every corner.

Surrounded by the 

clear, crisp air of a 

beautiful day, a 

feeling of 

contentment settled 

over me.

As the sunset cast its 

warm hues across the 

sky, it felt like the day 

was waving goodbye 

with a soft touch.

The burden of 

intense stress casts a 

shadow on the 

atmosphere, echoing 

the gloominess of the 

dreary weather.

The streets were alive 

with optimism, every 

corner filled with 

hope and joy.

Walking down the 

chilly, deserted streets, 

I couldn't help but 

feel the stark solitude 

that hung in the air.

(h)

Fig. S6. Additional ablation study results with different variants of AIF-D. (a) User-provided content images. (b) Texts that reflect thoughts and feelings.
(c) W/o CPM. (d) W/o IER. (e) W/o VEM. (f) W/o ERD. (g) W/o TML. (h) AIF-D.

Original

As I stood by the 

shore, the distant 

horizon evoked a 

deep sense of solitude, 

a poignant reminder 

of the vastness 

between me and my 

lost memories. AIF-D

The early hours were 

harshly cold, making 

the sea's surface 

appear like a glassy 

expanse in a world 

paused by frost.
AIF-D

As the sun set in the 

west, its golden rays 

cast a tranquil glow 

over the landscape, 

bringing a sense of 

harmony and peace 

to the evening. AIF-D

Original

Under the soft 

autumn sun, the 

golden leaves 

shimmered, casting a 

comforting glow over 

the peaceful 

landscape. AIF-D

In the heart of the 

forest, the explosion 

of life was 

overwhelming, each 

tree and shrub 

bursting with the 

energy of rebirth. AIF-D

Wind howled through 

the desolate streets, 

its eerie sound 

creating a pattern of 

disharmony and 

unease.
AIF-D

Fig. S7. Additional applications. With different written thoughts, users could produce visually compelling photos that evoke a range of emotional responses.
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The boat looks 

serene and fun out 

on the water.

Seeing the smoke 

in the air makes me 

think of all the 

future air pollution.

The colors make 

this feel warm and 

pleasant and the 

water appears calm 

and peaceful.

As the viewer 

approaches the 

port, a sense of 

disgust can be felt 

by the smoke and 

dirty bay.

the smoke stacks 

show the 

industrialization of 

society ruining 

nature.

What looks like 

smoke in the 

distance, gives of 

an impression that 

there is a riot 

currently 

happening.

Anger Awe Contentment Disgust Anger Fear

The vase of flowers 

are beautifully 

painted and it 

makes me feel 

happy.

These sad flowers 

with yellows and 

reds in a glass vase 

look despondent.

The flowers in the 

reflective vase over 

the stand appear 

majestic and 

elegant in a 

comforting manner.

The painting is 

amazing and the 

colors are pleasing 

to the eyes.

The drab colors of 

the wall just make 

everything in the 

room seem 

depressing.

The tone of the 

colors, especially 

on the walls behind 

the vase are quite 

drab and seem 

unfortunate.

Sadness Contentment Contentment Excitement Sadness Sadness

Nice colors, feels 

life is starting.

It's beautiful. The 

colors are vibrant 

and inspiring.

The bright colors 

and the slant of the 

road bring about 

excitement in me, 

like a moving 

forward.

Industrial pollution 

provokes the anger.

The sad smog 

coming from the 

many chimneys of 

pollution is scary.

Awe Excitement Excitement Anger Sadness

The way the light 

above the building 

glows in the dark is 

eerie.

I love the 

composition and 

how dark this is. 

The light 

reflections in the 

air is fantastic.

the long dark road 

with the giant 

mansion in the 

dead of night is the 

start to horror 

movies.

Spooky nighttime 

sky, dark bushes, 

ominous mist and 

shadows created by 

the lights.

There is a green 

cloud in the 

background, 

almost like a 

coming darkness.

There's a lone 

carriage despite 

how large the 

building is, 

creating a feeling 

of loneliness and 

isolation.

Fear FearExcitement FearFear Fear

The light post is 

crooked making me 

think something hit 

it.

Cute picture that 

makes me think of 

a warm summer 

day.

This place does not 

look so welcoming 

for some reason it 

looks spooky.

Destruction, 

abandoned, neglect, 

broken fences and 

lamps, 

disorganized, 

incomplete.

Sadness Fear DisgustContentment

This horrid boring 

and very sad and 

gloomy picture of 

the ocean and 

beach is sullen.

The bight whites 

and shades of the 

sand blend well 

with the light blue 

of the water.

This sad cloudy 

skies and baron 

beach looks 

awkward and down 

beat.

The clouds are 

ruining the nice 

view.

Nobody on the 

beach and being 

able to appreciate 

and take in the 

feeling of 

amazement is 

inspired.

This painting looks 

very dreary and 

extremely upsetting.

Sadness SadnessExcitement Sadness Awe Fear

The cat looks like 

he's smiling and it 

feels to me like he's 

in a playful mood.

The tabby cat looks 

pleased with 

himself after 

causing some 

shenanigans 

earlier in the day.

I am in awe of this 

beautifully painted 

cat, especially the 

fur and the facial 

expression.

The cat seems 

sleepy, and the 

amount of detail in 

the fur makes it 

appear soft and 

well cared for.

I feel content as the 

painting is of a cat 

that seems to have 

a subtle smile 

across its face.

While the cat is 

sweet and beautiful, 

there is a bit of an 

aggression in his 

stance that is a bit 

scary.

ContentmentAmusement Amusement Contentment Contentment Fear

Fig. S8. More samples of the AIF dataset, where each anchor image has multiple corresponding text descriptions and each text description is categorized into
the closest emotional category in Mikel’s wheel [7].
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