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1 Extended Background and Related Work
1.1 Affective Image Datasets
Affective image datasets have been widely used in psychology,
human-computer interaction (HCI), computer vision (CV), and af-
fective computing to study emotion recognition in images.

In psychology and HCI, Lang et al. introduced the International
Affective Picture System (IAPS) [13, 14], a widely used dataset
for assessing emotional responses to visual stimuli. To refine its
applicability, Mikels et al. [24] developed IAPSa, a subset of IAPS
categorized into discrete emotions such as happiness, sadness, and
fear. Other datasets have since expanded the range and quality of
affective stimuli. The Geneva Affective Picture Database (GAPED)
[6] focused on threat-related images, while the Nencki Affective
Picture System (NAPS) [22] introduced high-resolution images
with validated emotional ratings. The Maastricht Affective Picture
System (MAPS) [18] further enhanced stimulus diversity, improving
ecological validity. More recently, the Open Affective Standardized
Image Set (OASIS) [12] provided an open-access alternative, and the
DIsgust-RelaTed-Images (DIRTI) database [8] specifically targeted
disgust-eliciting images.

In CV and affective computing, various datasets have been de-
veloped for affective image analysis. Machajdik and Hanbury [21]
introduced ArtPhoto and AbstractPhoto, focusing on artistic and
synthetic images labeled with discrete emotions. Borth et al. [5] pro-
posed VSO, linking images with sentiment concepts, while You et al.
[42, 43] introduced Flickr I, Twitter I, and Twitter II for large-scale
social media sentiment analysis. Other datasets, such as Emotion6
[27], FI [44], T4SA [32], and WEBEmo [26], further expanded emo-
tion recognition in online images. In the news domain, Event [17]
and EMOd [11] focused on emotion in journalistic content, while
ArtEmis [1] explored emotions in paintings. EmoSet [41] provided
large-scale annotated images for visual emotion analysis. More re-
cently, FindingEmo [23] introduced 25K images for emotion recog-
nition in complex social scenes, expanding beyond face-centered
datasets with valence, arousal, and categorical emotion labels.

Recent work has also begun to examine affect in AI-generated
content. Representative examples include EmoConveyance [20],
AIGI-VC [31], LAI-GAI [3], and EmoArt [46]. These studies further
highlight the need for dedicated affective resources tailored to AI-
generated images.

In summary, psychology-driven VEA datasets are typically small,
focusing on user studies with physiological data, categorical emo-
tion labels, and valence-arousal-dominance scores. Meanwhile, VEA
datasets in CV and affective computing are much larger, often rely-
ing on a combination of machine-generated weak labels and human
annotations to classify emotions in images. Our work extends VEA
to AIGI images, introducing a large-scale dataset with rich annota-
tions that provide new insights into AI-generated content.

1.2 Datasets of AI-Generated Images
With the rapid progress of text-to-image models, several datasets
have been developed to support research on AI-generated content.
DiffusionDB [33] provides images generated by Stable Diffusion
with corresponding prompts. TWIGMA [2] collects AIGI from Twit-
ter, including metadata such as timestamps and engagement met-
rics. JourneyDB [30] offers images generated by Midjourney, paired
with textual prompts. GenImage [51] includes AI-generated and
real image pairs, serving as a benchmark for generative model de-
tection. Artifact [29] contains both real and AIGI for evaluating
AI-generated content. AIGIQA-20K [16] focuses on subjective qual-
ity assessment, featuring AIGI with human ratings. ImageReward
[35] supports preference modeling and reward learning for gener-
ated images. Additionally, CIFAKE [4] and WildFake [9] provide
benchmarks for synthetic-image detection in more realistic settings.

These datasets support downstream tasks such as image genera-
tion quality assessment, AI-generated content detection, prompt
optimization, and related applications. However, they are not specif-
ically designed for visual emotion analysis. In contrast, AIGIEmo is
built for affective understanding and provides multi-level annota-
tions to study emotional responses to AI-generated images.

1.3 Visual Emotion Analysis
Deep learning has significantly advanced VEA by enabling au-
tomatic extraction of emotional cues from images. Early models
primarily relied on Convolutional Neural Networks (CNNs) to learn
emotion representations from visual data [28, 45]. Later approaches
incorporated spatial and contextual information, such as combining
CNNs with Recurrent Neural Networks (RNNs) to capture sequen-
tial dependencies [52], and integrating attention mechanisms to
refine feature extraction [25, 38]. More recent work has explored
multi-level attention networks to better understand complex emo-
tional expressions in images [36]. These models have improved
recognition accuracy by leveraging contextual elements such as
facial expressions, body posture, and scene composition.

Recent advances in Vision-Language Models (VLMs) and Mul-
timodal Large Language Models (MLLMs) have introduced new
possibilities for VEA by integrating textual information alongside
visual inputs. Large-scale VLMs have been shown to enhance emo-
tion recognition by leveraging descriptions and contextual cues
[7, 15]. Visual prompting techniques further refine emotion pre-
dictions by aligning textual and image-based representations [48].
Additionally, specialized models, such as an emotion-aware vision-
language framework for art analysis [47] and EmoVIT, a visual
instruction-tuned model designed to improve emotion insights in
images [34], demonstrate the potential of multimodal approaches.
By incorporating both visual and textual features, these models
provide a more comprehensive understanding of emotions in im-
ages, enabling not only recognition but also emotion attribution
and contextual analysis.
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Figure 1: Web-based annotation tool for AIGIEmo.

2 AIGIEmo Dataset Details
2.1 Licensing and Access
AIGIEmo is released under the Creative Commons Attribution 4.0
International License (CC BY 4.0). The dataset is publicly available
on Hugging Face and can be downloaded directly without any ac-
cess request or approval: https://huggingface.co/datasets/dongSHE/
AIGIEmo.

2.2 Data Governance, Privacy, and
Redistribution

AIGIEmo is collected from public text-to-image channels with ex-
plicit prompt–image correspondence. The release follows source-
platform and content-governance constraints in public research-
oriented data sharing. We exclude unsafe content and non-text-only
workflows during curation, and the released dataset is designed to
reduce privacy risks by focusing on public content and research-
oriented data records. Users are encouraged to adhere to ethical
guidelines when using AIGIEmo, especially when analyzing sensi-
tive content or generating derivative works. Redistribution of the
dataset should maintain the original licensing terms and provide
appropriate attribution to the creators.

2.3 Annotation Tool
Figure 1 shows theweb-based annotation interface used for AIGIEmo.
The tool supports categorical emotion selection, valence–arousal
scoring with the Self-Assessment Manikin (SAM), auxiliary label
editing, and sequential revision of caption and reasoning fields.

2.4 Additional Data Analysis
Beyond the statistics shown in the main paper, AIGIEmo also sup-
ports additional analysis of affective structure, style and generator
bias, and the differences between the filtered pool and the final
balanced subset. These analyses help further characterize the rep-
resentativeness and limitations of the dataset.

2.4.1 Affective Structure in V-A Space. The eight emotion cate-
gories exhibit a clear and well-organized affective structure in the
valence–arousal space. As shown in Figure 2, Anger, Fear, and Dis-
gust concentrate in the low-valence, relatively high-arousal region,

Figure 2: KDE-enhanced scatter plot of the eight emotion
categories in the valence–arousal space.

Figure 3: Marginal violin plots of valence and arousal for
each emotion category.

while Sadness remains low in both valence and arousal. In contrast,
Excitement occupies the high-valence, high-arousal region, and
Contentment shifts toward high valence but lower arousal. Amuse-
ment and Awe lie between these extremes, with positive valence
and moderate-to-high arousal.

Most overlap occurs between affectively adjacent categories
rather than across opposite affective regions. As shown in Figure 3,
the positive emotions share relatively high valence but differ in
arousal, while the negative emotions are more consistently sepa-
rated by valence polarity and activation level. This pattern further

2
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Figure 4: Conditional emotion distribution within each style
family.

Figure 5: Style-family composition within each emotion cat-
egory.

confirms the consistency between the categorical labels and the
dimensional annotations.

2.4.2 Style Family and Emotion Distribution. Style-family annota-
tions reveal meaningful visual diversity across emotion categories.
As shown in Figure 4, Anime is strongly concentrated on Amuse-
ment and Excitement, Graphic Design is relatively more common in
Contentment and Excitement, and Vintage has a noticeable concen-
tration on Sadness. In contrast, Realistic, Traditional Art, and Other
exhibit more balanced emotion distributions.

The style composition of each emotion category remains broad
and diverse, while still showing meaningful variation across emo-
tions. As shown in Figure 5, Realistic and Digital Art remain domi-
nant in most categories, while the proportions of Anime, Surreal,
and Graphic Design change noticeably, especially for Amusement,
Fear, and Contentment. This result shows that AIGIEmo covers
multiple visual styles while preserving informative style–emotion
associations.

2.4.3 Color and Brightness Distributions. The low-level attribute
analysis in themain paper uses effect-size-based association strength.

Figure 6: Brightness and colorfulness distributions across
emotion categories.

For continuous attributes such as brightness, contrast, and color-
fulness, we report the Kruskal–Wallis effect size

𝜖2 =
𝐻 − 𝑘 + 1
𝑛 − 𝑘

, (1)

where 𝐻 is the Kruskal–Wallis statistic, 𝑘 is the number of emo-
tion categories, and 𝑛 is the number of samples. For categorical
attributes, we use Cramér’s 𝑉 ,

𝑉 =

√︄
𝜒2

𝑛 ·min(𝑟 − 1, 𝑐 − 1) , (2)

where 𝜒2 is the chi-square statistic and 𝑟, 𝑐 are the numbers of rows
and columns in the contingency table.

Low-level color cues show weaker association than semantic at-
tributes, but they still exhibit stable group-level patterns. As shown
in Figure 6, positive emotions such as Contentment,Amusement, and
Excitement tend to have slightly higher brightness and colorfulness,
whereas negative emotions are relatively darker and less colorful
overall. At the same time, the substantial overlap across categories
is also consistent with the main-paper result that low-level visual
features alone provide limited affective discrimination.

The dominant hue composition remains diverse across all cate-
gories while showing interpretable differences at the group level.
As shown in Figure 7, warm hues, especially Orange, occupy the
largest proportion in most emotions, while Blue and Cyan provide
the main complementary tones. The relative shares of cool and
warm hues vary across emotions, which further suggests that color
contributes useful but secondary cues compared with higher-level
semantic attributes.

2.4.4 Semantic Attribute Enrichment. High-level semantic attributes
show clear and interpretable enrichment patterns across emotion
categories. We quantify semantic enrichment using lift, defined

3
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Figure 7: Hue-family composition across emotion categories.

Figure 8: Lift-score heatmap for facial expressions across
emotion categories.

as the ratio between the attribute frequency within an emotion
category and its global frequency in the dataset:

Lift(𝑎, 𝑒) = 𝑃 (𝑎 | 𝑒)
𝑃 (𝑎) =

𝑛(𝑎, 𝑒)/𝑁 (𝑒)
𝑛(𝑎)/𝑁 , (3)

where 𝑎 denotes a semantic attribute and 𝑒 denotes an emotion
category. A lift score larger than 1 indicates that the attribute ismore
prevalent in that emotion than expected from its global frequency.

Facial expressions exhibit the strongest and most concentrated
semantic cues. As shown in Figure 8, Fear is strongly enriched by
fearful expressions, Sadness by sad expressions, Awe and Surprise
are closely aligned, and positive emotions such as Contentment,
Amusement, and Excitement are associated with happy expressions.
This pattern highlights the quality and interpretability of the facial-
expression annotations in AIGIEmo.

Human actions also show meaningful emotion-dependent en-
richment. As shown in Figure 9, fighting is most enriched for Anger,
running for Fear, hugging for Contentment, and dynamic activities
such as dancing and playing are more prominent for Excitement
and Amusement. These patterns indicate that action annotations
provide useful behavioral cues for affective understanding.

Figure 9: Lift-score heatmap for human actions across emo-
tion categories.

Figure 10: Lift-score heatmap for object categories across
emotion categories.

Object categories further reveal diverse semantic grounding for
different emotions. As shown in Figure 10, weapon is most enriched
for Anger, food for Disgust, toy and animal for Amusement, and
vehicle for Excitement. At the same time, plant and furniture are
relativelymore common inContentment, reflecting calmer andmore
pleasant contexts.

Scene-level semantics remain broader than facial or action cues,
but still show coherent enrichment trends. As shown in Figure 11,
fantasy_virtual is strongly enriched for Awe, studio for Anger, and
outdoor_urban for Excitement. These results complement the main-
paper finding that scene cues are weaker than human-centered
attributes, while still contributing useful contextual information.

4
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Figure 11: Lift-score heatmap for scene categories across emo-
tion categories.

3 Experimental Details and Additional
Experiments

3.1 Experiment Setup
All baseline benchmark experiments are conducted on the balanced
160K subset of AIGIEmo, which is split into 128K/16K/16K im-
ages for training, validation, and testing. Exact duplicate prompts
and images are removed before splitting, and all in-domain experi-
ments use the same split unless otherwise noted. The visual bench-
mark covers emotion classification and valence–arousal prediction,
while the VLM benchmark further includes caption generation and
reason-for-emotion generation.

For visual models, implementations are based on PyTorch and
trained on NVIDIA A800-SXM4-80GB GPUs. Model selection is
performed on the validation split with early stopping, and final
results are reported on the test split. For emotion classification, we
report Accuracy and Macro-F1; for valence–arousal regression, we
report MAE and Pearson correlation; and for text generation, we
report BLEU, CIDEr, SPICE, and BERTScore. For VLM fine-tuning,
LoRA-based experiments are run on a single NVIDIA A800-SXM4-
80GB GPU with the same train/validation/test partition, so the full
benchmark remains comparable across visual and vision–language
settings.

3.2 Visual Model Implementation Details
The proposed baseline visual model follows the architecture shown
in Figure 3 of the main paper. It contains four main components:
a visual backbone, a shared neck, two task-specific branches for
emotion classification and valence–arousal regression, and an auxil-
iary Attribute Module. The visual backbone extracts a global image
representation from the input image, and the shared neck projects
it into a common feature space used by all downstream branches.
We instantiate this framework with six representative backbones,
including VGG16, ResNet50, DenseNet121, ConvNeXt-T, Swin-T,
and ViT-B/16, so that the benchmark covers both CNN-based and
Transformer-based visual encoders.

Let 𝑥 denote an input image. The backbone produces a visual rep-
resentation 𝑧 = 𝐵(𝑥), which is then mapped by the shared neck to
a common feature ℎ = 𝑁 (𝑧). Two lightweight task adapters are ap-
plied to ℎ to obtain task-specific features for emotion classification
and V-A regression:

𝑓emo = 𝐴emo (ℎ), 𝑓va = 𝐴va (ℎ) . (4)

The emotion branch uses a linear classifier on top of 𝑓emo to predict
the 8-way emotion label, while the V-A branch uses a regression
head to predict valence and arousal scores. In parallel, the Attribute
Module learns an auxiliary representation

𝑓att = 𝐸att (ℎ), (5)

which is supervised by aggregated attribute annotations. Following
the association analysis in the main paper, we use four auxiliary
attribute groups with relatively strong emotion associations: facial
expression, human action, scene, and object.

The attribute feature is then injected into the two main branches
through two linear gating modules. This design follows the general
idea of sigmoid-based feature reweighting and task-specific gating
used in prior architectures [10, 19]. Specifically, the attribute feature
is first projected into the corresponding task space, and a sigmoid
gate controls how much auxiliary information is fused into each
branch:

𝑔1 = 𝜎 (𝑊1 𝑓att + 𝑏1), 𝑓emo = 𝑓emo + 𝑔1 ⊙ 𝑃1 (𝑓att), (6)

𝑔2 = 𝜎 (𝑊2 𝑓att + 𝑏2), 𝑓va = 𝑓va + 𝑔2 ⊙ 𝑃2 (𝑓att), (7)
where 𝑃1 (·) and 𝑃2 (·) denote linear projections and ⊙ is element-
wise multiplication. The final emotion classifier and V-A regressor
operate on 𝑓emo and 𝑓va, respectively. This design keeps the model
lightweight while allowing the main tasks to selectively use auxil-
iary attribute cues.

All branches are trained end-to-end with joint supervision from
emotion labels, V-A scores, and attribute annotations. During infer-
ence, attribute cues are predicted from the image by the Attribute
Module itself rather than injected from human annotations, so the
full model remains a purely image-driven predictor at test time. In
addition to the proposed baseline with different backbones, we also
report several prior VEA-specific models, including WSCNet [40],
StyleNet [49], PDANet [50], Stimuli-Aware [39], and MDAN [37],
to provide a broader and practically useful benchmark suite for
AIGI emotion understanding.

3.3 Vision–Language Model Prompts and
Settings

For vision–language model evaluation, we use fixed task prompts
for both zero-shot and fine-tuned settings. Emotion labels are de-
coded by exact matching, and valence–arousal outputs are parsed
as constrained numeric responses in [−1, 1]. For caption and reason-
for-emotion generation, we use task-specific prompts aligned with
the corresponding benchmark definitions.

Fine-tuned evaluation is implemented with LoRA on the training
split and reported on the test split. Our first-stage multimodal fine-
tuning is conducted with LLaMA-Factory, using a unified JSON
generation prompt that jointly supervises emotion, valence, arousal,
caption, and reason generation. The system prompt is summarized
below.
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Figure 12: Data-mixing results evaluated on the AIGIEmo
test set.

System prompt. You are a careful multimodal annotation assistant.
Analyze the image and return only valid JSON.

Requirements.
(1) Choose exactly one emotion label from {Amusement, Anger, Awe,

Contentment, Disgust, Excitement, Fear, Sad}.
(2) Predict valence as a float in [−1, 1].
(3) Predict arousal as a float in [−1, 1].
(4) Generate a concise English caption with at most 20 words.
(5) Generate a short reason with at most 50 words.

Output schema.
{"emotion": "string", "valence": 0.0, "arousal":
0.0, "caption": "string", "reason": "string"}

At evaluation time, the generated JSON is parsed field by field.
The emotion output is normalized to the benchmark label space,
including mapping Sad to Sadness, while valence and arousal are
clipped to the valid range. Caption and reason outputs are evaluated
directly against the corresponding reference annotations.

3.4 Extended Data-Mixing Evaluation for AIGI
Emotion Recognition

We further examine the contribution of AIGIEmo under a con-
trolled data-mixing setting. Specifically, we use EmoSet [41] as
the default base training set and progressively add different pro-
portions of the AIGIEmo training split, while keeping the model
architecture and optimization protocol unchanged. This setting
evaluates whether AIGIEmo provides task-specific supervision be-
yond a strong natural-image emotion dataset.

We report two complementary test settings. The first uses the
AIGIEmo test split, which measures in-domain improvement on
our benchmark. The second uses AIGI-VC [31], a recent AIGI
dataset with emotion labels, which measures whether the benefit of
AIGIEmo also transfers to another AI-generated image benchmark.

AIGIEmo consistently improves in-domain emotion recognition
as more AIGIEmo data is added to training. As shown in Figure 12,
all three models, ResNet50, ConvNeXt-T, and Qwen3-VL, exhibit
steady accuracy gains when the AIGIEmo proportion increases

Figure 13: Data-mixing results evaluated on AIGI-VC [31].

Table 1: Cross-dataset transfer between AIGIEmo and AIGI-
VC.

Train \ Test AIGIEmo AIGI-VC

AIGIEmo 0.581 0.620
AIGI-VC 0.495 0.592

Table 2: Cross-dataset transfer between AIGIEmo and
EmoSet.

Train \ Test AIGIEmo EmoSet

AIGIEmo 0.581 0.426
EmoSet 0.412 0.782

from 1% to 100%. The improvements are especially clear for Qwen3-
VL, indicating that AIGIEmo provides effective supervision not only
for conventional visual backbones but also for multimodal models.

The same trend remains visible when testing on an external AIGI
dataset. As shown in Figure 13, increasing the amount of AIGIEmo
training data also improves performance on AIGI-VC, although
the gains are more moderate than those on the AIGIEmo test split.
This result is consistent with the expected dataset gap across dif-
ferent AIGI datasets, while still showing that AIGIEmo contributes
useful and transferable supervision for emotion recognition on
AI-generated images.

3.5 Cross-Dataset Transfer
We further evaluate cross-dataset transfer to measure how well
emotion supervision learned from AIGIEmo generalizes across dif-
ferent benchmarks. Table 1 summarizes transfer results between
AIGIEmo andAIGI-VC [31], while Table 2 reports the corresponding
comparison with EmoSet [41], all under the aligned 8-way setting.

AIGIEmo provides strong and transferable supervision for AIGI
emotion recognition. As shown in Table 1, training on AIGIEmo
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transfers effectively to AIGI-VC and even slightly exceeds the AIGI-
VC in-domain result, indicating that AIGIEmo captures robust AIGI-
specific affective patterns. In contrast, training on AIGI-VC trans-
fers less effectively to AIGIEmo, which highlights the stronger
benchmark coverage of AIGIEmo for AI-generated image emotion
understanding.

The comparison with EmoSet in Table 2 further shows that
AIGIEmo remains more targeted to the AIGI setting while preserv-
ing reasonable cross-domain generalization. Overall, these results
support the role of AIGIEmo as both a strong in-domain bench-
mark and a practically useful source of transferable supervision for
emotion recognition on AI-generated images.

4 Potential Applications
4.1 AIGI Emotion Recognition
AIGIEmo supports supervised learning and benchmark evaluation
for categorical emotion classification and dimensional affect predic-
tion on AI-generated images. It can be used to study how current
visual models and multimodal systems understand affect in prompt-
driven visual generation.

4.2 Affective Captioning and Reasoning
Because AIGIEmo provides human-finalized captions and emotion
reasoning, it can support research on affective caption generation,
emotion explanation, and language-grounded affective understand-
ing for AI-generated images.

4.3 Multimodal AIGI Understanding
The combination of prompts, images, auxiliary attributes, captions,
and reasoning makes AIGIEmo suitable for multimodal understand-
ing tasks. These include prompt-aware emotion prediction, visual–
textual affect alignment, and human-centered interpretation of
generated content.

4.4 Data-Centric Benchmarking and Alignment
Research

AIGIEmo can also support research on dataset bias, human–AI affec-
tive agreement, prompt-driven emotion control, and evaluation of
AIGI systems from a human-centered perspective. As AI-generated
content becomes more widely used, such applications may become
increasingly important for affective computing and multimedia
research.
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