S1. EmoPair Dataset

In response to the absence of an image dataset specifically designed for emotion-evoke image generation, we introduce
EmoPair, comprising two distinct subsets: the EmoPair-Annotated Subset (EPAS), encompassing 331,595 image pairs
sourced from Ip2p [1] and annotated with emotion labels; and the EmoPair-Generated Subset (EPGS), featuring 6,949 pairs
generated through text instructions specifying target emotions.

For the EmoPair-Annotated Subset (EPAS), we use P to categorize the source and target images from the Ip2p dataset
into eight different emotions. We remove samples where the emotional labels of the source and target images are consistent,
then use the emotion labels to augment the Ip2p dataset, generating 331,595 image pairs.

To amusement  Add colorful, flying balloons in the sky.

To awe Turn the background into mountains and rivers.
To contentment  Change the setting to a tranquil outdoor scene.
To excitement Add some exciting fireworks in the background.
To anger Set the background on fire.

To disgust Add a dirty spider web to the picture.

To fear Twist and stretch figures into grotesque forms.
To sadness Add a tombstone.

Figure S1. Instruction examples of EmoPair-Generated Subset (EPGS). For each emotion category, we retained the top ten text
instructions based on the rankings determined by human annotators according to the efficacy of each emotion category. We utilized these
instructions for Ip2p in image editing to generate target images capable of evoking the desired emotions, thereby constructing our EPGS.

For the EmoPair-Generated Subset (EPGS), we formulated 50 general instructions that are agnostic to source images,
prompting transitions to desired emotions across 8 categories using GPT-3 [2]. Human annotators then ranked these
instructions based on efficacy within each emotion category, ultimately retaining the top ten. Figure S| illustrates examples
of these instructions.

We employ the following selection criteria to control the quality of generated image pairs of EPGS: (1) Using our emotion
predictor P, we analyze the generated images and only select those with a Top-1 classification confidence over 90% for the
target emotions. (2) To ensure the preservation of similar scene structures, we utilize Structural Similarity Index (SSIM) [12]
and Learned Perceptual Image Patch Similarity (LPIPS) [16] for filtering the remaining outcomes. SSIM measures structural
similarity between images, while LPIPS quantifies perceptual differences. Specifically, we require the generated images &
and the source image x to meet the conditions below: 0.3 < SSIM(z,%) < 0.6 and LPIPS(x,%) > 0.1. Ultimately,
EPGS retains 6,949 image pairs.

To ensure the quality of EPGS, we have human annotators re-annotate 300 images. The annotators view both the source
and edited images, and we ask them to select the one that better evokes the target emotion. Since we need the target image
to evoke the desired emotion more effectively than the source image, if the annotators choose the source image, we swap the
source and target images in the original dataset to create a new subset. Each image is reviewed by three annotators, and the
final subset is determined by majority vote. We then use this subset to fine-tune our EmoEditor.

To provide a comprehensive overview of our dataset, additional image pair examples are presented in Figure S2 and S3.

S2. Experiment

S2.1. Emotion Encoder

Figure S4 shows the network structure of our emotion encoder 7y. We represent the target emotion as a one-hot encoding
eon and use the emotion predictor P to calculate the emotional state of the source image e;. Then, we compute the emotion
editing direction eq;,- by calculating the difference between e, and es. Our Emotion Encoder 7y is a fully connected network
designed for transforming emotion editing direction ey, into the structured emotion embedding e. The architecture of the
model is composed of a series of fully connected layers that progressively increase the dimensionality of the input.

The network begins with an input layer of size 8, which is then passed through a sequence of fully connected layers with
increasing sizes: 256, 512, and 768 neurons, respectively. Each of these layers is followed by a ReLLU activation function to
introduce non-linearity and improve the model’s learning capacity. The final linear layer projects the output to a dimension
of 77 x 768, effectively structuring the embedding to fit the input size of our denoising network eg.
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