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Image Memorability Prediction using Deep Learning

Rattaporn Kunsombat', Napa Sae-bae’

Abstract

The image memorability plays a significant role in everyday human life, as it generates
memorable experiences and individual identities. Research in this domain focuses on predicting image
memorability scores using deep learning techniques. Three model architectures were trained and evaluated:
1) models trained from scratch, 2) models pretrained on anther dataset, and 3) fine-tuned models based on
pretrained architectures. These models utilized structures from Convolutional Neural Networks (CNNs) for
feature extraction, with features extracted from ResNet 50 and Vision Transformer models. The extracted feature
vectors from both models were then concatenated. The research was conducted using two types of datasets:
category-specific and mixed-category datasets, allowing for a comparative analysis of the three model types.
The experiments demonstrated superior performance on mixed-category datasets, with the best-performing
model being the fine-tuned ResNet 50 model. This model achieved the following performance metrics for
predicting image memorability : Mean Squared Error (MSE) of 0.001, Mean Absolute Error (MAE) of 0.0082,

R-square (R2) of 0.9947, and Spearman Correlation Coefficient (Spearman's rho) of 0.9896.
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A1 3 LAAINAN1TNAAY (Pre-trained) VDIUBILUUIIABIVI 3 WU

Category MSE R-square MAE Spearman's

Vision Transformer

Average 5 Categories 0.0003 0.8487 0.0159 0.6422
(0.0012) (0.9132) (0.0216)

Merge All Categories 0.0003 0.9870 0.0076 0.9716
(0.0037) (0.8310) (0.0500)

ResNet 50

Average 5 Categories 0.0003 0.9522 0.0156 0.8162
(0.0002) (0.9301) (0.0114)

Merge All Categories 0.0002 0.9945 0.0065 0.9839
(0.0001) (0.9919) (0.0098)

Vision Transformer + ResNet50

Average 5 Categories 0.0002 0.95264 0.0091 0.9088
(0.0008) (0.9080) (0.0235)

Merge All Categories 0.0001 0.936 0.0101 0.9761
(0.0005) (0.8570) (0.0171)
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A1 4 LAAINANITNAADY (Fine-Tuning model) U84Y8ILUUIIADIN 3 LWUU

Category MSE R-square MAE Spearman's

Vision Transformer

Average 5 Categories 0.0003 0.92904 0.00968 0.8519
(0.0004) (0.9457) (0.0138)

Merge All Categories 0.0006 0.9864 0.0082 0.9517
(0.0001) (0.9930) (0.0093)

ResNet 50

Average 5 Categories 0.0002 0.9619 0.0094 0.8953
(0.0004) (0.9020) (0.0168)

Merge All Categories 0.0001 0.9947 0.0082 0.9896
(0.0001) (0.9916) (0.0097)

Vision Transformer + ResNet50

Average 5 Categories 0.0002 0.9419 0.0123 0.8163
(0.0005) (0.9270) (0.0170)

Merge All Categories 0.0002 0.9279 0.0105 0.9523
(0.0003) (0.9332) (0.0143)
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tuning AN31 Pretrained usilathumadeunauluseansnmALgas @19e134in1nN13 Fine-tuning AvinlwAnnT3
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