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Abstract
The appeal of a picture can mean the difference between life
and death for stray animals. In this project, we build a predic-
tive model to precisely judge a pet photo’s popularity score so
as to shed light on what constitutes a good picture. Our data
comes from PetFinder.my - Malaysia’s top animal welfare
website and contains 9,912 different pet profiles including
both pet photos and metadata. Our model mainly consists
of three parts: 1) a pre-trained part where we leverage trans-
fer learning to extract features and then classical machine
learning methods to predict the scores; 2) a neural network
part where we concatenate features from both the photos and
metadata and then passed through fully connected layers for
score predictions; 3) and a stacking layer to smartly combine
models from 1) and 2) for the final prediction. We hope that
this model can provide reliable advice for shelters and res-
cuers around the world and ultimately more lives are saved
and more happy families created.

1 Introduction

Every day, millions of stray animals throughout the world
suffer on the streets or are euthanized in shelters. When it
comes to stray animal adoption, a picture is worth a thousand
words and can even mean the difference between life and
death. Pets with appealing images tend to receive more atten-
tion and therefore are generally adopted more quickly. But
what constitutes an excellent photograph? In this project, we
would like to build a predictive model to precisely judge a pet
photo’s attractiveness and even recommend adjustments to
give these rescued animals a better chance of finding loving
homes with the help of data science.

PetFinder.my is Malaysia’s most popular animal welfare
website, and it currently ranks pet images using a simple
Cuteness Meter. It compares the performance of hundreds of
pet profiles to picture design and other parameters. We use
raw photographs and metadata to forecast the "Pawpularity"
of pet photos in this project. We train and test our model on

PetFinder.my’s millions of pet profiles in hope that it will
provide reliable advice to help animals live happier lives.

2 Dataset

2.1 Data Description

The dataset comes from the Kaggle competition held by
PetFinder.my. It contains 9912 raw images extracted from
the profiles of pets, manually-labeled photo metadata indicat-
ing the key visual quality and composition parameters of the
pet pictures, as well as the “pawpularity score”.

Each image is assigned a unique ID, which is the same
as the Pet Profile ID. There are a total of 12 types of photo
metadata such as “Human” and “Action”, which indicates
whether humans are included and whether pets are in actions.
All the photo metadata are categorical binary values, which
can only be 1 or 0.

The range of the pawpularity score is from 0 to 100. It is
calculated from the page view statistics of each pet profile,
using an algorithm that normalizes traffic data across different
pages and platforms (web & mobile). During the calculations,
mistakes from duplicate clicks and crawler bot access are
removed.

2.2 Exploratory Data Analysis

Pawpularity Score Distribution. The overall distribution of
Pawpularity score is a right-skewed bell that focuses around
the 20-50 range. However, we noticed that a substantial
amount of pictures scored 100. These outliers could pose
quite a challenge to our model.
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Figure 1: distribution of pawpularity scores (histogram)

We have some assumptions for the occurrence of the out-
liers. First, there is a particular breed of animal or a particular
way of photo taking that is most desirable by the people who
visit the site. In Figure 2, we sampled some pictures from dif-
ferent score ranges where red means lower scores and green
means higher scores. It seems that there is not any particular
pet type or photo taking skills in the outliers.

Another assumption is that, from the description of dataset,
we can know that the Pawpularity Score is derived from each
pet profile’s page view statistics. It is possible there are some
internet celebrities or KOL on the site so that their pet images
attract more attention. And the web designer may put some
pet pictures on the front page based on the images’ popularity,
therefore, these KOL’s images further get exposed, resulting in
100 pawpularity score. Indeed, these outliers comprise around
3% of the dataset, which is in line with our assumption of
KOL.

Figure 2: Examples images of some pawpularity scores

Correlation Matrix. To gain a rough idea of the metadata
and their correlation we plotted the correlation matrix heat
map. The correlated features groups such as eyes and face,
human, and occlusion make common sense but provide little
information. We can also see that there is no obvious correla-

tion between the pawpularity score and the single feature of
the image.

Figure 3: Metadata Correlation Matrix

3 Methodology

There are mainly three parts in our model.

Transfer Learning + Classical Machine Learning. Trans-
fer learning is a popular machine learning method in deep
learning, where we use a pre-trained model on a specific task
as the starting point for other tasks. In the computer vision
community, a pre-trained model often have learnt to extract
meaningful features from the images based on training on
large-scale image-classification tasks like ImageNet 1K.

For our project, we begin with transfer learning to exploit
the already captured knowledge in different pre-trained mod-
els. We simply use the pre-trained models as feature extractors
to convert the image data to a feature vector, which can save
vast compute and time resources in contrast to finetuning the
models one by one, and then classical machine learning meth-
ods are applied to fit the data. We exploit the timm library
to get those pre-trained models based on ImageNet. Besides
extracting features from the original image, a horizontally-
flipped and slightly-cropped version of the image is exploited
to extract an extra feature vector.

Another kind of pre-trained model, CLIP [5] , is also
adopted to extract features from the images. Compared with
those ImageNet-based models, CLIP is based on Contrastive
Language–Image Pre-training, with an attempt to find the un-
derlying linkage of image and text. It tries to construct a latent
space where images and text can be aligned. For example, an
image of a cat should have a high similarity with the sentence
“a photo of cat” in CLIP. Therefore, the features extracted by
the image encoder in CLIP would give another view of the
image.

For the classical ML techniques, support vector regression
(SVR), random forest (RF), Catboost, LightGBM (LGB) are
used to fit the data. These machine learning methods are
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Pre-training Type Family Detail Models

Pre-trained On ImageNet 1K

Residual neural network resnetv2_152, resnext_101∗

Distilled data-efficient Image Transformer (DeiT) deit_base∗

Efficientnet efficientnet_l2∗

Class-Attention in Image Transformers (cait) cait_m36 ∗

Pre-trained On Image-Text
Pair

CLIP RN50x4, RN50x16, RN50x64, ViT-B/32,
ViT-B/16, ViT-L/14

∗ means that besides extracting with normal image, flipped version of the images are also exploited to extract an extra feature vector

Table 1: Transfer Learning models

robust and powerful compared with other methods, which
should be able to handle most cases.
Neural Network. In this part, neural networks are trained
based on the image and the categorical features. We use
three state-of-the-art neural networks in computer vision,
Swin Transformer[3], ConvNeXt[4] and BEiT[1]. Among
these chosen architectures, Swin Transformer and BEiT are
transformer-based while ConvNeXt only exploits the conven-
tional convolution layers. Swin Transformer is a powerful Vi-
sion Transformer that can construct hierarchical feature maps
with Shifted windows. In Swin Transformer, the self-attention
process is carried out on non-overlapping local windows and
a shifted windowing scheme is leveraged to allow for cross-
window connection. BEiT, stands for Bidirectional Encoder
representation from Image Transformers is a computer vision
version of BERT, which is a famous model natural language
processing area. It is pre-trained on a masked image modeling
task, and after pre-training, it can be fine-tuned for different
downstream tasks. ConvNeXt is a "modernized" version of
the convolutional neural network, which modifies the ResNet
architecture based on the recent advances in deep learning
architecture like vision transformer. It is a pure convolutional
neural network but is competitive with transformer-based
models in multiple tasks such as classification and segmenta-
tion.
To include the categorical features, an embedding layer is set
up for each feature. For each categorical value, we represent
it with a 4-dimension embedding vector. Those embedding
features are concatenated with the image features extracted
by the backbone and then pass through fully-connected layers
for prediction.

Figure 4: neural network structure

Stacking. Stacking is a well-known ensemble machine learn-
ing algorithm, which exploits a meta-learning algorithm, i.e.,

ridge regression, to learn the best combinations of the pre-
dictions from multiple base machine learning algorithms. In
our task, stacking is adopted in order to learn how to best
combine the predictions from the transfer learning and con-
ventional machine learning methods, and the neural networks.
We choose the ridge regression as the meta-learning algorithm
to stack the predictions together. Since we have a number of
predictions, i.e., more than 60, rather than using all of them for
stacking, we use hill climbing based on the cross-validation
score to select the best subset of predictions for stacking.

Figure 5: model structure

4 Experiments

To test our models, we create a split of 90%/10% of the data
to train/test. A stratified 10-fold cross-validation is performed
based on the pawpularity scores such that in every fold, the
distribution of the scores is similar. During training, the out-
of-fold prediction is used for validation.

4.1 Evaluation Metric
Root Mean Square Error (RMSE) is used as the evaluation
metric for this regression problem. The lower, the better.

4.2 Transfer Learning + Classical Machine
Learning

Setting. After extracting the features from the images, the
feature vectors are fed as the input for the traditional machine
learning model, and output with the pawpularity score. We
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Model SVR RF Catboost LightGBM

val test val test val test val test

ResNetV2[2] 18.247 18.051 18.243 18.051 18.249 18.058 18.244 18.056
ResNext[9]+Flipped 17.791 17.672 17.792 17.678 17.796 17.672 17.798 17.671
Efficientnet[6]+Flipped 17.729 17.613 17.728 17.616 17.723 17.614 17.72 17.612
DeiT[8] 17.879 17.655 17.873 17.658 17.877 17.652 17.872 17.652
cait[7] 17.755 17.705 17.756 17.707 17.756 17.701 17.756 17.703
CLIP(RN50x64) 17.643 17.558 17.646 17.554 17.646 17.553 17.646 17.558

Table 2: Best combination result of each family model

have 15 types of feature vectors from the pre-trained models
and 4 types of machine learning methods. Overall, there are
60 combinations.
Result. Table 2 summarizes the performance of all combi-
nations. We have several findings. First, the combination of
CLIP model (RN50x64), a vision-language model, with any
traditional machine learning method outperformed all other
combinations. Regarding the performance of RMSE on pre-
trained models based on ImageNet1K classification, the best
model is Efficientnet. Also, the result shows that among dif-
ferent traditional machine learning methods, there is no big
difference in final RMSE. Rather we notice that pre-trained
models for feature extraction contribute a large proportion to
the final result.
What is a good feature vector? Often, when a pre-trained
classification model is used as a feature extractor, the output
on the internal embedding layer (the layer before the linear
classification head) will be used as the feature vector. How-
ever, in our task, when exploiting the pre-trained models based
on 1000 classes Imagenet images, we found that extracting the
features from the top 1k linear classification head performs
better, which can decrease the RMSE by around 0.1. We hy-
pothesize that since Imagenet 1k has some classes of breeds
of dogs and cats, the probabilities of classifying the images
as dogs and cats contain more high-level information such as
semantic information about whether an image is a good photo
of animals. We have done more investigation on the classifier
layer. In Figure 6, we show the number of images in each
classes of ImageNet1K. We can see that the pet images are
always classified to some kinds of cats and dogs. And from
Figure 7, we can see some classes like golden retriever have
a higher average pawpularity score.

We think this interesting finding somehow explain why
CLIP outperforms others. CLIP extracts more high-level and
robust features than the classification models since it links an
image to text description, which are more similar to human
perception. For example, if we are given a cat image, the
feature vector from CLIP may tell us this image is highly
related to a text description, “ an image of a siamese cat”,
while the feature vector from classification models only tell
us whether there are ears and eyes in the image.

Figure 6: Number of images in each classes of ImageNet1K
by Resnet. Only the top 16 classes are shown here.

Figure 7: Average pawpularity score in each classes of Ima-
geNet1K.

4.3 Neural Network

Setting. Overall, we finetune 3 models for the prediction,
Swin Transformer, BEiT, and ConvNeXt. We use the AdamW
optimizer with a training rate of 4e-5 to train the networks
for 10 epochs. For the learning rate scheduling, we leverage a
linear warmup with linear decay. Early stopping is adopted
based on the validation loss to prevent overfitting. In addition,
we perform some data augmentations such as color jittering,
and random horizontal and vertical flips.
Result. Table 3 summarizes the performance of the neural
network. Among the three neural networks, Swin Transformer
is the best in terms of validation RMSE, while BEiT is the
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With features
Without features

Val RMSE Test RMSE

Swin Transformer 17.76
17.87

17.45
17.54

BEiT 17.87
17.95

17.43
17.56

ConvNeXt 18.12
18.22

17.70
17.79

Table 3: Result of neural net

Figure 8: Examples of Saliency Map of Swin Transformer.
The neural network generates the prediction mainly based on
the pet but has put some attention to the background.

best in terms of test RMSE. Also, we found that, regarding
the validation RMSE, the result of the neural networks is sur-
prisingly worse than CLIP in transfer learning + ML. One
possible reason is that the neural network suffered from some
kind of overfitting. Since if we look at the test RMSE, Swin
Transformer and BEiT get lower errors than all methods in
transfer learning, which indicates the capabilities of deep
learning. Another finding is that, the CNN-based ConvNeXt
performs worse than the other two transformer-based net-
works, its performance is even worse than some methods in
transfer learning + ML. This is quite weird since we expect it
should be competitive with the other two models according
to the original paper of ConvNeXt [4]. Since neural networks
work like a black box, we do not have any good idea. Our
guess is that the attention mechanism in transformer-based
models can better capture the global information of the image
than CNN.
Are the categorical features useful? In our neural network
architecture, we add an additional embedding layer to include
those manually labeled features into the neural network but it
is questionable whether these features help boost the perfor-
mance since those features, such as whether there is occlusion
and whether the pet faces are clear, all can be figured out from
the image. Theoretically, if the neural networks are powerful

enough, they should be able to learn to extract these features
from the image for prediction.

In Table 3, we study the effect of including those features.
Without the categorical feature, the test RMSE slightly in-
creases around 0.1 for all models. We believe that, even
though the neural networks are powerful, they still cannot
directly learn to extract and exploit these specific features,
and thus the manually labeled features are useful, they may
work like a hint for the network. Also, the embedding layer
only slightly increases the time in training and inference, it is
not a big issue to retain it in our network architecture.
Is test time augmentation useful? Test time augmentation
is a popular technique to boost performance. During infer-
ence, we can also apply image data augmentation to the test
dataset, so that we allow the model to make predictions based
on different views of the test image data. The multiple pre-
dictions of the augmented image are eventually averaged,
which can enhance the predictive performance. After finishing
the training of the neural network, we have tried to perform
test time augmentation, i.e. averaging the predicted scores of
the original image, the horizontally-flipped image, and the
vertically-flipped image. This method improves the RMSE
of the models by around 0.007. Since the improvement is
negligible and it requires extra time to carry out, we abandon
it.

3 4 5 6 7 8 9
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Figure 9: Performance along the hill climbing process

4.4 Stacking
The main results are presented in Table 4. When we simply
stack all the predictions together with ridge regression, the
val RMSE is 17.05 and the test RMSE is 16.98. We also carry
out hill climbing to select the best combination of model pre-
dictions. Our final combination includes nine models, BEiT,
ConvNeXt, Swin Transformer, CLIP(RN50x6) + SVR, Ef-
ficientnet + Catboost, CLIP(ViT-L/14) + SVR, ResNeXt +
LGB, CLIP(ViT-B/32) + SVR, ResNeXt + LGB. In compari-
son to stacking all predictions, the val RMSE and test RMSE
are decreased to 16.97 and 16.89. It is believed that the model
selection process helps to alleviate overfitting by preventing
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the combinations to be too complicated. This is proved in
Figure 9, we begin the search with the three predictions from
the neural network. After combining nine models, we observe
that validation RMSE cannot be further decreased and starts
to rise.

Val RMSE Test RMSE
Stack All 17.05 16.98
Stack with Hill Climbing 16.97 16.89
Stack only transfer learning 17.43 17.32
Stack only neural nets 17.48 17.21

Table 4: Result of Stacking

Ablation Studies. We have carried out ablation studies to in-
vestigate the necessities of different components in our entire
architecture. We have tried stacking either without the transfer
learning + ML or without the neural network. The result is
summarized in Table 4. Either stacking the transfer learning
+ ML predictions or the neural network predictions only, the
val RMSE and test RMSE are both higher than the hill climb-
ing model, which implies that both the transfer learning part
and the neural network part are essential. In the hill climb-
ing model, we can see that three CLIP model predictions are
included, therefore, the pre-trained models used in transfer
learning, especially CLIP that are pre-trained on image-text
pairs, are able to figure out some features in the images that
are not captured by the tuned neural networks.

4.5 Outliers
As we know from Figure 1, there are a substantial amount of
pictures with 100 scores which makes the data very imbal-
anced. If we exclude those outliers, RMSE becomes 15.57.
Since time is limited, we did not retrain our model without
outliers and then test the updated RMSE. One intuitive idea
is that we can first train a classifier to separate these outliers
from the rest of the data. This would be an interesting topic
to explore in the future.

5 Future Work

In our current approaches, the model only tells the appeal-
ing of the pet image but cannot explicitly tell the user how
to improve the image taking. Also, since we include neural
networks, more work can be done in the future on explainable
AI, so that we can know which factors contribute most to the
final output.

6 Conclusion

Through this project, a machine learning predicting approach
is designed, implemented, and applied to give credible predic-

tions to estimate the pawpularity of the pet images. The result
is comparable to the top 5 score in the Kaggle public leader
board. We do not submit our method since the competition
has strict restriction to internet access and running time.

We hope that with help of this predictive model, shelters
and rescuers around the globe can easily boost the appeal of
their pet profiles by automatically improving photo quality
and advising composition changes. In turn, many precious
lives could be saved and more happy families can welcome
their beloved family members.
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