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Abstract

In recent years, deep learning techniques trained on increasingly large datasets
have brought about significant improvements in scene recognition and image
classification. However, the performance of these novel techniques have not been
extensively studied on small datasets, with many common deep learning models
requiring millions of images to converge. Many of these large models have been
pre-trained on large datasets for image recognition and classification tasks. These
models are likely to have richer features than shallower light weight models due
to the volume of training data, despite their different training objectives. In this
paper, we present a novel approach that combines existing pre-trained feature
extractors with light weight classifiers. These models are evaluated on two novel
datasets: Places100, a subset of the Places365 scene classification dataset and
Open-Places100, a derivative of Places100 to study a model’s ability to differentiate
between in-domain data and open-set examples. We first establish a baseline using
ResNet-18 trained and evaluated on both datasets, measuring the accuracy of our
end-to-end trained baseline. Motivated by the poor performance baseline, we
propose using pretrained feature-classifier pairs to improve upon the baseline. We
study VIT, CLIP, and ResNet pretrained features and pair these with neural network,
SVM, and XGBoost classifiers. Lastly, since each set of pretrained feature-classifier
pairs has unique failure modes, we propose a self-training framework to use the
majority vote of our nine feature-classifier pairs to weakly label a larger dataset.
The results show that our self-trained network improves performance compared
to the pretrained feature - lightweight classifier combinations trained on small
datasets, showing promise for semi-supervised applications where large sets of
unlabeled data are available. Our code is available on|Githubl

1 Introduction

Supported by the improvement of computer hardware resources, deep learning techniques developed
in recent years have seen tremendous successes in scene recognition tasks with large datasets. Trained
with millions of images, these convolutional neural networks have demonstrated accuracies above
50% []11].

However, not only do these techniques rely on extensive computational resources, their superior
performance has not yet been verified with small datasets. In fact, many existing deep learning
techniques tend not to perform well when the amount of training data is below a certain—usually
high—threshold [?2].

To evaluate this claim, we create a subset of the Places365 dataset with 100 classes, and 20 images per
class. We train on 10 images per class and evaluate on the held out 10 images in each class. We train
a ResNet-18 model end-to-end on a small subset of 1,000 images sampled from the Places100 dataset
[12]. As shown in Fig. [I] after approximately 50 training epochs, the training accuracy plateaues at
about 11%, significantly lower than the above 50% accuracy that similar models achieved after trained
with millions of images. The ResNet-18 model is unable to learn a robust feature representation given
the limited data.
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On the other hand, light-weight classic classifiers, such as multilayer perception (MLP), support
vector machine (SVM), and XGBoost have demonstrated reasonable classification accuracy for small
dataset problems. For scenarios where training data and computational resources are limited, a
complementary relationship appears to exist between the heavy-weight deep learning techniques and
the light-weight classic classifiers.

In order to generate more robust features, we look to large scale pretrained models. Some exemplars
among these include the Residual Neutral Network (ResNet) [6], the Vision Transoformer (ViT) [4],
and the Contrastive Language-Image Pre-Training (CLIP) [9]. All these three techniques leverage
web-scale datasets to pre-trained models that convert complex internal information of images—such
as RGB colors—into machine-learned feature representations. Given these feature representations,
we can train light weight classifiers to address complete the scene recognition tasks.

Given that pre-trained models associated with these deep learning techniques are available to the
research community, we are interested in exploring this complementary relationship by cascading
pre-trained models and light-weight classifiers, while regarding the pre-trained models as “fixed
feature extractors". We expect these combinations will yield satisfactory classification accuracy,
since the pre-trained models are trained with millions of examples, and act as the image-processing
feature extractors for the light-weight classifiers given their generalization power. More importantly,
these combinations could perform scene recognition well even with small datasets and limited
computational resources.
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Figure 1: Baseline result: an empty ResNet-18 model trained on the Places100 dataset.

2 Data

We conduct our exploration of deep learning for small datasets with the Places365 dataset. The
original dataset containing more than ten million images classified into 365 classes [12]]. To simulate
a small-data scenario, we constructed the Places100 dataset for our project. Places100 is a randomly
sampled subset of Places365 under uniform distribution. It contains 100 classes, 20 images per class,
hence 2,000 images in total. Note that this is only approximately 0.02% of the size of Places365. For
each class, 10 images are used for training and 10 for testing.

Additionally, we construct the Open-Places100 dataset. The purpose of this dataset is to explore
how our heavy-light cascaded approach performs with out-of-distribution classes. It is important
to detect anomalous inputs when deploying machine learning systems. The use of larger and more
complex inputs in deep learning magnifies the difficulty of distinguishing between anomalous and
in-distribution examples [7].

Specifically, Open-Places100 consists of the same images contents as Places100, but different labels.
Fifty classes are labeled as normal and are considered to be “known” classes. These classes are used
in the same way as the classes in Places100. The remaining fifty classes are labelled as one class,
called the “outlier” class. Within the outlier class, twenty-five classes or 250 images are used for
training (i.e. outlier exposure), and the remaining twenty-five classes are completely witheld for
testing. The known and unknown classes were chosen randomly from Places100.






	Introduction
	Data
	Related Work
	Methods
	Results
	Discussion and Analysis
	Conclusion

