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Introduction

• One of the major issues related to Unsupervised Machine Learning 
Techniques and Big Data is the cost of processing and extracting useful 
information for its application in different areas of interest. AI models based 
on neural networks need to be trained with similar data to the ones they are 
going to predict.


• Our goal is to classify images and text social networks in order to allow the 
obtaining and study of concrete and useful information in different areas of 
knowledge of social sciences such as economics or sociology.
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Clip, Contrastive Language-Image Pre-
Training, is one of the most recent projects 
of the company specialized in deep 
learning OpenAI. It demonstrates that the 
simple pre-training task of predicting 
which caption goes with which image is an 
efficient and scalable way to learn SOTA 
image representations from scratch on a 
dataset of 400 million (image, text) pairs 
collected from the internet. After pre-
training, natural language is used to 
reference learned visual concepts (or 
describe new ones) enabling zero-shot 
transfer of the model to downstream 
tasks. 

Description of the system



Dataset

InstaCities1M: formed by 
Instagram images associated with 
one of the 10 most populated 
English speaking cities all over the 
world. It has 100K images for each 
city, which makes a total of 1M 
images, split in 800K training 
images, 50K validation images and 
150K testing images 

Experimental setup 



Experimental setup 
Mit Places dataset

• Our first objective is to identify places in order to obtain information about 
that place, such as popularity or sentiment analysis based on the associated 
text. Therefore, the first classification proposed is specific to the MIT Places 
dataset. 


• These are 205 types of places, which can be both indoor and outdoor, such 
as: banquet hall, bar, baseball field, etc. We have had to manually adapt the 
Places classes or what clip expects, which is natural language, for example 
the class ”/b/botanical garden’,2” has been changed to “A photo of a 
botanical garden”. 



Classifying images with Clip 
Experimental setup Correctly classified

Incorrectly classified

Not classified with a threshold probability 
We must take into account that the 
sum of all the probabilities of each 
tag is 1, therefore, if in the list of 
tags we have two or more similar 
ones, the probability could be 
diluted. For example, “art gallery” 
and "art studio”



Balanced sample of 1000 images from the top 10 most 
common classes. 

As a first experiment in the process 
of obtaining an objective validation, 
we decided to obtain a balanced 
sample of 1000 images 
corresponding to the 10 most 
frequent classes, so that we have 
100 for each class. First, in order to 
obtain a previous labeling in an 
automated way and that does not 
interfere with the validation results, 
we proceeded to classify our dataset 
with a pre-trained neural network 
VGG16 with the Places205 dataset. 

Evaluation 

Classification accuracy depending on Clip thresholds probability 

Labels selected for validation based on their frequency of classification 
with Clip and with VGG16 



Random sample of 1000 images (100 per class) classified by Clip 

We chose the 10 most frequent classes in the classification made by Clip without 
setting any probability. After that, we obtain a random sample of 100 images from 
each class, which we will manually label as success or failure in the clip classification. 

Evaluation

Successful and unsuccessful images in the classification, accuracies 
and comparative ratio depending on the probability threshold.

Top 1 accuracy in random 1000 
images with no threshold probability 



Assisting the classification with the text associated to the images 
Experiment setup

We use the common space offered by Clip to determine the similarity with each 
of the tags. In addition, we can set a confidence threshold, as we did with the 
images, which if it is high enough, we will ensure that in the vast majority of 
cases, it will help determine the classification of the image. To do this, we must 
encode the text associated with each image to the vector of Clip embeddings 
on the one hand, the text of the tags on the other hand and, we will calculate 
the cosine similarity, which allows us to compare two vectors. 




Assisting the classification with the text associated to the images 
Validation

Ensemble setting:


1. OnlyImg


2. Img x 08 + Text x 0.8


3. If OnlyImg>0.6: OnlyImg 
   else: Img x 08 + Text x 0.8



Assisting the classification with the text associated to the images 
Validation

We obtain a higher accuracy, starting from the threshold of 0.4, compared to that obtained with the image-only classification. 
But,we obtain a drastic decrease, as we increase the value of the probability threshold, of the number of images recovered with 
this ensemble.


In the second ensemble, where we set a condition of probability < 0.6 on the Only Image probability to attend to the information 
obtained from the text. As we can notice from the charts, this conditional ensemble does not improve the original ensemble.



Conclusion and Future Work

• In this work, we take advantage of the learning transference capability offered by Clip to attempt to classify 
images in a noisy environment such as a social network. Our first experiments are based on the vision part 
only, to later exploit the common encoding space provided by Clip between the language and the image by 
including the text associated with each picture. 


• we obtain that in our experiments we were able to do a pretty good job of both image classification and 
denoising. Although the ac- curacy results do not seem very high, we have to take into account that the 
experiments have been performed with a very noisy dataset, that the classes to classify are very numerous, 
and also may not match with many of the images. 


• Some of the promising directions are the combination of the learning transfer capability of pre-trained 
systems with lots of data, like Clip, with the re-training with few-shot learning of the target dataset. 


• achieve a low-cost union between Clip, Places dataset and InstaNY100K (text and image) to optimize the 
classification is a promising research line that can be approached by several non-exclusive ways such as 
re-training Clip with Places, modifying or not its architecture, re-training it with a labeled subset of 
InstaNY100K incorporating the textual part, etc. 


