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 The advancements of Self-Supervised Learning have gained traction in recent years, across all modalities. Data2Vec is one of 

the approaches used in SSL which provides a unique stance where it can be finetuned on across multiple modalities without 

changing anything specific within the framework. In this work we finetune Data2Vec on autonomous driving cars dataset with 

respect to image segmentation task. We observe the effect of learning rate schedulers and half precision data types on the 

framework's performance. 
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1. INTRODUCTION 

 Self-supervised Learning (SSL) is an approach of 

extracting features from data with little to no 

supervision, with the help of recent advancements in 

Deep Learning. This is usually done through projection 

heads[1] or using momentum based encoders[2]. SSL 

itself relies on the idea of training using energy based 

functions, where corrected and incorrect information is 

treated like a manifold learning problem[3].  

  Data2Vec[4] is one such approach that uses 

transformers and is pre-trained in an SSL manner, 

which can be later fine tuned to a particular task. The 

authors of Data2Vec demonstrate that the framework 

can be used for speech, text and images without 

changing the internals of the framework and still get 

competitive results. We use Data2Vec for fine tuning on 

two selected autonomous cars dataset, the evaluation in 

this work is done with respect to performance on image 

segmentation task.  

2. RELATED WORK 

SSL has proven to be superior in performance in 

natural language processing (NLP) when applied using 

transformer based approaches[5], [6],[7]. Transformers 

have been made to work with image related tasks by 

modifying the input[8],[9], but those are trained in a 

supervised manner. Before transformers were applied 

to vision, SSL for vision was done using ConvNets 

based approaches, like [2] where a momentum based 

encoder was used for learning features by using 

modified dictionary based loss. Contrastive learning in 

SSL also achieves competitive results when training in 

unsupervised manner by means of using a projection 

head along with an initial set of convolutional layers 
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called as the encoder as demonstrated in [1]. 

  iGPT[10] was one of the first implementations of 

images applied to transformers in an unsupervised 

manner. Since then there have been several 

improvements in training transformers in unsupervised 

manner, since then there have been several 

implementations of doing the same with 

improvements[11],[12]. Image segmentation tasks have 

also been applied to transformers for netting effective 

results[13],[14]. We use Data2Vec since it combines the 

idea of masked prediction while learning latent 

representation in an SSL manner, that can be evaluated 

later during supervised finetuning. 

3. METHODOLOGY 

In this work we use the HuggingFace[15] 

implementation of the Data2Vec model. Specifically, 

Data2VecVisionForSemanticSegmentation class is 

considered while working on segmentation tasks of the 

chosen dataset. We will be fine-tuning and evaluating 

the models on the Cityscapes[16] dataset and India 

Driving Dataset(IDD)[17]. The target outputs and 

specifications of the dataset are discussed in the section. 

We also discuss the training setup and experimentation 

in this section. 

3.1 Pretrained Model 

We use a pretrained Data2Vec model provided by the 

HuggingFace transformers library, similar to that 

defined in the Data2Vec[4]. The model has been 

pre-trained on Imagenet dataset[18], which consists of 

1.2 million images with the resolution of 224x224. The 

HuggingFace implementation adds UPerNet[19] and 

fully convolutional layers at the end to make the model 

work with segmentation tasks. 

3.2 Datasets 

In this work we are interested in segmentation 

performance of the model since transformers recently 

have performance on par with their convolutional 

counterparts[20],[14]. In order to do this we will be 

utilizing the Cityscapes and IDD datasets for evaluating 

Data2Vec performance after fine-tuning, the 

specifications of these Datasets is discussed below. 

The Cityscapes[16] dataset is a collection of high 

quality images taken from 50 cities across Germany. The 

images are taken in varying weather conditions during 

different times of day. The dataset consists of 30 classes, 

which are present in the pixel-level semantic labels. The 

dataset contains 5000 finely annotated images and 20000 

coarsely annotated images with respect to segmentation 

tasks. 

The India Driving Dataset (IDD)[17] is based on roads 

in India specifically in Hyderabad, Bangalore cities and 

their outskirts. This dataset shares similarity with 

Cityscapes with respect to the labeling approach where 

the label is a 2D image where each pixel is associated 

with a class. This dataset consists of 10,003 images with 

varying resolution with respect to segmentation and 

those masks are finely annotated with 34 classes. 

Most labels share the same or similar class names 

between the two dataset, but they have a different ID 

assigned to them. Both the dataset have certain country 

specific classes in them such as auto-rickshaw, trailer, 

rectification border, etc. The datasets are divided into 

train, test and val for both the dataset, where train is 

what we fine-tune the model on, validation is used for 

validating the model’s performance on unseen data and 

test is used when submitting results to a specific 

competition held by the dataset authors. We read the 

images in standard RGB format and resize them to 224, 

since the pretrained model itself was trained using 224 

resolution, this also alleviates the issue of certain images 

in datasets being of different resolution. We also shuffle 

the images before giving as input to the model. 

3.3 Fine-tuning and Hyperparameters 

We train two models one for Cityscapes and other for 

IDD, for both the models we share a common set of 

hyperparameters. We use a single Nvidia Quadro 

RTX6000 for this work, we trained the models for 24 

hours of wall time with mixed precision enabled[21] in 

pytorch[22] which leads to 229 epochs, with the batch 

size being 75. The initial learning rate was set to 1x10−4 

which decreases down to 1x10−8 by the end of the 

fine-tuning process, using the learning rate scheduler 

ReduceOnPlateau available in PyTorch. The output of 

the model is N xW xH where N is the number of classes 

with respect to the dataset, W and H are the output 

dimensions of the model's predicted image which are 56 

and 56 respectively. The image is then upscaled to the 

original input resolution which is 2242 using bilinear 

upscaler, we do this so that we can compare the 

prediction against the labels then back-propagate using 

a loss function. The segmentation is a pixel wise 

categorical classification task applied over an image, 

therefore we use cross-entropy loss. 
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4. RESULTS 

The model’s performance is evaluated based on pixel 

wise accuracy and loss. We also show how changing 

certain hyperparameters also affects the model’s 

performance on selected metrics. We first train the 

model for 12 hours on IDD without using LRScheduler 

and a fixed learning rate of 0.001, we observed 

overfitting in validation set as shown in Figure 1. After 

adding LRScheduler we observe significant 

improvements in the model loss, but the improvements 

stop after 46th epoch, see Figure 2. We believe this is 

because the learning rate cannot go lower since the 

value is at the minimum value of fp16, which is enabled 

when using mixed precision.  

Fig 1: Validation loss on IDD  

Fig 2 : Validation loss on IDD with LRScheduler 

 

We notice a similar trend in Cityscapes as well where 

overfitting occurs when fixed learning rate is used, see 

Figure 3 and the learning goes stale when LRScheduler 

can’t reduce the rate below the fp16 limit,see Figure 4.  

 

 

Fig 3 : Validation loss on Cityscapes  

 

Fig 4 : Validation loss on Cityscapes with LRScheduler 

5. CONCLUSION 

Recent breakthroughs in Self-Supervised Learning (SSL) 

has helped in redefining how deep learning deals with 

massive amounts of data once again. The selected 

Data2Vec model is one such approach in current 

state-of-the-art methods of doing SSL, which has proven 

to be a single model that can achieve competitive results 

on speech, text and images. We take a pretrained model 

of Data2Vec and fine-tune it on Cityscapes and IDD 

datasets, in order to test its performance on a dataset 

that represents real world challenges in autonomous 

driving. 
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