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Abstract 
 
 
Multi-task Learning (MTL) consists of training a neural network (NN) to perform on 
more than one task exploiting the knowledge shared between tasks. One of the main 
problems in MTL is the lack of large datasets containing ground truth (GT) for several 
tasks on each of its data points. As a consequence, the loss and backpropagation process 
have to be adapted to this circumstance, undermining the performance of the model. 
 
Based on previous work, we use a knowledge distillation (KD) technique to try to 
overcome this limitation and transfer a more general knowledge using other NN output. 
KD is a set up where a NN doesn’t learn from the GT, instead, it extracts knowledge 
from another NN (already trained for the corresponding task) soft output. 
 
Along this project, we analyze if the KD technique could be used to solve the data 
limitation that MTL faces and therefore exploit the MTL advantages in each training 
data point. Training a multi-task NN on the segmentation and object detection tasks, and 
making use of the VOC2012seg dataset, which has GT for both tasks on each data 
point, we run several experiments substituting GT of a specific task with the 
corresponding “tutor” output in different subsets of images. 
 
The results show that KD and the appropriate “tutor” NN can allow MTL training 
process to lack 100% of the GT for a specific task and even reach a better performance 
than the same NN trained with the complete GT. 
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1 Introduction 
 
 

1.1 Context and motivation 
 
 
In recent years, deep learning has developed as an important topic inside the machine 
learning and computer science fields. Among many purposes, NN have become one of 
the most important tools to process and understand images, where they will learn key 
features to generate the appropriate output. There are countless possible image 
processing tasks that can be approached with NN such as object detection and semantic 
segmentation among many others. 
 
In many cases, the NN employed for different tasks have similar structures and 
configurations and even learn identical features. Due to this fact, in recent years MTL 
has been receiving more attention and research effort [27] [28] [30]. MTL neural 
networks process images and generate the output for several tasks exploiting the fact 
that many computer vision tasks share knowledge between them. Apart from offering 
this advantage, the methodology is significantly less computationally expensive than the 
classic one-task NN set up. MTL will result on having a single NN that has been trained 
once and can solve many tasks, while, with the classic one-task NN approach many NN 
will be needed including their respective and separated training process.  
 
One of the main limitations that MTL faces is the lack of datasets containing GT for 
each task on every data point. As MTL is a recent methodology, most of the datasets are 
oriented to be used for one task only. Those cases where the dataset contains ground 
truth for several tasks, the number of images with ground truth for every task is usually 
low. As a consequence, the MTL will be forced to either use a small subset for training 
where every image contains the corresponding GT for each task or change the learning 
process in order to adapt to the lack of GT. 
 
 
 ImageNet VOC 07 VOC 12 COCO NYU MSRA10K 
Detection Partial Yes Yes Yes No No 
Semantic 
segmentation 

No Partial Partial Yes Yes No 

Instance 
segmentation 

No Partial Partial Yes No No 

Human parts No No No No No No 
Human 
landmarks 

No No No Yes No No 

Surface normals No No No No Yes No 
Saliency No No No No No Yes 
Boundaries No No No No No No 
Symmetry No No No Partial No No 

 
1 Datasets and the tasks GT contained [28] 

 



Introducing knowledge distillation in a multi-task neural network 

10                            Master thesis, Alejandro Hernández, TU Berlin, NI Group, 2019 

Apart from MTL, is important for this project to introduce the concept of knowledge 
distillation. KD is a set up where a NN, “student”, instead of learning from raw data, it 
learns from a combination of the GT and the soft output of a second NN, “tutor”, that 
has already been trained for the corresponding task. This approach emerges a few years 
ago as a model compression technique [38] [36]. On this case, the “tutor” normally is a 
large NN that transfers the knowledge to a smaller one so it imitates its performance. 
Afterwards, this procedure was used to improve model performances relying on the fact 
that the combination of ground truth and the soft output of a “tutor” could offer a more 
complete and consistent information than raw data, allowing a better understanding of 
the task with the appropriate adaptations on the “student” loss function [35] [39]. 
 
 

1.2 Objective and scope 
 
 
In this master thesis, we study how knowledge distillation could be a useful tool to 
overcome the MTL data limitation. For that purpose: 
 

• We first gather the appropriate “tutors” for each of the tasks, and the MTL 
neural network to play the “student” role. In order to reproduce a transfer 
learning procedure where the MTL dataset lacks GT for a specific task and the 
“tutors” haven’t seen these images before, the “tutors” needed to be trained on a 
different dataset from the one used for the learning process of the “student”.  

 
• The “tutors” output is treated and processed to be fed to the “student” NN. 

Different methods to combine raw data and “tutors” output are studied in order 
to obtain the best performance.  
 

• Then, exploiting the fact that bigger datasets can be used for MTL making use of 
KD to generate the data needed to train the “student” NN, experiments are 
executed with different datasets to measure how beneficial and reliable KD 
could be.  

 
 

1.3 Outline 
 
 
In chapter 2 we review the work done in the past to develop MTL techniques and NN, 
and how its data limitation has been tackled. On the other hand, KD projects oriented to 
model compression and learning process improvements are described as well as their 
results. Besides, we explain fundamental concepts to understand the work and 
methodology employed on this master thesis.  
 
In chapter 3, the methodology followed and the tools used along the thesis are 
presented. Then, in chapter 4 the corresponding experiments are explained and plots are 
shown presenting its results. To conclude, chapter 5 discusses the experiments, their 
results and present possible future lines of work. 
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2 Fundamentals and previous work 
 
 
As the MTL neural network used in this project is trained on semantic segmentation and 
object detection, in the next points we explain the characteristics and some state-of-the-
art projects for these two tasks. 
 
 

2.1 Object detection 
 
 
Object detection consists of perceiving the corresponding objects present on an image 
and generating a bounding box, a label and the confidence of the prediction for each 
object. 
 
This deep learning topic has been well studied due to its many possible uses in different 
fields.  As a result, several deep learning models have appeared with leading 
performance. Among them, the predominant projects used for object detection during 
the last years are Faster-R-CNN [7], SSD [9] and YOLO [10]. 
 
Faster R-CNN [7] is the result of the development of a region based neural network. 
This kind of neural network generates thousands of potential bounding boxes or Region 
of Interest (RoI) and process them to generate its corresponding confidence and class. It 
first appeared R-CNN [5], which showed great performance but low speed due to the 
fact that each RoI is processed and classified independently by a convolutional neural 
network and then filtered out based on confidence. Fast R-CNN [6] further improves 
performance and decrease computational cost performing the feature extraction once 
over the whole image instead of one time per RoI. Ultimately, Faster R-CNN 
[7] shrinks the processing time and introduce a new region proposal method obtaining 
the RoIs from the feature map through a neural network.  
 
 

 
 

2 Faster R-CNN structure [3] 

 
Apart from this project line, other projects such as OverFeat [8], SSD [9] and YOLO 
[10] have used sliding windows to generate RoIs reducing significantly the 
computational cost and keeping a state-of-the-art performance. 
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On this master thesis, we use Faster R-CNN [7] as the object detection “tutor” for a 
MTL neural network in a KD setup. As a consequence, the MTL neural network can be 
trained on larger datasets as the lack of ground truth is not a limitation any more. 
 
 

2.2 Semantic segmentation 
 
 
Semantic segmentation task is a fine-grained class prediction where a label is assigned 
to each pixel of the image. As the segmentation models need to generate a mask with 
the same size as the input image, most of the neural networks consist of an encoder 
which is responsible for the feature extraction and then the decoder that projects the 
knowledge into the corresponding space. It is important to mention that this kind of task 
usually lack large datasets with annotations due to the fact that it is an arduous work to 
produce it. 
 
One possible approach to this challenge is region-based segmentation, where regions of 
interest are extracted first and then the segmentation task is performed for each of those 
regions separately. As a final step, the regions are combined to form the final output. 
For instance, Mask-RCNN [20] uses this methodology to make instance segmentation 
resulting in state-of-the-art performance. 
 
A second approach is fully convolutional neural networks. This method uses NN 
employing convolutional and pooling layers so it can accept input with different sizes. 
This kind of approach can be seen in [17]. However, the direct output of this type of 
models have low resolution resulting in rather not clear shapes. Due to this problem, 
deconvolutional layers are introduced to increase the resolution [18]. 
 
Another possible approach is weakly supervised segmentation. This option focuses on 
solving the lack of annotated data using, for instance, other type of annotations such as 
bounding boxes or contours [21] [40] to train the segmentation model. 
 
 

 
 

3 DeepLab structure [15] 
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DeepLab [16] is an essential project in the semantic segmentation field. It was designed 
by Google and went through several changes to improve performance and efficiency. 
This model uses cutting-edge algorithms such as atrous convolution [22], depthwise 
convolution [23] and others to obtain state-of-the-art results and lead this challenge 
during the last years. 
 
Due to design and time constrictions, on this project, we use Mask-RCNN [20] as the 
segmentation “tutor” even though it is an instance segmentation NN, instead of using 
directly a semantic segmentation NN as the projects presented above. The Mask-RCNN 
[20] output is treated and transformed so it follows the semantic segmentation objective. 
 
 

2.3 Multi-task learning 
 
 
Most of the deep learning models nowadays are oriented to solve only one task, such as 
classification and segmentation, reaching success in their respective field. However, 
most of these models end up learning to focus on the same features and sharing most of 
their neural network structure. Moreover, none of them reach a complete understanding 
of the reality or the image processed, as they are focused on a minor task. In order to 
achieve full interpretation, different models would have to be used addressing different 
tasks. But, this approach is clearly computationally inefficient and wouldn’t exploit the 
shared knowledge between tasks. Multi-task learning emerged to give a unified solution 
to these issues. 
 
MTL refers to the machine learning models that are trained to perform several tasks at 
the same time, having as objective the optimization of metrics from each task and to 
generate the corresponding output for each of them. Many projects [29] [30] have 
shown over the years how MTL is able to generalize better and obtain better 
performance in some related task by sharing their knowledge representation and 
aggregating their learning process. Besides, it allows the model to focus on those image 
features that are important for every task objective.  
 
However, in most of the cases, the datasets used are mostly sparse as they don’t have 
the corresponding ground truth for every task. As a consequence, the MTL models have 
to change their learning process to adapt to this circumstance, as UberNet [28] does by 
introducing an asynchronous variant of backpropagation. BlitzNet [27] on the other 
hand, tries to fix the lack of segmentation ground truth by using an augmentation dataset 
that contains segmentation contours instead of complete segmentation masks. 
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4 UberNet output example [28] 

 
There are two main different approaches to design MTL neural networks [26]. Soft 
parameter sharing defines the neural networks where each task has its own layers but 
then their parameters are forced to be similar using regularization techniques. On the 
other hand, hard parameter sharing has hidden layers shared between every task and 
then, specific-task layers to generate different outputs for each task. This last case is 
commonly used resulting in projects such as BlitzNet [27] and UberNet [28]. 
 
In contrast with the projects presented above, we use the soft output of NN already 
trained on the corresponding tasks to fill the ground truth missing in the sparse dataset. 
Consequently, the loss function is modified to completely exploit this kind of data 
during the training process. 
 
 

2.4 Knowledge distillation
 
 
Knowledge distillation is a procedure to train a model using a second neural network as 
reference instead of learning directly from the data’s ground truth. This setup was first 
introduced in 2015 by Hinton [38] with the purpose of becoming a model compression 
technique. In this paper is described how the soft output of a NN already trained on a 
task (“tutor”) can be used as an alternative to raw data and its ground truth to train 
another deep neural network (“student”). Consequently, the “student” NN learns to 
imitate the professor behavior without the need of the ground truth.
 
Besides, the paper study how changing the temperature parameter in the SoftMax 
function can improve how the “student” learns. By defining a high Temperature, the 
differences between classes values will be less notable than when defining a 
temperature close to zero. Then, this parameter influences how the “student” learns the 
similarities and differences between them. 
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5 SoftMax formula 

 
Other papers [36] [37] continue studying how this technique could be exploited to 
compress models and introduce several developments such as using intermediate hidden 
layers and its knowledge representation to help the “student” NN to imitate more 
accurately the “tutor” behavior.  
 
 

 
 

6 Knowledge distillation example [34] 

 
 
On the other hand, other projects [35] [39] detected how this technique could be used to 
further improve model performance instead of only compressing. The experiments 
executed show how the “student” significantly outperforms the same NN learning 
directly from the ground truth, even converging faster. Furthermore, the “student” 
models learn to generalize better and are less likely to overfitting.  
 
On this project, instead of focusing on how KD can be used as a compression technique 
or to improve one-task NN performance replacing the ground truth with the “tutor” soft 
output, we try to combine the available ground truth with the “tutors” output to 
overcome the MTL data limitation and exploit the shared knowledge between tasks in 
every image. 
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3 Methodology 
 
 
In this project, we work with BlitzNet [27] as the multi-task NN, which will play the 
role of the “student” in the knowledge distillation setup and will be trained on VOC 
2012 [42]. As this neural network has two tasks: object detection and segmentation, we 
use two “tutor” NN that have already been trained on COCO [41] and will generate the 
soft output needed for BlitzNet [27]. Then, the performance changes generated by the 
KD setup are studied in different situations and the results are evaluated. 
 
 

3.1 Data 
 
 
As described above, the “student” network is trained on VOC 2012 dataset [42] using 
the corresponding ground truth for object detection and semantic segmentation apart 
from the tutor’s soft output for each of the tasks. In order to truly implement transfer 
learning between models and simulate the situation where the “tutors” haven’t seen the 
dataset used to train the “student”, NN trained with COCO dataset [41] are used as 
“tutors” for both tasks.  
 
 
 
 

Dataset 

 
 

Nº images 

Nº images 
without 

segmentatio
n ground 

truth 

Nº images 
without 

detection 
ground 
truth 

VOC2012seg training set  1464 0 0 
VOC2012seg val set 1449 0 0 
VOC2012det training set 5717 4566 (80%) 0 
VOC2012det trainVal set 11540 9265 (80%) 0 
Augmentation dataset (contours) 10582 9118 (86%) 0 

 
7 VOC 2012 [42]  datasets 

 
VOC [42] dataset offers different file sets depending on the task the model is going to 
be trained for. The training and validation sets for segmentation are the only ones which 
offer both task ground truth for every image. As a consequence, this validation set is 
used to evaluate every model performance and the training set is used to test the rate of 
missing ground truth that can be managed by KD. 
 
The training and trainval sets for detection are significantly larger than segmentation’s. 
However, they miss segmentation GT for 80% of the images. Using the “tutor” soft 
output, we intend to show that even though these datasets lack the GT needed, they can 
still be used to train a multi-task neural network. Nevertheless, the trainval set for the 
detection task shares files with the validation set used in this project, so even though it 
would have been representative to use a dataset almost ten times larger than 
segmentation training set, it couldn’t be used for this purpose. 
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Furthermore, as it is explained in the BlitzNet [27] paper, an augmentation dataset [40] 
is used to improve the performance of the models as the number of VOC images which 
have ground truth for both tasks is limited. This dataset contains semantic contours 
instead of the complete semantic segmentation data needed, but it has been proven to be 
helpful for semantic segmentation. 
 
 

3.2 BlitzNet 
 
 
BlitzNet [27] is a fully convolutional neural network that performs object detection and 
semantic segmentation. Its architecture has a ResNet-50 convolutional neural network, 
pretrained on ImageNet [44] for image recognition [11], that is used as the encoder to 
extract the image features.  
 
Imitating the SSD structure [9], the encoder is followed by a set of convolutional and 
pooling layers to obtain a sequence of feature maps with gradually decreasing spatial 
resolution and increasing field of view so a multi-scale search of bounding boxes is 
performed.  
 
Then, following the approach from [17] and [18], the feature maps are up-scaled with 
deconvolutional layers in order to generate precise segmentation masks. Along this 
upscale stream, skip connections [43] are used to combine feature maps from the 
downscale and upscale streams.  
 
 

 
 

8 BlitzNet architecture [27] 

 
With one last convolutional layer for each of the tasks, the output is produced by 
predicting a class for each bounding box from the upscale stream feature maps and, 
separately, forecast the pixel labels by upscaling the activations of the upscale stream, 
concatenating them and feeding it to the final layer. 
 
The loss function used is the sum of each task loss. For segmentation, the loss is the 
cross-entropy between predicted and ground truth label distribution. On the other hand, 
the bounding boxes from the detection task are transformed to match the anchor boxes 
format generated by BlitzNet [27] and then the loss function from SSD [9] is used. 
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3.3 Tutors 

 
 
For the object detection task, Faster R-CNN [7] was used as the “tutor” in the KD setup. 
As it is explained in section 2.1, Faster R-CNN [7] has been on the lead of the object 
detection field during the last years (its architecture is shown in 2.1 figure). As we 
needed a “tutor” trained on a different dataset than VOC [42], we used the model from 
[12] trained on COCO [41], using as base network the ResNet-152 which showed the 
best performance on this dataset.  
 
In order to decide if it was appropriate to use this model as BlitzNet [27] detection 
“tutor”, we evaluated its performance on VOC 2012 test set, previously discarding all 
those predicted boxes with classes that didn’t belong to the VOC labels. It showed a 
0.7979 mAP (mean average precision), a bit higher than BlitzNet512 trained on VOC 
(0.79 mAP) and only overcome by BlitzNet [27] models trained on both COCO [41] 
and VOC [42] datasets as shown in the paper (0.838 mAP). Once this comparison was 
made, we decided to use it as the detection “tutor” in our project. 
  
On the other hand, for the segmentation task it was impossible to find a DeepLab [16] 
model trained only on COCO [41] and due to time constrains, it was decided to not train 
one from scratch. First, a model trained on COCO-Stuff [19] was tested on the 
VOC2012seg val set but its performance only reached 0.23 mIoU (mean intersection 
over union), not being comparable to 0.75 mIoU, the performance of BlitzNet [27] 
trained on VOC [42]. 
 
Ultimately, Mask R-CNN [20] was tested on VOC 2012 [42] val set. This model is an 
extension of Faster R-CNN [7], with ResNet-101 as backbone neural network, used for 
instance segmentation. Apart from generating a bounding box offset and its label as 
output, it adds a new parallel branch with a series of convolutional layers to output a 
binary mask for each bounding box. Each binary mask only has labels for background 
and the corresponding class predicted for the RoI.  
 
In order to evaluate Mask R-CNN [20] on VOC2012seg [42], we discard the bounding 
boxes and the associated binary masks that don’t belong to VOC [42] classes. Then, a 
VOC [42] labels vector is created for each pixel containing a confidence value on a 
specific label position in case a bounding box corresponding to that class surrounds that 
pixel and the corresponding binary mask has a positive value in that same pixel. The 
value from the generated VOC labels vector corresponds to the confidence value 
assigned to the bounding box produced by Mask R-CNN [20].  
 
 

Model KD 
role 

Training 
dataset 

Test dataset Tasks 

Mask R-CNN [20] Tutor COCO [41] VOC12 [42] Segmentation 
Faster R-CNN [7] Tutor COCO [41] VOC12 [42] Object detection 
BlitzNet [27] Student VOC12 [42] VOC12 [42] Object detection 

and segmentation 
 

9 Models, data and tasks 
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As a direct consequence of this mechanism, most of the pixel vectors are sparse, only 
having more than one value those pixels with several bounding boxes (from different 
classes) around them and with the corresponding masks having a positive value in more 
than one case.  
 
The results showed that its performance, 0.756 mIoU, was similar to BlitzNet [27] 
trained with the augmented dataset [40] for VOC 2012 [42] (0.757 mIoU). Therefore, 
Mask R-CNN [20] was used as the segmentation “tutor” in the KD set up. 
 
 

3.4 Knowledge distillation 
 
 

 
 

10 Knowledge distillation pipeline on BlitzNet [27] 

 
For the sake of training speed, we decided to not implement the complete learning 
pipeline using “tutors” and “student” NN. Instead, the process was made in two steps. 
First, the “tutors” went through the “student” training set and generated the 
corresponding soft output for each of the tasks. These outputs were saved and would be 
read directly by the “student” NN during training instead of reading the ground truth 
values. In the case of the detection task, the “tutor” generates a set of bounding boxes 
with its location, its predicted class and the confidence. The segmentation “tutor” on the 
other hand, for each image, saves a three dimensions array (height x width x labels) 
obtained from the pixel vectors. 
 
In order to learn from the “tutors” soft output, the loss function had to be modified. In 
the case of the detection, the results from the cross-entropy function used in BlitzNet 
[27] are multiplied by the confidence of the corresponding bounding box generated by 
the detection “tutor”. At this point is important to be aware that in order to learn from 
the ground truth, detection models transform the ground truth boxes to match the RoI 
grid used to make the predictions. Each box location is matched to those RoI which 
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have an intersection superior to a threshold, generating an offset location and 
propagating the class label accordingly. In order to use the confidence values in the loss 
function, we propagated these values following the same criteria as the class labels. 
 
 

 

11 RoI grid used for object detection training [1] 

 
However, detection models also learn from those predictions which don’t have any 
ground truth match and, following this confidence propagation algorithm, those 
examples wouldn’t have any confidence assigned. Several experiments were executed 
to clarify if the confidence values of the “tutor” predictions could be used in the KD set 
up and how it would affect the "student" performance (section 4.2). 
 
The second problem was related to the number of bounding boxes generated by the 
“tutor” per image. Each image was assigned an average of 100 different bounding 
boxes, most of them having a confidence value lower than 0.1%. As these bounding 
boxes with low confidence could confuse the “student”, it was decided to check if 
filtering out those bounding boxes could improve the “student” performance. 
 
For the segmentation loss, we had to adjust it so instead of learning from a single label 
per pixel, BlitzNet [27] could learn from the label vector that each pixel had assigned in 
the soft output from the segmentation “tutor”. In order to do so, a SoftMax function is 
first applied to the “tutor” output, evaluating how different values of the SoftMax 
temperature would modify the “student” performance. Once the SoftMax is applied, the 
cross-entropy function is used between the logits of the BlitzNet [27] segmentation 
prediction and the normalized soft output of the “tutor”. 
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3.5 Evaluation method 
 
 
To evaluate the different models, we use the VOC2012seg validation dataset, as it is the 
only validation set that contains both tasks ground truth for every image. The evaluation 
measures used are mean intersection over union (mIoU) for the segmentation task and 
mean average precision (mAP) for detection. 
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4 Experiments 
 
 
In order to check how the KD technique, with Mask R-CNN [20] and Faster R-CNN [7] 
as “tutors”, could help a MTL neural network, such as BlitzNet [27],  to be trained on 
several tasks, we followed the next steps: 
 

• As the first step, we train BlitzNet [27] on VOC2012seg [42] dataset without 
the participation of any “tutor” in order to obtain a baseline to compare with. 
Then, for each of the tasks, we run one experiment substituting every image 
ground truth with the corresponding soft output of the “tutor”.  

 
• Secondly, the “tutors” output is calibrated to exploit the knowledge transferred 

to the “student” (section 3.4).  
 

• Then, several experiments are executed using the VOC2012seg [42] training set 
to simulate different percentages of missing ground truth, so it is shown how 
helpful the “tutors” are depending on the number of images using their output.  

 
• Afterward, VOC2012det [42] dataset, which misses 80% of the segmentation 

GT but is almost five times larger than the segmentation dataset, is used to 
show the advantage of having a KD setup covering the missing data of a large 
dataset.  

 
• Subsequently, the ground truth and “tutors” output are combined on every 

image loss function instead of only using the “tutors” whenever the image 
misses the corresponding task ground truth. 

 
 

4.1 Initial knowledge distillation experiments 
 
 
With the intention of knowing if a KD set up could help MTL neural networks to 
overcome the lack of ground truth for a specific task, we run three different experiments 
training the models on VOC2012seg [42] training set (which doesn’t miss ground truth 
for any of the two tasks) and evaluate them on the corresponding val dataset: 
 

• BlitzNet [27] is trained using the ground truth for both tasks. This NN will show 
the performance the other models should reach, as it would mean that BlitzNet 
[27] can obtain its optimum performance and overcome the lack of GT making 
use of a KD technique.  
 

• BlitzNet [27] is trained using the ground truth for the objection detection task, 
but the semantic segmentation GT is removed and replaced with the soft output 
of Mask R-CNN [20]. In this experiment, the temperature used in the “tutor” 
SoftMax function was equal to 0,4. 
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• BlitzNet [27] is trained using the ground truth for semantic segmentation, but 
the object detection GT is substituted with the Faster R-CNN [7] output. The 
“tutor” predictions were first filtered using a confidence threshold equal to 
0.001. Then, its prediction confidences were used in the BlitzNet [27] loss 
function as explained in section 3.4 

 
 

Model Segmentation tutor Detection tutor mAP 
(det) 

mIoU 
(seg) 

BlitzNet [27] None None 0.626 0.602 
BlitzNet [27]  Mask R-CNN [20] None 0.624 0.523 
BlitzNet [27] None Faster R-CNN [7] 0.640 0.634 

 
12 Comparison of detection and segmentation performance on VOC2012seg val dataset (models were trained on 

VOC2012seg training set) 

 
The results show that in the case of replacing the object detection ground truth with the 
Faster R-CNN [7] soft out, BlitzNet [27] not only presents similar performance to the 
model trained without “tutors”, it even exposes slightly better performance on both 
tasks (table 12). On the other hand, the model trained with the Mask R-CNN [20] output 
couldn’t reach similar performance to the BlitzNet [27] original model (trained without 
“tutors”), obtaining an inferior performance on the segmentation task and similar on the 
detection, as this last task is not missing GT in the experiment and is not so affected by 
the segmentation “tutor” (table 12). 
 
 

4.2 Tutors calibration 
 
 
As it has been explained in section 3.3, both “tutors” output could be used by BlitzNet 
[27] in different ways, resulting in different performance. In order to stablish the best 
configuration to exploit the KD setup, we run several experiments on the VOC 2012 
[42] datasets. 
 
On the object detection side, it was needed to check if the confidence values predicted 
by Faster R-CNN [7] for each bounding box could be used in the "student" loss function 
and improve its performance. Additionally, it was important to verify if using “tutor” 
low confidence predictions could confuse the “student” and try to define a threshold so 
the problem could be avoided. Therefore, the following experiments were executed: 
 

• BlitzNet [27] is trained using Faster R-CNN [7] soft output without filtering out 
any predicted bounding box and having the “tutor” prediction confidences 
included in the loss function. 
 

• BlitzNet [27] is trained with the Faster R-CNN [7] output but filtering out first 
the predicted bounding boxes with low confidence. In order to define the 
appropriate threshold, separately, we generated the Faster R-CNN [7] output for 
VOC2012det [42] test set and filtered it following different threshold values. 
Then, we selected the threshold that led to the best model performance, 0.001 in 
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this case. In this experiment, the prediction confidences are used in the BlitzNet 
[27] loss function. 

 
• BlitzNet [27] is trained again with the Faster R-CNN [7] soft output filtered with 

the confidence threshold equal to 0.001 but in this case the prediction 
confidences are not used in the BlitzNet [27] loss function. 

 
 

 
 
 

Model 

 
 
 

Segmentation 
tutor 

 
 
 

Detection 
tutor 

Filtering 
low 

confidence 
tutor 

predictions 
(threshold 

0.001) 

 
Confidences 
from tutor 
predictions 

used in 
student loss 

 
 
 

mAP 
(det) 

 
 
 

mIoU 
(seg) 

BlitzNet 
[27] 

None Faster R-
CNN [7] 

No Yes 0.610 0.599 

BlitzNet 
[27] 

None Faster R-
CNN [7] 

Yes Yes 0.640 0.634 

BlitzNet 
[27] 

None Faster R-
CNN [7] 

Yes No 0.414 0.543 

BlitzNet 
[27] 

None None - - 0.626 0.602 

 
13 BlitzNet performance depending on the detection tutor configuration (models were trained on VOC2012seg 

training dataset and tested on the val dataset) 

 
The experiments show that when filtering out the Faster R-CNN [7] predictions with 
low confidence, the “student” model converges faster than when including those low 
confidence boxes in the training data. Besides, its performance is actually better on both 
tasks than BlitzNet [27] trained on the same dataset without “tutors” (table 13). It 
reveals as well that defining a loss function using the confidence values from the “tutor” 
predictions, makes a meaningful difference in the “student” final performance on both 
tasks (table 13).  
 
In the case of the segmentation “tutor”, Mask R-CNN [20], several experiments were 
executed to define the temperature value in the SoftMax formula that would exploit 
better the knowledge transferred to BlitzNet [27]. In figure 14, we show how BlitzNet 
[27] performance changes as the temperature value from the Mask R-CNN [20] 
SoftMax function is modified. 
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14 BlitzNet performance depending on the segmentation tutor configuration (models were trained on VOC2012seg 
training dataset and tested on the val dataset) 

 
The plot shows that a temperature value equal to 0,4 caused BlitzNet [27] to have the 
best performance on the semantic segmentation task, 0,555 mIoU. However, none of 
these experiments generated a BlitzNet [27] model that outperforms the same model 
trained with the complete dataset ground truth, 0,602 mIoU. 
 
 

4.3 Different rate of ground truth missing on the dataset 
 
 
As it is shown in table 1 and 7, datasets usually lack a specific task GT for a subset of 
training images, however, the previous experiments simulate the lack of GT for 100% 
of the training data. At this stage, the objective of the experiments was to simulate the 
lack of ground truth for a specific task in a training data subset and check how helpful 
the KD “tutors” would be depending on the size of the subset. In order to do so, we 
worked with VOC2012seg [42] dataset as it is the only dataset that contains both task 
GT for every image and therefore, we wouldn’t have any problem defining the subsets.  
 
For this purpose, we first oriented the experiments to the semantic segmentation task, 
leaving the ground truth for object detection accessible during training, and we defined 
different subset sizes for which we would substitute the segmentation GT with the Mask 
R-CNN [20] soft output (using a temperature value equal to 0,4). Figure 15 shows how 
the BlitzNet [27] mIoU changes as the Mask R-CNN [20] subset size is modified. 
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15 BlitzNet performance depending on the number of images having its segmentation GT replaced with Mask R-
CNN [20] output (models were trained on VOC2012seg training dataset and tested on the val dataset) 

 
The results show that BlitzNet [27] semantic segmentation performance is better when 
the subset is none existent, in other words, when no image is missing GT and the “tutor” 
is not needed. From the other cases, the model exhibits the best performance (0,589 
mIoU) when half of the training dataset is missing GT. Besides, it was expected that the 
“student” performance would be close to BlitzNet [27] trained without “tutors” as the 
number of images using Mask R-CNN [20] output decreased, however, figure 15 shows 
how this trend is not followed. 
 
On the other hand, we run similar experiments for the object detection task, leaving on 
this case the semantic segmentation GT accessible during training and using the Faster 
R-CNN [7] output for detection (filtering low confidence predictions and using the 
confidence vector in the BlitzNet [27] loss function). Independent from the size of the 
Faster R-CNN [7] subset, all the experiments show better performance than the BlitzNet 
[27] trained without “tutors”. Figure 16 shows how BlitzNet [27] performance improves 
as the number of images using Faster R-CNN [7] output increases. However, the best 
performance, 0.651 mAP, was reached when the subset of images missing GT was 80% 
of the training set, not 100%. 
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16 BlitzNet performance depending on the number of images having its detection GT replaced with Faster R-CNN 
[7] output (models were trained on VOC2012seg training dataset and tested on the val dataset) 

 
 

4.4 Using a larger dataset using tutors’ soft output 
 
 
MTL models are usually trained on small datasets due to the fact that most of the large 
ones don’t have the required GT for every task on every image. Taking advantage of the 
fact that the KD “tutors” can generate GT for any data point, we run experiments with a 
larger dataset. In all previous experiments, the models were trained on VOC2012seg 
dataset (1464 images) as it is the only one with GT for segmentation and object 
detection on every image, but in this section, we train BlitzNet [27] on VOC2012det 
(5717 images) filling the missing GT for the segmentation task with the corresponding 
output of Mask R-CNN [20] (using a temperature equal to 0,4). In this experiment, 
Faster R-CNN [7] is not used because no image is missing object detection GT. 
 
 

Model Segmentation  
tutor 

Detection 
tutor 

mAP 
(det) 

mIoU 
(seg) 

BlitzNet [27] None None 0.726 0.646 
BlitzNet [27] Mask R-CNN [20] None 0.702 0.644 

 
17 Comparison of detection and segmentation performance on VOC2012seg val dataset (models were trained on 

VOC2012det training set) 

 
Contrary to the expectations, BlitzNet [27] trained without “tutors” shows better 
performance in both tasks than the same model trained using Mask R-CNN [20] output 
to fill the lack of segmentation GT even though the training dataset for both 
experiments misses 80% of GT (table 17). This could be caused by the fact that Mask 
R-CNN [20] (semantic segmentation “tutor”) generates a sparse output due to its design. 
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As a consequence, the “student” NN, BlitzNet [27] in our case, is not able to completely 
exploit the advantages of KD and it even undermines its performance.  
 
 

4.5 Ground truth and tutor losses combined 
 
 
In the final experiment, the objective was to make use of both “tutors” output on every 
training image and check if the “student” performance would suffer meaningful 
improvements. In all previous experiments, the loss function for the “tutor” output 
would only be used on those images missing GT. On the contrary, during the BlitzNet 
[27] training process on these experiments, the loss function was the weighted sum of 
the GT and “tutors” loss on every image, making use of the Faster R-CNN [7] output 
(filtering low confidence predictions and using the confidence vector in the BlitzNet 
[27] loss function) for detection and the Mask R-CNN [20] output (using a temperature 
value equal to 0,4) for segmentation. 
 

 
 

 
 

18 Sum of GT and tutors loss 

 
BlitzNet [27] using  loss function shows better object detection performance than 
BlitzNet [27] trained without “tutors”, regardless of the training set size. However, the 
difference is not as big as in the experiments from section 4.1. This could be caused by 
the influence of Mask R-CNN [20] output, that even though it is the segmentation 
“tutor”, has an impact on the object detection performance of BlitzNet [27] as revealed 
in experiments from sections 4.1 and 4.4.  
 
Besides, the segmentation performance of BlitzNet [27] using  loss function is 
worse than of BlitzNet [27] trained without “tutors”, following the same trend we have 
been observing in all previous experiments that made use of Mask R-CNN [20] output. 
 
 

Model Segmentation 
tutor 

Detection 
tutor 

Training 
dataset 

mAP 
(det) 

mIoU 
(seg) 

BlitzNet [27] 
with  

Mask R-CNN 
[20] 

Faster R-CNN 
[7] 

VOC2012seg 0.636 0.55 

BlitzNet [27] None None VOC2012seg 0.626 0.602 
BlitzNet [27] 
with  

Mask R-CNN 
[20] 

Faster R-CNN 
[7] 

VOC2012det 0.736 0.629 

BlitzNet [27] None None VOC2012det 0.726 0.646 
 

19 Comparison of detection and segmentation performance on VOC2012seg val dataset 
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5 Discussion and future work 
 
 
The master thesis proved to be a complicated project presenting many challenges from 
the beginning. The first problem was the need to find the right “tutor” for each of the 
task and as a consequence, requiring to get familiar with each of the projects with its 
own tools and platforms. Besides, in each of them, changes needed to be introduced in 
their design in order to meet BlitzNet [27] needs, such as having a specific output 
structure so it was possible to learn from it. Another important issue was the need to 
modify BlitzNet [27] loss function and the data loading process with the purpose of 
adapting to the different kinds of data. Moreover, the main project limitation was the 
amount of time and resources that BlitzNet [27] needed to be trained due to its size and 
design. 
 
The experiments executed introducing knowledge distillation in a MTL neural network 
present quite different results depending on the task and “tutor” used. In the case of 
object detection, BlitzNet [27] models which were trained with Faster R-CNN [7] soft 
output replacing the corresponding GT, showed meaningful improvements in its 
performance (figure 16). The fact that, for each training image, Faster R-CNN [7] offers 
a larger number of bounding boxes than the GT, and a more complete information 
involving prediction confidences, results in BlitzNet [27] models, trained with this data,  
having a better understanding and better performance in both tasks than a BlitzNet [27] 
model trained without any “tutor” output (table 12).  
 
These experiments suggest that the KD technique and the right “tutor” could help MTL 
neural networks to not be undermined by the lack of GT in large datasets and even 
further improve their performance with a more complete training data than the default 
ground truth. However, these examples are working in the situation of lacking GT for 
the object detection task, and this is not a common case as it is shown in tables 1 and 7. 
 
On the segmentation “tutor” side, the models generated when Mask R-CNN [20] output 
was used to train BlitzNet [27] are not that satisfactory. In figures 14 and 15, the results 
show how using the Mask R-CNN [20] soft output only weakens the model instead of 
offering advantages. Even when training on larger datasets and filling the missing GT 
with the “tutor” output, the model kept showing worse performance than training the 
same model without “tutor” on the same dataset, even though the dataset lacks 80% of 
the segmentation GT (table 17).  
 
This outcome could be caused by the structure of the Mask R-CNN [20] output. Due to 
its design (explained in section 3.3), Mask R-CNN [20] generates a sequence of binary 
masks instead of a label’s vector with probabilities. As a consequence, its final output is 
extremely sparse and BlitzNet [27] is not capable of extracting profound knowledge out 
of it, in contrast with the Faster R-CNN [7] output which is clearly more complete than 
the GT. Due to the fact that the segmentation “tutor” needed to be trained on a dataset 
different than the “student” (explained in section 1.2) and the time constraints, we 
couldn’t find a better semantic segmentation model to act as KD “tutor” in the project or 
either train a different one from scratch. 
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As a conclusion, we think that reproducing the same experiments with another semantic 
segmentation “tutor” could be attempted, making sure that its output offers a more 
complete and less sparse data than Mask R-CNN [20]. Once satisfactory results have 
been achieved in both tasks, the idea of using KD in MTL could be further developed in 
many different ways. One possibility could be to include new tasks, such as instance 
segmentation, in BlitzNet [27], making the corresponding changes in its structure, and 
study if KD would still be helpful when the number of tasks increases. Another line of 
work could be to introduce the same KD technique in a new MTL neural networks, such 
as UberNet [28], and research if the results keep showing improvements regardless of 
the “student” neural network used. A third research could be done over the idea of 
combining GT and “tutors” output following new approaches and study the changes in 
the “student” neural network performance. Finally, once KD technique has proven to be 
a key instrument in MTL, the objective could be finding the optimum “tutor” for each 
task and each MTL neural network and extend the datasets that lack the corresponding 
GT so MTL researches don’t face any data limitation anymore and the topic can be 
studied from different perspectives. 
 
The project is available at: 
https://github.com/AlejandroHernandezMunuera/BlitzNet_Knowledge_Distillation  
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Acronyms 
 
 
MTL  Multi-Task Learning 
NN  Neural Network 
KD  Knowledge Distillation 
GT  Ground Truth 
RoI  Region of Interest 
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