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Abstract

In this paper, I replicate a novel Colorization Model that
learns to convert gray scaled images into colored images.
Furthermore, I investigate my results using Mean Squared
Error against known results using Cross Entropy. This Col-
orization Model uses a network of up sampling, down sam-
pling, convolutional, batch normalizations, Leaky ReLU,
and classification layers before feeding into a loss function
to classify gray pixels into colored pixels. lIts learning is
accomplished through iterative gradient computations and
subsequent parameter tuning. My results prove that a mean
squared error loss function is a poor decision for this Col-
orization Model.

1. Introduction

The primary challenge associated with Colorization re-
search initiatives is that the majority of objects do not have
an associated color. Even if there are certain items that tend
towards a certain color, such as green grass, think about the
effects of painting a surface, natural changes in the environ-
ment, or passing an image through a tinted filter beforehand.
Colorization techniques that rely on simply classifying im-
age regions as known objects to then assign the most proba-
ble color would fail dramatically. The problem of coloriza-
tion is therefore undefined, as there is no perfect a priori
color assignment. Modern colorization techniques are di-
vided into two main categories: User-Guided Methods and
Deep Learning Methods.

User-Guided Methods are simple and quick algorithms
that depend on human input to manually adjust model pa-
rameters to better represent ground truth images. The mod-
els themselves use K-Nearest-Neighbors with advanced ma-
chine learning methods in conjunction with these tunable
parameters. This technique has major limitations includ-
ing the quality of ground truth images chosen and the slow
training times due to manual input [4].

Deep Learning Methods automatically update its param-
eters by continuously classifying images over training pe-

riods spanning several days to weeks. These architectures
are typically single path or multi-path Generative Adver-
sarial Networks (GANSs) or Convolutional Neural Networks
(CNNss) with probabilistic distributions to map gray scaled
pixels to colored pixels. Typically, these larger networks
with small kernels tend to outperform smaller networks
with large kernels. The best advantage of the Deep Learning
Method is it can train on a practically unlimited number of
images, where the researcher is only limited by their avail-
able processing resources. To the point of practically unlim-
ited training time, researchers can optimize for any given
criteria they choose such as image context (e.g. sketches
or film) or a circumstantial color re-balance. However,
the Deep Learning Methods are computationally expensive,
and prototyping takes a long time as any architectural up-
date to the model would take several days to be realized.

My chosen Colorization Model is a fully automatic
deep learning model that uses a network of up sampling,
down sampling, convolutional, batch normalization, Leaky
ReLU, and classification layers before feeding into a loss
function to classify gray pixels into colored pixels layers.
After feeding each image through its network, this model
also re-balances the classes of colors which effectively pro-
duces more vibrant and accurate colored images. The re-
searches trained this model on over 1,000,000 images, and
it proved to be highly accurate when testing for raw accu-
racy (AuC) and against human judgements. The model’s
strengths definitely include this high level of accuracy and
fully-autonomous design (without the slow training times
associated with user-guided methods). Its main shortcom-
ings include computational expenses, and its dependency
on class-re-balancing image processing before feeding the
gray scaled image into the network (leading to even more
expensive computations) [S]].

My hypothesis tests if a Mean Squared Error loss func-
tion would perform as well as the researcher’s choice of
a Cross Entropy Loss function. One of my major design
choices in this experiment is neglecting to include the pro-
posed class re-balancing method. Please see Section 3 Re-
sults for a thorough analysis of this decision.
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Figure 1. The CNN Architecture from the Colorization Model.
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The remainder of this paper discusses the approach I
took to replicate this model, and the results I achieved in
doing so.

2. Approach

This Section discusses my approach to implement the
Colorization Model. The main features discussed include
the Data Set, CNN Architecture, Optimizer, Classifier, and
Loss Function

2.1. Data Set

The researchers of this Colorization Model trained their
model on over 1,000,000 images. I do not have the com-
putational resources to achieve even a fraction of the pro-
cessing power nor memory required to train on 1,000,000
images. Therefore, I opted to use a subset of the MIT Mini
Places data set that contains 90,000 unique training sam-
ples. This data set has more than enough images for my
given computational capabilities. I used the raw colored
images from the data loader output as ground truths, and
passed each image through Torch vision’s Gray scale trans-
form function as inputs for my replicated model. As dis-
cussed in Section 3.5 Limitations, I only trained my version
on 30 Epochs and a batch size of 256 on 64x64 pixel im-
ages.

2.2. CNN Architecture

I implemented the network architecture from this Col-
orization Model almost exactly by following their explicit
layer-by-layer steps on GitHub [6! 7]

The data set in my implementation has a slight difference
to their implementation. The MIT Mini Places data set has
3 channels (R,G,B channels) while theirs have 4 channels
(R,G,B,Y). As a result, I modified a few layers to change
the stride or kernel size by +/- 1 such that each outputted
layer would have the same effective shape as the original
model.

The other difference in my implementation was neglect-
ing to implement their class-re-balancing method, as dis-
cussed in Section 3.5 Limitations.

2.3. Optimizer

The researchers opted for the ADAM optimizer with pa-
rameters B1 =.9, B2 =.99, weight decay = 10~ 3, and learn-

ing rate = 3 * 1075. The ADAM optimizer iteratively up-
dates network weights to efficiently anneal each step. Their
learning rate is incredibly small because they had the time
and resources to train for an extended duration [2].

I had to adjust the ADAM parameters in my implemen-
tation because their parameters assume the intense compu-
tational power and enormous number of inputs that I cannot
supply. I made multiple attempts to fine-tune the learning
rate, betas, and epsilon parameters until I achieved the best
results after 30 Epochs and a batch size of 256 on 64x64
pixel images. I ultimately decided that learning rate=0.001,
betas=(0.9, 0.999), and epsilon=1e-08 visually produced
the best results.

2.4. Classifier

The researchers passed the model output through an-
other convolutional layer before implementing their class-
re-balancing algorithm. That algorithm consists of yet an-
other convolutional layer, a hyperbolic tangent layer, up
scaling, a Softmax layer, and lastly an annealed-mean layer.
The class-re-balancing algorithm effectively maps the pre-
dicted color outputs to actual colors that look good to the
human observer.

I did not implement their class-re-balancing algorithm,
as discussed in Section 3.5 Limitations.

2.5. Loss Function

The researchers used the multinomial Cross Entropy
Loss function. The function maps predicted probabilities
per class label (M total), where the probabilities (p) range
from [0,1], to a sum of the total log losses for that class
label (y). Stereo-typically, Cross Entropy Loss is the best
option in machine learning classification problems such as
Colorization because it tends to lessen the impacts caused
by small gradients and weight decay which therefore al-
lows more modifications to the model as the testing samples
progress [[1]. The Cross Entropy Loss equations are defined
below:
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My chosen area of investigation for this project is how
the choice of Loss function qualitatively impacts the system
results. I decided to pick the Mean Squared Error Loss func-
tion to compare against Cross Entropy. Mean Squared Loss
is not stereo-typically used in classification models because
it assumes the underlying data follows a normal distribu-
tion, and that its inputs (x) can range from +/-occ instead of
[0,1] when mapping to an output (y) [3]. The MSE equation
is defined below:
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Despite these known shortcomings, I wanted to investi-
gate exactly what differences appear during testing in the
specific use case of image colorization.

3. Results

This section compares results between my model version
using a Mean Squared Error (MSE) Loss function and the
researcher’s version using a Cross Entropy Loss function.
Ultimately, I could not outperform or match the quality of
results produced by the original Colorization Model. The
reasons could either be entirely dependent on my choice of
Loss function, or somewhat dependent on the Loss func-
tion and also the subtle other differences listed in Section
3.5 Limitations. For the sake of this paper, I will make the
assumption that my implementation of their model was cor-
rect, which is not a drastic assumption to make considering
it performed well in a series of very specific pictures. In-
stead, I will assume and attempt to reason that every dif-
ference to the Colorization Model’s output trends without
class-re-balancing is caused by my choice of Loss function.

In the subsections that follow, I explore results relating to
Classifying Reds and Yellows, Classifying Neutral Colors,
General Loss of Vibrancy, and Edge Cases that Excel. As
noted below, the most glaring difference between the two
versions of the model is the general loss of vibrancy associ-
ated with the MSE loss function.

3.1. Classifying Reds and Yellows

The Colorization Model and my version of this model
both fail at distinguishing the majority of reds and yellows
from grays or blues. Clearly, this is a problem caused
by a common misclassification across both models, and
therefore is solved directly by implementing their class-re-
balancing algorithm. Since I did not implement that al-
gorithm, I will make the assumption that this error is not
caused by my choice of Loss function.

3.2. Classifying Neutral Colors

Both versions of the model performed well at classify-
ing images with predominant neutral toned regions. There
is some noticeable loss of the tan tone across both classifi-
cations, but otherwise both outputs are decent replications
of the ground truth images.

3.3. General Loss of Vibrancy

The general loss of vibrancy in my model is the main dif-
ferentiating qualitative factor that I uncovered. Only blues
ever tend to have vibrancy across all my samples. The
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Figure 2. Both my revised model and the original model without
the color re-balancing technique consistently classified reds and
yellows as blues or grays
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Figure 3. Both my revised model and the original model without
the color re-balancing technique performed relatively well with
neutral toned images.

original model does not tend to suffer the same dull con-
sequence. My theory as to why this is occurring is since
the MSE is specialized for regressions instead of classifi-
cations, I think my output is converging much slower than
the original converges. So, when you also consider the hun-
dreds of thousands of less training images, this inaccuracy
should in fact be expected to follow, therefore leading to
those incorrect color predictions and more monochromatic
results.

3.4. Edge Cases that Excel

My revised model tended to excel in a very specific sub-
set of test cases: dark pixel values, white pixel values, or
predominantly monochromatic images with no presence of
red nor yellow,
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Figure 4. My model failed to keep the same amount of vibrancy as
displayed from the original model without the color re-balancing
technique.

Input Image Output Image

o " "

—

—

;__‘{ - g =

Figure 5. My revised model excelled on edge cases that were either
dark or predominantly tan and blue.

3.5. Limitations

I did not have access to the same computational re-
sources nor allotted time that the researchers of Berkeley
had when developing this paper. To achieve my goal of test-
ing a different loss function with this model in the allotted
time, I had to make several adjustments to my approach.
These adjustments include the number of training im-
ages, my neglecting to implement their class-re-balancing
method and annealed-mean classification method, and my
optimizer tuning.

The researchers of this Colorization Model trained their
model on over 1,000,000 images. I do not have the com-
putational resources to achieve even a fraction of the pro-
cessing power nor memory required to train on 1,000,000
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images. I only trained my version on 30 Epochs of 256
batches of 64x64 pixel images. Obviously, this is consider-
ably smaller, but I am not too concerned about this smaller
number of images because my losses tended to oscillate by
only about 1% during training. The more pressing concern
would be the initial mismatch shapes of the data-sets. I had
to slightly change the kernel sizes and strides of certain lay-
ers to achieve the convolutional layer outputs. However, I
do not think these slight changes (+/- 1) would make a large
difference over these 30 Epochs.

The most obvious shortcoming is my neglecting to im-
plement their class-re-balancing method. The researchers
provided data with and without the re-balancing, and while
the re-balancing performed significantly better, I was more
interested in just changing the loss function, so this re-
balancing method felt out of scope for my project. The
researchers also implemented an annealed-mean classifica-
tion step in their network architecture, but even they admit
in the research paper that the impact is largely unnoticeable.

Lastly, I had limited time and resources to finely tune
the ADAM optimizer parameters in Google Colaboratory. I
ended up attempting 3 combinations of parameters on dif-
ferent sets of input images, and ultimately deciding learn-
ing rate=0.001, betas=(0.9, 0.999), and epsilon=1e-08 was
visually the best. In hind sight, I would have benefited by
keeping the input images the exact same while testing these
parameters, as well as lowering the Epoch to around 10,
when it typically starts stabilizing, to achieve the most ef-
ficient optimization parameters. This decision would have
saved me a lot of time in the long run to then spend more
time to test more thoroughly.
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