
Group 20 - Reply to Review
Critical review from group 12.
Positive
Presentation is very clear and make a very detailed introduction about the backgrounds
The project has used different models to make a comparison and you have done a lot of work.
The presentation powerpoint is very detailed and attractive and can help people understand the
related information very well
The comparison part is very good and has made a detailed comparison over the different models.
The models you used in the presentation are very creative and interesting.
You have analyzed the result and observation over different models, which help us have a better
understanding over the performance over these models
In the further improvement part, you have made a very clear idea over this. Sounds great!
And the literature review is very informative.
And the coding part is very clear and make vivid figures to demonstrate the performance of your
model.
Thanks!
Improvement

● Could you have more detailed information about how you improve the result of
your model, such as setting of some parameter or some change on the original
model?
As said in the Model section, both the learner and the tester perform learning. So there
are some parameters defined in the LPT model that could be modified, including the
weight parameters of the Learner, indicating the tradeoff between the difficulty and
meaningfulness of the test, the learning rate of both the learner and the tester.
Furthermore, the test’s data encoder can be modified as well, the data encoder we used
during the presentation is Resnet-18, but there are some other networks we can use for
the data encoder, including Resnet-34, Resnet-50, etc. All of these may affect the
performance of the LPT model.

● Why is the accuracy and score as a justification metric for the model and whether
there is any other metric that can evaluate the models better?
The accuracy is common and straightforward for us to compare variant models. The score
we used is the requirement from the Kaggle competition. Because their test dataset does
not have labels, we submit our result to get scores for convenient comparison. And based
on these scores, we also can compare our model with others submission. Because the
problem is just a classification problem, and the score is an official metric used in
Kaggle, we think the official score is the current best choice.

● And the training accuracy is pretty high, but the accuracy of the validation set is
not very high. Could you have a detailed analysis of this?
Actually after about 20 epochs, our models cannot improve much because we use
pre-trained networks and weights as the backbone. So, the training accuracy is getting



higher after 20 epochs because they are overfitted. However, the best validation
converges to its best and then decrease in a very small range.

● In the result analysis part, why is the model with lower score better?
Because the score is evaluated based on the multi class log loss between the predicted
probability and the observed target.

Critical review from group 16.
The group clearly introduces their work of dog breed classification. They compared their work
with other networks such as CNN, ResNet,also ranked high on Kaggle. The dataset they used,
and processing steps are well explained in the video. Their further work is explicit and totally
worth trying. They also have inspiring result in classifying dogs up to 73% accuracy. The whole
the comparison part is clear and easy to follow with nice graphs.
Thank you!
Improvements:

● Since the main work in this classification is to choose the best network, maybe you can
discuss more on why VGG16 performances badly in transfer learning problem in your
report later. What layer or architecture in VGG16 is due to this kind of difference, since
the score of VGG16 is 20 times of others.
In our project, transfer learning was not applied on the VGG 16 model. It only serves as a
baseline model to be compared with the transfer learning architectures and the LPT.

● Not like other well-known networks i.e. VGG16, LPT is quite new. Is LPT a unique
approach that you created or is it inspired by somewhere else that you used in this dog
breed classification task? Is LPT new in classification especially in dog breed
classification? Similarly, just a suggestion, you can try to explain why LPT has the
highest accuracy in this task.
LPT is a method newly developed for Neural architecture search, so we feel interested to
apply this method in our project. Yes, it’s new in dog breed classification. Thanks, we
will consider including this in our final report.

● Could you make a comparison between the training efficiency between different models.
This is also a crucial part in real-world application.
Thanks! We will if we have a space for it.

● Your Further Improvements part is a little bit vague, what are the weight parameters for
LPT model, what parameter do you think matters the most in this model? what is other
neural architecture search options for LPT.
The weight parameters of the Learner, indicating the tradeoff between the difficulty and
meaningfulness of the test and the role test played during training, if the weight is too
high, it means the test is biased to be more meaningful and less difficulty, and the training
will be dominated by creating test, which may reduce the performance of the model. The
other NAS options for LPT are P-DARTS, D-DARTS, etc.



● You mentioned trying different learning rate in further improvement. So what optimizer
and learning rate are you using now in your comparison?
In transfer learning, we use the adam optimizer. For the learning rate, we use adaptive
learning rate by ReduceLROnPlateau function which means the leaning rate decreases by
a factor when training does not improve for some epochs.
The optimizer and learning rate we use for LPT is SGD optimizer, and the learning rate
for both the learner and the tester is 3e-4, as shown during the code implementation part.

● You have compared so many models, maybe in your report later, you can focus more on
those 3 approaches (VGG16/ Transfer Learning/ LPT or less), why this model is suitable
for classification task. The answer to this question helps you design and combine useful
techniques in ML to achieve improvements in this task.
Thanks for your suggestion. We will consider it.

Critical review from group 19.
● The dataset explanation is very great since you tried to use many pictures but it’s kind of

hard to get what’s the final number for your training, validation, and testing. Also, why
do you want to use two different datasets?
We added this part in the dataset section of our final report.

● For the LPT part, the introduction with pictures is very great and clear but since it's a
very new topic, it would be better if you also provide more details such as how people
use this model to solve problems and what kinds of problems are good for this model.
Thanks for your suggestion. This method could improve the learning ability of machines.
It can be applied to many neural networks to improve its performance in learning.

● It would be nice if you explain what's the score in your result and why it’s used to
compare the result. Based on your result (video 09:30), it seems that the CNN model and
LPT model get around 75% validation accuracy but why does the LPT model stand out in
your testing accuracy?
The score we used is the requirement from Kaggle. Because their test dataset does not
have labels, we submit our result to get scores for convenient comparison. It is evaluated
based on the multi class log loss between the predicted probability and the observed
target. We got the test accuracy about 73.14% during testing, as shown in the code
implementation part. It may cause confusion since the validation accuracy and the test
accuracy both reach about 73%. For the comparison part, we compare LPT with models
trained by others on kaggle on the test accuracy.

● It would be nice if you introduce more details about deep CNN networks such as what’s
the important features for each model so people could know what kinds of features will
be effective for similar problems.
We are adding more details about it in our final report. Thanks.

● What’s “Top-5 accuracy” in video 07:30?



If there are 10 classes, the network will eventually give 10 values, representing the
probability that the sample is the corresponding class, and finally rank the probability
from most to least. Top-5 Accuracy means if the network classifies the sample as being
within the top-5 probabilities then it will consider the classification to be correct. For
Top-5 Accuracy of different pre-trained models, you can check the official document at:
https: https://keras.io/api/applications/.

● In the coding part (video 16:17), after fine-tuning, the accuracy seems high but why did it
not show up in the result part?
In the fine-tuning part, we put all training data into training, so the validation data is the
same as the training data. However, this leads to lower performance because we find that
putting all training data is easier to overfit the model.
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ABSTRACT

In this project, a dog breed classifier is developed based on
several methods, including VGG-16, Transfer Learning and
Learning by Passing Test (LPT). The two datasets used in this
project are from the Kaggle, and submissions on Kaggle also
generate evaluation scores for various model. The result sug-
gests that the methods we employed have outstanding perfor-
mance, especially the innovative LPT model.

Index Terms— CNN, Transfer Learning, Learning by
Passing Test (LPT), Dog breeds classification

1. INTRODUCTION

Dogs are one of the most popular pets for centuries and
they are bred to play different roles such as hunting, protec-
tion and companionship. Recognition of dog breeds is help-
ful and important before picking and training a dog. More-
over, Dogs classification is a challenging problem, as close
relatives hardly differ in appearance while same breeding can
have visual disparities depending on its age. Another chal-
lenge is the stylistic differences of photographs presented in
the dataset, which includes conditions such as lightings and
positions. This problem provides typical criteria to feature
engineering and deep-learning model development.

The solution to this universal problem can also be appli-
cable to other fine-grained classification problems. For exam-
ple, a tool that is able to identify different breeds or species
can help scientists save time and resources in collecting infor-
mation about the health and abundance of certain species or
breeds population.

The input to our algorithm is an image. We then use
neural networks to output a predicted dog breed.

2. RELATED WORK

This section presents previous attempts on the dog clas-
sification problem. Howard et al.[1] proposed MoblieNet
for fine grained recognition on the Stanford Dogs dataset
extended with noisy data, which can achieve results that are
close to the state of the art at greatly reduced computation and
size. In 2018, Wang et al.[2] presented the NASNet-A mobile
architecture and the Inception-ResNet-v2 deep architecture

with transfer learning technique, trained on Standford Dogs
dataset[3]. Their main achivement is providing a smaller
and moblie-friendly CNN with promising results along with
a complete software system, including a central server and
a mobile client. Our work also applies transfer learning to
boost performance with focusing on larger CNN models,
which will be discussed in detail in the fourth section.

Another approach based on CNN with transfer learning
provides guidelines for our project [4]. It compares a conven-
tional based approach by Local Binary Patten and Histogram
of Oriented Gradient with a novel CNN with transfer learn-
ing. The former ahcieves 96.75% accuracy, while the latter
achieves 79.25% accuracy. Furthermore, Wang et al. [5]
presented an improved YOLOv3 method and showed it can
realize the classification of dogs with high speed and accu-
racy. However, the data set they used only contains 8 differ-
ent dog breeds selected from the Stanford Dog Dataset[3]. [6]
proposed a scheme to model the characteristics of 2-D land-
marks extracted from dog breeds. The Grassmann manifold
was applied and their algorithm was tested on a dataset in-
cluding 8,351 images of 133 different breeds. It achieves an
high accuracy of 96.5% by comparing automatically detected
landmarks with ground truth landmarks.

3. DATASET AND FEATURES

For the VGG model and transfer learning architecture,
we used the dataset from the Kaggle competition: Dog Breed
Identification [7]. It includes images of size 224 x 224 x 3
for 120 different dog breeds. The training set has 10222 im-
ages with labels and the testing set has 10357 images without
labels. Instead of comparing our predictions with test labels,
we uploaded the predictions to Kaggle to get a score.

For the LPT Model, we used a different dataset as it pro-
vides images grouped into different folders based on which
breed the dogs belong to. This simplifies the data prepro-
cessing for LPT. It is called 70 Dogs Breeds [8], which con-
tains 7946 training images, 700 validation images and 700
test images, from 70 classes. The image size is transformed
to 32*32 to fit in the network. During architecture search, the
training set is used as the training data D(tr)

ln of the learner ln
and the training data D(tr)

tt of the tester. The validation set is



used as the test bank Db and the validation data D(val)
tt of the

tester. During architecture evaluation, the combination of tt
the training data and validation data is used to train the large
network stacking multiple copies of the searched cell.

Fig. 1. Dog classes

4. METHODS

This section will briefly discuss the VGG-16 model, ex-
plain our transfer learning method with several pre-trained
models, and illustrate the LPT model.

4.1. VGG

Karen and Andrew [9] used an architecture with very
small (3x3) convolution filters to construct a deep model. As
shown in Fig 2, six models with weight layers from 11 to 19
were constructed and experimented. Among them, the ones
with 16 and 19 have the best performances. The VGG models
apply a RELU layer after each convolution layer. In the end, a
120-way softmax layer is used to produce outputs that match
the number of dog breeds in the chosen dataset. The standard
softmax equation is defined by equation 1,

Softmax(xi) =
exi∑K
j=1 e

xj

, (i = 1, ...,K), (1)

This function maps the output from the last fully con-
nected layer to a probability distribution over predicted output
classes. The values in the output vector are from 0 to 1.

Fig. 2. VGG Configurations [10]

4.2. Transfer Learning

The training of deep models usually is computationally
demanding and time-consuming. This traditional method

does not consider the knowledge from other learned tasks;
however, transfer learning can rely on the knowledge on pre-
vious learned tasks as much as possible. In this way, our
learning process can be faster and straightforward, and we do
not need huge amount of data. Transfer learning commonly
consists of two parts of pre-training and fine-tuning. Some
successful network has outstanding performance on all kinds
of open-source datasets, so we can build our models based on
the knowledge of these models and fine-tune them until tar-
get precision. For choice of the pre-trained models, we pick
6 models of MobileNetV2, Xception, ResNet152V2, NAS-
NetLarge, InceptionResNetV2 and DenseNet201 namely.
Because the MobileNetV2 is the most light-weighted, we can
test this model as the baseline; while other models have the
top 5 highest accuracy on the official document. As shown
in Fig 3, we pick some pre-trained models as our backbone
network and lock their parameters for not trainable. After the
output of the backbone, one layer of global average pooling
is added to generate only one depth representation of feature
which is convenient for later fully connected layers. After-
wards, drop-out layers and dense layers are built in sequence
as our classifier.

Fig. 3. High-level architecture of the transfer learning model

4.3. Learning by Passing Test

The LPT model is composed a learner model and a tester
model. The learner learns and predict the task. Tester aims to
create a test bank T and evaluate how the model works with T.
This information is used by learner in the next iteration[11].

For the learner, the training loss was minimized to cal-
culate the optimal network weight W. Architecture A was re-
mained unchanged because sizes of A are large and result in
over-fitting. Then, training loss is minimized for data encoder
E and target-task executor X for tester. Training loss is com-
posed of two parts. The first part denotes the training loss
for training on D(tr)

tt in task J2. The second one is related
with test creation on data bank Db. all data in Db are fed
into data decoder to identity whether these data should be se-
lected as test set. These create σ(C,E,Db). Also, creator
is not learned in this process to avoid over-fitting. The out-
put will be optimized encoder E∗(C) and target-task execu-
tor X∗(C). In the final step, architecture in learner model is



Fig. 4. Illustration of learning by passing tests. The solid ar-
rows denote the process of making predictions and calculat-
ing losses. The dotted arrows denote the process of updating
learnable parameters by minimizing corresponding losses[11]

Table 1. Notation and Meaning of symbols
Notation Meaning
T Created test of tester
A Architecture of the learner
W Network weights of the learner
E Data encoder of the tester
C Test creator of the tester
X Target-task executor of the tester
D

(tr)
ln Training data of the learner

D
(tr)
tt Training data of the tester

D
(val)
tt Validation data of the tester

Db Test bank
J1 Target task conducted by learner
J2 Target task performed by tester
L Predictive loss of learner on the test
P Performance achieved by tester model

obtained by making prediction on test created in the previous
step σ(C,E∗(C), Db).

To learn test creator C which aim to create difficult test
set where difficulty is defined by
L(A,W ∗(A), σ(C,E∗(C), Db)) for test creator C, we maxi-
mize this function but also avoid degeneration from happen-
ing. Also, validation loss L(E∗(C), X ∗ (C), D(val)

tt ) defines
the quality of a test. Small validation loss indicates the test is
meaningful.

5. EXPERIMENTS/RESULTS/DISCUSSION

5.1. Experiment setup

5.1.1. VGG16

VGG16 serves as a baseline model in our work. We di-
rectly used the pre-trained model in Keras package and added
dense layers to map the output to 120 dog categories. The
batch size was set to 64 and the model was trained for 50

epochs. It was found that the overall accuracy ceased to im-
prove after the batch size reached 64. Accuracy was decided
to be the metrics of this model because for each dog breed
there is a similar number of images for training.

5.1.2. Transfer Learning

Because the Kaggle datasets only have labels on train-
ing dataset, we split the training dataset into 80% and 20%
for training and validation separately. The size of images in
dataset is different and most common input size for all kinds
of network is 224×224, so we resize all input images and nor-
malize them for building up data flow. For embedding back-
bone network, we employ the widely used CNN architectures,
MobileNetV2, Xception, ResNet152V2, NASNetLarge, In-
ceptionResNetV2 and DenseNet201. After output features
from backbone, we explore the Global Aver
-agePolling-Dropout-FC-Dropout-FC structure to get the fi-
nal probability of each class. The batch size we set for Mo-
bileNetV2 is 48 due to its lightweight and fast transfer to
GPU, while for other models, the batch size is 32 due to the
network complexity and GPU memory limit. To set proper
batch size, this can increase precision and lessen the train-
ing time. For learning rate, we employ ReduceLROnPlateau
function to learn by adaptive rate. In the adaptive learning
rate, our monitor is validation loss, and factor is 0.1 which
means new learning rate is reduced by 90% when it needs
to change. Also, we set the patience to be 5, the number of
epochs can activate leering rate change when no improvement
in model performance. The least learning rate is set as 10−6

to make sure the convergence in a acceptable time range. Dur-
ing the training, categorical cross-entropy is implemented as
loss function. The metrics we use is the validation loss, and
we save the best model only based on this loss. Pre-trained
model as backbone can use the weight of ImageNet which
lessen the training time, so we explore epochs setting and find
50 is far enough for converging. All experiments are trained
on an NVIDIA RTX3060 (6GB) GPU.

5.1.3. Learning by Passing Test

Our framework is a general one that can be used together
with any differential search method. Specifically, we apply
our framework to a NAS method: DARTS. The candidate op-
erations include 3 × 3 and 5 × 5 separable convolutions, 3 × 3
and 5 × 5 dilated separable convolutions, 3 × 3 max pooling,
3 × 3 average pooling, identity, and zero. In LPT, the network
of the learner is a stack of multiple cells, each consisting of 7
nodes. For the data encoder of the tester, we tried ResNet-18
and ResNet-50. For the test creator and target-task executor,
they are set to one feed-forward layer. λ and γ are both set
to 1. For our data set, during architecture search, the learner’s
network is a stack of 8 cells, with the initial channel num-
ber set to 16. The search is performed for 50 epochs, with a



batch size of 16. The hyper-parameters for the learner’s ar-
chitecture and weights are set in the same way as DARTS.
The data encoder and target-task executor of the tester are op-
timized using Stochastic gradient descent with a momentum
of 0.9 and a weight decay of 3e-4. The initial learning rate is
set to 0.025 with a cosine decay scheduler. The test creator
is optimized with the Adam optimizer with a learning rate of
3e-4 and a weight decay of 1e-3. During architecture evalu-
ation, 20 copies of the searched cell are stacked to form the
learner’s network, with the initial channel number set to 36.
The network is trained for 50 epochs with a batch size of 16.
The experiments are performed on a single RTX2060 Super
gpu.

5.2. Results and Comparison

The results are shown in Fig 5. It can be observed
that the training accuracy continues increasing after approx-
imately 15 epochs whereas the validation accuracy remain
the same, which indicates the sign of overfitting. More im-
portantly, the validation accuracy is less than 0.6 and the
predictions get a score of 21.6 from the Kaggle Competition
Dog Breed Identification. Therefore, the traditional VGG16
model is not an ideal solution to the problem. Next section
will discuss transfer learning and compare it to this baseline
model.

As shown in the Fig 5, the MobileNetV2 has the lowest
best validation accuracy of 67.24%, but other large models
have obviously higher accuracy. On the validation set, Xcep-
tion, ResNet152V2, NASNetLarge, InceptionResNetV2 and
DenseNet201 reach 71.74%, 71.05%, 73.20%, 74.67% and
72.62% on the maximal validation accuracy. In addition to the
metrics on the validation set, we pick the top 3 models, gen-
erate results of test images, and submit on Kaggle to compare
them. As we expected, the InceptionResNetV2 has the best
evaluation performance with a score of 1.03718 (lower is bet-
ter); however, NASNetLarge and DenseNet201 get 1.24467
and 1.08609 separately. After find the top 3 models, we have
tried to put all training data into training, but the results seems
that the models are overfitted and receive worse evaluation
scores.

(a) VGG16 Valid acc (b) Transfer Learning Valid acc

Fig. 5. VGG16 and Transfer Learning Result

Fig 5 shows the line charts of our results for LPT model.

The first chart represents the training and validation accuracy
of our model. The maximum value of the training accuracy
is 78.27%. The maximum value of the validation accuracy
is 73.44%. The second chart represents the training and val-
idation loss of our model. From the chart, it can be seen that
the minimum value of the training loss is 0.38. The minimum
value of the validation accuracy is 0.64.

(a) Train acc vs Valid acc (b) Train Loss vs Valid Loss

Fig. 6. LPT Training Result

Table 2 shows the comparison of different methods’ test-
ing accuracy on the dataset. These methods include our own
method and methods used by other people on Kaggle. It can
be seen that the testing accuracy of our method, Learning
by Passing Test(LPT), has the highest accuracy among these
methods. This also demonstrates the efficiency of the LPT
method in searching the best architecture.

Table 2. Comparison on classification Accuracy between
LPT and other methods

Method Accuracy(%)
LPT(our) 73.14
MobileNetV2 61.47
VGG-16 65.33
InceptionV2 68.75

6. CONCLUSION

In this project, we utilize different machine learn-
ing methods for dog breeds classification, including CNN
VGG16, CNN based transfer learning and Learning by pass-
ing tests(LPT). In all, CNN based transfer learning model
have better performance than single CNN model, the highest
validation accuracy 74% is reached by NASNet. Compared
with other methods, the LPT method gets the highest test
accuracy 73%, which illustrates the efficiency of LPT method
in searching for a better architecture.
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