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ABSTRACT

Image captioning is the fundamental task of scene recog-
nition and understanding, it is achieved by combining two
vast fields of Machine Learning namely Computer Vision and
Natural Language Processing. In this project we are inter-
ested in studying the performance of several image captioning
encoder-decoder architectures by using different encoder net-
works and comparing the BLEU scores of the captions gen-
erated by the architecture. Furthermore, we have also used
an attention based approach to focus on particular sections of
the image and accordingly describe it. The MSCOCO dataset
was used to train and test our network.

1. INTRODUCTION

A generic image captioning architecture consists of an encoder-
decoder pair where the encoder network encodes the input
image into an encoding vector which is then used by the
decoder network to generate meaningful captions related to
the image. Textual Image descriptions helps in compress-
ing huge amount of image data into simple sentences. This
enables us to use Image captioning for various important
applications. Firstly, we can use it to help the visually im-
paired, by combining Image captioning with text to speech
technology. Secondly, we can use the generated scene de-
scriptions to help self-driving vehicles to properly understand
the environment, and plan the optimal and safe path accord-
ingly. Another important application is in smart surveillance
with CCTV cameras. Scene descriptions can be used to raise
alarms in case malicious activities are detected.

The input to our system is an RGB image of any size.
The image is pre-processed by resizing it to 224x224x3 and
then normalized about a mean and variance for each colour
channel. Upon passing the pre-processed image through the
encoder-decoder network we get a caption describing the con-
tents of the image.

2. RELATED WORK

Before Deep Learning image captioning was done by two
methods i.e. Retrieval based and Template based method. Re-
trieval based method was used by Ordenez et al.([1]), Hodosh

et al.([2]), Kuznetsova et al.([3], [4]) where image compari-
son was done to find the right caption. The closest image por-
tions among the training images with captions were searched
and rearranged to get meaningful captions. In template based
approach([5], [6], [7], [8], [9]), detectors are used to detect
objects, then traditional natural language modeling tools like
Conditional Random Field ([10]) was used to predict the best
caption for the image.

Although, these methods gave reasonable results,they
wern’t very accurate, since the retrieval-based model used
the pre-existing caption and the template based models were
generally bound by the templates among the training data.

The first use of deep learning for image captioning was
proposed by Kiros et al.([11]) at 2014 where the encoder-
decoder based architecture was introduced. Researchers
mostly used pre-trained CNN to encode the image into a
feature vector, which is then used with a decoder to model
the caption. The decoder network part kept changing among
researchers. Kiros et al.([11]) used a log-bilinear language
model, Mao et al.([12]) replaced the feed-forward neural lan-
guage model with an RNN model. Then, Vinyals et al.([13])
used LSTM for the decoder, and proposed the idea in the
“Show and tell” paper. This paper is used as a baseline by
Xu et al.([14]), in “Show, Attend and Tell” paper, that ap-
plied visual attention to captioning. In this project, we will
mainly focus on Xu et al.([14]) work, since this research
has contributed to the breakthrough in this field. Recently,
Transformer([15]) network are used as decoder([16]) instead
of RNN. Transformer model basically uses Attention for the
main scheme, and it has been widely used in NLP area since
it was introduced. Moreover, there is a very recent work
this year that only uses Transformer even replacing the CNN
encoder network ([17]) for image captioning.

3. DATASET AND FEATURES

We used the MS Common Objects in Context(COCO) [18].
We have specifically worked with the 2014 Train, Valida-
tion, Test images with the corresponding annotations file con-
taining the image caption data. This dataset contains 83K
train images, 41K validation images, 41K test images. We
chose this dataset because it is a well-known, reliable, and
has enough data to train, validate and test.



4. METHODS

Our model uses Encoder-Decoder model. Encoder-decoder
has been used a lot in language modeling. The most pop-
ular encoder-decoder model is a sequence to sequence, or
seq2seq([19]), which is widely used for machine translation
or text summarization. Image captioning can also be de-
scribed as a machine translation from an input image as a
source to a text as a target. The only difference is that the
source is not a language but an image. Our model is vastly
based on [14], and we implemented using the references of
[20], [21], [22], [23], [24] and [25].

4.1. Encoder

The model takes an image as input. In order to get the encoder
output, i.e. the annotation vector a, we use Convolutional
Neural Network (CNN). There are m vectors in a, each of
dimension l: a = {a1, a2, a3, ..., am} where, ai ∈ Rl.

We used transfer learning technique for encoder, i.e. used
pretrained models. In particular, we used pretrained ResNet-
152([26]), WideResNet([27]), and ResNeXt([28]) provided
by PyTorch([29], [30], [31], [32]). Since we need a 2d-feature
vector to calculate the attention, we have removed the last
fully connected layer of the the network as in Fig.1a, then
feed the output to decoder with attention.

4.2. Attention

We calculated Attention based on the annotation vector from
the encoder. First, for the annotation vector a, we calcu-
late the α (weight) using Attention fattn (muilti-layer per-
ceptron): eti = fatt(ai, ht−1), αti = softmax(eti). Here,
the previous hidden state ht−1 is used, which means where to
focus on in the step t is also related to what words have been
generated so far.

Based on the calculated αti, the Attention calculates
the the context vector z, which will be the input for the
LSTM. In our project we used Bahdanau Attention([33])1,
which has been widely used recently, and is calculated as:
zt =

∑L
i αiai.

Since this attention model was introduced, it has been
widely used in encoder-decoder model. Without attention,
the output of the encoder is just one single vector, and it is the
only information that is fed to the first part of decoder. Using
attention, we can also focus on certain part of the input when
we generate the certain word. In our work, we focus on cer-
tain portion of the input image when generating each word.
Where to focus on will be learned by the neural network us-
ing the previous word and the annotation vector. 2

1our reference paper([14]) proposed two methods: stochastic(”hard”) at-
tention and deterministic(”soft”) attention. We chose to use the soft one be-
cause it had better result on the paper

2respond to review: For example, in machine translation, it is natural to
focus on the word ”dog” when we produce the word ”Hund(dog in German)”.

(a) Encoder([34]) (b) Decoder

Fig. 1: Overall Model

4.3. Decoder

We used Recurrent Neural Network for decoder to gener-
ate the result sentence, specifically Long Short Term Mem-
ory(LSTM) network([35]). We pass the values from Atten-
tion layer to the LSTM cell to generate each word(Fig.1b).
RNN has been vastly used in natural language processing
for text generation. It repeats the neural network word by
word, so basically remembers the whole preceding words.
However, as the resulting sentence grows, the model forgets
the first part of the sentence. That is why the LSTM was
introduced. In addition to the memory cell that RNN has,
the LSTM network has an input gate(or sometimes called
update gate), an output gate, and a forget gate. So that the
model can learn how much it needs to forget the words. In
our model, LSTM uses the z value calculated through the
Attention layer previously as input, and the memory and
hidden states are initialized as follows using the annotation
vector from the Encoder: c0 = finit,c(

1
L

∑L
i ai), h0 =

finit,h(
1
L

∑L
i ai). In addition, a method of calculating

output y (the prediction) using values from LSTM is as
p(yt|a, yt−1

1 ) ∝ exp(Lo(Eyt−1 +Lhht +Lz ẑt)), where L’s
and E are learned parameters(initialized randomly).

The total trainable parameters were around 21 million and
it took us about 18 hrs to train on 12GB Nvidia RTX 2080 Ti
and with a batch size of 40. We used a local machine for
training.

So the attention vector is set to high on the corresponding part. Then we use
this attention vector in each step of the decoder together with the original
input to the decoder.



5. EXPERIMENTS, RESULTS, AND DISCUSSION

5.1. Experiments

The hyper-parameters used are as follows:

• Learning rate: The initial learning rate was set to
0.0001. It is generally observed that high learning rate
causes the model to converge too quickly to a sub-
optimal solution, whereas a low learning rate can cause
the process to get stuck. Hence, as mentioned in Xu’s
paper [14], we used an adaptive learning rate using the
Learning rate scheduler function readily available in
PyTorch [29] library.

• Batch size: 35-40 : Since we just had 12GB of GPU
memory and the train images were of high resolution,
a large batch size would overflow the entire memory.
Hence a small batch size in the range between 35-40
was used.

• Epochs: The whole network was trained for 10 epochs,
as the BLEU scores would saturate thereafter.

5.2. Evaluation Metric

The performance of the networks were evaluated using
the BiLingual Evaluation Understudy or BLEU score [36].
BLEU’s output is always a number between 0 and 1. It
indicates how similar the candidate text is to the reference
texts, with values closer to 1 representing more similar texts.
We used 4 types of BLEU scores namely, BLEU 1,2,3 & 4.
The general definition of BLEU-n is a geometric average of
precision over 1- to n-grams in a given reference and gener-
ated sentence. So, BLEU-1 considers single words similarity
whereas BLEU-2 considers two consecutive words as well
as individual words similarity. Similarly for BLEU-3 and
BLEU-4.

For this project we used Python [37] as our programming
language, Pycocotools library [38], COCO dataset’s Python
API, for handling our dataset, and PyTorch [29] to define the
encoder and decoder networks and finally train them.

5.3. Results

Table 1 provides a comparison of BLEU-n scores between
other methods and our three models. It can be seen from Ta-
ble 1 that our model with ResNet-152 as Encoder has out-
performed all the other methods. Also, among our models,
ResNet-152 as Encoder gives slightly better results compared
to WideResNet and ResNeXt as Encoder.

Fig. 2 provides a comparison between training using
Teacher Forcing and without Teacher Forcing with ResNet-
152 as Encoder. It can be seen that training using Teacher
Forcing converges to a significantly higher BLEU-n score as
compared to non-Teacher Forcing training.

(a) BLEU-1

(b) BLEU-2

(c) BLEU-3

(d) BLEU-4

Fig. 2: Comparison of training using Teacher Forcing and
without Teacher Forcing



(a) Attention to specific features

(b) Generated Caption using our model

Fig. 3: Effect of Attention

Model BLEU-n
1 2 3 4

Show & Tell[13] 0.67 0.46 0.33 0.25
BRNN[39] 0.64 0.45 0.30 0.20
Show, Attend & Tell[14] 0.72 0.50 0.36 0.25
Our: WideResNet 0.73 0.53 0.38 0.27
Our: ResNeXt 0.73 0.54 0.39 0.28
Our: ResNet152 0.74 0.54 0.40 0.28

Table 1: BLEU-1,2,3 & 4 metrics compared to other methods

It can be seen from the Figure 3 , the model focused on
a specific part to generate each words on the result sentence.
Attention is most useful when generating words like ”two”,
“giraffe” “grassy”, ”field”, ”trees”, where the focus can be
seen clearly in Figure 3. Instead of using the whole image at
once, by focusing on the most relevant portion of the image,
more accurate results are generated.

6. CONCLUSION

In this project, we implemented image captioning using en-
coder decoder model with attention. We found out from the
experiment that the attention helped generating better caption
for the images. We tried using three different types of pre-
trained encoder, and model with ResNet-152 produced the
best results in terms of BLEU score. This can be attributed
to the fact that ResNet-152 is a deeper network compared to
WideResNet and ResNext, suggesting that deeper is better in

(a) Sample 1 (b) Sample 2

Fig. 4: Sample Images([18])

our case. In addition, using teacher forcing made the results
much better. It is natural for RNNs to converge faster with
teacher forcing and our results corroborates this theory.

[Results for Fig.3] - (a) ResNet-152, (b) ResNeXt
(a) two giraffes are standing in a grassy field with trees
(b) two giraffe standing in a grassy field next to a tree
an adult and baby giraffe walking through a field
both an adult and young giraffe walking in a field
a big giraffe walks with a baby giraffe
a tall giraffe is followed by a small giraffe in brown grass
an adult and a baby giraffe stand gazing over a grassland

[Results for Fig.4a] - (a) ResNet-152, (b) ResNeXt
(a) a man is eating a hot dog in his mouth
(b) a young woman holding a hot dog in her hands
A woman is taking a bite out of a hot dog.
A person with a red hat bites into a hot dog.
The woman is enjoying her very large hot dog.
A person holding a napkin and eating a hotdog.
A young girl eats a large hot dog covered in sauerkraut,

mustard, and relish.

[Results for Fig.4b] - (a) ResNet-152, (b) ResNeXt
(a) a white plate topped with meat and vegetables
(b) a white plate topped with meat and vegetables
A bowl with rice, broccoli and a purple relish.
A plate of broccoli, rice, meat and other vegetables
A bean and corn mixture, rice, and broccoli on a plate
Looking down at a bowl of white rice, broccoli and a vegetable

dish
The meal in the bowl has rice and broccoli in it.

Table 2: Sample Results: Our Result & The Ground Truth



7. CONTRIBUTIONS

Saurabh Mirani: Worked on the Encoder. Worked on the
Decoder (added Teacher Forcing). Also worked on creating
plots, and visualizations
Eunji Song: Worked on the Decoder, debugged and merged
all our codes.
Shiladitya Biswas: Worked on the data-loader and dictionary
building code. Trained the model on the local Machine and
collected the relevent performance data.
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9. REPLY TO REVIEW

9.1. Review from G2

Comments: Group 21 introduced an architecture where
they used CNN as encoders to extract image features and
LSTM and attention layer as decoders to generate sentence
describing the image based on the features, which was first
introduced by Xu in 2015. I personally like how they explain
the model with details and images, which help me to un-
derstand the whole process of the project. The images from
attention layer also explain how this attention works in this
project. To sum up, they did a great job on image captioning.
The slides and presentation are easy to understand.

Some improvements/unclear:

1. I noticed that the best accuracy is around 75% which
I believe is not high enough to appropriately describe
an image. From your results, the accurate description
of the first image should be a knife sitting on top of a
table next to a cup of coffee but the model predicts the
knife as a pair of scissors. What can you do to improve
the performance?

Please refer to Section 5.2 for the evaluation
metric. It’s not the same as accuracy as accu-
racy doesn’t make sense in sentences. The most
important is the BLEU-4 score. To give an idea
of the performance of our model, the BLEU-
4 score of a human is around 22. Refer Show
and Tell [13] where they have compared their
model with human BLEU-4 score. However,
this doesn’t mean that our model is better than
humans for any given image, since the model’s
dictionary is limited to the words that exist in
training set.
Regarding the difference between knife and
scissor, not that these two items actually look
pretty similar when viewed from sideways,
hence the model made an error. To improve
we tried different Encoder networks and found
that ‘ResNeXt’ gave us the best result. This
signifies the importance of the encoder net-
work. Previously, with ResNet152 the caption
generated didn’t make much sense, but with
‘ResNeXt’ the caption generated was ‘a cup of
coffee sitting on top of a table’
We currently are not training the Encoder
network but use pre-trained weights, hence
another approach would be to fine-tune
the Encoder network in our model which
wouldn’t have been possible in the given time-
frame. Recently people have started using

“Transformer([15])” and use Transformer even
replacing the CNN encoder network ([17]).
However, we are not fully familiar with this
Transformer network and implementing this
could be a new project to start with in the fu-
ture.

2. The accuracy curves seem to saturate after around 5
epochs. I believe your model stops learning much after
the first few epochs. Can you improve the model so that
it will continue learning from the data, which may also
help the performance?

As we mentioned earlier, we tried using more
complicated encoder model. Because images
have very complex information, we thought
that the model will continue learning from the
data when the model has more information
about the image.

3. Since the decoders use an existing dictionary to gener-
ate sentences describing the images, maybe you can try
a larger dictionary which may include more words so
that it will generally help describing more images.

We used fairly large dataset for training, the
MS COCO. It contains quite large vocabulary.
Simply adding new words to our dictionary
wouldn’t make sense since the model wouldn’t
know how to use those words. So we would
have to generate captions on our own in order
to expand our dictionary which is beyond the
scope of this project. In addition, our result
did not show unknown tag ,i.e. < unk > that
much, so we do not think enlarging vocabulary
is a good idea to get a result with good perfor-
mance.

4. Did you try any other metric for the accuracy?

BLEU is a metric that is most commonly used
in text generation or machine translation. Our
work is basically generating new sentence from
scratch so traditional metrics such as F1 would
not work well. We did use the loss value while
training to see if the model is learning. We
can also try ROUGE, which is also widely used
in text generation, however, ROUGE is more
about recall whereas BLEU is more about pre-
cision. We wanted to focus more on precision.



In order to overcome using just one metric, we
used four different kinds of BLEU. i.e. BLEU-
1,2,3,4. These four metrics basically measures
different characteristics of the results because
BLEU-1 looks at only one word precision, but
BLEU-4 also looks at precision of four consec-
utive words.

9.2. Review from G10

Comments: Team outlined the background and literature
review well. It was clear as to why this problem needed to
be addressed and how ML/DL could solve it. The model was
explained well, and the team clearly stated which parts were
done by scratch and which were pretrained. Visuals made the
presentation easy to digest.

Some improvements/unclear:

1. Could have explained the choice of loss function and
elaborated on the training process. Basically, what loss
function did you use and why? What metrics are used
for this space and why?

We used Cross Entropy Loss because we aim
to minimize the loss, and we used Adam opti-
mizer because this is known to work well. We
did not mention this on the presentation or on
this report because we think this is too trivial to
put in a limited space.

2. Many of the terms used in the presentation are specific
to this problem - elaborate to make the presentation ac-
cessible for a wider audience. Such as, what are LSTM,
RNNs, attention, etc. in detail

Explained LSTM and Attention in more detail
in this report. We did not explain RNN in detail
because it is too trivial to explain in a limited
space.

9.3. Review from G13

Comments: This project tries to use deep learning methods
to resolve image captioning problem. They introduce the
encoder decoder model and the details of the model. Their
slide and video introduce each part of the model concretely.

Some improvements/unclear:

1. They can use some non DL methods to resolve this
problem and compare the performance of non DL and
DL.

The sample results of the retrieval based
method and template based method are already
given in the presentation. As we explained ear-
lier in the presentation and in this report, non-
DL method is bounded by the pre existing cap-
tion or the given template, can not generate the
new sentence that fits specifically to the input
image. Instead, we compared with other meth-
ods that also use DL.

2. They can introduce other methods that can resolve the
image captioning problem. T he accuracy seems not
high enough.

(Same answer to the first critique by G2 applies
here too.) Please refer to Section 5.2 for the
evaluation metric. It’s not the same as accuracy
as accuracy doesn’t make sense in sentences.
The most important is the BLEU-4 score. To
give an idea of the performance of our model,
the BLEU-4 score of a human is around 22. Re-
fer Show and Tell [13] where they have com-
pared their model with human BLEU-4 score.
However, this doesn’t mean that our model is
better than humans for any given image, since
the model’s dictionary is limited to the words
that exist in training set.
Regarding the difference between knife and
scissor, not that these two items actually look
pretty similar when viewed from sideways,
hence the model made an error. To improve
we tried different Encoder networks and found
that ‘ResNeXt’ gave us the best result. This
signifies the importance of the encoder net-
work. Previously, with ResNet152 the caption
generated didn’t make much sense, but with
‘ResNeXt’ the caption generated was ‘a cup of
coffee sitting on top of a table’
We currently are not training the Encoder
network but use pre-trained weights, hence
another approach would be to fine-tune
the Encoder network in our model which
wouldn’t have been possible in the given time-
frame. Recently people have started using
“Transformer([15])” and use Transformer even
replacing the CNN encoder network ([17]).
However, we are not fully familiar with this
Transformer network and implementing this



could be a new project to start with in the fu-
ture.


