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EXECUTIVE SUMMARY 

OBJECTIVE 

TextCycleGAN (TCG) is a new image captioning framework on a cyclical generative 
adversarial network (CycleGAN) foundation. This effort seeks to explore the performance of 
various CycleGAN and conditional GAN architectures to construct the TCG image 
captioning software package. 

METHODS 

The final year of development for TCG focused primarily on tuning the algorithm to ensure 
optimal performance. The effort focused on the following: 

 Varying rates of generator and discriminator training 

 Inclusion of teacher forcing strategies from natural language processing literature 

 A new custom joint conditional and unconditional discriminator for text generation 

CONCLUSIONS AND RECOMMENDATIONS 

In this report, we have outlined changes and the progress made as a result. We have 
shown TCG’s struggles in learning both image captioning and image synthesis; problems 
that indicate a need for a second look at core components of the architecture. TCG, as of 
the writing of this report, will be put on hold until further funding is acquired. Possible 
modifications have been outlined for TCG’s future when it is revisited. These changes will 
pave the way for TCG to becoming a robust image captioning framework. 
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ACRONYMS 

CNN convolutional neural network 

CycleGAN cyclical generative adversarial network 

GAN generative adversarial network 

MSCOCO Microsoft common objects in context 

LSTM long short-term memory 

RNN recurrent neural network 

SOTA state-of-the-art 
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1. INTRODUCTION 

In [1] and [2], we have thoroughly discussed TextCycleGAN (TCG): an image captioning 

framework based on cycle-consistent generative adversarial networks (CycleGANs). A robust image 

captioning framework can assist with image search and information retrieval by providing automatic 

and detailed descriptions of imagery. This report is focused on the final year of TCG’s effort. Majority 

of the changes we have made to TCG’s methodology and results have previously been documented in 

our SPIE manuscript [3]. We will once more discuss these changes and results here with respect to 

additional modifications and analysis. The rest of this paper is organized as follows. Section 2 provides 

a quick review of TCG’s architecture as has been previously described in [3] and lists modifications 

made during FY21. Section 3 will discuss TCG’s final state, results, and potential modifications that 

can be made to TCG to ensure ideal performance. Concluding remarks can be found in Section 4. 

Please note that the background section has been omitted since this information has been thoroughly 

discussed in [1], [2], and [3]. 
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2. ALGORITHM MODIFICATIONS 

2.1 TEXTCYCLEGAN ALGORITHM OVERVIEW 

Using CycleGAN as a foundation, TCG can be broken down into two major components: the image 

caption GAN and the image synthesis GAN. A loss to calculate cycle consistency helps merge training 

between these two blocks, but this has been covered in detail in [2] and [3]. A visual overview of TCG 

is included in Figure 1. Both GANs can be further dissected into a generator and discriminator network. 

TCG’s image caption generator is based on the Show, Attend, and Tell architecture as defined in [4] 

and utilizes a Gumbel-Softmax from [5]. For sentence prediction, an image is input into a 

Convolutional Neural Network (CNN) feature extractor. The output from here is then feed into the first 

cell of a LSTM and attention layers linked to every cell of the LSTM. A Gumbel-Softmax is applied 

to the output of the final activation of each LSTM cell for smoothing, which can then ensure 

backpropagation on the caption generator. The image caption model diagram can be found in Figure 

2. 

The image synthesis generator and discriminator use the StackGAN++ architecture as a base [6]. 

Figure 3 contains a diagram of its full implementation. Simply, StackGAN++ first transforms a 

description, or caption, input into an embedding known as a conditioning augmentation. This is then 

passed to an upsampling layer for generating an initial low resolution image, which is then used in 

conjunction with the conditioning augmentation to generate higher resolution imagery. Additional 

stacks can be applied to increase image resolution. A joint conditional and unconditional discriminator 

makes judgements on each image generated. The image caption discriminator also utilizes this joint 

conditional and unconditional discriminator. Further discussion on this discriminator is in Section 2.5. 

 

Figure 1. High-level TCG architecture. We utilize cycle-consistency on sentence embeddings and 
image features where function A is the image captioning process and function B is the image 
generation process. 

2.2 WORD AND SENTENCE EMBEDDINGS 

TCG utilizes sentence embeddings for both GANs. This is a vectorized representation of each 

sentence. As discussed in the [2] and [3], skip-thought embeddings were primarily used for TCG’s 

sentence embedding [7]. We have since moved away from using these embeddings for sentence 

comparison and have opted for a more direct comparison between captions by calculating a cross 

entropy loss between the predicted and actual captions as is done in [4]. This steps away from our 
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initial desired objective of comparing captions in the feature space, but this alternative 

implementation was used to mitigate issues in training that we had observed in previous years. 

2.3 GAN TRAINING TECHNIQUES 

In FY21, we adopted alternative training strategies for TCG to assist with learning. These 

strategies and their results are further detailed in [3]. The first modification here was to train each 

GAN individually. This  would be for pretraining the GANs to assist the full CycleGAN with 

training and converging. [8] applied a similar approach by pretraining their caption generator and 

then using the pretrained model for training the full architecture. When testing, we discovered a 

phenomenon shown in the left plot of Figure 4: the loss is monotonically increasing. A common 

issue seen with GANs is known as generator and discriminator balancing [9]. There can be instances 

when the discriminator becomes to proficient at the task and overpowers the generator. A typical 

strategy here is to delay the discriminator’s updates. The right plot of Figure 4 shows the effect of 

reducing discriminator updates from every epoch to every ten epochs. Although the error decreased 

and stayed consistent, the generator loss was still high and caption generation did not improve. 

2.4 TEACHER FORCING 

Teacher forcing is a strategy common to the image captioning field. We adopted the implementation 

utilized in [4] to give caption generation the added edge to improve caption generation. This approach 

will take words from the target caption, or true caption, to replace the word predicted from the current 

LSTM cell at a defined rate. The word from the target caption is then propagated to the next cell of the 

LSTM. This can occur for any of the LSTM cells. As the name implies, the intuition is to force the 

caption generator captions that are similar to the target. This approach typically assists with 

backpropagation issues with caption generation, which have been previously outlined in [1], [2], and 

[3]; however, teacher forcing here is used to give the caption generator an added boost. At first, we 

saw what looked to be improvement as shown in Figure 5. This particular example was concerning for 

two reasons: (1) captions are exactly the same and (2) generator loss was still above 10. Other instances 

showed less of an extreme similarity between the captions, but still had a similar error. 



 

5 

 

Figure 2. Image captioning model as inspired by [4] and [5]. Convolutional features are input to the 
LSTM to generate a sentence. A Gumbel Sampler obtains soft samples from the softmax, thus 
allowing backpropagation. 

 

2.5 JOINT CONDITIONAL AND UNCONDITIONAL DISCRIMINATOR 

As discussed earlier, both caption and image GANs use the joint conditional and unconditional 

discriminator (JCUD) from [6]. No modifications were made to the JCUD for the image discriminator, 

but there were for the caption discriminator to also help improve learning. Originally, a fully connected 

layer and an activation were used to infer real or fake on a caption embedding. It is now changed to an 

LSTM architecture similar to what [8] uses for its own caption discriminator. [8]’s full image discriminator 

uses a full dot product between the final output from the full LSTM chain on a caption input and the 

output of a CNN feature extractor on an image input. Our approach uses only the final output of this 

full LSTM chain and an activation layer to label the caption as real or fake. This change, however, also 

showed no improvement. A full diagram of the JCUD is displayed in Figure 6. The block with the fully 

connected layer is what was swapped for the LSTM. Further testing with both architectures is still 

beneficial. 
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Figure 3. StackGAN++ framework as described in [6]. 

 

 

 

- The left plot shows the change in generator loss per epoch using a standard update per epoch for both generator and 
discriminator. The right plot shows the effect on the generator loss when update rate for the discriminator is reduced to 
every ten epochs. 

Figure 4. Plots showing the effect of delaying discriminator weight training on generator loss.  
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3. DISCUSSION 

The TCG effort has been put on hold until further funding can be acquired. Our current endeavors 

have shown little to no improvement, which is indicative of a flaw inherent within the implementation. 

Specifically, efforts such as [8], [6], and [5] highly suggest this approach is possible, but further 

modifications and changes in strategy need to be made to improve the network’s learning capability. 

This includes approaches to redefine loss optimization and calculation and modify the core unit of 

caption generation. [8] and subsequent references use a reinforcement learning approach to assist with 

sequence learning on captions in a GAN setting.  

By using the discriminator’s output as a reward and network weights as parameters that can be 

modified using policy updates, this approach can effectively supplement or replace backpropagation. 

Incorporating this approach into our methodology may help improve our architecture. Alternatively, 

moving away from LSTMs to transformers would also be beneficial. As shown in [4], transformers 

can perform better than the traditional LSTM and can easily be parallelized to speed up learning. 

Lastly, [9] has shown that the Wasserstein, or earth mover, distance function can mitigate issues we’ve 

found with generator and discriminator balancing. It is clear that TCG currently is struggling to learn, 

but there definitely is room for improvement. 
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4. CONCLUSION AND FUTURE WORK 

TextCycleGAN is a image captioning framework based on the CycleGAN architecture. In this 

report, we have outlined changes and the progress made as a result. We have shown TCG’s struggles 

in learning both image captioning and image synthesis; problems that indicate a need for a second look 

at core components of the architecture. TCG, as of the writing of this report, will be put on hold until 

further funding is acquired. Possible modifications have been outlined for TCG’s future when it is 

revisited. These changes will pave the way for TCG to becoming a robust image captioning framework. 

 

 

Figure 5. An example of a generated caption using teacher forcing. 

 

Figure 6. The simplified version of the new JCU discriminator for both image captioning and 
synthesis is above. 
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