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Abstract

We explore the DCGAN model and stable diffusion
model to implement text-to-image generation. We imple-
ment, train, and test both models’ by using the CLIP ViT-
B/32 model to implement the text embedding. We trained
the DCGAN and the stable diffusion models on the MNIST
dataset and used the string representation of digits 0-9 as
text input. Moreover, we chose the inception score model
inceptionv3 as a metric to evaluate the performance of mod-
els. Finally, we find the DCGAN model image quality per-
formance is better than the stable diffusion models but the
diffusion model can outperform the DCGAN model in time
efficiency. In future work, we plan to extract the discrimi-
nator of the DCGAN model to the stale diffusion model to
improve the denoising process performance.

1. Introduction

The text-to-image generation involves both natural lan-
guage processing and computer vision. A successful text-
to-image generation model converts writing language into
images that correspond to the written context. This can
be very effectively in helping people understanding textual
concepts through images. Furthermore, artists and design-
ers can also use this tool to present their ideas and creativity.
Finally, text-to-image generation can be the foundation for
implementing other Al drawing processes like Dalle2 and
Imagen.

1.1. Related Work

Since 2015, when the diffusion model [I] was intro-
duced, text-to-image generation has shown immense poten-
tial and growth. With the development of deep learning and
associated hardware advancements, the training of deeper
neural networks and more advanced architectures of neural
networks have led to the performance of text-to-image gen-
eration to further improve. One important method for gen-
erating images is GAN (Generative Adversarial Nets) [2],
which was introduced in 2014. The diffusion model has
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been gaining widespread usage and popularity since its in-
troduction in 2015 due to its superior performance across vi-
sion tasks as well as stability when training [1] [3]. As two
often used models in image generalization, both the GAN
and diffusion models have their advantages and disadvan-
tages. One of the most popular models now, Stable Diffu-
sion is based on the diffusion model and has been show-
ing great promise. Similar research has been conducted
in 2022, researchers compared multiple methods for image
generalization and different fundamental formulations in-
cluding DDPMs, SGMs, and Score SDEs [4]. Moreover, in
2023, a method was introduced by Luca Guarnera, Oliver
Giudice, and Sebastiano Battiato to discriminate between
the image generated by GAN or by diffusion model [5]. As
the two methods both show powerful abilities in generating
the image, there are also some approaches trying to combine
these two models. Researchers introduced a combination
Diffusion-Gan in 2023 [6], which trains a diffusion model
with GAN. This model uses the diffusion model to generate
noise and utilizes the noise to train the GAN model, which
can train the diffusion model without requiring a costly re-
verse diffusion chain. In addition, the advent of classified
guidance and classifier-free guidance for diffusion models
further motivates our exploration of “mixture” models.

1.2. Proposed Approach

We explore the DCGAN model [7] and stable diffusion
model to implement the text-to-image generation process.
The DCGAN (Deep Convolutional Generative Adversar-
ial Networks) can improve the stability and performance
of normal GAN training. We implement the original DC-
GAN paper’s generator and we use a binary classification
as discriminator. In contrast, we also use the stable diffu-
sion model [8] to implement the text-to-image generation
process. We chose the U-net model [9] to generate images
in the stable diffusion model and modify these models to be
capable of our requirements. Then we use CLIP [10] ViT-
B/32 model to implement the text embedding process for
both models. In this process, these text embeddings will be-
come the conditional signs to control related image output,



so we add the cross-attention with intermediate layers into
the stable diffusion model. In the MNIST dataset [11], we
use numbers 0 to 9 as text input and generate related images.
In the experiment process, the DCGAN model and stable
diffusion model both generate reasonable results. The DC-
GAN model can generate clearer and less noisy images than
the stable diffusion model. Based on the inception score of
models [12], we find the DCGAN model performance is
better than the stable diffusion model. We also plan to use
the DCGAN discriminator model to add to the stable diffu-
sion model in the denoising process to improve the model
performance. Based on our experiment, we achieved our
primary goal and explored the cutting-edge model in the
text-to-image generation field.

2. Method
2.1. Stable diffusion model

The stable diffusion model is an improved version of the
diffusion model, which originated from non-equilibrium
thermodynamics and defines the image-generating pro-
cess as forward and backward Markov processes. The
stable diffusion model improves the speed of the dif-
fusing model by using a compressed latent space in
the forward process instead of the original image. Fig-
ure | indicates the diffusion model architecture. We
use the conditional diffusion model to implement the
text-to-images model. Kreis, Gao and Vahdat indicate
po(zor|e) = p(xr) [T;—; po(xs—1|zs, ). This is the prob-
ability distribution of generating a sequence of data points
zo.7. The HtT:I po(z—1|x¢, €) is the product of conditional
probabilities across all timesteps from T to 1, representing
the reverse diffusion process. For the forward process,
po(Ti-1l|z¢, ) = N(x_1; po(wy,t, C)?ZQ(xtvtvc))
where p9 and ), are the mean and covariance pre-
dicted by the model for the next time step.  The
objective function is Lg(zolc) =  E¢[Lr(zo) +
>ts1 Drr(q(@e—1|ze, 20))|[po(zi—1|2t, €) -
log pg(xo|x1,¢)]. The Lr(xp) is a likelihood term
for the data at the final timestep.

2.1.1 Time Embedding for Neural Network Integra-
tion

To ensure that the neural network captures temporal depen-
dencies adequately, we use the time embedding technique.
Instead of providing the network with a single linear time
value, we express time as a combination of sinusoidal fea-
tures. This enables the network to better respond to changes
in time, facilitating the learning of a time-dependent score
function s(z, t). This process gradually adds noise to an im-
age over a series of steps (forward process) and then learns
to reverse this process to generate new images (reverse pro-
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cess). The time embedding tells the model how much noise
was added at each step so it can learn to correctly reverse the
process. Figure 2 indicates the forward and reverse process.

2.1.2 Defining the U-Net Architecture

We employ a U-Net architecture to approximate the score
function and generate images. The U-Net structure is
adapted to include time-dependent components and text-
embedding, allowing the network to effectively capture fea-
tures at different spatial scales. The Figure 3 indicates the
basic U-net model architecture. We modify this model to
accept the time embedding and text embedding.



Encoding and Decoding Layers The U-Net architecture
consists of encoding and decoding layers. These layers
involve convolutional and transposed convolutional opera-
tions, respectively, to handle feature extraction and genera-
tion. In this process, these layers of the U-Net allow it to be
effectively aligned with the text and generated images.

Activation Functions and Normalization The architec-
ture incorporates the swish activation function and
v Var[z]+e
the expressive power of the neural network. The e value is
0.00001.

R
14+e— Bz

group normalization y = * v + [ to enhance

Normalization and Output The final output is normal-
ized by the standard deviation of the perturbation kernel,
ensuring the generated images adhere to the desired distri-
bution.

2.1.3 Alternative U-Net Architecture

Additionally, an alternative U-Net architecture is presented,
highlighting variations in skip connection strategies. The
choice between concatenation and addition of tensors from
the down blocks allows for flexibility in the network’s rep-
resentation. The Figure 3 indicates the original U-net con-
catenation parts. Based on this process, we explore new
skip connection strategies in the experiment.

Skip Connection Strategies Two strategies for skip con-
nections are explored: concatenation and direct addition of
tensors from the down blocks. The impact of these strate-
gies on model performance is an avenue for further investi-
gation.

Activation Function and Normalization Similar to the
primary U-Net architecture, the alternative model employs
the swish activation function and group normalization for
effective feature learning.

2.1.4 Cross Attention Models

Word Embedding of Digits This section introduces the
concept of word embedding for digits 0-9. In this model,
we use an embedding layer to map digit indices to vectors.
We add these text embedding into the stable diffusion model
to generate related images.

Attention Layer Implementation In the stable diffusion
model, we implement the cross-attention layer to connect
text-embedding and generated images. The cross-attention
layer includes the self-attention technique, which indicates
the computation of query (Q), key (K), and value vectors

(V), as well as the attention distribution and weighted av-
erage of value vectors. The self-attention can be described

as Attention(Q, K, V) = %V. The text embedding
will replace K and V in this progress. Cross-attention al-
lows text embedding to interact with generated images and
find out what they should pay more attention. Cross cross-
attention layer is the most important part of the conditional
model. In this case, we can use the semantic map, full text,
representations, images and other conditionals to generate

related images, like Figure 1.

2.1.5 U-Net Transformer

Transformer Block In the transformer block, we com-
bine the cross-attention layer and feed-forward process.
The block includes layer normalization and a two-layer
MLP with a GELU nonlinearity. It can be represented as
GELU(x) = x % ¢(x), where ¢(z) is the cumulative dis-
tribution function for gaussian distribution. In practice, we

use GELU (z) = 0.5xx% (1+Tanh(\/g* (x+0.044715x

23))). Moreover, the U-Net transformer represents a time-
dependent score-based model built upon the U-Net architec-
ture with added attention layers. The architecture includes
encoding and decoding paths, skip connections, and Gaus-
sian random feature embeddings for time.

2.2. DCGAN model

We use the deep convolutional GAN model by con-
structing and training the two major components: genera-
tor and discriminator. In addition to these two main mod-
els, we use CLIP ViT-B/32 model to construct the text
embedding. In the DCGAN model, we use the text em-
bedding to the generator and discriminator. The genera-
tor model can use text embedding to generate related im-
ages. The discriminator will try to distinguish whether
the image is real or fake. We expected the generator
could fool the discriminator, in this case, the generator
can generate realistic images. The generator is G(z,t;6,)
and the descriptor is D(x,t;6,) where t is the text em-
bedding. In this case, the objective function of DC-
GAN model can be described as mingmazpV(D,G) =
Eppoio() l0gD(x[1)] + B,y log(1 — D(G(]t)))]. Fur-
thermore, we also can describe the generator loss func-

tion Lg = —E.,_(z)[log D(G(z))] and discriminator loss
function Lp = —Ey (o) [log D(2)] —E.p. () [log(1 —
D(G(2)))].

2.2.1 Generator

We use the original DCGAN paper model to implement the
generator similar to that represented in Figure 4 The gen-
erator architecture consists of a series of transposed con-
volutional layers, gradually increasing the spatial resolu-
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Figure 4. DCGAN Generator Model
[7]

tion. Each transposed convolutional layer is followed by
batch normalization and ReLU activation, except for the
output layer, which uses a hyperbolic tangent (Tanh) acti-
vation function. We modified this original model to be ca-
pable of our experiment requirement. In addition, we add
the text embedding to the generator to control the final out-
put images. We concatenate the generated images and text
embedding, then we add this new image to the DCGAN
generator model. We use ConvTranspose2d, BatchNorm?2d,
ReLU and Tanh to construct the generator model. Further-
more, we will pass the generated images to the discrimina-
tor. The generator will produce more realistic and related
images after training.

2.2.2 Discriminator

The discriminator takes as input an image (x) and a text em-
bedding (text). It is a binary classifier to distinguish whether
real or fake (i.e. model generated). We use the text embed-
ding in the discriminator as a condition. In this case, it can
help the discriminator better distinguish between real and
fake images. The discriminator not only distinguishes be-
tween generated or real images, but also determines whether
the number generated in the image matches that in the tex-
tual context. The discriminator architecture consists of a se-
ries of convolutional layers, gradually decreasing the spatial
resolution. Each convolutional layer is followed by batch
normalization and LeakyReLU activation. The text embed-
ding is processed separately through the Embedding model
and then concatenated with the features extracted from the
image. The combined features are processed through a final
convolutional layer followed by a sigmoid activation func-
tion to obtain the discriminator’s output, indicating the like-
lihood of the input being real or fake.

During training, the generator aims to produce realistic
images to fool the discriminator, while the discriminator
aims to correctly classify real and generated images. The
generator is trained to maximize the likelihood of the dis-
criminator being fooled, while the discriminator is trained
to correctly classify real and generated samples. The GAN
is trained using a combination of adversarial loss and pos-

sibly other auxiliary losses (e.g., text embedding consis-
tency).

The models use hyperparameters such as noise_dim,
embed_dim, and embed_out_dimto control the dimen-
sionality of noise and embeddings. The choice of archi-
tecture and hyperparameters is likely motivated by experi-
mentation and fine-tuning to achieve good performance on
a specific dataset.

The performance of the GAN can be evaluated using
metrics such as Inception Score, Frechet Inception Distance
(FID), or visual inspection of generated samples. The GAN
might be trained on a specific dataset, and the evaluation
results could be presented to demonstrate the quality of the
generated samples compared to real ones.

2.3. Training and Evaluation

The models are trained using a combination of adver-
sarial loss and potentially auxiliary losses for text embed-
ding consistency. The choice of hyperparameters, dataset,
and training procedures are crucial factors influencing the
model’s performance. Evaluation metrics such as Inception
Score, Frechet Inception Distance (FID), and visual inspec-
tion of generated samples were considered as methods for
evaluating the performance across models. Inception Score
was employed to assess the quality of the generated images.

3. Experiments
3.1. Dataset

We chose the MNIST dataset [1 1] as the training dataset
rather than gathering data by ourselves. This dataset con-
tains 60,000 training images and 10,000 testing images of
handwritten digits from O to 9. In this dataset, each image
pixel size is 28 x 28 with 1 channel. In the process of im-
age generation, we utilize the labels as string inputs for the
CLIP model.

3.2. Stable Diffusion Model

In the training process, we use A100 GPU to train 100
epochs in the stable diffusion model and each batch size is
1024. Furthermore, We choose the Adam optimizer with
a learning rate of 0.0001. The stable diffusion model loss
function can be described as L = E[||score + std(t) +

z||%], where std(t) = ,/ %g?;). Figure 5 shows the stable
diffusion model loss trend. In the forwarding process, we

set the time step as 250.
3.3. DCGAN Model
3.3.1 Discriminator Model

We use adam optimization for both the generator and dis-
criminator model. They both have a learning rate of 0.0002
and the beta coefficient for averages of gradient and square



is 0.5 and 0.999. The discriminator model will accept im-
ages and text embedding as input parameters. The first out-
put is similar to a normal GAN discriminator. This out-
put represents the feature representation of the image as
extracted by the discriminator’s convolutional layers. The
second output concatenates the primary output and text em-
bedding, then the discriminator will use convolutional lay-
ers to indicate the probability that the given image-text pair
is real. In the training process, we will use real images and
related text embedding to get the real image features and
text-related image features. Then we can get the BCE loss
with real images and real labels. In contrast, the discrimi-
nator also will get the BCE loss with fake images and fake
labels. Then we add the D,..q; loss and D4 loss to get
the final discriminator loss.

3.3.2 Generator Model

The generator model uses random noise and text embedding
to generate images. In this process, we use the generated
images and real labels to get the BCE loss. Then we use the
L1 loss to compare the fake images with real images. We
also use L2 loss to compare the discriminator’s real image
features and fake image features. We add the BCE loss,
L1 and L2 loss to get the final generator model loss. We
expected the generator would produce realistic images and
the discriminator would not distinguish the real images and
generated images.

3.4. Result and Discussion

In our experiment, we train the DCGAN model and sta-
ble diffusion model which both can generate reasonable
hand-written images. However, there are also some notable
differences between these two models.

One difference between the two models is the time in-
volved in training. In our experiment, the learning speed
of the stable diffusion model is much faster than that of
the DCGAN model. Because of the generating process,
the DCGAN model must spend time on both discrimination
and generation, which is usually a costly process. Espe-
cially when the images are relatively simple, which keeps
the backward process in the diffusion model easy to com-
pute, the learning speed of the stable diffusion model can
outperform the DCGAN model.

In the DCGAN model, because of the multiple mod-
els, the hyper-parameter tuning is more challenging. Our
finding are consistence with those found in 2016, when
researchers concluded that finding Nash equilibria in the
GAN models is a very difficult problem [12]. In sum-
mary, the DCGAN model is both quantitatively and qual-
itatively more challenging due to the instability involved
with finding an equilibrium convergence between the mod-
els involved. As a more straightforward model, the gradi-
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Figure 5. Comparison of Loss Convergence Over Epochs

ent descent process in a stable diffusion model is more sta-
ble. For diffusion models, fewer hyperparameters involved
means less time spent tuning these in order to find an opti-
mal setting that enables the model to perform well.

From figure 5, we see the loss decrease as the number
of epochs increases. The Diffusion Model has a loss that
is monotonically decreasing. The loss decreases the most
during the first 10 epochs and then decreases slowly. On the
other hand, the DCGAN Model more gradually decreases
with a large variation in terms of concavity of the loss over
epochs. While there is a general downward trend associ-
ated with the convergence of the model, overall, the loss
curve of the GAN model is much more volatile. This may
be caused by a number of factors including mode collapse,
vanishing gradients, mismatched learning rates, and other
hyperparameter initialization. Mode collapse is a common
issue in training GANSs, including DCGANs. Mode col-
lapse occurs when the generator produces a limited diver-
sity of samples, leading to a single mode in the distribution
of the generated samples. This can cause the discrimina-
tor to become too confident in its predictions, leading to a
decrease in the loss of the discriminator and an increase in
the loss of the generator. This can result in a loss curve
that is not monotonically decreasing. In terms of vanishing
gradients, if the learning rate is too high, the gradients may
vanish during backpropagation, causing the model to fail to
learn effectively. If the learning rates for the generator and
discriminator are not matched properly, the generator may
be too powerful or too weak compared to the discrimina-
tor. These can both individually and collectively lead to a
loss that does not decrease over epochs. The initialization
of the weights in the network can significantly affect the
training process. If the weights are not initialized properly,
the network may not be able to learn effectively, leading to
a loss that does not decrease over epochs. The batch size
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inator

used for training can also affect the loss. If the batch size
is too small, the estimates of the gradients may be noisy,
leading to a loss that does not decrease over epochs. To
address these issues, we tried various different weight ini-
tialization strategies, adjusted the learning rates, and used
different batch sizes.

We add noise to the DCGAN discriminator model as the
first step of determining whether it can be used in conjunc-
tion with the diffusion model for classified guidance. These
results were measured for the images with Gaussian noise
with standard deviation 0.1. We see from 7 that qualita-
tively the numbers are much more difficult to decipher. This
takes inspiration from classifier guidance methods for dif-
fusion models [16]. Our findings, however, were consis-
tent with popular literature at the moment which leans to-
wards classifier-free guidance as it applies to diffusion mod-
els [17]. When we used the noised image embedding with
CLIP, we found that the model loss actually increased for
the first approximately 10 epochs until it finally started to
decrease as we can see through Figure 6. With the noise,
the model seems less stable with the loss values not de-
creasing to the same levels as we saw as the baselines. If
we were to apply this in the diffusion setting, we predict
that the training process would be less stable and the model
would perform worse, confirming some of the drawbacks of
classified guidance.

Based on our experiment, we achieved our primary goal
and explored the cutting-edge model in the text-to-image
generation field.

Figure 8 shows the result of generating images by the dif-
fusion model. For each number from 0 to 9, we generate ten
examples using the MNIST-trained Diffusion Model. There
were 250 steps involved with generating the image for each
digit, which were then concatenated together to compose
the final 10x10 image. Qualitatively, most generated digits
are coherent and can be distinguished as well as differen-
tiated without much prior knowledge. There are a number

Figure 7. Model Output for Noisy Input Embedded Discriminator
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Figure 8. Examples of digits 0-9 generated based on the MNIST-
trained Diffusion Model

of examples, however, in which similar digits appear under
a row that does not correspond to the digit it is represent-
ing. For example, the ninth digit in the third row can also
be interpreted as an eight. We see that as we increase the
number of generation steps, the qualitative quality of the
digit images improves. Moreover, the Inception Score eval-
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Figure 9. Examples of digits 0-9 generated based on the MNIST-
trained DCGAN Model

Model ‘ Inception Score Standard Deviation
DCGAN 2.24 0.086
Diffusion 1.51 0.134

Table 1. Comparing the performance across models based on the
Inception Score metric.

uation metric that we use only differentiates between real
and fake images valid output images that may not match
the expected output class would not be as highly penalized.
Qualitatively, we see that some of the generated images are
incomplete and have some noise in the background 8.

Figure 9 represents the DCGAN model final output from
numbers 0 to 9. This image shows no noise in the back-
ground and many generated digits quality is better than the
stable diffusion model. However, some numbers are still
incomplete, for example, the last number 2.

The table | represents the inception score between the
DCGAN model and diffusion model. We use the inception
score model inceptionV3 as the metric to evaluate the model
performance. In this case, the DCGAN model performance
is better than the stable diffusion model.

4. Conclusion

In this project, we test and compare the two text-to-
image generation models, the DCGAN model and the stable
diffusion model. They both can be used to generate rea-
sonable images but also have differences. Our experiment
shows that the stable diffusion model is a more efficient way

of image generation but poor image quality. The DCGAN
model can generate a better quality number of images but
this model is difficulty in adjusting parameters. We use the
inception score to evaluate the performance of the model.
In this progress, the DCGAN model can generate better im-
ages than the stable diffusion models. To improve the per-
formance of models, we can combine the stable diffusion
model and the DCGAN model advantages to implement the
text-to-image model, for example, we plan to extract the
discriminator of the DCGAN model to the stale diffusion
model to improve the denoising process performance in the
future.
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