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Abstract. In recent years with the rise of deep learning, there has been a major revolution in
image generation technology. Deep learning models, especially the diffusion model. have
brought about breakthrough progress in image generation. Various deep generation models have
recently demonstrated a wide variety of high-quality sample data patterns. Although image
generation technology has achieved remarkable achievement. There are still challenges and
issues, such as quality control in generated images. In order to improve the robustness and
performance of diffusion model in image generation, an enhanced diffusion model based on
similarity is proposed in this paper. Based on the original diffusion model, the similarity loss
function is added to narrow the semantic distance between the original image and the generated
image, so that the generated image is more robust. Extensive experiments were carried out on
the MINIST dataset, and the experimental results showed that compared with the other
generation models, the enhanced diffusion model based on similarity obtained the best scores of
1S=31.61 and FID=175.21, which verified the validity of the similarity loss.

Keywords: diffusion model, handwritten digit, similarity loss, generation.

1. Introduction

Image generation refers to the process of using artificial intelligence technology to generate images in
single mode or cross-mode according to given data. According to different task objectives and input
modes, image generation mainly includes image composition, image-to-image generation based on
existing images, and text-to-image generation based on text description [1]. It is widely used in graphic
design, game production, animation production and other fields. In addition, image generation also has
great application potential in medical image synthesis and analysis, compound synthesis and drug
discovery. Therefore, image generation has attracted more and more researchers' attention.

In order to realize image generation, many efficient generation models have been developed in recent
years, such as generative adversarial model and autoregressive generation model [2]. Generative
adversarial network (GAN) is the mainstream image generation model of the last generation. GAN
continuously improves its generative ability and discrimination ability through game training of
generator and discriminator, so that the data of generative network is more and more close to the real
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data, so as to achieve the purpose of generating realistic images. However, in the process of development,
GAN also has some problems, such as poor stability, lack of diversity of generated images, and mode
collapse. The inspiration of autoregressive model for image generation comes from the successful
experience of NLP pre-training mode. The self-attention mechanism in Transformer structure can
optimize the training mode of GAN, improve the stability of the model and the rationality of image
generation. However, the image generation based on autoregressive model has problems in reasoning
speed and training cost. Make its practical application limited.

Due to the limitations of the previous Model in terms of performance, the Diffusion Model was
proposed to solve these problems, and its effect on training stability and result accuracy was significantly
improved, so it quickly replaced the application of GAN. The diffusion model is the process of gradually
applying noise to the image in the forward stage until the image is destroyed into complete Gaussian
noise, and then learning to restore the original image from Gaussian noise in the reverse stage. The
diffusion model can restore the real data more accurately, and the processing ability of image details is
stronger. However, the classical generation model only considers the noise loss in the process of
diffusion, and does not consider the similarity and semantic consistency between image contents.

In order to ensure the quality and stability of the generated images, an enhanced diffusion model
based on similarity is proposed in this paper. On the basis of the classical diffusion model, the semantic
similarity between the original image and the generated image is described by comparing them, and it
is taken as a part of the loss function and noise loss to guide the model optimization [3].

2. Related works

In fields including text-to-image translation and image creation, diffusion models (DMs), a
revolutionary generative model based on deep learning and computational vision, have been put to use.
Diffusion models have a number of benefits over conventional autoregressive models, energy-based
models, and generative adversarial network (GAN) models, including the ability to create pictures with
substantial variety and large details [4].

In Chen Li's Comparison of Image Generation methods based on Diffusion Models, IDDPM model
is put forward (Improved Denoising Diffusion Probabilistic Models), By defining the goal function and
enhancing the calculation's logarithmic likelihood function, which is used to compute variance variance
learning, and lowering the degree of difficulty of the sampling step, accelerated sampling. The
performance boost is modest, the Markov process is still used, it needs more processing power, and the
sample steps are longer [5].

Therefore, Chen Li proposed a de-noising diffusion implicit generation model (DDIM) for effective
sampling. This model is an implicit generation model that relies on edge distribution, so it only needs to
let the sampling process meet the edge distribution conditions, rather than relying on Markov random
process, so it does not need many sampling steps to get high-quality image samples, and the speed is
faster [5].

At the same time, the loss function of the diffusion model most often adopts the simplified
optimization objective based on the predicted noise. But there are other options, and prediction targets
can be constructed based on raw data x0. In addition to the prediction target of the model, the loss
function can also adopt different weight coefficients, which has a certain impact on the training of the
diffusion model.

In the Progressive Distillation for Fast Sampling of Diffusion Models proposed by Tim Salimans [6].
the loss function based on the original data and the fitting data is adopted. SNR+1 and truncated SNR
are used as the weight coefficients. The truncated SNR weight coefficient is designed to prevent the
weight coefficient from being 0 when the SNR is close to 0, which is not conducive to distillation.

In addition, another weight coefficient, min-SNr-y, is proposed by Efficient Diffusion Training via
Min-SNR Weighting Strategy [7]. The main purpose of this paper is to avoid paying too much attention
to the small noise level (that is, the number of diffusion steps t is small) during model training. One of
its advantages is to accelerate the training process.
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3. Method

3.1. Classical diffusion model
The Diffusion Model is a type of Generative model, which also includes the Variational Autoencoder
(VAE) and the Generative Adversarial Network (GAN). Unlike other generative networks like GAN,
the diffusion model progressively introduces noise to an image during the forward stage until the image
is completely scrambled into Gaussian noise. It then learns to reconstruct the original image from this
Gaussian noise during the reverse stage [8].

In particular, the forward stage progressively adds noise to the initial image xo. The image x: produced
at each step is solely influenced by the result x..1 from the preceding step until the image x: at step T
transforms into pure Gaussian noise [9-10].

The reverse stage involves the continuous process of noise reduction. Initially, Gaussian noise xr is
provided and gradually de-noised until the original image xo is completely restored. This process is
guided by a loss function, as shown in equation (1).

Loss = xos(”s go(\Jarxo + /1 — ae o) ) (1)

Xo IS the original image,e is the real nois,g is the predicted noise,t represents the time step,
@ = Xt_oar,ar = 1 — B, Berepresents the variance of the Gaussian noise at time t.

3.2. Diffusion model based on similarity loss

In the traditional diffusion model, the reduction of noise loss equates to eliminating noise and enhancing
the image, concentrating more on the clarity and reproducibility of the produced image. If the created
image is noisy, discerning its content becomes challenging, thereby limiting its generalization capability.
To boost the generalization and robustness of the produced model, it is crucial that the desired content
remains clearly identifiable even when the image generation results are subpar. Hence, this paper
emphasizes the semantic representation of the produced and original images, aiming to achieve
maximum similarity in the semantic space. This approach ensures that a discernible target image can
still be obtained even if the image is blurry.

With this in mind, this paper introduces an improved diffusion model that leverages similarity to
generate more stable and realistic images. Unlike the traditional diffusion model that only concerns with
noise or data, this paper develops loss functions that consider both noise and data as predictive targets.
The model's structure is depicted in Figure 1.

The model is bifurcated into two phases: the diffusion generation phase and the similarity comparison
phase. In the diffusion phase, noise is introduced and eliminated through the forward and reverse
processes, culminating in the generation of the target image. Following that, in the similarity comparison
phase, the semantic similarity between the created image and the original image is computed. The

model's training is directed by these two phases.
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Figure 1. Enhanced diffusion model based on similarity.
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Specifically, the loss function of the similarity-based enhanced diffusion model consists of two parts,
namely, noise loss and similarity loss.

As shown in formula (2), noise loss follows the loss function of the classical diffusion model and
takes noise as the prediction target.

Lyoise = Exo,s[llg — gg(x¢, t)||2] (2)

The similarity loss, as depicted in formula (3), characterizes the content resemblance between the
original and generated images. This paper ensures the semantic uniformity between the original and
generated image by evaluating the quality of the produced image through the computation of the cosine
similarity between the features of the two images.

_ I<f(x0).f (xg)>]
Lsimitarity = e 1 Gre) ®)
< >Represents inner product operation,f ( ) represents feature extraction,| frepresents module.

The final optimization objective is shown in formula (4).

L = Lyoise + Lsimliarity (4)

4. Experiment

In this section, in order to verify the effectiveness of the proposed model, we will demonstrate the
improvement of the model's performance by comparing experimental data analysis and generating visual
perception of images.

4.1. Experimental settings

The experiment was conducted in Ubuntu20.04, the programming language was Python3.9, the deep
learning framework of the experiment was Pytorch2.0, CUDA12.1, the CPU processor was i9-13900KF,
and the graphics card was 4090.

All experiments will be trained and tested on the MINIST dataset. We set the number of training
rounds for all experiments to 50, the time step T to 500, the Batchsize to 256, the optimizer to adopt the
Adam algorithm, and the learning rate to 0.0005. We set the forward process variance consistent with
DDPM, increasing linearly from 0.0001 to 0.02. In the direction process, the Unet network structure is
used as the common denoising structure. Unet takes the image as the entry point, finds the low-
dimensional representation of the image by reducing the sampling, and then restores the image by
increasing the sampling.

In order to verify the generalization ability of the model, all performance indicators will be calculated
on the test set.

4.2. Analysis of experimental results

Figure 2 shows the results generated by the enhanced diffusion model based on similarity after training
on the MNIST dataset. The figure shows the process of the image gradually becoming an image from
random noise. It can be seen from the figure that the enhanced diffusion model based on similarity can
generate high-quality clear pictures, only some numbers are unrecognizable. In the process of batch
generation, it can be found that the number "7" generates the least amount, which may be caused by the
unbalanced number of samples in the MINIST dataset. Some numbers have more samples than others,
which can cause the model to be biased toward producing numbers that occur frequently.
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Figure 2. Image generation process of enhanced diffusion model based on similarity.

4.3. Contrast experiment

First, compared with the most basic diffusion model (the diffusion model with only noise loss function),
the model performance before and after adding the similarity loss is compared. Secondly, the classical
generation model is selected for comparison. The IS (Inception Score) and FID (Frechet Inception
Distance score) were used as performance evaluation indexes. It IS worth noting that the IS and FID are
calculated from the test set. The comparison results are shown in Table 1.

The following conclusions can be drawn from Table 1.

1) The enhanced diffusion model FID and IS based on similarity have achieved the best results in
comparison.

2) 1S measures the sharpness and variety of the generated image, while FID measures the distance of
the generated image from the original image. The experimental results show that the FID value of the
model proposed in this paper IS 31.61, and the IS value is 175.21. After adding the similarity loss to the
enhanced diffusion model based on similarity, both FID and IS performance indicators have improved
to some extent. Therefore, the addition of similarity loss is effective to improve the performance of the
model, and can generate more realistic and clear images to a certain extent.

3) In comparison with other types of generative models, the enhanced diffusion model based on
similarity also shows better performance and ranks first in the overall ranking.

Table 1. Comparative experimental results.

Model Assessment Criteria

FID IS
DDMP(Lnoise) 3217 16660
CGAN 35.20 148.68
DCGAN 36.19 132.98
VAE 39.98 121.67

OurS(Lnoise+Lsim) 3161 17521
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In order to more intuitively feel the effect of image generation by the model, Figure 3 shows the
generation effect of each comparison model. In the figure, each model shows 4*4 generated images,
which are randomly sampled from the generated images. (a) is a similarity-based enhanced diffusion
model, (b) is a diffusion model, (c) is a variational autoencoder (VAE), and (d) is a Deep Convolutional
Generative Adversarial Networks (DCGAN). As can be seen from the figure, both the similarity-based
enhanced diffusion model and the diffusion model can generate high-quality handwritten digital pictures,
but the similarity-based enhanced diffusion model has better stability in image generation, and the image
details are more clearly distinguishable.
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Figure 3. Images generated by different comparison models.

5. Conclusion

In order to realize image generation, an enhanced diffusion model based on similarity is proposed in this
paper. After reversing the diffusion process of the natural image, a new natural image can be gradually
generated from a completely random noise image. Based on this, this paper improves the model by
comparing the original image and the generated image to describe the semantic similarity between the
two as part of the loss function, improves and optimizes the model, and uses the cosine similarity to
measure the mass diffusion model of the generated image. Diffusion model has a strong development
prospect. Diffusion model can be applied in various fields, such as image denoising, image restoration,
super resolution imaging, image generation and so on. The simultaneous diffusion model is important
for producing images with strong diversity and important details, and is a topic worthy of continue. In
order to generate images, this paper proposes an enhanced Diffusion model based on similarity. After
reversing the diffusion process of natural images, new natural images can be gradually generated from
completely random noise images. Based on this, this paper improves the model by comparing the
original image and the generated image, describes the semantic similarity between the two as part of the
Loss function, improves and optimizes the model, and uses Cosine similarity to measure the quality of
the generated image Diffusion model. The denoising diffusion Statistical model has achieved
remarkable success in various image generation tasks, and can be applied to image denoising, image
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restoration, super-resolution imaging, image generation and other fields. At the same time, Diffusion
model is very important for generating images with strong diversity and important details, which is a
subject worthy of further study.
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