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Abstract


In this paper, we explore the generation of face images conditioned on a textual description, as well as the capabilities of the models in editing a machine-generated image on the basis of additional text prompts. We leverage open source state-of-the-art face image generators, StyleGAN models and couple these with the open source multimodal embedding space, CLIP, in an optimisation loop using the method in StyleCLIP to set up our experimental system. We make use of automatic metrics and human ratings to evaluate the results and, in addition, obtain insight into how much automatic metrics are correlated with human ratings. We found compelling evidence that both the text-to-image and editing models based on StyleGAN2 stand out as the better options. In addition, the automatic evaluation metrics are only weakly correlated with human ratings.
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1. Introduction


Generative models [1,2,3] are machine learning models that aim to generate novel and realistic data on the basis of the probability distribution, which describes a given training set. Such models can find applications in many fields such as generating realistically looking human faces [4], animating art works [5], composing music [6] and augmenting datasets with synthetic data [7]. However, the usefulness of these models depends on both their efficiency in creating images and the output quality. Two successful model architectures for synthesising images are the Generative Adversarial Network (GAN) [8,9,10] and the diffusion model [11,12]. The former requires less computational resources whilst the latter is known to produce higher quality images [13,14]. In this study, we limit ourselves to GANs since we are interested in fast computation.



The GAN model is made up of two models that compete against each other to learn to synthesise realistic data. The two modules, the generator and the discriminator, are two independent neural networks. The generator synthesises fake data starting from random noise input, while the discriminator, with the help of a dataset of real images, classifies whether the input data is from the dataset or from the generator. These two modules are trained one at a time. The generator is trained to produce outputs that the discriminator categorizes as real, while the discriminator is trained to correctly classify the new fake data. After several iterations, the generator is expected to generate data that looks real even to a human, whilst the discriminator is unable to distinguish real from fake data.



Different network topologies have been used in defining the GAN architecture to implement the generator and discriminator modules, including Deep Convolutional GAN (DCGAN) [15], Conditional GAN (CGAN) [16], InfoGAN [17] and StyleGAN [18], the latter considered the state-of-the-art GAN in generating non-conditioned images [19]. In addition to their ability to generate high-quality face images, StyleGAN models provide the opportunity to control the style of the generated photo by altering the style vector inputs. The model was improved with its successors StyleGAN2 [19] and StyleGAN3 [20]. Nevertheless, the default StyleGAN architecture generates images unconditionally from simple latent code features rather than from some controllable input such as a text prompt, which restricts its applications. Since text can conveniently describe what a user requires, it can be explored to control the latent space directly to achieve text-guided image generation and editing tasks. Recently, a number of works [21,22,23] have explored the use of Contrastive Language Image Pretraining (CLIP), a multimodal embedding space model [24], to manipulate the StyleGAN model input vector in order to control the text-to-image output. We leverage upon these works to set up the experimental system for our study.



In this paper, we compare the output quality of five StyleGAN models combined with CLIP to generate images of faces from textual descriptions. These models are StyleGAN [18], StyleGAN2 [19], StyleGAN2-adaptive (StyleGAN2-ADA) [25], StyleGAN2-Distillation (StyleGAN2-Dist) [26] and StyleGAN3 [20]. In addition, following the works described in [21,27], we study the image editing task. The comparative analysis is carried out on the basis of automatic metrics, as well as human evaluations, and in addition, we obtain some insight into the correlation of automatic evaluation metrics with human ratings.



The rest of this paper is organised as follows. In Section 2 and Section 3, the StyleGAN and CLIP models used in this work and the text-to-image evaluation metrics from the literature are reviewed. In Section 4, the experimental methodology is described, and in Section 5, the models are evaluated and the results are discussed. Section 6 concludes the paper and proposes future work.




2. Review of Generative Models


In this section, we briefly describe the various open-source image-generating StyleGAN models, the multi-modal embedding CLIP model, the text-to-image model and the image editing model used in this study.



2.1. Review of StyleGAN Models


In this section, we briefly review the evolution of the StyleGAN models.




	
StyleGAN: The style-based generator architecture was introduced by Karras et al. in 2019 [18]. The idea was to improve the traditional GAN generator in its ability to generate and interpolate face images with high fidelity and high-quality resolution. The novel GAN model can control both the coarse-grained (pose, face form) and fine-grained (eyes, hair) details. This is completed by projecting the noise vector into an intermediate latent space, which is then fed to the synthesis network. In spite of its powerful ability to generate realistic images, StyleGAN outputs suffer mainly from three issues [19]: (1) water droplet artifacts, (2) smoother with less texture detail images caused by the nature of the cost function, and (3) phase artifacts produced due to the adopted progressive growing strategy. StyleGAN was improved in later versions.



	
StyleGAN2: To address the above-mentioned StyleGAN issues, the second variant StyleGAN2 [19] was proposed in 2020. A set of revisions in the generator normalisation form was made to avoid the appearance of water droplet artifacts, including weighted demodulation integration. Smoother outputs were obtained after adding a new regularisation term to the loss function. To resolve the phase artifacts problem in StyleGAN, the progressive growing strategy model was revised and replaced with skip connections in the generator and residual layers in the discriminator. Furthermore, the training process was revised by training larger models, which helps to improve the image quality generation.



	
StyleGAN2 Adaptive (StyleGAN2-ADA): In 2020, the NVIDIA research team noted that training the model with a small amount of data causes the discriminator to overfit [25]. To overcome this, a novel StyleGAN2 variant, StyleGAN2 Adaptive (StyleGAN2-ADA), was developed. StyleGAN2-ADA integrates an adaptive discriminator augmentation strategy that considerably stabilises training in small data regimes. The new method adopts a wide range of augmentations to prevent the discriminator from overfitting. It has proved its capability to generate good results using only a few thousand training images.



	
StyleGAN2 Distillation (StyleGAN2-Dist): This StyleGAN variant [26] addresses the inference time of StyleGAN2 while image quality is preserved. This is completed by uniting unconditional image generation with paired image-to-image translation to accelerate the StyleGAN2 image generation process. The novel framework, termed StyleGAN2 Distillation (StyleGAN2-Dist), aims to distill a specific image manipulation in StyleGAN2 latent code into one image-to-image translation. Despite its impressive quality, StyleGAN2 Distillation suffers from a number of limitations. Firstly, the framework’s latent space is not disentangled enough, and the transformations produced by the model are not very natural-looking. Another limitation is the need to distil each transformation to an independent model, where a universal model could be trained.



	
StyleGAN3: Despite the different improvements made by StyleGAN2 and its variants, some image details seem to be generated at fixed pixel coordinates. This makes the images look less natural. This lack of translation equivariance in StyleGAN2 outputs decreases its competence in video and animation generation. In 2021, the third version of the StyleGAN models was developed [20]. The goal of StyleGAN3 is to counter the texture sticking problem (aliasing) in StyleGAN2. The new equivariant generator to translation and rotation helps the model generate images with a more natural transition animation and achieves video-quality generative performance. However, although the model maintains image quality, it somewhat trades off spatial consistency and editability since it no longer fixes textures/features to specific image coordinates.









2.2. Contrastive Language Image Pretraining (CLIP)


The models described in Section 2.1 focus only on the image synthesis tasks, i.e., they generate random images of human faces. In this section, we review the CLIP model, which is used to control the output of the image generator models. CLIP [24] is a pre-trained multi-modal embedding space developed by OpenAI researchers and has significant importance in state-of-the-art text-to-image-based methods. The developed method is a modified version of ConVIRT [28] that combines a text transformer with a pre-trained CNN to train a model on image–text pairs. CLIP is trained on around 400 million image and text examples collected from the Internet. It aims to form relationships between image–text pairs, by learning text–image associations from images that are extracted from public web pages and which have associated text, either in the form of metadata or captions. These methods employ a contrastive learning framework, where the model learns to classify images and their corresponding texts as positive pairs and images with (randomly selected) portions of texts as negative pairs. In this paper, CLIP is used in both the generation of images from text, as well as for evaluating the output.




2.3. Text to Image Generation Model


This paper explores the combination of CLIP and StyleGAN models. We used the setup in [29], which implemented the method in [21] to join the StyleGAN3 model with CLIP. In this study, we adapted the process to all five StyleGAN models. The process is depicted in Figure 1. The system is fundamentally built around a StyleGAN model, pre-trained on the Flickr Faces HQ (FFHQ) dataset [18]. A latent space vector is randomly generated and passed on to the StyleGAN model to unconditionally generate an image. This image is then passed through CLIP, which is used to compute its similarity to a text description specified by the user. A step of gradient descent (using an AdamW optimiser) is then applied to adjust the latent space vector in order to increase the score and, thus, generate an image that better fits the description. This new image is then sent again to CLIP, and the whole process is repeated for a set number of times in order for the final image to match the description. Through experimental iteration, we observed that the models, on average, take 25 iterations to converge.




2.4. The Image Editing Model


Further modifying/editing a generated image using StyleGAN can be achieved through manipulation of its latent code. If the code to generate the image is not known, one way of recovering it is to apply a GAN inversion method [30,31], which inverts a given image back into the latent space of a pre-trained GAN model, and therefore, allows the reconstruction of the image by the generator. There are works [32,33] that investigate how changing the latent space edits an image in a controlled and semantically meaningful manner. This method is, however, difficult to control. Recently, a number of works focused on identifying global directions [21,27], in a latent space of StyleGAN, which are correlated with desired, semantically interpretable editing attributes, like smile, pose, hairstyle and age. The goal is to find a global direction in StyleGAN space such that traversing along this direction modifies an arbitrary image in the target attribute. The solution lies in constructing a direction from the text description (CLIP space) and finding a corresponding direction in StyleGAN space. The direction in CLIP space is found by applying the image encoder to a pair of before- and after-images. However, this direction is also a direction in CLIP space defined by the text. So, two text pairs are used to define a direction in CLIP space. For example, to find the semantic direction of the attribute ‘smile’ in the latent space of CLIP, we can take the direction between text embedding vectors such as ‘face’ and ‘face with smile’. To find the global direction of the example attribute ‘smile’ in the StyleGAN space for some image, the coordinate of its latent point is moved in the positive and negative directions for a selected channel. This produces a pair of generated images that are fed into CLIP to measure how the perturbed direction of the chosen StyleGAN channel in StyleGAN space is correlated with the semantic direction of ‘smile’ in the latent space of CLIP. This process is repeated for a number of images, always using the same channel in StyleGAN space, to compute the corresponding averaged direction in CLIP space. Projection of this computed average direction on the semantic direction of attribute ‘smile’ in the latent space of CLIP provides a direct measure of how much the chosen channel in StyleGAN space affects the selected semantic direction in CLIP space. After going through all the StyleGAN channels, those with projection values greater than a certain threshold are selected as related to the given semantic direction in the StyleGAN space, and these generate the edited image.





3. Review of Text-to-Image Evaluation Metrics


Due to the multi-modal nature of mixing textual descriptions with images, measuring the alignment between the generated image and an input description is, in general, a highly challenging task. In this section, we discuss some evaluation metrics from the literature to benchmark text-to-image models.



3.1. Automatic Evaluation Metrics


In this subsection, we explore a number of automatic metrics to measure the text–image alignment.



	
CLIP score: The CLIP model score [23,34,35] measures the compatibility of text–image pairs by computing the cosine similarity between the embedding of the generated images and the embedding of the text prompts. Higher CLIP scores signify higher semantic similarity between the image and the given description. CLIP scores were found to have a high correlation with human judgement [36].



	
AugCLIP score: is a variant of the standard CLIP score and is more robust against adversarial attacks [37]. AugCLIP introduces random augmentations on the image, such as random colourisation, random translation, random resize and random cutout. Since the CLIP model is trained on various image formats, the augmentation strategy does not destroy the semantic features encoded by CLIP.



	
R-Precision (RP): RP [38,39,40] is a popular metric that computes the top-R text-to-image retrieval accuracy. The goal of this metric is to retrieve the matching text from 100 candidate texts using the synthesised image as a query and the cosine similarity between the image encoding vectors and the text encoding vectors as a similarity score. An adapted version of the Deep Attentional Multimodal Similarity Model (DAMSM) [39] is used to compute the image–text similarity score for retrieval.



	
CLIP-R-Precision: Park et al. [40] observed that models not specifically tuned on Deep Attentional Multimodal Similarity Models (DAMSMs) tend to perform poorly on the RP metric. To address this issue, the CLIP model [24] is used in place of the standard DAMSM to calculate the R-Precision scores. Compared to DAMSM, CLIP obtains higher image–text retrieval performance.



	
TIFA (Text-to-Image Faithfulness evaluation with question Answering): TIFA [41] is a recent automatic evaluation metric that evaluates the correctness between the text and the image using a visual question answering (VQA) model. In addition to the VQA model, TIFA integrates two other models: a question-generating (QG) model and a question-answering (QA) model. Given a text input, the QG model generates several question–answer pairs, and the QA model filters them. Finally, the VQA model provides answers to the questions using the synthesised image and the answers are checked for correctness. To facilitate comparative studies, a TIFA benchmark is provided. This includes 4k text prompts in addition to 25k questions. TIFA is considered much more accurate than CLIP and has better correlation with human assessment. However, we were not able to use TIFA in our study since a suitable VQA model specifically for face descriptions was not readily available.



	
FID (Fréchet Inception Distance): FID [42] quantifies how similar the generated images are to real ones by comparing the distributions of feature representations, and as such, it is suitable to capture how realistic the generated image is. Both real and generated images are passed through a pretrained Inception-v3 [43] network, and the resulting feature vectors are assumed to follow multivariate Gaussians. FID computes the Fréchet (or Wasserstein-2) distance between these two Gaussians. A lower score is therefore better.



	
CMMD (CLIP Maximum Mean Discrepancy): CMMD [44] is similar in concept to FID; however, CMMD does not assume image feature vectors to be multivariate Gaussians and instead uses Maximum Mean Discrepancy (MMD) to measure the distance between CLIP embeddings instead of Inception-v3 feature vectors. The authors argue that CLIP embeddings should perform better since these are trained on 400 million image–text pairs instead of the 1M images used to train the Inception-v3 model. It is shown that CMMD correlates better with human evaluations when used to predict image realism.







3.2. Human Evaluation Studies


The best method for evaluating a generative model that is meant to generate data that looks good to humans is via a human ratings study. Automatic metrics can only approximate this. Recently, researchers have explored different methods to establish the human evaluation. An example [45,46] is to ask evaluators to rate the degree to which the generated images match the text descriptions and the overall quality of the generated images. Other works adopt the rating methods [46,47] such as categorical choice ratings, yes/no questions and Likert scales to report human evaluation. An evaluation can be either comparative, where evaluators are asked to rank images in a list according to their relative quality, or absolute, where evaluators are asked to give a score to each image in isolation.





4. Evaluation Methodology


This section describes the evaluation methodology adopted in this study. We discuss how we selected the data generated, the human ratings process and the automatic evaluation metrics used in the study.



4.1. Data Generation and Organisation


In this study, eight StyleGAN-based models were evaluated in the text-to-image generation or image editing tasks. We generated a total of 1842 real human face images using 141 different textual descriptions to evaluate the different models. The descriptions were taken from the Face2Text 2.0 dataset [48]. The descriptions consist of 69 single-sentence descriptions and 72 two-sentence descriptions. To ensure a wide variety of text lengths, the descriptions were sampled in a stratified way according to the number of tokens they were represented in (based on the CLIP tokeniser).



The generated images were split into two groups: The first consists of 1410 face images synthesised from the five StyleGAN-based generation models: StyleGAN [18], StyleGAN2 [19], StyleGAN2-Adaptive [25], StyleGAN2-Distillation [26] and StyleGAN3 [20]. In this group, we used all 141 descriptions, and each description was used to generate two different images. The second group consists of 432 edited images, produced by three StyleGAN-based models for face image editing: StyleGAN2-editing [21], StyleGAN3-editing [27] and the StyleGAN2-CLIPInverter model [23]. The 72 two-sentence descriptions were used to generate the images in this group, such that the first sentence was used to create an image and the second sentence was used to edit the synthesised image. As in group one, each description was used to produce two different edited images.



The generated images were organised in 47 batches, ready for evaluation by 47 unique human raters. Each batch consisted of 39 images, 30 of which are synthesised images, whilst the remaining 9 are edited images. A sample of generated images can be found in Table 1. To strike a balance between coverage and cost of evaluation, we opted for a larger number of batches, rather than a smaller repeated number and inserted an inter-annotator subset. The batches were organised using a Latin square design, such that each evaluator saw the same number of images generated by each model from unique descriptions. In addition, we added 13 control images to each batch, and these are the same across all batches.



Eight of the control images were used for quality control purposes. As explained further in the next section, the human evaluation consists of asking how realistic the image looks and how well it matches the description. Therefore, to test the quality of the evaluators’ work, we included some vector graphic images of faces which are unambiguously unrealistic and some real photos of faces, which should be considered realistic, and these images are either paired with an unambiguously wrong description or an unambiguously correct description. We then checked that these are evaluated as expected and rejected the batch of evaluations if they failed the test. The fake images were all taken from the free stock photo website Pixabay (https://pixabay.com/), which provides images with a permissive license, while the real face photos were taken from the FFHQ dataset [18]. This collection of 8 images with the descriptions used can be seen in Table 2.



The remaining 5 control images form the inter-annotator subset. These images are created from five different descriptions and five different models; StyleGAN, StyleGAN2, StyleGAN2-Adaptive, StyleGAN2-Distillation and StyleGAN3. The aim of inter-annotator agreement images is to assess the agreement among annotators and measure the extent to which the annotation process is consistent. These images can be seen in Table 3.



In total, each batch consisted of 52 images. All the batches were evaluated using both human ratings and automatic metrics.




4.2. Human Evaluation Process


To evaluate the different image batches, the Amazon Mechanical Turk (MTurk) (https://www.mturk.com/) crowdsourced market was used. The images of each batch and their corresponding text descriptions were grouped and sent in the same Human Intelligence Task (HIT). This process allows the evaluation of the content of each batch by the same annotator. In our study, the 47 batches were assessed by 47 different annotators. To evaluate images, each human evaluator was asked to answer three questions for all 52 images within one batch:




	
Question 1: To what extent does the image match the description?



	
Question 2: To what extent does the image look like a real photo?



	
Question 3: How satisfied are you with this image, considering both how much it matches the description and the quality of the image?








For the three questions, the evaluator needs to give a score between 0% and 100%, via a slider. The quality control images (Table 2) were used to decide if an evaluator’s batch results would be accepted or rejected (if rejected, then it would be discarded and sent to a different potential evaluator). Intentionally correct descriptions are expected to have a score of over 50% for question 1, and intentionally realistic photos are expected to have a score of over 50% for question 2. The score must be less than 50% otherwise. The score given for question 3 is ignored for quality control images. If at least one quality control image has an unexpected score, the whole batch is rejected. Note that even with this lenient 50% threshold, 53% of batches were rejected.




4.3. Automatic Evaluation Process


In addition to human measures, the different images were evaluated using automatic metrics. In this study, we used three automatic measures as follows: CLIP-Score, Fréchet Inception Distance (FID) and Clip Maximum Mean Discrepancy (CMMD) distance scores (Section 3.1). CLIP-Score is designed to compute the alignment between the generated image and the given textual description, while FID and CMMD are two measures developed to assess the quality and the realism of images generated by computational models. They compute the distance between the embeddings of the reference images and those of the generated ones. FID uses the Inception-v3 [43] model to extract feature representations, while the CMMD uses the CLIP embeddings, which are considered more suitable to capture the complex image content. We used existent code libraries to compute the FID (https://github.com/Nvlabs/stylegan3, accessed on 21 March 2024) and CMMD (https://github.com/google-research/google-research/tree/master/cmmd, accessed on 22 March 2024) scores, respectively. Both image realism scores were computed for each image using 10,000 real samples, selected from the Flickr Faces HQ (FFHQ) human faces dataset [18] (https://github.com/NVlabs/ffhq-dataset, accessed on 21 March 2024).



Finally, the correlation between human and automatic metrics is studied.





5. Results and Discussion


In this section, we summarise and discuss the results. We compute inter-rater agreement scores to inform our confidence in human ratings, and we study the correlation between human ratings and automatic metrics on the various models. In addition, we compare editing and non-editing models in terms of the final image, and we compare models on the basis of computational time.



Inter-rater Agreement: Table 4 gives the per-question, per-model and overall mean score, standard deviation and intraclass correlation (ICC) coefficients. The overall ICC for Q1 is 0.78, indicating good inter-rater agreement; the ICC for Q2 is 0.63, i.e., moderate inter-rater agreement; whilst the ICC for Q3 is 0.55, moderate (fair) inter-rater agreement. Overall, the inter-rater agreement interpretation is moderate to good. The raters agreed mostly on the first question, i.e., the extent to which the image matches the description, whilst the second and third questions are probably more subjective.



Correlation between human ratings and metrics: Figure 2 shows the linear relationships between the human ratings and automatic metrics (CLIP (r = 0.065, p = 0.005), FID (r = −0.005, p = 0.822) and CMMD (r = −0.264, p = 0.0)). All values indicate no or very weak linear relationships between the variables. R values tend to be positive for Q1-CLIP but negative for both Q2-CMMD and Q2-FID, as expected. In addition, CMMD is a better model of human ratings for Q2, when compared to FID. However, it is clear that automatic metrics require further study and development. Thus, we consider human ratings as more reliable.



Inferring Q3 rating from Q1 and Q2 human ratings: Automatic metrics usually only check for Q1 or Q2, but we also want to know the answer to Q3. We were therefore interested in knowing whether the overarching ‘Q3 score’ can be predicted from the simpler scores (Q1 and Q2). To predict the ‘Q3 score’, we considered a weighted average of Q1 and Q2 scores (given by human raters), computed as     Q 3  ^  = λ × Q 1 +  ( 1 − λ )  × Q 2  , and maximized the correlation coefficient (  Q 3   vs    Q 3  ^  ) via a line search that yielded   λ = 0.65  . Figure 3 depicts the correlation between ‘Q3 score’ and ‘Q1 score’ and ‘Q2 score’ separately, and the ‘combination of Q1 and Q2 score’. The correlation coefficient for the latter is (r = 0.91, p < 0.0001) and, therefore, we conclude that to predict the ‘Q3 score’, it is sufficient to take a weighted average, given good automatic metrics from Q1 and Q2. The weighting coefficient  λ  is not   0.5   (i.e., Q1 and Q2 have equal weighting), probably because Q1 correlates with Q3 more than Q2 correlates with Q3. This can be interpreted that humans value Q1 more than Q2 overall.



Evaluation of different models on the basis of human ratings: Figure 4 shows the distributions per model for human ratings of images generated by all five image generation models. Statistical analysis (post hoc HSD-Tukey test) identifies StyleGAN2 as the best model, whose mean aggregate ratings are significantly higher than all other models and is followed by both StyleGAN3 and StyleGAN2-dist. The difference between StyleGAN2 and StyleGAN3 is mainly from Q2 (picture realism) since both models perform equally on Q1 (alignment of image to text). Interestingly, StyleGAN2-ada generates the most realistic images (statistically different to all other models). However, the same model fails in Q1 (alignment with text). This failure can be attributed to the StyleGAN2-ada training process, which uses Adaptive Discriminator Augmentation (ADA), and prioritises image realism over latent space structure. ADA introduces heavy image augmentations to the discriminator to stabilise training on limited data, which distorts (or modifies) the feedback the generator receives. As a result, the generator learns to produce photorealistic images but develops a less disentangled and less semantically consistent latent space. Since the text-to-image method in use benefits from a clean and interpretable latent space to align CLIP text embeddings with meaningful visual features, the warped latent structure of StyleGAN2-ADA does not help the optimisation method to converge to an acceptable text–image alignment. In contrast, StyleGAN2 and StyleGAN3 preserve better latent geometry, enabling more faithful text-to-image alignment when gradient descent is used to search for a latent space that produces an image which matches the description. Furthermore, StyleGAN1 performs better than styleGAN2-ada in Q1, although it performs extremely badly in Q2. In addition, the Q3 ratings alone align with the aggregated ratings, perhaps with the exception of StyleGAN2-ada. The HSD-Tukey tests yield the same cluster groupings for both Q3 and the aggregated scores. Finally, we conclude that, overall, according to human judgments, StyleGAN2 is the best model for generating still images.



Evaluation of editing models on the basis of human ratings: Figure 5 shows the distributions per model for human ratings of images generated by the StyleGAN2 and StyleGAN3 models in a single step (i.e two cascaded sentences at input) and in two steps, i.e., first generating an image with the first sentence using StyleGAN2/3 models and then editing the image using the respective editing models. From the plots, the StyleGAN2-edit model has the highest mean, followed by the StyleGAN2-CLIPinvertor and StyleGAN3-edit models. A post hoc HSD-Tukey test reveals that the ratings for the StyleGAN3-edit are significantly less than for both the StyleGAN2 editing models. However, there is no significant difference between the StyleGAN2-edit and the StyleGAN2-CLIPinvertor models. We also note that these results follow the same trends observed in the analysis of the single-step models.



Comparison of editing and non-editing models: We are interested in knowing whether the editing models perform better than the single-step generation models on the basis of human evaluation. With reference to Figure 5, the StyleGAN2-edit model’s mean rating is the highest. However, a post hoc HSD-Tukey test does not support the hypothesis that the editing model performed any better than the single-step generation models. In addition, the StyleGAN3-edit model yielded a mean rating that is significantly lower than the mean ratings of all the other models.



Together, these findings indicate that two-step approaches involving editing models do not offer a consistent advantage over single-step image generation methods. In addition, the use of the StyleGAN3-edit model significantly degrades output quality, whilst the outputs of StyleGAN2 exhibit greater robustness and consistency under editing transformations. This is not surprising given that the StyleGAN3 architecture does not allow for fixing textures/features at specific image coordinates.



Computational time: We were also interested in the computational time required for each model. Figure 6 is a scatter plot of the average human ratings (’q3 score’) for each model against the mean time for generating the image. The higher quality images generated from StyleGAN2 and StyleGAN3 models require more than four times the computational effort of StyleGAN2-adaptive and StyleGAN2-distilled. The latter, in particular, trades off some of the quality to gain in computational time. Figure 7 is a plot of mean computational time per model, where we notice that the editing models for StyleGAN3 and more so for StyleGAN2 require only a fraction of the generation time taken by the respective models. This observation underscores the potential value of further research and development in editing model methodologies since once the initial image is generated, subsequent edits take much less time.




6. Conclusions


In this paper, we assessed the text-to-image synthesis ability of StyleGAN-CLIP models using both automatic metrics and human ratings. In addition, we studied the correlation between these two evaluation methods. StyleGAN2 was identified as the best model, followed by StyleGAN3. The StyleGAN2-based model performed better in terms of picture realism. Likewise, the StyleGAN2-based editing models performed better than the StyleGAN3 editing model. In addition, from a text–image alignment perspective, we did not find any advantage in using the editing models over the single-step generation models. However, further development of editing models is encouraged since they offer a cost advantage. Furthermore, humans agree most on whether the description matches the image, whilst rating image quality seems to be a more subjective task. Moreover, the human ratings on a matching description indicate that there are face features that the models fail to adjust. Finally, it is clear that the automatic metrics are inconsistent with human perception, and therefore, it is hard to compare the performance of the text-to-image generation results in an objective way on the basis of automatic metrics. We, therefore, plan to carry out further work to evaluate the TIFA metric and subsequently further research in view of improving the automatic evaluation methods.
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	ADA
	Adaptive Discriminator Augmentation



	CGAN
	Conditional Generative Adversarial Network



	CLIP
	Contrastive Language Image Pretraining



	CMMD
	CLIP Maximum Mean Discrepancy



	DCGAN
	Deep Convolutional Generative Adversarial Network



	FID
	Fréchet Inception Distance



	FFHQ
	Flickr Faces High-Quality dataset



	GAN
	Generative Adversarial Network



	HSD-Tukey
	Honestly Significant Difference-Tukey test
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	TIFA
	Text-to-Image Faithfulness evaluation with question Answering



	RP
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Figure 1. Text-to-image generation procedure, based on the algorithm in StyleCLIP [21]. The procedure is adapted for all five generative models. 
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Figure 2. Scatter plots and linear relationships: (a) between human rating for Q1 and CLIP score (r = 0.065, p = 0.005), (b,c) between human rating for Q2 and FID (r = −0.005, p = 0.822) and CMMD (r = −0.264, p = 0.0) scores, respectively. Each point represents one of the description–picture items rated in the human evaluation survey. The line is the line of best fit for the relationship between items along both variables of interest. 






Figure 2. Scatter plots and linear relationships: (a) between human rating for Q1 and CLIP score (r = 0.065, p = 0.005), (b,c) between human rating for Q2 and FID (r = −0.005, p = 0.822) and CMMD (r = −0.264, p = 0.0) scores, respectively. Each point represents one of the description–picture items rated in the human evaluation survey. The line is the line of best fit for the relationship between items along both variables of interest.



[image: Applsci 15 08692 g002]







[image: Applsci 15 08692 g003] 





Figure 3. Scatter plots and linear relationships: (a) between human ratings for Q3 and Q1 (r = 0.79, p < 0.0001), (b) between human ratings for Q3 and Q2 (r = −0.59, p < 0.0001) and (c) between human ratings for Q3 and Q1 + Q2 (r = 0.91, p < 0.0001). Each point represents one of the description–picture items rated in the human evaluation survey. The line is the line of best fit for the relationship between items along both variables of interest. 
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Figure 4. Violin and Box plots depicting the distributions per model and per question for human ratings of images generated by all five image generation models. The mean is represented by the × symbol, while the green line represents the median. 
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Figure 5. Violin and box plots depicting the distributions per model and per question for human ratings of images generated by StyleGAN2 and StyleGAN3 models in single-step generation and in two steps using the respective editing models. The mean is represented by the × symbol, whilst the yellow line is the median. 
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Figure 6. Average human ratings for each model against the mean time for generating the image. For the editing models, the time taken is equal to the time taken to initially generate an image using the respective generation model added to the time taken by the editing model. 
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Figure 7. Mean computational times per model. For the editing models, the time taken is equal to the time taken to initially generate an image using the respective generation model added to the time taken by the editing model. 
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Table 1. Example images that were generated by different models using a description. Each model is used twice on the same description to generate two different images. The descriptions are: (1) “A young woman with a strong jaw and an otherwise round face. She has long, straight, brunette hair, full lips and brown eyes.” (2) “A tanned young boy with a long, slightly wavy bowl haircut. He has a wide nose, full cheeks and a toothy smile.” Edited models are used by first generating an image using the first sentence and then editing the image using the second sentence.
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	Description 1
	Description 2





	StyleGAN1
	[image: Applsci 15 08692 i001]
	[image: Applsci 15 08692 i002]



	StyleGAN2
	[image: Applsci 15 08692 i003]
	[image: Applsci 15 08692 i004]



	StyleGAN2

adaptive
	[image: Applsci 15 08692 i005]
	[image: Applsci 15 08692 i006]



	StyleGAN2

distilled
	[image: Applsci 15 08692 i007]
	[image: Applsci 15 08692 i008]



	StyleGAN3
	[image: Applsci 15 08692 i009]
	[image: Applsci 15 08692 i010]



	StyleGAN2

CLIPInverter
	[image: Applsci 15 08692 i011]
	[image: Applsci 15 08692 i012]



	StyleGAN2

edited
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	StyleGAN3

dited
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Table 2. Quality control images added to every evaluation batch to test that annotators rate the realism of the image and the description correctness as expected.
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	Expected Rating
	Description
	Image
	Image Source





	Unrealistic & incorrect
	“A man.”
	[image: Applsci 15 08692 i017]  
	https://pixabay.com/vectors/beauty-face-girl-head-portrait-1295692/, accessed on 21 March 2024



	Unrealistic & incorrect
	“A man.”
	[image: Applsci 15 08692 i018]  
	https://pixabay.com/vectors/woman-beautiful-face-pretty-girl-157149/, accessed on 21 March 2024



	Unrealistic & correct
	“A man.”
	[image: Applsci 15 08692 i019]  
	https://pixabay.com/vectors/man-person-avatar-face-head-156584/, accessed on 21 March 2024



	Unrealistic & correct
	“A woman.”
	[image: Applsci 15 08692 i020]  
	https://pixabay.com/vectors/woman-red-hari-face-smile-308451/, accessed on 21 March 2024



	Realistic & incorrect
	“A man.”
	[image: Applsci 15 08692 i021]  
	FFHQ dataset [18]



	Realistic & incorrect
	“A woman.”
	[image: Applsci 15 08692 i022]  
	FFHQ dataset [18]



	Realistic & correct
	“A woman.”
	[image: Applsci 15 08692 i023]  
	FFHQ dataset [18]



	Realistic & correct
	“A man.”
	[image: Applsci 15 08692 i024]
	FFHQ dataset [18]










 





Table 3. Inter-annotator agreement images added to every evaluation batch to measure the inter-annotator agreement between evaluators.
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	Model
	Description
	Image





	StyleGAN
	“A woman with neatly tied back black hair, thin eyebrows, a thin nose, a strong jawline and some makeup.”
	[image: Applsci 15 08692 i025]  



	StyleGAN2
	“A tanned young woman with light brown hair, thin eyebrows, dark brown eyes, a petite nose and plump lips.”
	[image: Applsci 15 08692 i026]  



	StyleGAN2-Adaptive
	“A woman with long, dark-brown hair, a fringe, light eyes, thin eyebrows, full lips and a strong jawline.”
	[image: Applsci 15 08692 i027]  



	StyleGAN2-Distillation
	“A woman with ombre brown hair, extremely thin eyebrows, stunning blue eyes, plump lips and wearing heavy black eyeliner.”
	[image: Applsci 15 08692 i028]  



	StyleGAN3
	“This younger woman has long wavy brown hair, full eyebrows and big blue eyes, her nose is long and pointed, and her lips are full.”
	[image: Applsci 15 08692 i029]










 





Table 4. Inter-rater agreement: Mean score, standard deviation and intra-class correlation (  I C  C  A g r e e m e n t    ,   I C  C  C o n s i s t e n c y    ) for Q1: “To what extent does the image match the description”, Q2: “To what extent does the image look like a real photo” and Q3: “How satisfied are you with this image, considering both how much it matches the description and the quality of the image”.
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Metric

	
StyleGAN

	
StyleGAN2

	
StyleGAN2

Adaptive

	
StyleGAN2

Distilled

	
StyleGAN3

	
Overall






	
Q1

	
Mean

	
74.4

	
81.2

	
4.0

	
45.3

	
71.4

	
55.3




	
Std Dev

	
18.8

	
16.5

	
5.0

	
20.8

	
18.9

	
33.0




	
   I C  C  A g r     

	

	

	

	

	

	
0.78




	
   I C  C  C o n     

	

	

	

	

	

	
0.81




	
Q2

	
Mean

	
15.7

	
67.9

	
87.7

	
71.2

	
63.4

	
61.2




	
Std Dev

	
15.9

	
24.4

	
16.3

	
21.7

	
23.9

	
31.8




	
   I C  C  A g r     

	

	

	

	

	

	
0.63




	
   I C  C  C o n     

	

	

	

	

	

	
0.68




	
Q3

	
Mean

	
43.2

	
74.4

	
18.3

	
47.8

	
64.8

	
49.7




	
Std Dev

	
22.2

	
18.6

	
15.7

	
21.5

	
19.2

	
27.4




	
   I C  C  A g r     

	

	

	

	

	

	
0.55




	
   I C  C  C o n     

	

	

	

	

	

	
0.57
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