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Abstract

Generating visuals from text involves deriving visual representations from textual de-
scriptions and transforming them into corresponding visuals. This technique finds vast ap-
plication in various fields, such as graphic design and image editing. Generative adversarial
networks (GANSs) are the widely used and better performers for this task. A primary hurdle
in this process is producing perceptually authentic visuals. This study introduces a Multi-
Attribute Text to Image Synthesis Generative Adversarial Network (MAT2I) to address
these challenges. The enhancements encompass attribute-control-net, feature alignment,
and perceptual loss. The attribute-control-net is used for the fast and attribute-specific
generation to maintain authenticity in perceptuality with adaptability. Feature alignment
and perceptual loss motivate the generator to create visuals that closely resemble real vi-
suals based on the accompanying text and to reduce randomness. The effectiveness of the
proposed model is gauged on the CUB and COCO datasets. Empirical findings illustrate
that this approach generates visuals with greater content diversity, enhanced realism, and
improved semantic alignment with provided text descriptions. Furthermore, the proposed
method surpasses comparative techniques in terms of inception score, further establishing
its competitive performance.

1. Introduction

Visual generation from text has gained significant attention within the contemporary re-
search landscape, aiming to create visual content from textual descriptions automatically.
The primary hurdles in text-to-image synthesis involve generating visually authentic and
semantically coherent visuals. Given the high-dimensional nature of image data distribu-
tion, which is difficult to directly approximate, several frameworks (Reed et al., 2016; Zhang
et al., 2017; Xu et al., 2018) have been proposed to manage local and global visual informa-
tion. These frameworks enhance the generation of visuals that are more visually plausible.
Simultaneously, semantic consistency, which concerns aligning textual descriptions with
image content is crucial.
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Generative Adversarial Networks (GANs) are widely employed for text-to-image synthe-
sis, but they come with inherent challenges, such as training instability and non-essential
confidence. Taking inspiration from the accomplishments of working on attributes (Li et al.,
2019) in various domains, this paper introduces a novel approach: Multi-attribute GAN
(MAT?2I) for visual generation from text. Integrating attribute control net (ACN) into vi-
sual generation from text contributes to the production of visually authentic visuals with
adaptability. By employing an ACN, the model leverages change in attributes (Gidaris
et al., 2018) to acquire diverse visual representations, thus yielding more visually plausible
visuals that align better with the intended semantics.
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Figure 1: Architecture of MAT2I

The proposed MAT?2I incorporates principal component analysis (PCA) derived direc-
tion to apply in both attribute control net and feature alignment(Hérkénen et al., 2020)
within the generator, enhancing its capacity to learn and adapt to a wide range of visual
information facilitated by attribute control net.

Further enhancements are suggested to promote the synthesis of visually convincing and
semantically congruent visuals. These enhancements encompass feature alignment (Sal-
imans et al., 2016) and perceptual loss (Pihlgren et al., 2020). The feature alignment
mechanism redirects the generator’s focus from solely tricking the discriminator to creating
visuals that closely resemble authentic ones. This shift improves the overall training sta-
bility of GANs. The perceptual loss function (Johnson et al., 2016) compels the generator
to minimize disparities between the generated and real visuals. The contributions of this
work are as follows:

e Introduction of attribute control net to provide modifications in generated visual
content based on modified attribute-based textual descriptions, keeping other parts
of the visual unchanged. The expanded variety of image representations subsequently
enhances the discriminator’s capacity for accurate classification.

e Integration of feature alignment and perceptual loss functions to redirect the gener-
ator’s objective from merely outplaying the discriminator to producing visuals that
closely resemble real-world counterparts. The generator’s goal shifts to generating
visuals that are less dissimilar from authentic ones.
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e We perform extensive experiments on the CUB (Wah et al., 2011) and COCO (Lin
et al., 2014) datasets. As a result, MAT2I-GAN demonstrates competitive perfor-
mance.

2. Prior Related Work

This section outlines the evolution of text-to-image generation, highlighting key advance-
ments in GAN and diffusion-based models. It also reviews existing techniques in compo-
sitional and attribute-specific image synthesis, forming the basis for the proposed MAT2I
framework.

2.1 Visuals From Text

Generating visuals from text has witnessed substantial advancements, with numerous mod-
els emerging (Lee et al., 2022; Wu et al., 2022a,b; Zhou et al., 2022b). Recently, diffusion
models (Nichol et al., 2021; Saharia et al., 2022; Gu et al., 2022) trained on extensive datasets
have showcased remarkable potential. DALLE2 (Ramesh et al., 2022) introduces a diffusion
decoder that generates images based on CLIP embeddings (Radford et al., 2021). Stable
Diffusion (Rombach et al., 2022) enhances model architecture with cross-attention modules
for potent diffusion-based image generation. GAN-based techniques (Qiao et al., 2019; Yin
et al., 2019; Ma et al., 2020; Zhang and Schomaker, 2022; Singh and Tiwary, 2023) have
spurred progress in text-to-image generation. AttnGAN (Xu et al., 2018) introduces an
attention-driven multimodal similarity model for fine-grained image-text alignment, widely
adopted in various GAN models (Li et al., 2019; Zhu et al., 2019; Liao et al., 2022; Wu et al.,
2022c; Singh and Tiwary, 2023; Singh et al., 2023). XMC-GAN (Zhang et al., 2021) refines
text-image matching through cross-modal contrastive learning. DAE-GAN (Ruan et al.,
2021) incorporates sentence-level and attribute-derived information. Style-GAN (Karras
et al., 2020), a successful image generation framework, extends to text-to-image synthesis.
Our approach, MAT2IGAN, takes a different approach by incorporating principal compo-
nent analysis (PCA) derived direction to apply in both attribute control net and feature
alignment.

2.2 Visual Generation in Multidomain

Compositional image generation is studied in a benchmark (Park et al., 2021), evaluating
attribute-based text-to-image models. StyleT2I (Li et al., 2022) incorporates a spatial con-
straint loss to disentangle attribute features by constraining spatial variance according to
input attributes. However, these works often overlook the attribute-specific alteration with-
out changing the image’s other parts and keeping the background in consideration. Our
framework, MAT2I, works on the PCA-derived direction for modifications by selectively
applying them to specific layers and enhancing attribute compositional generalization by
perceptual loss. Effective text representations are crucial for text-to-image synthesis. At-
tnGAN (Xu et al., 2018) employs an attention mechanism for fine-grained word-subregion
connections, while ControlGAN(Li et al., 2019) uses perceptual loss to reduce randomness.
GANSpace(Harkonen et al., 2020) contributes to text-to-image tasks, with prior studies (Li
et al., 2022; Brock et al., 2018; Ramesh et al., 2022) showcasing its potent language-and-
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vision feature space. Inspired by this, we use an attribute control net (ACN) to incorporate
modifications done in attributes to visuals.

3. Visual Generation Using Multi-Attribute GAN

Drawn from the encouraging results of ControlGAN(Li et al., 2019), the proposed MAT2I
method adopts the core concepts while incorporating several refinements. These refinements
encompass attribute control net, feature alignment (Salimans et al., 2016) and perceptual
loss (Pihlgren et al., 2020).

The attribute control net empowers the existing GAN to make modifications in generated
visuals by changing only a few attributes using PCA-driven direction and keeping the others
unaffected. PCA is utilized to compute the principal direction matrix p, to guide attribute-
specific modifications in the Attribute Control Net (ACN). It provides a mathematically
grounded method to identify and manipulate the most significant directions of variation in
the latent space. This, in turn, elevates the discriminator’s learned representations, thereby
spurring the generator to produce a more diverse set of images.

Feature alignment comes into play to align the characteristics of genuine and generated
images. Doing so facilitates the synthesis of visuals that exhibit greater photorealism and
a more extensive spectrum of content variations.

The integration of the perceptual loss functions to narrow the gap between authentic
and synthesized images. This serves to lessen the unpredictability in the generation process
and compels the generator to maintain the visual characteristics associated with the original
text and semantic consistency.

These augmentations collectively ensure that the MAT2I method generates visually
realistic images, semantically coherent and subsidised with a richer array of features. Fur-
thermore, these enhancements contribute to alleviating the challenges of overconfidence and
training instability encountered in visual from text generation.

3.1 Architecture

The proposed model aims to generate a realistic image, Iy, that semantically matches a
given text description T. Furthermore, the model allows controlled modifications to the
generated image based on changes in the text description. For example, if the original
text T is modified to a new description T, the model generates a new image Iy that
reflects the changes described in T),.,,. However, keeping other parts of the original image
Iy unchanged.

Our fundamental architectural framework is built upon the multistage ControlGAN (Li
et al., 2019), which serves as the core structure (refer to Fig. 1). MAT2I’s architecture
consists of the following major components:

e Text Encoder: Extracts sentence-level and word-level features from the input text.

e Attribute Control Net (ACN): Leverages PCA-derived directions to enable pre-
cise attribute-specific modifications in the latent space.

e Multi-Stage Generator: A three-stage generator progressively refines the image
from coarse to fine resolution.
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e Feature Alignment and Perceptual Loss: Enhances visual realism by aligning
generated images with real-world features and reducing noise.

Given an input sentence T, we employ a pre-trained bidirectional RNN (Xu et al.,
2018) as the text encoder. This RNN encodes sentence T into a comprehensive sentence
feature denoted as ”t” in the D-dimensional space, providing an overall description of the
sentence. Additionally, it generates the word feature ”w” in a DxL-dimensional space,
where L represents the word count, and D is the dimensionality. Building upon (Zhang
et al., 2017), we also implement conditioning augmentation (CA) on ”t”. The augmented
sentence feature, denoted as ”t™”, is combined with a random vector ”z” to construct the
input for the initial stage.

To ensure semantic alignment between text and generated visuals, we employ the Deep
Attentional Multimodal Similarity Model (DAMSM) from Xu et al., 2018. DAMSM extracts
text and image features and aligns them using a multimodal attention mechanism, which
matches word-level features with corresponding image regions. By computing a similarity
score using cosine similarity, DAMSM encourages the generated image to align semantically
with the input text. This integration guides the generator to produce images that are not
only visually realistic but also coherent with the input text’s semantics.

In addition, the principal direction matrix p, provides information to GAN through ACN
regarding attributes or feature control. The latent direction for the principal component is
computed using:

P =arg mznZHka — 2| |2 (1)
k

The computed coordinates are transformed into activations (yi) through linear regres-
sion. These activations are then provided as input to the generator to guide the desired
attribute alterations. By computing the coordinates, the ACN effectively translates abstract
attribute changes into actionable modifications within the latent space, enabling controlled
and semantically coherent visual generation.

The entire process of image generation follows a multi-stage approach, progressively
generating images from coarse to fine levels. At each stage, the network generates a disguised
visual feature ”v,”, which acts as the input for the respective generator ”G,,” to produce a
synthetic image. To enhance the process, spatial attention (Xu et al., 2018) and a channel-
wise attention module (Li et al., 2019), both of which utilize ”w” and ”v,” to yield attentive
word-context features. These attentive features are merged with the concealed feature ”v,,”
and fed into the subsequent stage with p, as controlling feature input, which is activated
when a new textual description is taken for generation.

Our novel ACN computed the coordinates of each feature tensor using random latent
vectors, z, and then converted to activations, yi, transferred this to latent space by linear
regression, which is given as input to the existing GAN structure to control the required
feature alteration. Basically, to enhance control over attribute modifications during image
generation, PCA is employed to compute a principal direction matrix. This matrix captures
the primary directions of variation in the latent space, allowing for fine-grained adjustments
to specific attributes while maintaining the overall realism of the generated images. Then,
perceptual loss is used to compute the loss between the generated and previously generated
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visual. The perceptual loss is used to make the image less noisy in less important areas like
the background, unlike in controlGAN(Li et al., 2019), using the given equation:

Perceptual Loss, Lperceptual = Z my - || (G (o)) — ¢ (Io)||? (2)
1

where, > denotes the sum over multiple layers in a pre-trained deep neural network,
myrepresents the weight assigned to each layer 1, ¢;(G(Iy)) is the feature representation of
the generated visual G(Iy) extracted from layer ”1” of the neural network. ¢;(Ip) is the
feature representation of the manipulated feature visual (Ip) extracted from the same layer
”1” of the neural network.

3.2 Objective Functions

The model’s objective function can be understood as a minimax game involving two par-
ticipants who compete against each other, and it is formulated as follows:

me maz O(D,G) =log[D(x,t)] +log [1 — D(G(z,1))] (3)

3.2.1 GENERATOR OBJECTIVE

The generator loss, denoted as Lge,, in the given equation, encompasses several components.
These include an adversarial loss referred to as Lgady, a loss promoting correlation between
text and images known as L., a perceptual loss termed Ly, and finally, a loss ensuring
alignment between text and images called Lpanrsa(Xu et al., 2018).

S
Lgen = Z(LGadv + >\2Lper + )\3l09(1 - Lcor)) + MLpayvsw, (4)

s=1

Where ’S’ denotes the number of stages, from the initial to the s stage of visuals. The
hyperparameters A2, A3, and A4 regulate distinct losses. Specifically, Lpe, corresponds to
the perceptual loss (Li et al., 2019), which is different from L, ceptuar in Eq 2. This loss
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enforces constraints on the generative process to mitigate unpredictability. The Lpanrsar
technique is adopted to gauge text-image correspondence, assessing matching through cosine
similarity. Additionally, L. evaluates the correlation between the generated image and the
provided textual description while accounting for spatial details.

3.2.2 DISCRIMINATOR OBJECTIVE

The loss function for the training of the discriminator includes the L., which stands as the
correlation loss, which assesses the presence of visually related attributes to words within
the image. The text description that does not align with the visual is chosen randomly from
the dataset and holds no relevance to computing this loss. A; serves as a hyper-parameter
that governs the significance of supplementary losses.

S
LDis = Z(LDadv + /\1 (log(l - Lcor) + lOg(Lcor))7 (5)
s=1
The adversarial loss Lpyq, comprises dual elements: the unconditional adversarial seg-
ment gauges the authenticity of the image, while the conditional adversarial segment eval-
uates if the provided image aligns with the text description T.i.e.,

LDadv = Lunconditional + Lconditional (6)

To determine the semantic consistency and visual authenticity of the input pair effec-
tively, the discriminator must categorize three distinct pairs of samples:

1. A text description paired with the corresponding real image.
2. A text description paired with an unrelated real image.
3. A text description paired with a synthesized image.

Among these pairs, (1) represents the authentic sample, while (2) and (3) pertain to
fabricated samples. By utilizing these sample pairs as input, the discriminator can grasp
the correlation between the text description and the image. In particular, through pairs (1)
and (3), the discriminator acquires the ability to distinguish the authenticity of the input
image. Similarly, by examining pairs (1) and (2), the discriminator learns how to associate
the image with the text description accurately.

4. Experiments

To assess the efficacy of the proposed MAT2I model, we conduct thorough experimentation
using the CUB (Wah et al., 2011) and COCO (Lin et al., 2014) datasets as benchmarks.
Our comparative analysis includes both GAN-based and diffusion-based text-to-image gen-
eration techniques to ensure a comprehensive evaluation.

For GAN-based models, we compare MAT2I with three widely recognized text-to-image
synthesis methods: StackGAN (Zhang et al., 2017), StackGAN-++ (Zhang et al., 2018),
and AttnGAN (Xu et al., 2018). These models represent key advancements in GAN-based
image generation, and we reproduce their results using the source code provided by their
respective authors.
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Given the recent success of diffusion-based models, we further acknowledge and discuss
the advancements made by models such as DALL-E (Reddy et al., 2021), LAFITE (Zhou
et al., 2022a), and Stable Diffusion (Rombach et al., 2022). While our primary focus remains
on GAN-based approaches, we include a comparative discussion on diffusion-based methods
to highlight key differences in architecture, computational complexity, and output quality.

This extended evaluation allows us to place MAT2I within the broader landscape of text-
to-image synthesis, demonstrating its strengths in semantic alignment, attribute control,
and computational efficiency compared to both GAN and diffusion-based methods.

4.1 Dataset

In this study, the proposed MAT2I model is evaluated on two benchmark datasets, CUB-
200-2011 (CUB) and COCO (Common Objects in Context), to assess its performance in
generating realistic and semantically aligned visuals. These datasets offer complementary
challenges: CUB focuses on fine-grained object details, while COCO presents a diverse set
of real-world scenes with multiple objects and complex textual descriptions.

Before diving into dataset-specific details, Table 1 provides an overview of the training
and testing splits used in our experiments:

Table 1: Data Split for CUB and COCO datasets

Dataset | Training Split | Testing Split | Captions per Image
CUB 8,855 2,933 10
COCO | 82,783 40,504 5

4.1.1 CUB-200-2011 (CUB)

The CUB dataset comprises 11,788 high-quality bird images, each paired with 10 detailed
text descriptions. It is widely used in text-to-image synthesis due to its fine-grained object
categories and detailed annotations. These annotations include specific body parts, colors,
and patterns, allowing models to learn intricate semantic relationships between textual
descriptions and visual features.

A distinct characteristic of the CUB dataset is its ability to capture wide variations in
poses, backgrounds, and viewpoints across different bird species. This diversity, combined
with the rich attribute annotations, facilitates nuanced analysis and attribute-driven learn-
ing approaches, making it an ideal benchmark for evaluating attribute-conditioned image
generation.

4.1.2 COCO (ComMMON OBJECTS IN CONTEXT)

The COCO dataset consists of over 80,000 images, each depicting diverse, real-world scenes
with multiple objects. Unlike CUB, which focuses on single-object images with detailed
attributes, COCO presents a greater challenge due to its cluttered backgrounds, highly
diverse object categories, and complex textual descriptions. Each image is annotated with
five different captions, making it a robust benchmark for evaluating MAT2I’s ability to
generalize across complex scene compositions and varied textual inputs.
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By leveraging these complementary datasets, we assess MAT2I’s effectiveness in fine-
grained attribute synthesis (CUB) and complex scene generation (COCO), demonstrating
its versatility and robustness across varying domains.

4.2 Implementation Details

The proposed MAT2I model consists of a three-stage generator (S = 3), where images are
progressively refined at resolutions of 64x64, 128x128, and 256x256. Attribute Control
Net (ACN), feature alignment, and spatial and channel-wise attention mechanisms are
incorporated during stages 2 and 3 to enhance semantic consistency and fine-grained visual
details. These mechanisms help guide the generator towards attribute-specific modifications,
ensuring that the generated images align with the provided text descriptions.

A pre-trained bidirectional LSTM is employed to encode text descriptions. This text
encoder translates the input text into a sentence feature with a dimension of 256, along
with word features of length 18, each having a dimension of 256. These textual features are
then used to guide the image generation process at multiple levels.

For the perceptual loss component, the content loss is calculated using the ReLU2_2 layer
of an image encoder pre-trained on the ImageNet dataset (Russakovsky, 2015). This helps
improve the perceptual realism of generated images by aligning their feature representations
with real images.

To ensure stable training and optimized learning, we use the Adam optimizer (Kingma
and Ba, 2014) with a learning rate of 0.0002. The hyperparameters A\j, A2, A3, and A4 are
set to 0.5, 1, 1, and 5, respectively, to balance the different loss components.

4.3 Evaluation Metric

To quantitatively evaluate the generated images, we employ the Inception Score (IS), a
widely used metric in GAN-based image synthesis. The Inception Score assesses two critical
aspects of generated images:

1. Image Quality: The model should generate sharp, high-resolution images that closely
resemble real samples.

2. Image Diversity: The generated images should be visually distinct and represent the
full range of possible image classes.

The Inception Score is computed using an Inception-v3 network, which predicts class labels
for the generated images. The metric is defined as:

IS = exp (E [KL (P(yl2) | P(y))]) (7)
Where,
e F denotes the expectation over generated images.

e P(y|z) represents the conditional class distribution, which is the output of the Inception-
v3 network when given a generated image x.

e P(y) is the marginal class distribution, which is the output of the Inception-v3 network
when given real images from the dataset.
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Table 2: Inception Score comparison on CUB and COCO datasets

Model Inception Score (CUB) | Inception Score (COCO)
StackGAN 3.70 8.45
StackGAN-++ 3.82 8.92
AttnGAN 4.36 13.02
MAT2IGAN (Ours) 4.59 14.35

e KL divergence measures the difference between these two distributions, ensuring that
generated images belong to well-defined, diverse categories.

A higher Inception Score indicates that the model produces high-quality and diverse
images, while a lower score suggests mode collapse (i.e., the generator produces repetitive
or low-diversity outputs).

The comparative Inception Scores on the CUB and COCO datasets are reported in Ta-
ble 2, demonstrating that MAT2I achieves higher scores than previous GAN-based models:

4.4 Computational Cost and Complexity

The computational cost of MAT2I arises from its multi-stage generator, attention mech-
anisms, and additional loss functions, which contribute to improved image quality and
semantic alignment. Below, we discuss the key factors affecting computational complexity
and justify their inclusion.

4.4.1 MULTI-STAGE GENERATOR

MAT?2I employs a three-stage generator, progressively refining images from 64 x64 to 256 x 256
resolution. Each stage enhances visual details and applies attribute modifications, ensuring
high-quality synthesis.

Computational Complexity: The computational cost increases linearly with the
number of stages. However, this approach significantly reduces mode collapse, stabilizing
training and yielding more realistic outputs.

4.4.2 ATTENTION MECHANISMS

The spatial and channel-wise attention modules align text features with image regions,
improving semantic consistency.

Computational Complexity: These mechanisms involve matrix multiplications, which
add a computational overhead. However, their role in refining image details and improving
text-image alignment outweighs this cost.

4.4.3 ATTRIBUTE CONTROL NET (ACN)

ACN utilizes PCA-derived latent directions to enable precise attribute-specific modifica-
tions.
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Computational Complexity: The PCA transformation and feature regression intro-
duce a lightweight computational cost, but since ACN works without additional retraining,
it remains computationally efficient.

4.4.4 ADDITIONAL Lo0OSss FUNCTIONS

Perceptual loss and feature alignment improve training stability and realism.

Computational Complexity: Feature extraction from a pre-trained network (e.g.,
ImageNet-based encoder) slightly increases training cost but has no impact on inference
speed.

4.4.5 TRAINING AND INFERENCE EFFICIENCY

Compared to single-stage GANs (e.g., StackGAN, AttnGAN), MAT?2I requires 1.5x to
2x more training time due to multi-stage generation and additional loss terms. Inference
remains efficient, as ACN transformations and attention-based conditioning operate within
the existing GAN pipeline.

4.4.6 TRADE-OFF JUSTIFICATION

While MAT?2I introduces additional computations, these enhancements directly contribute
to improved training stability, semantic alignment, and visual quality. The model strikes a
balance between computational efficiency and generation quality, making it a viable alter-
native to both traditional GANs and high-cost diffusion models.

4.5 Significance of ACN and Perceptual Loss

This section evaluates the contribution of the Attribute Control Net (ACN) and perceptual
loss in enhancing the image generation process.

The perceptual loss ensures that less important areas, such as the background, are less
noisy, while foreground elements are preserved with high fidelity. The ACN enables precise
attribute modifications, improving semantic alignment between the generated image and
the input text description.

To assess their impact, we conduct an ablation study by evaluating Inception Scores
under three different conditions:

e With perceptual loss (Lper)
e With both ACN & perceptual loss

e Without ACN & perceptual loss

These results indicate that incorporating both ACN and perceptual loss leads to a
notable increase in the Inception Score, improving image quality and diversity. The score
rises from 4.52 + 0.03 to 4.59 £ 0.05 (CUB) and from 13.89 £ 0.04 to 14.35 £+ 0.07 (COCO),
showcasing the effectiveness of ACN-driven attribute control and perceptual learning (see
Table 3).

This improvement suggests that integrating attribute-based supervision in MAT2I en-
hances the semantic richness and variability of generated images, making them more realistic
and aligned with textual descriptions.
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Table 3: Significance of ACN and perceptual loss on CUB and COCO datasets

Score With L., | With ACN & Ly, | Without ACN & Ly,
Inception Score (CUB) | 4.52 £ 0.03 4.59 £ 0.05 3.93 £ 0.03
Inception Score (COCO) | 13.89 + 0.04 14.35 + 0.07 13.01 £+ 0.02
5. Results

The proposed MAT2I model has been implemented in Python using the PyTorch framework.
We evaluated its performance on both the CUB-200-2011 and COCO datasets to assess its
ability to generate realistic and semantically aligned images.

5.1 Implementation Overview

The CUB dataset consists of 11,788 images, out of which 8,855 images were used for training
and 2,933 images for testing. The COCO dataset, containing over 120,000 images, was split
into 82,783 training images and 40,504 test images.

Our model optimizes the generator loss using cross-entropy loss, along with DAMSM
loss and perceptual loss, which are crucial for improving text-image alignment and percep-
tual quality. These losses collectively contribute to the overall loss function, ensuring that
generated images preserve semantic attributes while reducing artifacts and inconsistencies.

5.2 Word-Level Attention and Progressive Image Generation

The MAT2I framework incorporates word-level attention to enhance text-image alignment
at different stages of generation (Fig. 3).

e Word-level attention mechanisms allow the model to focus on relevant parts of the
text, ensuring that attributes described in the text are accurately reflected in the
generated image.

e This ensures better semantic coherence, when generating fine-grained object details.

7igrey 3:yellow 13:beak

Figure 3: Word level attention

The MAT?2I generator also operates in three stages, progressively refining image quality:

e In the first stage, the image is generated conditioned only on sentence features.

2464



MAT?Z2I: MULTI-ATTRIBUTE TEXT-TO-IMAGE SYNTHESIS

e In the second and third stages, the generator receives input from the fusion of word-

level features and the feature map from the previous stage.

e This progressive refinement leads to better-structured, more detailed, and visually
coherent images with each stage.

a) Image at 1st stage b) Image at 2nd stage c) Image at 3rd stage

Figure 4: Generated image at each phase of generation

a colorful little bird with a bright yellow head, black a colorful little bird with a bright blue head, black
and yellow wings. and brown stripes on the chest and green wings, and brown stripes on the chest

A small beautiful red bird with a bright red head and a small graceful bird with a bright blue head and throat,
throat, brown and red wings, black tail tip and white belly green and blue plumage, black tail tip and white belly

Figure 5: Visuals with change in attributes

Figure 4 illustrates how image quality improves across different stages, demonstrating
enhanced resolution, texture details, and feature clarity. Figure 5 highlights the effectiveness
of MAT?2I in attribute modification, where changes in textual descriptions are accurately

reflected in the generated visuals.
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6. Conclusion

The proposed work introduces an enhanced method for visual generation from text descrip-
tions. To achieve this, three improvements have been incorporated. Firstly, the approach
integrates an attribute control net to control the feature that needs modification. This
empowers the discriminator to grasp a wider range of variations in image content. Conse-
quently, both the discriminator’s classification ability and the generator’s performance are
enhanced, generating more diverse images.

Second, the feature-alignment technique with an objective function strives to increase
the similarity between real and generated images. This tackles the issue of mode collapse,
leading to a more diverse array of image content and contributes to the stability of the
training process. Third, the perceptual loss motivates the generator to create visuals that
closely resemble real visuals based on the accompanying text and to reduce randomness.

Experimental results obtained from the CUB and COCO datasets validate the effective-
ness of the proposed method, MAT2I. In comparison to other techniques, MAT2I demon-
strates superior performance, as indicated by higher inception scores.
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