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ABSTRACT

With the rapid development of artificial intelligence and computer vision, face image translation has been widely used in
criminal analysis, medical diagnosis assistance and digital cultural heritage restoration. In these cases, the input
information usually comes from sketches, attribute tags or natural language descriptions. These information usually have
some problems, such as incomplete information, huge differences between patterns and uncertain semantic expression.
These factors lead to identity drift in the generated results. That is to say, even if the image looks realistic, the important
characteristics of identity do not match those target people.

This paper proposes the application of multimodal identity reconstruction technology in face image translation system. It
focuses on the analysis of application mechanism, broadcast model and multi-mode fusion method of generating
countermeasure network (GANS) to keep identity. This paper summarizes the main technical methods, such as identity
constraints, structural modeling and cross-modal alignment. It also determines the factors that affect identity consistency,
semantic consistency and generation stability. On this basis, this paper also discusses the evaluation criteria, the
generalization ability of the model and the challenges of actual deployment faced by the current research. It provides a
direction for future research.

This study is helpful to better understand the mechanism of multimodal identity reconstruction, provide a theoretical
framework for creating a high-precision and controllable facial generation model, and provide technical support for
engineering applications in related fields.

Keywords: Face Image Translation; Identity Reconstruction; Multimodal Control; Generative Adversarial Networks;
Diffusion Models.

1. INTRODUCTION

With the rapid development of deep learning technology, the field of computer vision has gradually expanded from the
traditional image recognition task to image generation and content reconstruction. Face image translation, as an important
branch of generating model, aims at matching between different visual fields, such as the conversion between real images
and sketches, face generation with different styles and face synthesis based on text description. These technologies have
great application value in the fields of intelligent security, auxiliary medical analysis and cultural heritage protection.

However, in practical application, the task of translating face images is very tense. Its main challenge is not only the visual
quality of the generated image, but also the consistency of identity information when converting between different fields.
In the scenes of criminal suspect identification and medical facial analysis, the input usually comes from low-quality
sketches or natural language descriptions. These sources are very different in expression and meaning, which makes it
difficult for traditional single-mode generation methods to effectively integrate them, and leads to identity differences in
the generated results.

The purpose of this study is to deeply study the multi-mode control of identity reconstruction in face image translation.
The objectives are as follows:

1. Review the important technologies in face image translation and multimodal control, such as GANSs, transformer
architecture and multimodal fusion technology, and see how they use today and their limitations for identity
reconstruction.
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2. Summarize the main multimodal fusion methods used in facial image translation, such as early fusion, cross-attention
and potential spatial alignment, and explain how they work, their advantages and disadvantages to help identity
reconstruction.

3. Compare the important evaluation dimensions of identity reconstruction under multi-mode control, such as identity
consistency, semantic consistency, structural fidelity, and computational efficiency, in important research situations,
such as medicine, criminal investigation, and restoration of cultural heritage.

4. Discuss the possible evaluation indexes of face image identity reconstruction under multi-mode control, so as to assist
future research and practical application.

2. BASIC PRINCIPLES AND KEY CHARACTERISTICS OF MULTIMODAL IDENTITY
RECONSTRUCTION IN FACE IMAGE TRANSLATION

This chapter aims to create a theoretical framework for multimodal identity reconstruction. Firstly, from the perspective
of information theory and conditional generation model, the formal definitions of important concepts in facial image
translation and identity reconstruction are given, and a “two-channel control” classification system based on functional
decomposition of control signals is proposed. Then, by looking at the main generating paradigms (GANs and diffusion
models), we analyze the differences in their mechanical multimodal condition modeling, and we systematically explain
the multimodal fusion strategy. Finally, we summarize the important characteristics that affect the performance of identity
reconstruction and its natural tradeoff, and provide a unified analysis framework for the following technical review.

2.1 Basic Concepts and Classification
2.1.1 Face Image Translation

Face image translation is a special case of image-to-image translation task. Its main purpose is to learn the cross-domain
mapping relationship. By maintaining the semantic structure of the face, it transforms the input image from the source
domain to the target domain, for example, from the real photo domain to the sketch domain, age domain or artistic style
domain.

This process can be written as a conditional generation model.
y = G(x,¢) (1)

where x is the input image from the source domain, c is the external conditioning signal, G is the generative model, and y
is the output image. The model’s objective is to approximate the conditional distributionp(y|x, c) .

2.1.2 ldentity Reconstruction

Identity reconstruction is a very accurate job to keep everyone’s characteristics when creating images in another style. The
goal is to keep the identity unchanged, whether in the image we see or in the feature space.

Firstly, rules are established by training the facial recognition network F (-):

Lig = [IF(x) = F)l )
This loss term helps to reduce the identity drift in translation. Cross-domain, making the distance in feature space smaller.
2.1.3 Multimodal Control

Multi-mode control refers to the use of different information from different ways (such as images, drawings, text
descriptions, etc.). Tell the build model what it should do. Our goal is to get the results that follow what we want. His main
job is to make things less vague and control them better.

2.1.4 “Dual-Channel Control” Classification Framework

From the perspective of functional decomposition of control signals, the existing multimodal methods can be simplified
as a combination of visual and semantic constraints. On this basis, this paper puts forward a unified framework called
“dual channel control”.

(1) Visual channel
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This channel mainly controls the face shape (structure) in order to obtain good results at the geometric level.
(2) Semantic channel
This channel mainly controls facial sensory attributes so that the results match the description.

This dual-channel mode combines the multi-mode control mechanism between “structure” and “semantics”, which is the
main idea to be discussed later in this paper.

2.2 Core Structure and Theoretical Framework

Multimodal identity reconstruction in facial image translation is basically a modeling problem of conditional probability
distribution. The difference of multi-modal control ability between different generation paradigms comes from their
different ways of modeling conditional information.

(1) Basic Generative Frameworks
(DGeneration of antagonistic networks (gan-based framework).
GAN approaches the data distribution through opponent optimization between generator and discriminator.

minmax E,[logD (x)] + E,[log(1 — D(G(z,¢)))] @)
GAN is very good at creating textures with a lot of details, but it is difficult to keep stable during training. GAN is better
at modeling visual channels (structural constraints), but they are not very powerful at matching complex things.
@Diffusion-based framework (diffusion-based framework)
The broadcast model creates data by gradually removing noise:

Xe-1 = fo(x¢, €) 4)

They provide greater generation stability and diversity. Broadcast models have obvious advantages in semantic channel
modeling (text-based control), but their ability to accurately locate specific identities is limited.

(2) Multimodal Fusion Mechanisms
Multimodal fusion is key to achieving identity reconstruction and primarily includes:
(DEarly Fusion
Z = [Zimg; Ztext] ®)
Simple to implement, but lacks the ability to model cross-modal interactions.
(@Cross-Attention

Attention(Q,K,V) = Softmax <Q—\/I;_Z> %4 (6)

Capable of explicitly modeling the correspondence between semantic and visual information, this is the current mainstream
approach.

(@ Latent Alignment

Z, = Zg @)
Improves cross-modal consistency by unifying latent spaces.
Summary (Very Important):

Early fusion from the perspective of dual channels: ignoring the difference of channel attention mechanism: allowing
channel delay alignment interaction: unified channel representation

(3) Unified Representation of Dual-Channel Control
y=G(x ¢y ) 8)
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2.3 Core Features

In face image translation, the performance of multimodal identity reconstruction system does not depend on a single factor,
but comes from the interaction and interdependence of several important features.

(1) Identity consistency: Identity consistency is the “golden rule” to check the quality of reconstruction. This means how
similar the created image is to the starting image in the identity feature space.

(2) Semantic consistency: Semantic consistency shows the matching degree between the created results and control signals
(especially text descriptions) on the sensory level.

(3) Structural fidelity: Structural fidelity means that the created face has the correct shape and structure, and there are no
errors, such as wrong features or strange proportions.

(4) Multi-mode fusion ability: This feature indicates whether the model can handle conflicts between different information
and find useful things to complement each other.

(5) Computational complexity and scalability: In real life (for example, real-time shooting of portraits of suspects), it is
very important for the model to be fast and efficient.

3. ANALYSIS OF THE MECHANISM UNDERLYING STRUCTURAL STABILITY

In the multimodal identity reconstruction in face image translation, structural stability is one of the main factors restricting
the performance of the model. This means the ability of generating models to maintain the same facial shape and features
during cross-modal and cross-domain mapping. If the structure is not stable, there may be identity drift, semantic distortion
and uncontrollable generation results. The following analysis focuses on the key mechanism, and makes use of the
important literature of case studies.

3.1 Identity Embedding and Feature Space Shift

In multimodal identity reconstruction, the generating model must keep the same identity of people in the high-dimensional
feature space. During the training of GAN, there may be a collapse mode, or the generated samples may deviate from the
real data distribution, resulting in the change of identity feature vectors.

For example, in cross-domain face translation using CycleGAN, even if the visual effect looks natural, identity features
can still move 2, In this process, a pre-trained recognition model, such as ArcFace, can be used to limit the feature space
and reduce the drift problem B,

3.2 Cross-modal Alignment Errors

Multimodal inputs, such as text descriptions, sketches or key points, must be aligned in a unified representation space.
When visual information conflicts with semantic information, there will be control conflicts, which will affect the
preservation of identity.

Case study: Yin et al. ™l pointed out in an attribute-controlled facial generation task that if there is no effective identity
constraint, the model will give priority to semantic conditions, which will lead to partial replacement of identity
information. This mechanism shows that the structural stability depends on the accuracy of cross-modal alignment.

3.3 Semantic Mapping and Structural Perturbation

The representation of semantic information depends on the stability of facial structure. For example, the change of face
proportion or the deviation of local structure may lead to the representation of semantic features, such as “wampy” and
“wide-set eyes”.

Chen et al. BIfound that in the face-to-face aging task of conditional GAN, when the structural modeling is not good enough,
the age-related features become less natural. This shows that semantic matching needs stable structural support.

3.4 Attention Mechanisms and Semantic-Visual Alignment

Cross-modal attention mechanism is used to align semantic and visual information, but when the structure is unstable, the
attention distribution may change, which may lead to local semantic misalignment or loss.
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For example, even if StarGAN can unify the control attributes in multi-domain generation, there may still be semantic
inconsistency in some local areas 1, which indicates that the stability of the structure limits the effectiveness of the
attention mechanism.

3.5 Training and Generation Stability

GAN drive is a non-convex optimization problem, which may have instability problems, such as gradient generalization
and collapse mode, which may lead to structural distortion or repeated mode [8],

Progressive GAN [Eland ResNet [l are proposed to improve the generation stability and feature propagation ability.

In addition, inconsistent cross-domain mapping may lead to irreversible structural deformation. CycleGAN reduces some
of these problems through the loss of cyclic consistency [ and the sharing of potential space by dual GAN 1'%, but it is still
difficult to fully guarantee topological consistency under complex cross-modal conditions.

Therefore, in the future research, it will be the key direction to improve the performance of multimodal identity
reconstruction to realize the coordinated optimization of structural and semantic constraints in the framework of “dual-
channel control”.

4. STRATEGIES AND METHODS FOR IMPROVING STRUCTURAL STABILITY
4.1 Strategy 1: Identity-Aware Constraint
(1) Typical Methods
(Dldentity-Aware Loss
Extracting features using pre-trained facial recognition networks:

Lig = IF(x) = F(G(x, oIl 9)

This method is widely used in facial attribute transfer and translation tasks [, and can improve identity consistency.
@Perceptual Loss

Restrict the results generated by depth feature matching (for example, VGG or ResNet features) ], so as to maintain the
consistency of structure and texture.

(®Latent Space Constraint
Achieves more stable identity control by maintaining consistency in identity features within the latent space (11,
(2) Related Research

Chen et al. (2019) I Constrains generated results in the feature space using identity-aware loss to achieve high identity
consistency; the advantage is a significant improvement in identity preservation, while the disadvantage is a limitation on
generative diversity.

Perceptual Loss Method [°I: Uses deep feature matching to maintain consistency in structure and texture; the advantage lies
in preserving visual details, while the disadvantage is dependence on the performance of pre-trained networks.

Latent Space Constraint M1: Maintains identity consistency in the latent space; the advantage is stable control, while the
disadvantage is limited generalization to complex poses.

4.2 Strategy 2: Structure-Aware Modeling

(1) Typical Methods

(DExplicit Structural Input (Structural Guidance)

Using keypoints, segmentation maps, or sketches as additional inputs to guide the generation process:
Landmark Constraints

Segmentation Map Guidance
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In image translation tasks, such methods have been shown to significantly improve structural stability 121,
(@Network Architecture Optimization (Architectural Design)

Residual Structures (ResNet): Enhancing Feature Propagation [,

Progressive Training (Progressive GAN): Improving Generation Stability [,

Style-based Generator (StyleGAN): Improves structural controllability (31,

(®Cycle Consistency Constraints

By constraining the consistency of forward and backward mappings, structural information loss is reduced [,
(2) Related Research

Explicit structure input method 2 use key points, sectional drawings or sketches to guide generation, thus improving
structural stability. The advantage is to reduce geometric distortion, while the disadvantage is the sensitivity to input quality.

Residual networks and progressive training [ 91: Optimize the network architecture to improve the stability of function
transmission and training. Advantages include more natural generation, while disadvantages include increasing the
complexity of the model.

StyleGAN Architecture '31: using generator style to improve structural control; The advantage is rich structural expressions,
while the disadvantage is limited semantic stress ability.

Cycle Consistency Constraint [2I: ensure the reversibility of cross-domain mapping and minimize information loss. Its
advantage is to maintain topological consistency, but its disadvantage is that it cannot completely solve the structural
differences under complex cross-modal conditions.

4.3 Strategy 3: Multimodal Fusion Optimization

(1) Typical Methods

(DAttention Mechanism (Attention-based Fusion)

Achieves dynamic alignment through cross-attention:

Text — guides visual features; Vision — provides structural support
This method is widely adopted in multi-domain generation tasks (61,
@Latent Space Alignment

Enhancing modal consistency through shared latent representations 1291,
(®Conditional Generation Models

Controls the generation process by introducing conditional variables (e.g., Conditional GAN) 41,
(2) Related Research

Cross-attention mechanism [¢l: Achieves dynamic alignment between visual and semantic information; the advantage is
that it mitigates modal conflict, while the disadvantage is high computational complexity.

Potential spatial alignment method 1%: improve modal consistency by sharing potential representations. The advantage is
better overall consistency, but the disadvantage is strong dependence on data alignment.

Conditional GAN I: the generation process is controlled by conditional variables. The advantage is strong controllability,
but the disadvantage is sensitivity to high-dimensional conditions. From the perspective of “dual channels”, future research
should focus on the cooperation mechanism between visual and semantic channels in order to achieve the unified
improvement of structural stability and semantic consistency.
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5. SUMMARY AND OUTLOOK
5.1 Research Summary and Future Prospects

This paper briefly introduces the theoretical basis, important mechanism and main technical methods of reconstructing
someone’s identity with various images (we call it multimodal identity reconstruction in facial image translation). In terms
of information theory and conditional generation model, a clear definition of facial image translation and identity
reconstruction is given, and an analysis framework called “two-channel control” is proposed, which focuses on how “visual
channel” and “semantic channel” work together.

Next, this paper shows how structural stability can help create different types of images. By creating the “result-
mechanism-result” analysis chain, we can see that when the structure is unstable, it will change some important things,
such as identity consistency, semantic consistency and generation quality, because of the deviation of feature distribution,
cross-modal alignment errors and training instability.

With the progress of research, this paper divides the technical methods to improve the model performance into three
categories: identity constraint enhancement strategy, structural modeling enhancement strategy and cross-modal
integration optimization strategy. The analysis shows that these three categories correspond to semantic constraint
enhancement, visual structure stability and channel coordination mechanism optimization as part of “dual channel control”.
But most methods only improve one thing, and there is no systematic and coordinated design in the same framework.

In order to solve these research problems, future research can look at these directions:
(1) Deepening the Unified Theoretical Framework: From Empirical Design to Principle-Based Approach.

At present, the methods are mainly structural design based on experience, lacking unified theoretical guidance. In the
future, we can build a more systematic multi-modal conditional modeling theory, using information theory and the idea of
expressing learning. This will clarify: the best fusion of structural and semantic information, and the best generation target
under multimodal constraints. Therefore, we can change from “method-driven” method to “theory-driven” method.

(2) Model Design of Dual-Channel Coordination.

Future models should clearly simulate the interaction between visual channels and semantic channels, rather than just
superimposing them. Specific directions include: two-channel separation and collaborative optimization mechanism,
dynamic weight distribution strategy and joint stress model of structure and semantics to achieve a more stable and
controllable generation process.

(3) High-Precision Cross-Modal Alignment Mechanisms for High-Precision Cross-Modal Alignment.

We need to better match meaning and image. For example, using more accurate cross-modal attention mechanism, aligning
method based on large-scale pre-training model (such as visual language model), and controlling the senses of a small part
of the image to solve very accurate sensory problems.

(4) Lightweight and Efficient Generative Models.

In order to meet the actual needs, we must study the generation model with low computational cost, the rapid reasoning
mechanism (such as the multi-step diffusion model), and the multi-mode system that can be used in real time, so as to
transfer the technology from the laboratory to the practical application.

(5) Interdisciplinary Integration and Application Expansion.

Multimodal identity reconstruction has many possible uses. It can be used in criminal investigation and forensic analysis,
medical image reconstruction, digital human and virtual reality. In addition, increasing insights from cognitive science and
human visual mechanism will help us to make a generative model that is closer to the way people look at things.
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