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ABSTRACT

H
uman image generation is an intriguing yet fundamentally challenging problem
in computer vision. The ability to synthesize high-quality and semantically
meaningful novel instances of a person has potential use cases across multiple

domains, including academic research and enterprise applications. Visual realism and
contextual coherence in such generative frameworks can directly benefit synthetic data
generation, scene understanding, creative software, digital media, retail advertisements,
animation, and augmented / virtual reality (AR/VR) products. Although the premise is
intellectually and commercially appealing, generating realistic novel human instances
is a significantly challenging problem. Moreover, imposing semantic constraints on the
generative process to achieve contextually coherent visual results introduces additional
complexities to the problem. In recent years, both unconditional and conditional
generative algorithms have achieved a remarkable uplift in photorealism by adopting
Generative Adversarial Networks (GAN) and later Diffusion Models (DM). However, most
existing approaches focus on synthesizing an instance of a specific object class. In
contrast, a real-world scene generally contains multiple object classes with different inter-
object contextual relationships. Therefore, conditioning a generation process on the scene
context becomes essential for semantically meaningful visual synthesis.

This thesis explores two foundational aspects of context-aware person image
generation. The first phase investigates visually realistic image generation of an isolated
human instance from a local input context, such as geometric structure (pose) or textual
descriptions. The second phase introduces global semantic constraints in the generative
process and learns to blend a human instance into a complex scene while adapting to a
contextually valid scene-human interaction. The high degree of appearance diversity and
pose variations in human images contribute to the key challenges in the problem, where
the aim is to generate semantically consistent novel views of a highly deformable object
(human) from a single observation. The proposed research addresses these challenges by
introducing generative strategies that achieve state-of-the-art performance on multiple
visual and analytical benchmarks for context-aware person image generation.
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1
INTRODUCTION

T
his introductory chapter discusses the essential background and motivation behind

person image generation and the significance of incorporating object and semantic

contexts in such generative frameworks. The discussion also provides insight

into the associated challenges and key research questions. The chapter concludes by

summarizing the main contributions of the thesis and outlining an overview of the thesis

structure.

1.1 Background and Motivation

Generating realistic human instances is fundamental for building a wide range of modern

computer vision application stacks, including but not limited to synthetic data generation,

digital media, retail advertisements, animation, and augmented / virtual reality (AR/VR)

software. For example, high-quality synthetic human instances can improve person re-

identification by providing auxiliary data to the model. Likewise, such generations can

streamline the digital advertising of fashion apparel by seamlessly creating different views

of a person wearing it. Therefore, the ability to synthesize high-quality and contextually

appropriate novel views of a person has potential use cases across academic research and

enterprise applications.

The key aim of context-aware person image generation is to generate novel views

(images) of a highly deformable object (human) from a single observation and additional

contextual input. The input context can provide local or global guidance to the generative
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network. A local guidance condition is an object-level context to control the generation

of an isolated human instance. For example, keypoint-based target pose representation

or textual description of the target pose provides a local structural context to control the

intended pose of the generated person. On the other hand, a global guidance condition

is a scene-level semantic context that constrains the generated human instance in a

complex environment. For example, human-human and human-object interactions in a

scene provide a global semantic context for meaningfully blending new human instances.

Therefore, practical applications of such generative networks require intricate attention to

both local and global contexts.

In recent years, both unconditional and conditional generative algorithms achieved a

remarkable uplift in photorealism by adopting Generative Adversarial Networks (GAN) [1,

2] and later Diffusion Models (DM) [3, 4, 5, 6]. However, most existing approaches focus

on synthesizing an isolated person instance from keypoint-based pose representation with

limited attempts to incorporate semantic constraints. We notice two major limitations in

the current methods. First, while the keypoint-based representation provides a structurally

accurate target pose, it tends to produce noticeable shape ambiguities when the target

pose provider has a significantly different physique than the subject. This problem is

not immediately apparent from the initial visual analysis because the datasets consist of

source-target image pairs for every individual, ensuring that the subject is the same as

the target pose provider. However, the target pose must come from a different person

in a real-world inference scenario, leading to the potential geometric bias in the output.

The second problem arises from inadequate semantic conditioning for person image

generation in a complex scene, resulting in poor and unrealistic generative performance.

A complex real-world environment typically contains multiple object classes with different

inter-object contextual relationships. Therefore, conditioning the generative process on the

scene context becomes essential for semantically meaningful visual synthesis. Due to the

potentially appealing application premises, we believe it is worthwhile to investigate and

address such limitations for improving the visual quality and generative stability in context-

aware person image generation.

This thesis explores two foundational aspects of context-aware person image

generation. The first phase investigates visually realistic image generation of an isolated

human instance from keypoint-based pose reference, followed by a potential strategy for

mitigating structural bias using text-based descriptive pose annotations. The second phase

introduces semantic constraints in the generative process and learns to blend a new person

into a complex scene while adapting to a contextually valid scene-human interaction.
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1.2 Significance and Challenges

At present, the academic and industrial landscapes are going through major transforma-

tions with the exponential adoption of generative technologies. Synthetic data generation

pipelines allow transformative graphics and simulation tools to be integrated into com-

mercial game engines such as Unreal [7] and Unity [8, 9]. Augmenting real data with sam-

ples from procedurally generated large datasets like SURREAL [10], Synscapes [11], and

SynBody [12] shows improved model performance for various downstream tasks. Similarly,

in the digital media and AR/VR space, recent reports [13, 14] suggest that the global mar-

ket valuation is expected to expand from USD 22.12 billion to USD 96.32 billion by 2029,

growing at a CAGR of 34.2%. Multiple surveys and whitepapers [15, 16] have identified up

to 40% return rates in fashion e-commerce, accounting for nearly USD 218 billion loss in

revenue globally. Modern generative AI-assisted virtual try-on tools [15] have consistently

shown positive impacts on customer behavior, with a 60% reduction in the return rates for

online retail purchases. Likewise, in animation and virtual production, motion translation

and digital avatars have reduced production costs of studio pipelines while improving user

immersion.

Although the premise is intellectually and commercially appealing, generating

realistic human instances is a significantly challenging problem. The high degree of

appearance diversity and pose variations in human images cause many possible learnable

mappings for pose transformation. Moreover, imposing semantic constraints on the

generative process introduces additional complexities, such as context representation and

ambiguities due to multiple valid solutions. We summarize the main challenges associated

with context-aware person image generation as follows.

1. Visual and structural diversity: Human appearance can be visually and structurally

diverse. Differences in specific physical traits among people from different demo-

graphics and wide variations in human attire collectively contribute to visibly diverse

person images. Additionally, high deformability of the human body due to wide de-

grees of freedom results in virtually innumerable complex poses that a person can

adopt. Therefore, the generative process must account for such visual and structural

variabilities to produce realistic outcomes.

2. Generalization and dataset bias: In a pose-conditioned human image generation

from a given observation to a novel pose, the existing datasets consist of observed and

target image/pose pairs of a specific individual for training supervision. However, the

target pose must come from a different person during a real-world inference. In such

3
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cases, a substantial structural inconsistency is likely when the target pose provider

has a significantly different physique than the subject. Therefore, a generalized pose

representation is required to mitigate such dataset bias.

3. Context representation: Context-aware person image generation fundamentally

depends on object-level local and scene-level global context representations. An

object-level context, such as keypoint-based spatial pose representation or text-

based descriptive pose annotation, provides a local geometric context to control the

structure of an isolated human instance. Likewise, a scene-level context, such as a

person-person or scene-person relationship, provides a global context to constrain

the generated human instance within a complex environment for semantically

adaptive blending. Therefore, effective mechanisms to represent the object and

semantic contexts are crucial for generating expressive human instances.

4. Semantic ambiguity: When introducing a new person instance into an existing

complex scene, the algorithm attempts to synthesize a novel view of the person

that can seamlessly blend into the given scene. However, numerous variations of

the target person are feasible in such cases, resulting in multiple semantically valid

scene-human compositions. Therefore, the generative process should be able to

sample multiple variations of the composed scene while retaining semantic integrity

across such variations.

5. Ethical concerns: The rapid advance of deep generative models for human imagery

has enabled powerful applications but also introduced serious ethical concerns

regarding user privacy and data safety. Synthetically generated DeepFake images and

videos can convincingly fabricate or alter an individual’s appearance and actions

[17, 18], eroding trust in digital media. Several reports [19, 20] have indicated a

massive surge of political disinformation, identity theft, targeted harassment, and

audio-visual impersonation using generative technologies in recent years. While

researchers are actively exploring computational algorithms [21, 22] for precisely

identifying fake information, several recent studies [23, 24] have shown that the

majority of such DeepFake detectors can be bypassed by simple postprocessing

steps. This has prompted calls for legal frameworks such as the EU AI Act (European

Union) and the DEEPFAKES Accountability Act (USA) to mandate watermarking,

provenance tracking, and clear liability for misuse. Some ethical mitigation strategies

include embedding imperceptible digital watermarks at generation time, developing

joint generation-detection architectures to mask malicious outputs, and fostering
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interdisciplinary collaboration among technologists, policymakers, content creators,

social influencers, and end users to ensure responsible deployment of generative AI.

1.3 Research Objectives and Questions

This research aims to investigate efficient strategies for generating novel human instances

from local object-level contexts, followed by imposing semantic constraints for the

adaptive composition of a generated person into a complex environment from global

scene-level contexts. The main research objectives and associated research questions are

summarized as follows.

Objective: To investigate efficient strategies for generating isolated novel views of a

specific person from a single observation and local structural context

• Research Question 1: How to efficiently improve existing approaches to geometri-

cally guided human pose transformation?

• Research Question 2: How does strong structural supervision impact the generative

process during real-world inference?

• Research Question 3: How to effectively mitigate the potential structural bias in pose-

guided person image generation?

Objective: To design generative strategies for adaptively blending a specific person into

a complex scene by imposing global semantic constraints

• Research Question 4: How to effectively introduce semantic conditioning in a scene-

aware adaptive person image generation pipeline?

• Research Question 5: How does a data-agnostic approach impact the visual quality

and scalability of semantic person image generation and composition?

• Research Question 6: How does cross-modal information fusion impact human

affordance generation in complex scenes and associated downstream tasks?
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1.4 Contributions

This research addresses the core challenges in context-aware person image generation by

improving the visual quality of generated instances and mitigating probable structural

ambiguity during real-world inference, followed by imposing semantic constraints for

adaptively blending generated instances into a complex scene. The main contributions of

the thesis are summarized as follows.

1. To efficiently improve the visual quality in human pose transformation, an end-to-

end network architecture is proposed for generating novel views of a specific person

from a single observation and a keypoint-based target pose reference as the local

structural context.

2. To address potential structural inconsistencies from keypoint-based pose represen-

tation, an alternative network architecture is proposed for human pose transforma-

tion using textually descriptive pose annotation as the local context. A new dataset

comprising human image and pose description pairs is also introduced to circum-

vent the lack of existing datasets.

3. To impose semantic constraints on the adaptive blending of a new person into a

scene with existing people, a disentangled pipeline is introduced where the collective

association of all human poses provides a global semantic context to the generative

network.

4. To improve the visual quality, structural stability, and scalability of semantic person

instance blending into complex multi-person scenes, a data-agnostic generative

architecture is introduced by replacing keypoint-based pose representations with

human parsing maps.

5. To mitigate the structural instability of keypoint-based pose representations and

space complexity of data-agnostic approaches, a novel cross-attention mechanism is

proposed for encoding the global semantic context for expressive human affordance

generation in complex scenes.

1.5 Thesis Structure

This thesis consists of an introductory chapter for understanding the premise and

objectives, an extensive literature review to identify the limitations and scopes of existing
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approaches, five subsequent technical chapters discussing the proposed strategies to

address core research questions and a final concluding chapter to summarize the main

research findings. The organization of the thesis is as follows.

Chapter 1 introduces the premise by discussing the background, motivation and potential

challenges associated with context-aware person image generation. The discussion also

sets the core research objectives and identifies the key research questions. The chapter

concludes by summarizing the main contributions and organization of the thesis.

Chapter 2 provides a comprehensive literature review by exploring previous works on

person image generation to identify the limitations and potential scopes of existing

approaches.

Chapter 3 aims to address Research Question 1 by introducing an end-to-end network

architecture that uses attention operation at every spatial scale of encoding and decoding

branches to increase both low-frequency and high-frequency feature richness. The

proposed approach [25] outperforms existing keypoint-based structurally guided human

pose transformation methods in multiple visual and analytical benchmarks.

Chapter 4 aims to address Research Questions 2 & 3 by proposing a disentangled human

pose transformation strategy [26] that uses textual annotations as the pose descriptor to

mitigate potential structural irregularities in a keypoint-based approach.

Chapter 5 introduces a generative architecture for adaptively blending a specific person

into a scene with existing people. The proposed method [27] addresses Research Questions

4 by providing the collective association of existing human poses as a global semantic

context to the generative network.

Chapter 6 focuses on improving the visual quality, structural stability, and scalability of

semantically adaptive person instance blending into complex multi-person scenes. The

proposed data-agnostic approach [28] addresses Research Questions 5 by adopting human

parsing maps instead of a highly sparse keypoint-based pose representation.

Chapter 7 aims to solve the structural instability of keypoint-based pose representations

and space complexity of data-agnostic strategies in an adaptive human pose generation

pipeline. Addressing Research Questions 6, the proposed approach [29] introduces a

novel cross-attention mechanism to encode the global context that improves sampling

semantically valid human actions in a complex scene.

Chapter 8 concludes the thesis by summarizing the research findings and discussing

potential scopes for future directions.
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LITERATURE REVIEW

T
his chapter provides an overview of the existing methods related to context-

aware person image generation. The discussion includes general techniques for

conditional visual synthesis and their adoption into human pose transformation

from local and global contextual supervision. Although local structural guidance

is well explored in the literature, existing works on global semantic guidance are

substantially limited. This extensive literature review enables us to identify and address

the shortcomings of current person image generation strategies.

2.1 Generative Modeling for Image-to-Image Translation

GAN: Visual synthesis is a fundamental requirement for many computer vision applica-

tions. Since the inception of Generative Adversarial Networks (GAN) [1], several variations

of the core architecture achieved remarkable improvements in realistic image synthesis

during recent years. The initial proposal of GAN [1] introduced unconstrained image gen-

eration by enforcing an adversarial learning scheme between a generator and a discrimi-

nator. Later, conditional GAN (CGAN) [2] extended this idea to constrained image genera-

tion. These adversarial learning strategies led to the original foundation of image-to-image

translation [30] and cyclic consistency [31].

Conditional GAN: Image-to-Image translation using conditional GAN is a method of image

transformations between two domains. Early architectural improvements introduced a

Markovian discriminator [30] for better retention of high-frequency correctness in paired
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image-to-image translation. A subsequent approach [31] extended the idea to unpaired

data by enforcing cycle consistency between source and target domains. In [32], the authors

used coarse-to-fine generators, multi-scale discriminators, and an additional feature-

matching loss for generating higher-resolution images. In [33], the authors achieved

generational improvements in semantic image manipulation by introducing spatially

adaptive normalization. A specific variant of general image-to-image translation focuses

on realistic image generation from freehand sketches, where sketches act as rough

visual cues to impose structural guidance on the generative process. The initial work

exclusively on multi-class sketch-to-image translation proposed a masked residual unit

[34], accommodating fifty object categories. Another approach proposed a contextual GAN

[35] to learn the joint distribution of the sketch and corresponding image. Researchers also

explored interactive generation [36] using a gating mechanism to suggest the probable

completion of a partial sketch, followed by rendering the final image with a pretrained

image-to-image translation model [32]. In [37], the authors proposed a multi-stage class-

conditioned approach for object-level and scene-level image synthesis from freehand

sketches, improving the perceptual baseline over direct generations [30], contextual

networks [35], and methods based on scene graphs [38, 39] or layouts [40]. In [41],

the authors achieved similar goals with an unsupervised approach by introducing a

standardization module and disentangled representation learning.

GAN inversion: The main objective of GAN inversion is to find a latent embedding of an

image such that the original image can be faithfully reconstructed from the latent code

using a pretrained generator. The existing strategies for such inversions can be learning-

based [42, 43, 44, 45], optimization-based [46, 47, 48, 49, 50, 51, 52], or hybrid [53, 54]. In

a learning-based inversion, an encoder learns to project an image into the latent space,

minimizing reconstruction loss between the decoded (reconstructed) and original images.

An optimization-based inversion estimates the latent code by directly solving an objective

function. In a hybrid approach, an encoder first learns the latent projection, followed by an

optimization strategy to refine the latent code. The rich statistical information captured

by deep generative networks from large-scale data provides effective priors for various

downstream tasks, including image-to-image and sketch-to-image translations. In [45],

the authors adopted a learning-based GAN inversion strategy using a multi-class deep

generative network [55], pretrained on ImageNet dataset [56], as prior to achieve sketch-

to-image translation for multiple categories. In [57], the authors introduced a framework

for generalizing image synthesis to open-domain object categories by jointly learning two

in-domain mappings (image-to-sketch and sketch-to-image) with random-mixed strategy.
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Diffusion models: A Denoising Diffusion Probabilistic Model (DDPM) [3, 4] is a

parameterized Markov chain that learns to generate samples similar to the original data

distribution after a finite time. In particular, DDPM uses variational inference to learn to

iteratively reverse a stepwise diffusion (noising) process. In [58], the authors introduced

Denoising Diffusion Implicit Models (DDIM) by generalizing DDPM using non-Markovian

diffusion processes with the same learning objective, leading to a deterministic and faster

generative process. Recent advances [5, 6] have shown that diffusion models can achieve

generational improvements in the visual quality and sampling diversity over GAN while

providing a more stable and straightforward optimization objective. The most prolific

application of diffusion models in recent literature is text-conditioned image generation

[59, 60, 61, 62] and modification [63, 64, 65, 66], utilizing a pretrained language-image

model [67] to embed the conditioning prompt. In [68], the authors guided the generative

process with an iterative latent variable refinement to produce high-quality variations of

a reference image. In [69], the authors introduced a class-specific prior preservation loss

to finetune an existing text-to-image diffusion model for personalized manipulation of

a specific subject image from a few observations. Emerging alternative approaches also

involved Stochastic Differential Equations (SDE) to guide the generative process following

score-based [70] or energy-based [71, 72] objectives. More recent attempts for sketch-to-

image translation involved multiple objectives [73], multi-dimensional control [74], or

latent code optimization [75]. In [73], the authors used an additional network to reconstruct

the input sketch from the generated image. The denoising process was optimized using a

cumulative objective function consisting of the perceptual similarity (between the input

and reconstructed sketches) and Cosine Similarity (between the input and generated

images) measures. In [74], the authors provided three-dimensional controls over image

synthesis from the strokes and sketches to manipulate the balance between perceptual

realism and structural faithfulness during the conditional denoising process. In [75], the

authors introduced a lightweight mapping network for providing structural guidance to

a pretrained latent diffusion model [61]. While the method avoided training a dedicated

diffusion network, the differential guidance made sampling images computationally even

more demanding than a large-scale model itself. To alleviate such problems, we proposed

dSketch [76] for photorealistic sketch-to-image translation by leveraging the learned

feature space of a pretrained latent diffusion model (LDM) [61]. We achieved this by using a

learnable lightweight feature mapping network to perform latent code translation between

source (sketch) and target (image) domains. By adopting this strategy, we retained the

remarkable generative capabilities of the LDM prior without requiring to retrain it.
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2.2 Structurally Guided Human Pose Transformation

The key aim of human pose transformation is to generate a novel view of a specific person

from a single observation and a given pose. Researchers extensively used keypoints and

semantic parsing maps for 2D pose representation alongside body mesh and UV maps for

3D pose representation. Most existing methods adopt GAN or diffusion models as the core

architecture for pose transformation in a supervised or semi-supervised manner.

Keypoint-guided approaches: The first human pose transformation method PG2 [77]

introduced a two-stage coarse-to-fine generation approach for pose integration and

image refinement using U-Net-like architectures [78]. The authors further improved the

technique with a disentangled person image generation scheme [79] by introducing

separate branches for foreground, background, and pose in the network architecture.

Siarohin et al. [80] proposed deformable skip connections in the GAN architecture with a

nearest-neighbor loss to address pixel-level misalignments in human pose transformation.

Esser et al. [81] proposed a conditional U-Net architecture for generating different

views of an object, conditioned on the latent appearance attributes from a variational

autoencoder (VAE) [82]. In [83], the authors introduced a sequence of pose-attention

transfer blocks for progressive pose transformation. The key idea was to perform the

translation on a local manifold at each intermediate step to overcome the difficulties

arising from complex structures on the global manifold. In [84], the authors proposed

a novel bi-directional feature transformation strategy for better utilizing the guidance

image constraints. CoCosNet [85] jointly learned cross-domain correspondence and image

translation by mutually improving each other with weak supervision. In [86], the authors

proposed a progressive appearance transformation strategy with a region-specific adaptive

patch normalization. In PoNA [87], the authors proposed a pose-guided non-local attention

mechanism with a long-range dependency scheme to select important feature regions

for pose transformation. Tang et al. introduced a generative architecture XingGAN [88]

containing two novel blocks to effectively transfer and update the shape and appearance

embeddings in a crossing way to improve each other mutually. The authors improved

the architecture using a bipartite graph reasoning scheme BiGraphGAN [89] with an

attention-based image fusion block for addressing the long-range relations between the

source and target pose to mitigate the challenges caused by pose deformation. The

attention mechanism works on a single scale of the final layer to generate a one-channel

attention mask. In SCA-GAN [90], the authors aimed to alleviate spatial misalignments

using edge maps alongside keypoints. In Pot-GAN [91], the authors utilized multi-scale
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feature maps for pose-guided person image generation. Ren et al. [92] proposed a neural

texture extraction and distribution mechanism for controllable person image synthesis.

Zhang et al. [93] proposed a transformer-based dual-task Siamese architecture containing

two branches for self-reconstruction and target transformation. The authors showed that

the auxiliary task of source-to-source generation helps the source-to-target generation. In

[94], the authors introduced a dynamic sparse attention-based transformer architecture

DynaST with dynamic attention in a cascaded multi-layer transformer network.

Parsing / UV map-guided approaches: Men et al. [95] used human parsing maps [96] to

embed appearance attributes into the latent space as independent codes and a two-branch

network for generation. In [97], the authors implicitly represented body pose and shape as a

parametric mesh using a learned high-dimensional UV feature map to capture appearance

variations across poses, viewpoints, identities, and clothing styles during re-rendering.

Zhang et al. [98] proposed a two-stage approach by estimating a parsing map aligned with

the pose keypoints followed by transferring appearance attributes to render the human

instance. The authors later introduced PISE [99], featuring joint global and region-wise

local normalization to decouple shape and style with a spatial-aware normalization to

retain the spatial context. In SPGNet [100], the authors proposed a two-stage architecture

for pose and appearance translation with region-adaptive normalization. In [101], the

authors performed source-to-target appearance attributes transfer with a human body

symmetry prior followed by a pose-conditioned StyleGAN2 [102] generator with spatial

modulation for photorealistic reposing. Liu et al. [103] proposed a spatial-aware texture

transformer model for source-to-target garment transfer by leveraging the spatial UV prior

from DensePose [104]. In StylePoseGAN [105], the authors extended a non-controllable

neural re-rendering scheme to controllable person image generation from a single

monocular view by imposing pose and appearance conditioning separately. In HumanGAN

[106], the authors used a part-based latent appearance encoding in a pose-independent

normalized space followed by warping the encoded latent vectors to different poses.

Zhou et al. [107] introduced a cross-attention-based style distribution module, computing

between source semantic style and target pose to perform the pose translation. In [108],

the authors proposed a self-driven approach PT2 for pose transformation by splitting pose

and textures at patch-level.

Mesh-guided approaches: Lassner et al. [109] proposed a generative scheme to manipulate

clothing styles from a given image outline of a projected 3D body mesh. Zanfir et al. [110]

estimated the 3D body mesh from a single image followed by appearance rendering for

pose transformation. Liu et al. [111] proposed a pose transformation technique using a
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3D mesh recovery module in liquid warping GAN to learn the location and rotation of

joints alongside body shape characteristics. The authors later introduced an attention

mechanism in the architecture [112] to improve its generative performance. Knoche et al.

[113] performed pose transformation by intermediate translation into a volumetric space.

Specifically, the authors geometrically warped 2D images into dense 3D feature volume,

performed pose manipulation, and finally mapped the volumetric representation back

to RGB space. In [114], the authors introduced a lifting-and-projection network and an

appearance detail compensating network for 3D mesh-based human pose transformation.

Flow-guided approaches: Li et al. [115] proposed a dense and intrinsic appearance flow

for pose transformation by fitting a 3D model to the given pose pair and then projecting

them back to the 2D plane to compute the appearance flow. The authors performed feature

warping using the estimated appearance flow to generate photorealistic human instances.

Ren et al. [116] performed pose transformation by estimating flow fields from the global

correlations between source and target domains, followed by computing local attention

coefficients and warping source features with a content-aware sampling mechanism.

In FDA-GAN [117], the authors applied deformable local attention and flow similarity

attention to perform occlusion and deformation-aware feature fusion for a flow-based pose

transformation. VGFlow [118] disentangled the flow into visible and occluded parts of the

target with a visibility-guided flow module, facilitating simultaneous texture preservation

and style manipulation. WaveIPT [119] introduced a pose transformation strategy by fusing

the attention and flow in the wavelet domain.

Semi / Self-supervised approaches: Although most existing human pose transformation

methods follow a supervised learning approach, researchers also attempted semi-

supervised [120, 121, 122] and self-supervised [123, 124] learning strategies in recent years.

Pumarola et al. [120] proposed a pose-conditioned bidirectional generator to map the

rendered person image back to the initial pose, thereby dismissing the requirement for

supervision during training. Song et al. [121] used a semantic generator for source-to-

target parsing map translation and an appearance generator to render the target semantic

map. The authors then reconstructed the source by running identical steps in reverse and

optimized the networks with a reconstruction loss. Zheng et al. [122] proposed a two-

stage coarse-to-fine generation strategy by learning multi-scale pose flow with a texture-

preserving objective. In [123], the authors formulated self-supervised pose transformation

based on cyclic consistency. In [124], the authors proposed a self-supervised approach

using two collaborative modules to create unaligned pairs in the feature space followed by

feature rearrangement. Additionally, the authors introduced a graph-based body structure
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retaining loss for shape-consistent human pose transformation.

2.3 Textually Supervised Human Pose Transformation

Image generation from textual supervision is an intriguing topic in applied machine vision.

In recent years, researchers introduced large-scale multimodal architectures, bridging

language understanding and visual attributes. For example, OpenAI’s DALL·E [59] used

a discrete VAE and transformer to translate free-form text prompts into images, while

DALL·E 2 [60] introduced a diffusion-based decoder to improve the resolution and visual

fidelity of the generated samples further. Likewise, Google’s Imagen [62] demonstrated that

cascaded diffusion decoders can achieve remarkable photorealism, often rivaling human

judgment, when paired with transformer-based text encoders. Conversational agents like

ChatGPT and LLaMA have shown how autoregressive large language models [125, 126] can

be steered via natural dialogue to generate descriptive prompts for downstream image or

video generation. While such multimodal approaches offer high visual fidelity for general

visual synthesis and open-domain creativity, a purpose-specific task such as person image

generation requires fine-grained structural control and identity preservation alongside

efficient architecture design with lower computational footprints.

However, text-guided person image generation techniques are not widely explored in

the literature. The initial approach [127] to this problem used a conditional GAN for text-

to-image synthesis. In [128], the authors used a VAE to generate human actions from

text descriptions. In [129], the authors introduced redescriptions of texts for generating

images. Zhou et al. [130] proposed a text-guided method for generating human instances

by selecting a pose from a set of eight basic poses, followed by controlling appearance

attributes of the chosen basic pose. In recent literature, researchers estimated the human

appearance [131] and pose [132] from a given text description. Briq et al. [132] synthesized

3D human meshes from text using a recurrent GAN and SMPL [133] model.

2.4 Semantically Adaptive Person Image Generation

Unlike isolated human instance generation from local shape contexts, adaptive image

generation within a scene requires intricate supervision of the global semantic context.

Initially, researchers introduced a contextually relevant random person instance into a

user-defined location [134] or a probabilistically estimated potential area [135, 136] by

performing a background context-conditioned instance-level search followed by image
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composition. In contrast, we aim to introduce a specific person instance into an optimally

estimated scene location such that the new person contextually blends in with the existing

persons. However, existing methods to address this challenging task are limited in the

literature. Gafni et al. [137] proposed a conditional GAN-based multi-stage approach

for person instance blending in a scene. Specifically, the authors used three dedicated

networks for semantic parsing map-based human structure generation, rendering, and

face refinement. Kulal et al. [138] adopted an end-to-end conditional inpainting technique

by finetuning a pretrained latent diffusion model to achieve similar goals.

2.5 Context-Aware Human Affordance Generation

The original investigation [139] on the relationship between visual perception and human

action defined affordance as the opportunities for interaction with the surrounding

environment. Behavioral studies on regular and cognitively impaired persons indicated

evidence that perception results in both visual and motor signals in the human brain. An

extended study [140] demonstrated that visual attention to the spatial characteristics of

the perceived objects initiates automatic motor signals for different actions. In computer

vision, human affordance learning involves novel pose prediction such that the estimated

pose represents a valid human action within the scene context. The task is critical for many

problems requiring robust semantic reasoning about the environment, such as human

motion synthesis [141] and scene-aware human pose generation [142, 143, 144, 145].

Earlier methods of affordance learning explored knowledge mining [146] and

multimodal feature cues [142] to address the problem. In [146], the authors used a Markov

Logic Network for constructing a knowledge base by extracting several object attributes

from different image and metadata sources, which can perform various downstream

visual inference tasks without any additional classifier, including zero-shot affordance

prediction. In [142], the authors used depth map, surface normals, and segmentation

map as multimodal cues to train a multi-scale convolutional neural network (CNN) for

scene-level semantic label assignment associated with specific human actions. In [147], the

authors designed a multi-branch end-to-end CNN with two separate pathways for object

detection and affordance label assignment to achieve high real-time inference throughput.

Researchers [148] also explored socially imposed constraints for affordance learning. In

[148], the authors proposed a graph neural network (GNN) to propagate contextual scene

information from egocentric views for action-object affordance reasoning.

Probabilistic modeling of scene-aware human motion generation also involves
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semantic reasoning of human interaction with the environment. Initial works on human

motion synthesis followed different architectural approaches, such as sequence-to-

sequence models [149], generative adversarial networks (GAN) [149, 150, 151], graph

convolutional networks (GCN) [152], and variational autoencoders (VAE) [153]. However,

these methods mostly ignored the role of environmental semantics. Due to potential

uncertainty in human motion, in a recent approach [141], the authors addressed such

motion synthesis with a GAN conditioned on scene attributes and motion trajectory to

predict probable body pose dynamics.

One key challenge of human affordance generation in 2D scenes is the lack of large-

scale datasets with rich pose annotations. In [143], the authors compiled the only public

dataset of annotated human body poses in complex 2D indoor scenes by extracting frames

from sitcom videos. Aiming to generate a contextually valid human affordance at a user-

defined location, the authors proposed sampling the scale and deformation parameters

for an existing human pose template using a VAE conditioned on the localized image

patches as scene context. In [144], the authors introduced a two-stage GAN architecture

for achieving a similar goal by estimating the affine bounding box parameters to localize a

probable human in the scene and then generating a potential body pose at that location.

The method uses the input scene, corresponding depth, and segmentation maps as

semantic guidance. In [145], the authors proposed a transformer-based approach with

knowledge distillation for generating human affordances in 2D indoor scenes.

Person Image Generation

Keypoint-Guided
+ High-quality generation
- High structural bias

Text-Guided
+ Good-quality generation
+ Reduced structural bias

Keypoint-Based
+ Good-quality generation
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Parsing Map-Based
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- High storage complexity

Keypoints + Attention
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Figure 2.1: An organizational overview of the proposed works in this thesis.
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2.6 Chapter Summary

In this chapter, we discussed the recent literature on person image generation. We reviewed

the foundational generative architectures, such as GAN and diffusion models, for general

image-to-image translation, followed by adopting these techniques into human pose

transformation with local or global contextual guidance. The most common methods

for providing structural and shape contexts to the generative network include keypoints,

parsing maps, UV priors, or 3D mesh. However, existing works on textual supervision

and semantic constraints are substantially limited. In the following chapters, we discuss

an improved network architecture for structurally guided human pose transformation,

explore a technique to alleviate the possible geometric bias with textual supervision, and

introduce methods to impose semantic constraints for adaptive person image generation

within a given scene. Fig. 2.1 illustrates an overview of the proposed works in this thesis.
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STRUCTURALLY GUIDED HUMAN POSE TRANSFORMATION

T
his chapter introduces an end-to-end network architecture for structurally guided

human pose transformation. The proposed approach uses attention operation at

multiple scales of the encoding and decoding branches to enhance low-frequency

and high-frequency image features, outperforming previous methods on multiple visual

and analytical benchmarks.

3.1 Human Pose Transformation

Human pose transformation aims to generate previously unseen novel views (images) of a

specific person from a single observation and an additional local geometric context of the

intended target pose. Such generative transformation is commonly termed as Pose Transfer.

The main challenges of human pose transfer arise from large variations in physical traits,

clothing, and possible poses.

The initial solution to this problem [77, 79] introduced a coarse-to-fine generation

by dividing the problem into individual sub-tasks to handle foreground, background,

and pose separately. The complexity of such a multi-stage architecture is later simplified

with a unified approach, using deformable GAN [80] and variational U-Net [81]. A

more streamlined approach [83] is introduced by leveraging the attention mechanism to

transform the pose progressively. The key idea is to perform pose translation on a local

manifold at each intermediate step to avoid potential difficulties with multiple complex

structures on the global manifold. In this technique, an encoder initially downsamples the
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Condition Pose

Condition Image

Target Poses

Generated Images

Figure 3.1: A general overview of human pose transformation using the proposed method.

given observation (condition image) and a sparse representation of the target pose to a

lower spatial resolution. Next, the attention-guided progressive pose transfer is performed

on the encoded feature space. Finally, a decoder upsamples the resulting feature space

back to a higher-resolution output image. This elegant end-to-end strategy outperformed

all previous methods in visual quality and analytical benchmarks.

Motivated by the efficacy of the attention mechanism on such generative architectures,

we explored potential strategies for further improving the output quality of human pose

transformation. We hypothesize that only attending to feature space at the lowest spatial

resolution causes a significant loss of finer image details. To mitigate this information

loss, we propose an improved end-to-end network architecture [25] by incorporating the

attention mechanism at every spatial scale of the encoding and decoding branches. This

approach helps the network retain additional image details without requiring multiple

cascaded Pose-Attention Transfer Blocks [83].

Fig. 3.1 illustrates a general overview of human pose transformation using the proposed

method. From a given observation (condition image), I A of a person with initial posture

(condition pose), P A, the aim is to generate a realistic image, IB of the same person

corresponding to a novel target pose, PB .
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3.2 Human Pose Transformation with Multi-scale Attention

Assuming a given observation (condition image) I j
A of a person with pose P j

A, where j

denotes the index in the dataset, pose translation aims to generate a realistic image I j
B

of the same person corresponding to an intended target pose P j
B . Similar to previous

approaches [77, 79, 80, 81, 83], we represent human pose as a set of 2D coordinates of

18 body keypoints, estimated using a pretrained Human Pose Estimator (HPE) [154]. The

HPE estimates each keypoint as a triplet (xi , yi , vi ), where (xi , yi ) denotes 2D coordinates

of the i -th keypoint and vi is a binary state flag to indicate the visibility condition of that

keypoint. Specifically, vi = 1 if the keypoint is visible and vi = 0 for an occluded keypoint.

To apply spatial convolution, we construct a h×w×18 sparse heatmap from the keypoints,

where h and w denote the height and width of the corresponding image, respectively.

Each of the 18 channels of the heatmap corresponds to one specific keypoint. For a visible

keypoint (xk , yk ,1), the respective location (xk , yk ,k) of the heatmap has a value of 1, and

the remaining positions of the k-th channel contain zeros. We denote the sparse pose

heatmaps as H j
A and H j

B corresponding to P j
A and P j

B , respectively.

The proposed generator takes the RGB condition image I j
A of dimension h ×w ×3 and

the channel-wise concatenated pose heatmaps H j
A and H j

B of dimension h × w × 36 as

inputs and generates an RGB output image Î j
B . We employ a PatchGAN discriminator [30]

to determine the visual correctness of the generated images. The discriminator takes two

channel-wise concatenated RGB images, either (I j
A, I j

B ) or (I j
A, Î j

B ), of dimension h ×w ×6

as input and predicts a binary class probability map for the input patches.

3.2.1 Generator Architecture

Fig. 3.2 shows the architecture of the proposed generator. The generator consists of two

downsampling paths (encoders) followed by an upsampling path (decoder) with attention

links between feature maps at every underlying resolution level. We begin by describing

the essential components of the generator, followed by network design specifications for

the encoders, decoder, and attention mechanism.

3.2.1.1 Generator Components

Conv1x1. A point-wise 2D convolution operation that preserves the input size. We perform

a single 2D convolution with 1×1 kernel, stride = 1, padding = 0, and without adding a bias.

Conv3x3. A 2D convolution operation that preserves the input size. We perform a single 2D

convolution with 3×3 kernel, stride = 1, padding = 1, and without adding a bias.
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Residual Block 
(ResBlock)

Input Convolution 
(inconv)

Encoding Block 
(Down2x)

Decoding Block 
(Up2x)

Output Convolution 
(outconv)

Down2x Block (Image)

Up2x Block

Down2x Block (Pose)

Condition Image

Pose Heatmaps

Generated Image

inconv

inconv

outconv

Structural Units of 
Encoders and Decoder

Figure 3.2: Architecture of the proposed generator. The generator takes the condition

image I j
A along with the channel-wise concatenated pose heatmaps (H j

A, H j
B ) as inputs and

generates an estimate Î j
B of the target image I j

B .

Residual Block. A basic residual block [155] that preserves the input size and the number

of channels. A residual block is composed of 5 sequential layers – Conv3x3, Batch

Normalization [156], ReLU [157], Conv3x3, Batch Normalization. We pass the input through

these layers and add the output from the last layer to the original input, producing the final

block output.

Down2x Block. A downsampling block in the encoder for compressing the input size by

a factor of 2. We perform a 2D convolution with 4×4 kernel, stride = 2, padding = 1, and

without adding any bias to downsample the input. The resulting feature maps are passed

through sequential layers of Batch Normalization, ReLU, and a Residual Block to produce

the final block output.

Up2x Block. An upsampling block in the decoder for expanding the input size by a factor

of 2. We perform a 2D transposed convolution with 4× 4 kernel, stride = 2, padding = 1,

and without adding any bias to upsample the input. The resulting feature maps are passed

through sequential layers of Batch Normalization, ReLU, and a Residual Block to produce

the final block output.
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3.2.1.2 Encoders

The proposed network architecture contains two parallel downstream branches as the

encoders. The image branch operates on the condition image I j
A and the pose branch

operates on the concatenated pose heatmaps (H j
A, H j

B ). Initially, we perform a 2D

convolution with Conv3x3 and project each input to a h × w × N f feature space, where

N f denotes the initial number of feature maps. The convolution is followed by Batch

Normalization and ReLU activation to produce the initial input feature maps at each

branch. The input feature maps are then passed through N subsequent Down2x Blocks

at each branch. Each block downscales the input size by a factor of 2 while expanding the

number of feature maps by a factor of 2. Therefore, after N consecutive downsampling

blocks, we end up with a feature space of dimension h
2N × w

2N ×N f ·2N .

3.2.1.3 Decoder

The proposed network architecture contains a single upstream branch as the decoder for

generating the output image Î j
B corresponding to the target pose P j

B . Starting with a feature

space of dimension h
2N × w

2N ×N f ·2N , we pass the feature maps through N consecutive Up2x

Blocks. Each block upscales the input size by a factor of 2 while compressing the number of

feature maps by a factor of 2. Therefore, after N subsequent upsampling blocks, we end up

with a feature space of dimension h×w ×N f . Finally, the resulting feature maps are passed

through 4 consecutive Residual Blocks followed by a point-wise 2D convolution operation

with Conv1x1 to project the feature space into an output of dimension h ×w ×3. We apply

the hyperbolic tangent activation function t anh on the output tensor to get the normalized

output image Î j
B .

3.2.1.4 Attention Mechanism

The proposed dense multi-scale attention mechanism operates at every spatial scale of

the encoding and decoding branches to enhance low-frequency and high-frequency image

features in the output. At spatial resolution k, we compute the attention mask Mk by

applying an element-wise si g moi d activation function σ on the encoded feature maps

of the pose branch HE
k . The image feature maps Ik at scale k are updated by performing

an element-wise product with the attention mask Mk . The updated image feature maps Ik

act as the input to the upsampling block of the decoder at resolution k. We repeat these

operations sequentially up to the highest resolution, which results in N such operations.
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Channel-wise
Concatenated Images

or

?
Real

Fake

or

Label Map

Figure 3.3: Architecture of the PatchGAN discriminator. The discriminator takes two

channel-wise concatenated images, either (I j
A, I j

B ) or (I j
A, Î j

B ), as input and estimates a label
map, where each label corresponds to the binary class probability of an input patch.

Mathematically, at the lowest resolution level, where k = N ,

I D
N−1 =D

Up2x
N

(
I E

N ⊙ σ
(
HE

N

))
and for each subsequent higher resolution level where, k = {1, ..., N −1},

I D
k−1 =D

Up2x
k

(
I D

k ⊙ σ
(
HE

k

))
Here, we denote downstream encoding as E and upstream decoding as D.

3.2.2 Discriminator Architecture

We use a Markovian PatchGAN discriminator [30] to estimate high-frequency correctness

in the generated images. The discriminator complements the L1 loss, which assesses

low-frequency details only. Such a discriminator operates on S × S image patches by

classifying each patch as real or fake. As explained by the authors [30], PatchGAN functions

as a style/texture loss by modeling the image as a Markov random field, assuming

independence between pixels separated by more than a patch diameter.

Our approach enforces adversarial discrimination on the image transition rather than

the image itself. We do this by depth-wise concatenating the condition image I j
A either with

the target image I j
B or with the generated image Î j

B where (I j
A, I j

B ) is labeled as real and

(I j
A, Î j

B ) is labeled as fake. We adopt an identical network architecture as [30] that effectively
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operates on a 70×70 receptive field (patch) of the input. Fig. 3.3 shows the architecture of

the PatchGAN discriminator.

3.2.3 Training Strategy

We train the network in an adversarial scheme with two competing objective functions

for generator G and discriminator D . During training, each objective tries to minimize the

penalty incurred by self while attempting to maximize the same for the other network.

3.2.3.1 Generator Objective

Mean Absolute Error: We compute point-wise L1 loss as the Mean Absolute Error

(MAE) between the target image I j
B and the generated image Î j

B to ensure low-frequency

correctness in the output. Mathematically,

L G
1 =

∥∥∥Î j
B − I j

B

∥∥∥
1

Adversarial Loss: We compute Binary Cross-Entropy (BCE) as an adversarial loss measure

using the PatchGAN discriminator to assess high-frequency correctness in the generated

images. Mathematically,

L G
G AN =LBC E

(
D

(
I j

A, Î j
B

)
, 1

)
Perceptual Loss: We also include perceptual loss [158] in the generator objective to improve

the visual fidelity of the generated images. Mathematically,

L G
Pρ

= 1

hρwρcρ

hρ∑
x=1

wρ∑
y=1

cρ∑
z=1

∥∥∥φρ

(
Î j

B

)
− φρ

(
I j

B

)∥∥∥
1

where L G
Pρ

denotes the perceptual loss computed from the ρth layer output of a pretrained

VGG19 network [159], φρ denotes the ρth layer output with a feature space dimension of

hρ × wρ × cρ. The proposed method retains both coarse and fine details in the generated

images by computing perceptual loss at two different layers (4th and 9th) of a VGG19 model

pretrained on the ImageNet dataset [56].

The complete generator objective is calculated as a weighted linear combination of the L1

loss, adversarial loss, and perceptual loss. Mathematically,

L G = argmin
G

max
D

λ1L
G
1 + λ2L

G
G AN + λ3

(
L G

P4
+ L G

P9

)
where λ1, λ2 and λ3 denote the weights for the corresponding loss functions.
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3.2.3.2 Discriminator Objective

Adversarial Loss: The discriminator objective has a single adversarial loss component

which is calculated as the average BCE loss over a real image transition (I j
A, I j

B ) and a fake

image transition (I j
A, Î j

B ). Mathematically,

L D
G AN = 1

2

[
LBC E

(
D

(
I j

A, I j
B

)
, 1

)
+ LBC E

(
D

(
I j

A, Î j
B

)
, 0

)]
where we assume the real label is 1 and the fake label is 0. The complete discriminator

objective is given by,

L D = argmin
D

max
G

L D
G AN

3.2.4 Implementation Details

In our implementation, the generator is constructed with 4 downsampling blocks in

both the encoders and consequently 4 upsampling blocks in the decoder (N = 4). The

initial number of feature maps is set to 64 (N f = 64). In the generator objective, we set

the weights as, λ1 = 5, λ2 = 1, and λ3 = 5. The generator and discriminator networks

consist of 92.2 million and 2.8 million trainable parameters, respectively. We initialize the

parameters of both the generator and discriminator before training by sampling from a

normal distribution of 0 mean and 0.02 standard deviation. We optimize both generator

and discriminator using the stochastic Adam optimizer [160] with learning rate η = 1e−3,

β1 = 0.5, β2 = 0.999, ϵ= 1e−8 and weight decay = 0. We train the network on a single NVIDIA

TITAN X GPU for 270K iterations with a batch size of 8 and serialize the network weights

after every 500 iterations. We select the checkpoint with the best evaluation metrics during

inference among the 70 most recent checkpoints.

3.3 Experiments

To evaluate the proposed architecture, we performed extensive qualitative and quantitative

comparisons against several previously introduced human pose transformation methods

[77, 80, 81, 83] on a fixed dataset [161]. Our method outperforms the previous approaches

on most evaluation metrics. We also conducted an opinion-based user study for subjective

visual quality assessment. Additionally, we performed an exhaustive ablation study on the

network design and explored immediate adoptions of the proposed architecture for other

potential use cases as a drop-in solution.
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3.3.1 Dataset

We perform all experiments on the DeepFashion In-shop Clothes Retrieval dataset [161]

that contains 176×256 high-quality isolated person images centered on 256×256 square

grids. The dataset features wide variations in physical traits, outfits, and poses, making it

suitable for evaluating and comparing human pose transformation techniques. For a direct

and fair comparison, we adopt the exact train-test split provided by Zhu et al. [83], where

101,966 image pairs are selected randomly for training and 8,570 image pairs for testing.

The identities of persons in the training set do not overlap with those in the testing set to

ensure better generalization.

3.3.2 Evaluation Metrics

Currently, a quantifiable generalized metric for visual image quality assessment is an open

problem in computer vision. Previous authors [77, 80, 81, 83] assessed visual quality using

Structural Similarity Index (SSIM) [162], Inception Score (IS) [163], Detection Score (DS)

[164], and Percentage of Correct Keypoints (PCKh) [165]. SSIM measures the perceived

quality of generated images by comparing them with real images and considering image

degradation as the perceived change in structural information. IS uses the Inception

architecture [166] as an image classifier to estimate the Kullback-Leibler (KL) divergence

[167] between label and marginal distributions for a large set of images. DS uses a

pretrained object detector to estimate target class recognition confidence of the object

detection model as a measure of perceptual quality. PCKh aims to quantify the shape

consistency between generated and real human images by estimating the percentage

of correctly aligned keypoints. Additionally, we measured the Learned Perceptual Image

Patch Similarity (LPIPS) [168] as a modern standard for image quality assessment. LPIPS

quantifies the perceptual similarity between real and generated images using spatial

feature maps obtained from a pretrained backbone network, such as VGG19 [159] and

SqueezeNet [169] in our experiments.

3.3.3 Qualitative and Quantitative Comparison

Fig. 3.4 shows a qualitative comparison among previously proposed major human pose

transformation algorithms [77, 80, 81, 83] and our method. The visual comparison

demonstrates that images generated by the proposed strategy retain better skin tone,

hairstyle, facial hair, and limb structure. Additionally, our approach works better than the

previous methods in preserving the garment styles and textures. From an apparent visual
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PG2 Deform VUNet PATN Ours

Figure 3.4: Qualitative comparison among different human pose transformation methods.

I j
A denotes the condition image (observation), I j

B denotes the target image (ground truth),
and subsequent columns show the generated images by PG2 [77], Deformable GAN [80],
VUNet [81], PATN [83] and the proposed method.

inspection, images generated by the proposed method also look more realistic than other

techniques.

The apparent visual superiority of our method is further reflected in the quantitative

evaluation of multiple perceptual metrics. Table 3.1 summarizes the SSIM, IS, DS, PCKh,

and LPIPS scores for analytically benchmarking different human pose transformation

techniques. To ensure cycle consistency, we generated images in both directions – Î j
B from

the image pairs (I j
A, I j

B ) and Î j
A from the reverse image pairs (I j

B , I j
A). We evaluated each

metric on both Î j
B and Î j

A, computing their mean as the final score. For SSIM and IS, we
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Table 3.1: Quantitative comparison among different human pose transformation methods.
The best scores are in bold, and the second-best scores are underlined.

Method SSIM ↑ IS ↑ DS ↑ PCKh ↑ LPIPS (VGG19) ↓ LPIPS (SqueezeNet) ↓
PG2 [77] 0.773 3.163 0.951 0.89 0.523 0.416
Deform [80] 0.760 3.362 0.967 0.94 - -
VUNet [81] 0.763 3.440 0.972 0.93 - -
PATN [83] 0.773 3.209 0.976 0.96 0.299 0.170
Ours 0.769 3.379 0.976 0.98 0.200 0.111

Ground Truth 1.000 3.864 0.974 1.00 0.000 0.000

obtained slightly lower scores than the best results. Our method achieved the best scores

for DS, PCKh, and LPIPS. We improved the PCKh score over PATN [83] by 2%, indicating

superior shape consistency due to better keypoint alignment. We estimated LPIPS using

two different backbones – VGG16 [159] and SqueezeNet [169], achieving significantly better

scores in each case, indicating superior perceptual quality over other methods.

3.3.4 User Study

Although the aforementioned metrics for quantitative evaluation of visual quality are

widely adopted in the literature, a noticeable amount of outliers show the fundamental

limitations of such benchmarks in quantifying perceptual quality. This problem leaves

human perception as the most reliable way to assess image quality. Therefore, we

performed an opinion-based subjective user study to analyze the visual quality of

generated images as perceived by the human vision system. The study consists of two

manual tasks – a constrained test and an unconstrained test. In the constrained test, users

discriminate between real and fake images by visual inspection within a fixed amount of

time. In the unconstrained test, users perform similar discrimination without any time

limit. We followed similar protocols as [77, 80, 83] for the constrained test except for the

allowed observation time for each image. We increased the observation time from 1 to

5 seconds, allowing users additional time for better visual inspection before making a

decision. This protocol explicitly puts the proposed method in a more challenging position

than the previous approaches [77, 80, 83].

We selected 130 real and 130 fake (generated) images for our user study. 10 images

from each set are used as the fixed practice samples. A user is shown 20 images during

a test, where 10 images are drawn randomly from each set of the remaining 120 images.

For every anonymous user submission, the fraction of real images identified as generated

(R2G) and the fraction of generated images identified as real (G2R) are recorded. The final
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Table 3.2: Evaluation scores of the user study on different human pose transformation
methods. The best scores are in bold, and the second-best scores are underlined.

Method Exposure Time (second) R2G (%) ↑ G2R (%) ↑ Accuracy (%) ↓
PG2 [77] 1.0 9.20 14.90 87.95
Deform [80] 1.0 12.42 24.61 81.49
PATN [83] 1.0 19.14 31.78 74.54
Ours 5.0 25.90 54.26 59.92
Ours ∞ 30.37 46.30 61.67

score is calculated as the mean of the global aggregate of all submissions. In Table 3.2, we

show the evaluation scores of our user study conducted with 61 individuals along with

the scores reported in previous works [77, 80, 83]. Even with higher observation time for

better visual inspection, our method exhibits significantly higher R2G and G2R scores and,

consequently, much lower recognition accuracy among the users. These results further

imply that the images generated by our method are visually more realistic than other

methods [77, 80, 83], leading to higher confusion among the users during the study.

3.3.5 Ablation Study

The core design characteristic of the proposed network architecture is focused on the

attention mechanism at different underlying resolution levels of the generator, as shown

in Fig. 3.2. To study the efficacy of such architecture, we performed an ablation study

with 4 generator variants. The first variant (A0) is a generic encoder-decoder architecture

that does not use any attention operation. The second variant (A1-LR) uses a single

attention operation at the lowest feature resolution. The third variant (A1-HR) also uses a

single attention operation but at the highest feature resolution. The fourth variant (FULL)

is equivalent to the proposed architecture and performs attention operations at every

feature resolution, as illustrated in Fig. 3.2. We trained each network on the same training

data for 125K iterations, keeping the discriminator, training mechanism, and all other

implementation conditions the same, as discussed in Sec. 3.2.

Fig. 3.5 shows a qualitative comparison among the generated images by different

network variants. Model A0 generates blurry and visually inconsistent images. Model A1-

LR generates visually and structurally consistent images but lacks realistic detail in the

face and limbs. Model A1-HR performs poorly, resulting in blurry and incomplete images.

Model FULL performs significantly better than other variants, producing realistic images

with finer detail while preserving visual and structural consistencies.
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A0 A1-LR A1-HR FULL

Figure 3.5: Qualitative ablation analysis among different network variants. I j
A denotes the

condition image (observation), I j
B denotes the target image (ground truth), and subsequent

columns show the generated images by different network architectures.

We conducted a quantitative comparison among different model variants to back the

qualitative results of the visual ablation analysis. Table 3.3 summarizes evaluated SSIM,

IS, DS, PCKh, and LPIPS scores for all model variants. As expected, model FULL achieves

the best evaluation scores on most metrics. Interestingly, model A1-LR achieves marginally

better IS and DS scores than model FULL, even with visually inferior generation results, as
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Table 3.3: Quantitative ablation analysis among different network variants. The best scores
are in bold, and the second-best scores are underlined.

Model SSIM ↑ IS ↑ DS ↑ PCKh ↑ LPIPS (VGG19) ↓ LPIPS (SqueezeNet) ↓
A0 0.760 3.055 0.969 0.97 0.221 0.124
A1-LR 0.758 3.211 0.976 0.97 0.210 0.117
A1-HR 0.755 2.859 0.965 0.95 0.229 0.134
FULL (proposed) 0.764 3.171 0.975 0.97 0.204 0.113

Ground Truth 1.000 3.864 0.974 1.00 0.000 0.000

evident from Fig. 3.5. This anomaly reiterates the limitations of current perceptual metrics

in generalizing human perception. For this reason, such comparative studies use multiple

metrics to determine the optimal solution.

From the visual and analytical ablation studies, we conclude that the proposed

attention mechanism at multiple scales of the generator architecture significantly improves

the visual quality in generated images. Consequently, these experiments justify the network

design philosophy behind the proposed architecture.

3.3.6 Extended Applications

The proposed architecture can function as a potential drop-in solution for multiple

applications other than human pose transformation. We extended our experiments to

address a few such problems by directly integrating the proposed architecture without

any fundamental modification. While task-specific modifications of the base architecture

can further improve the generative performance, such analyses are beyond the scope

of this thesis. Regardless, we show that even without any modification, the proposed

network performs remarkably well in many practical applications other than human pose

transformation, providing a general drop-in solution to these problems.

3.3.6.1 Semantic Reconstruction

In novel view synthesis, one typical solution is image reconstruction from semantic maps.

Unlike an unconditional approach, a conditional reconstruction uses a known observation

(condition image) as a reference to transfer image attributes to the target view. We used

finely annotated parsing masks from the DeepFashion In-shop Clothes Retrieval dataset

[161], where each mask contains up to 16 semantic labels for different body or garment

parts. Analogous to the keypoint-based approach, a semantic map is represented as a 16-

channel heatmap, where each channel corresponds to the binary mask of one specific
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Condition Mask

Condition Image

Target Masks

Generated Images

Figure 3.6: Qualitative results of semantic reconstruction using the proposed method.

body or garment part. We selected 5,161 training image pairs and 795 testing image

pairs in our experiments. The network is trained for 65K iterations while keeping all

other implementation conditions the same, as discussed in Sec. 3.2. After training, the

generative network can successfully reconstruct a target semantic mask by transferring

visual attributes from the observed reference image. Fig. 3.6 demonstrates a few qualitative

results of such conditional semantic reconstruction by the proposed method.

3.3.6.2 Virtual Try-On

Although the proposed network is not originally intended for virtual try-on, the ability

of conditional semantic reconstruction facilitates extending the architecture to such

applications. The main objective of a virtual try-on task is to replace selected parts of the

attire of a target person with that of a reference person. We address this in two sequential

steps. First, we reconstruct the target semantic map using the reference image. Second, the

initially reconstructed image is refined by bitwise operations using the target image and a

partial binary mask with selected parts of the attire. Mathematically,

I f i ne =
[
Mpar t s ⊙ Icoar se

] ⊕ [(
1 − Mpar t s

) ⊙ It ar g et
]
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Condition Image Replaced Tops

Replaced Tops and Pants / SkirtsCondition Image

Target Persons

Figure 3.7: Qualitative results of virtual try-on using the proposed method.

where I f i ne denotes the refined target person image with replaced attire, Icoar se denotes

the reconstructed target person image, It ar g et denotes the target person image with

original attire, and Mpar t s denotes a binary mask of selected parts of the attire. Fig. 3.7

demonstrates a few qualitative results of virtual try-on using this approach.

3.3.6.3 Font Style Transfer

As a part of our earlier work [170] on the Scene Text Editing (STE) problem, we used two

independent networks for preserving structural and color consistencies in a character-to-

character transformation. Although the proposed architecture aims toward human pose

transformation, the technique can remarkably improve the generative performance of

such two-stage font style transfer schemes by leveraging multi-scale attention and the

end-to-end network with skeleton supervision. The learning model receives the structural

reference of a character as a single-channel binary image tensor of its skeleton. As the

font properties are unknown during inference, we trained the model using target character
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Ours Ours OursSTFN STFN STFN

Figure 3.8: Qualitative comparison of the proposed method against a dedicated font style

transfer technique. I j
A denotes the condition image (observation), I j

B denotes the target
image (ground truth), and subsequent columns show the generated images by STEFANN
[170] (abbreviated as STFN) and our method with skeleton supervision.

Table 3.4: Quantitative comparison of the proposed method against a dedicated font style
transfer technique, STEFANN [170]. The best scores are in bold.

Method ↑ SSIM ↑ PSNR (dB) ↑ LPIPS (VGG19) ↓ LPIPS (SqueezeNet) ↓
STEFANN [170] 0.450 13.347 0.397 0.273
Ours 0.638 16.876 0.208 0.089

Ground Truth 1.000 ∞ 0.000 0.000

skeletons from a fixed font, providing a coarse geometric context of the target character to

the generator. In our experiments, we trained the network on a small subset of STEFANN

[170]. We randomly selected 200 image pairs of uppercase characters from both training

and testing sets. This led to 203000 image pairs from 1015 fonts for training and 60000

image pairs from 300 fonts for testing, with a random color applied for each font. The

skeletons are estimated from the binarized character image by applying Gaussian blur with

a 3× 3 kernel followed by a parallel thinning algorithm [171]. We trained the network for

65K iterations, keeping all other implementation conditions the same, as discussed in Sec.

3.2. Fig. 3.8 illustrates a qualitative comparison between STEFANN [170] and the proposed

approach for font style transfer. Even with over 70% lesser training data, the end-to-end

skeleton-guided approach can preserve structural and color consistencies significantly

better than the two-stage pipeline. This visual analysis is backed by evaluation scores on

multiple analytical metrics, as summarized in Table 3.4. In another recent technique [172],

the authors directly adopted the proposed architecture for word-level text transformation.
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3.3.7 Limitations

Impact of inaccurate pose estimation: Similar to previous keypoints-based human pose

transformation methods [77, 79, 80, 81, 83], the generative performance of the proposed

method directly depends on the HPE model [154]. Inaccurately predicted keypoints lead

to significant visual deformations in the generated images. Fig. 3.9 shows a few examples

where the proposed method fails to generate realistic outputs.

Condition Image Target Pose Reference Generated Image Condition Image Target Pose Reference Generated Image

Figure 3.9: Limitations of the proposed method due to inaccurate pose estimation.

Impact of physical stature: A keypoint-based pose representation allows structurally

accurate person image generation corresponding to the intended target pose. To facilitate

such geometrically conditioned pose transformations, the dataset [161] consists of source-

target image pairs for every individual, ensuring that the condition image and target

image correspond to a single person. Such data samples guarantee structural consistency

between the condition pose and target pose as they correspond to one specific human body.

However, in a realistic inference scenario, individual identities of condition image and

target image are different. This often leads to noticeable shape ambiguities in generated

images when the target pose has a substantially different physique than the condition

pose. The problem is not immediately apparent from the initial visual analysis using test

Condition Image Target Pose Reference Generated Image Condition Image Target Pose Reference Generated Image

Figure 3.10: Limitations of the proposed method due to different physical statures of
condition pose and target pose references.
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set samples of the dataset because of the aforementioned identity preservation. Fig. 3.10

illustrates this problem by drawing the target reference from an individual with a visibly

different physique.

3.4 Chapter Summary

In this chapter, we introduced a multi-scale attention strategy with an end-to-end

network architecture for structurally guided human pose transformation. At the conceptual

level, the proposed method performs a single attention operation at each feature

resolution to improve both low-frequency and high-frequency details in the generated

images. Experimental studies show that this approach outperforms the previous pose

transformation methods on multiple visual and analytical benchmarks. Additionally, the

proposed architecture works remarkably well for several other generative tasks, providing

a general drop-in solution to these problems. However, similar to other keypoint-guided

pose transformation approaches, the proposed method is also associated with structural

ambiguity due to a high geometric bias towards the target pose. This problem is particularly

noticeable when the physical statures of the observed subject and target pose reference

are widely different. In the next chapter, we explore a potential strategy to mitigate such

structural bias by adopting a more general pose representation instead of keypoint-based

strict geometric guidance.
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TEXTUALLY SUPERVISED HUMAN POSE TRANSFORMATION

I
n Chapter 3, we have shown that the keypoint-based sparse pose representations

work incredibly well for human pose transformation. However, the approach has a

significant limitation when the physical statures of the observed subject and target

pose reference are substantially different. This chapter investigates the shortcomings

of a keypoint-guided pose transformation strategy and explores a more general pose

representation to mitigate these issues. In particular, we used textual descriptions

to describe a human pose. The proposed architecture consists of three independent

networks for (a) text-to-pose translation, (b) pose refinement, and (c) pose transformation.

Additionally, we compiled a new dataset for benchmarking text-guided person image

generation techniques. Experimental studies show promising visual and analytical

performance by the proposed method.

4.1 Addressing Structural Ambiguities in Human Pose

Transformation

The goal of human pose transformation is to generate a target image IB of a person with

an intended target pose PB from a given condition image (observation) I A of that person

having a condition pose P A. A human pose P is commonly expressed as a set of body-joint

locations (keypoints) K . As the geometric locations of the keypoints can vary significantly

from person to person depending on the physical stature, two spatially different sets of
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Condition Image Target Pose Keypoints Guided
 Partially Text Guided

(Ours)

Fully Text Guided

(Ours) Condition Image Target Pose Keypoints Guided
 Partially Text Guided


(Ours)
Fully Text Guided


(Ours)

Figure 4.1: An overview of the proposed approach. Keypoint-guided methods tend to
produce structurally inconsistent images when the physical stature of the target pose
reference significantly differs from the condition image (observed subject). The proposed
text-guided technique successfully addresses this issue while retaining the ability to
generate visually appealing results close to the keypoint-guided baseline.

keypoints K and K ′ may represent the same pose P . Generally, we estimate KB directly

from IB to represent PB for training and evaluation. However, as IB is unknown during

inference, PB has to be estimated from K ′
B of a different person image I ′B , eventually

creating a dilemma. One way to circumvent the problem is training the model to adapt

to target pose PB , represented by keypoints K ′
B , estimated from the image I ′B of some other

person. However, constructing such datasets is significantly challenging.

To address this problem, we adopted an alternative representation of the human pose

using descriptive textual annotations. Initially, we estimated the target keypoints KB from

the textual description TB of the target pose PB . The estimated keypoints KB are then used

to generate the output image ĨB through a similar pose transformation technique discussed

in Chapter 3. As the estimation of KB is directly conditioned on TB , computing PB does not

directly depend on IB anymore, and so the supervision becomes free from structural bias.

Fig. 4.1 illustrates the limitations of existing keypoint-guided methods of human pose

transformation. The keypoint-guided techniques tend to follow the body structure of

the target pose reference rather than the intended condition image subject. Thus, they

occasionally fail to produce convincing results when the physical statures of I A and IB

are significantly different. In contrast, the proposed method adopts descriptive textual

annotations for a more generalized pose representation, mitigating the strong geometric

bias towards the target pose reference.

The main contributions of the proposed method are summarized as follows.
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Figure 4.2: Architecture of the proposed pipeline. The workflow consists of three stages.
Stage 1 estimates a spatial representation K ∗

B for the target pose PB from the corresponding
text description embedding vB . Stage 2 regressively refines the initial estimation of the
face keypoints to obtain more accurate target keypoints K̃ ∗

B . Stage 3 performs human
pose transformation on the observed condition image I A having pose P A represented by
keypoints K A to generate the final output image ĨB .

• We proposed a human pose transformation strategy that takes an image of a person

and the textual description of an intended pose to generate a novel instance of that

person at the intended pose. To the best of our knowledge, this is one of the earliest

attempts of conditional person image generation from textual supervision to address

the structural bias in strict keypoint-guided approaches.

• We compiled a new dataset for benchmarking text-guided person image generation

methods, containing descriptive pose annotations for 40488 human images.

4.2 Textual Supervision for Human Pose Transformation

The proposed architecture consists of three independently learnable sequential stages for

(a) text-to-pose translation, (b) pose refinement, and (c) pose transformation. In the first

stage, an initial coarse estimation of the target pose is derived from the corresponding

text description embedding. The coarse pose is then refined through regression in the

next stage. Lastly, the final output is generated by performing a pose transformation

conditioned on the appearance of the observed subject. Fig. 4.2 shows the architecture of

the proposed generative pipeline.
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4.2.1 Text-to-Pose Translation

For a given person image I A, the aim is to generate the output image IB of the same person,

where the target pose PB is represented by a textual description TB . We encode TB into an

embedded vector vB either by many-hot encoding or using a pre-trained language model,

such as Word2Vec [173], FastText [174], or BERT [175]. First, we estimate the keypoints KB

from vB using a generative model to provide structural guidance to the pose transformation

network in a later stage. To train such a generative model, we represent the keypoints as

k j ∈ Rm×n , where k j ∈ K ;∀ j , and the domain of spatial dimensions for both I A and IB is

Rm×n . As small spatial perturbations in k j do not change PB substantially, we express the

pose with a Gaussian distribution N (k j ,σ j ); ∀ j for reducing the high sparsity in the pose

representation. Although for different k j , the invariance of the pose is valid for different

amounts of spatial deviations, we can assume σ j = σ, a constant, ∀ j , if σ j is small. This

way, we represent keypoint-based pose representations as Gaussian heatmaps.

Taking motivation from [131], we designed a Wasserstein Generative Adversarial

Network (WGAN) to estimate the target keypoints KB from the text embedding vB . In our

generator GT , we first project vB into a 128-dimensional latent space φB using a linear layer

with leaky ReLU activation. To allow some structural variations in the generated poses, we

sample a 128-dimensional noise vector η ∼ N (0, I), where I is a 128×128 identity matrix.

Both φB and η are linearly concatenated and passed through 4 up-convolution blocks. At

each block, we perform a transposed convolution followed by batch normalization [156]

and ReLU activation [157]. The four transposed convolutions use 256, 128, 64, and 32

filters, respectively. We produce the final output from GT by passing the output of the

last up-convolution block through another transposed convolution layer with 18 filters

and t anh activation. The final generator output GT (vB ,η) has a spatial dimension of

64× 64× 18, where each channel represents one of the 18 keypoints k j , j ∈ {1,2, . . . ,18}.

In our discriminator (critic) DT , we first perform 4 successive convolutions, each followed

by leaky ReLU activation, on the 18-channel heatmap. The four convolutions use 32, 64,

128, and 256 filters, respectively. The output of the last convolution layer is concatenated

with 16 copies of φB arranged in a 4×4 tile. The concatenated feature map is then passed

through a point convolution layer with 256 filters and leaky ReLU activation. We estimate

the final scalar output from DT by passing the feature map through another convolution

layer with a single filter. We mathematically define the objective function for DT as follows.

LD = − E(x,vB )∼pt ,η∼pη

[
DT (x, vB ) − DT

(
GT

(
η, vB

)
, vB

)]
where (x, vB ) ∼ pt is the heatmap and text embedding pair sampled from the training
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set, η ∼ pη is the noise vector sampled from a Gaussian distribution, and GT (η, vB ) is the

generated heatmap for the given text embedding vB . Researchers [176] have shown that the

WGAN training is more stable if DT is Lipschitz continuous, which mitigates the undesired

behavior due to gradient clipping. To enforce the Lipschitz constraint, we compute the

gradient penalty as follows.

CT = E(x̃,vB )∼p x̃,vB

[(∥∥∇x̃,vB DT (x̃, vB )
∥∥

2 − 1
)2

]
where ∥.∥2 indicates the L2-norm and x̃ is an interpolated sample between a real sample

x and a generated sample GT (η, vB ), i.e., x̃ = αx + (1−α)GT (η, vB ), where α is a random

number, selected from a uniform distribution between 0 and 1. The above equation

enforces the Lipschitz constraint by restricting the gradient magnitude to 1. We define the

overall objective of DT by combining the above two equations for LD and CT as follows.

LDT = LD + λCT

where λ is a regularization constant. We keep λ = 10 in all of our experiments. We

mathematically define the objective function for GT as follows.

LGT = − Eη∼pη,vB∼pvB

[
DT

(
GT

(
η, vB

)
, vB

)]
− Eη∼pη,v1

B ,v2
B∼pvB

[
DT

(
GT

(
η,

v1
B + v2

B

2

)
,

v1
B + v2

B

2

)]

where v1
B , v2

B ∼ pvB are text encodings sampled from the training set. The second term in

the equation helps the generator learn from the interpolated text encodings, which are

not originally present in the training set. We estimate the target keypoints K ∗
B from the

18-channel heatmap generated from GT by computing the maximum activation ψmax
j ,

j ∈ {1,2, . . . ,18} for every channel. The spatial location of the maximum activation for the

j -th channel determines the coordinates of the j -th keypoint if ψmax
j ≥ 0.2. Otherwise, the

j -th keypoint is considered occluded if ψmax
j < 0.2.

4.2.2 Face Keypoints Refinement

While GT produces a reasonable estimate of the target keypoints from the corresponding

textual description, the estimation K ∗
B is often noisy. The spatial perturbation is most

prominent for the face keypoints (nose, two eyes, and two ears) due to their proximity.

Slight positional variations for other keypoints generally do not drastically affect the pose
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representation. Therefore, we refine the initial estimate of the face keypoints by regression

using a linear fully connected network RefineNet NR . At first, the five face keypoints k f
i ,

i ∈ {1,2, . . . ,5} are translated by (k f
i − kn), where kn is the spatial location of the nose. In

this way, we align the nose with the origin of the coordinate system. Then, we normalize

the translated face keypoints such that the scaled keypoints k s
i are within a square of span

±1 and the scaled nose is at the origin (0, 0). Next, we flatten the coordinates of the five

normalized keypoints to a 10-dimensional vector v f and pass it through three linear fully

connected layers, where each layer has 128 nodes and ReLU activation. The final output

layer of the network consists of 10 nodes and t anh activation. While training, we augment

k s
i with small amounts of random 2D spatial perturbations and try to predict the original

values of k s
i . We optimize the parameters of NR by minimizing the mean squared error

(MSE) between the actual and the predicted coordinates. Finally, we denormalize and

retranslate the predicted face keypoints. The refined set of keypoints K̃ ∗
B is obtained by

updating the coordinates of the face keypoints of K ∗
B with the predictions from RefineNet.

4.2.3 Pose Transformation

We use the previously proposed multi-scale attention-guided pose transformation

technique [25] to generate the output image, as discussed in Sec. 3.2. The network takes

an existing observation of the person I A as the condition image and the channel-wise

concatenated pose heatmaps (HA, H̃∗
B ) derived from respective keypoints K A and K̃ ∗

B , to

produce a final output image ĨB .

4.2.4 Implementation Details

In stage 1, the text-to-pose conversion network uses the stochastic Adam optimizer [160]

to train both GT and DT , containing 1.8 million and 0.8 million trainable parameters,

respectively. We keep learning rate η1 = 1e−4, β1 = 0, β2 = 0.9, ϵ = 1e−8, and weight decay

= 0 for the optimizer. While training, we update GT once after every 5 updates of DT . In

stage 2, we optimize 35722 trainable parameters of the face keypoints refinement network

(RefineNet) NR using stochastic gradient descent, keeping learning rate η2 = 1e−2. In stage

3, the pose transformation network also uses the Adam optimizer to train both GS and DS ,

containing 92.2 million and 2.8 million trainable parameters, respectively. In this case, we

keep learning rate η3 = 1e−3, β1 = 0.5, β2 = 0.999, ϵ = 1e−8, and weight decay = 0. Before

training, the parameters of GT , DT , GS , and DS are initialized by sampling from a normal

distribution of 0 mean and 0.02 standard deviation. We train the individual networks on
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a single NVIDIA TITAN X GPU. The text-to-pose conversion network is trained for 100K

iterations with a batch size of 8. The face keypoints refinement network is trained for

100 epochs with a batch size of 128. The pose transformation network is trained for 270K

iterations with a batch size of 8.

4.3 Experiments

We performed exhaustive qualitative and quantitative analyses of the proposed technique

against existing keypoint-guided [83] and text-guided [130] baselines. Additionally, we

conducted extensive ablation studies on the network architecture to justify the proposed

network design specifications.

4.3.1 Dataset

As this is one of the earliest attempts to perform a text-guided human pose transformation,

we introduced a new dataset named DeepFashion Pose Annotations and Semantics (DF-

PASS) to compensate for the lack of similar public datasets. DF-PASS contains text-based

descriptive pose annotations for 40488 human images from the DeepFashion dataset [161].

Each text annotation contains brief descriptions of (1) gender, (2) visibility states of each

keypoint, (3) head and face orientations, (4) body orientation, (5) hand and wrist pose,

and (6) leg pose. Fig. 4.3 illustrates the format of the many-hot pose encoding recorded

during annotation. We recruited five in-house annotators to acquire the text descriptions,

which two independent verifiers have validated. Each annotator described a pose during

data acquisition by selecting options from a predefined set of possible attribute states. In

this way, we collected many-hot embedding vectors alongside the text descriptions. In our

experiments, we used 37344 samples for training and 3144 samples for testing out of 40488

annotated images, following the same data split provided by [83].

4.3.2 Evaluation Metrics

Currently, a quantifiable generalized metric for visual image quality assessment is an open

problem in computer vision. Following previous authors, we assessed the visual quality

of the generated images using Structural Similarity Index (SSIM) [162], Inception Score

(IS) [163], Detection Score (DS) [164], Percentage of Correct Keypoints (PCKh) [165], and

Learned Perceptual Image Patch Similarity (LPIPS) [168]. In our evaluation, we computed

LPIPS with two different backbones – VGG19 [159] and SqueezeNet [169]. Additionally,
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0 1 2 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 78 79 80 81 82 8339 40 55 56 57 58 59 60 61 76 77

Sex: Man(0) / Woman(1)


Visibility: Occluded(0) / Visible(1)

18 Keypoints in OpenPose order

Head Orientation: Any one of six states

Front, Back, Left, Right, Partially Left, Partially Right

Face Orientation: Any one of three states

Straight, Tilted Left, Tilted Right

Body Orientation: Any one of eight states

Front, Back, Left, Right, Front Left, Front Right, Back Left, Back Right

Left Hand State: Any one of three states

Occluded, Straight, Folded

Right Hand State: Any one of three states

Occluded, Straight, Folded

Left Wrist position: Nearest of 18 Keypoints

18 Keypoints in OpenPose order

Right Wrist position: Nearest of 18 Keypoints

18 Keypoints in OpenPose order

Left Leg State: Any one of three states

Occluded, Straight, Folded

Right Leg State: Any one of three states

Occluded, Straight, Folded

Figure 4.3: The layout of the many-hot encoding vector in the proposed DF-PASS dataset.

we introduced another metric named Gender Consistency Rate (GCR), which evaluates

whether the generated image ĨB can be identified to be of the same gender as the subject

I A by a pretrained classifier. GCR serves two purposes – first, it ensures that the gender-

specific features are present in the generated image, and second, it ensures that the

generated target image is consistent with the source image. To calculate GCR, we removed

the last layer of the VGG19 network and added a single neuron with sigmoid activation

to obtain a binary classifier. Then, we trained the classifier with person images from the

DeepFashion dataset [161] by setting binary class labels to male (0) and female (1) samples.

After training, the model is used to compute the gender recognition rate for generated

images.

4.3.3 Qualitative and Quantitative Comparison

Fig. 4.4 demonstrates the initially estimated keypoints K ∗
B from the text description TB by

the text-to-pose generator GT in stage 1. Although K ∗
B captures the pose PB and closely

resembles KB , a precise observation shows that the face keypoints of K ∗
B significantly differ

from that of KB . Fig. 4.5 shows the efficacy of regressive refinement in stage 2, rectifying the

spatial perturbations of face keypoints in K ∗
B to obtain a more accurate representation K̃ ∗

B ,

having a closer resemblance with KB and consequently PB . Fig 4.6 illustrates a qualitative

comparison of the proposed method against existing keypoint-guided [83] and text-guided

[130] baselines. Keypoint-guided methods generate structurally inconsistent results when

physical statures of I A and IB are widely different, leading to large deviations between

K A/P A and KB /PB . On the other hand, the existing text-guided method often misinterprets

the target pose due to a limited set of basic poses used for pose representation. In contrast,

the proposed approach does not directly utilize structural information from the images,

thereby retaining the intended physical constitution of the subject in the generated images.
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Real Generated

A man is standing with his body facing towards right. His
head is facing right and he is keeping his face straight.
His left hand is straight but his right hand is occluded. He
is keeping his left wrist near right hip. Both of his legs are
occluded.

Real Generated

A man is standing with his body facing towards back.
Both of his hands are straight. Both of his legs are
occluded. He is keeping his left wrist near left hip and his
right wrist near right hip. His head is facing back and he is
keeping his face straight.

Real Generated

A woman is standing with her body facing towards back
left corner. Her head is facing partially left and she is
keeping her face straight. Her left hand is straight but her
right hand is folded. She is keeping her left wrist near left
hip and her right wrist near right hip. Both of her legs are
occluded.

Real Generated

A woman is standing with her body facing towards front.
Her head is facing front and she is keeping her face
straight. Her left leg is folded but her right leg is straight.
Both of her hands are straight. She is keeping her left
wrist near left hip and her right wrist near right hip.

Figure 4.4: Qualitative results of text-to-pose generation using GT in stage 1.
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Figure 4.5: Qualitative results of regressive refinement using NR in stage 2.

Our method performs well, irrespective of the pose representation of the observed subject.

A partially text-guided approach uses keypoints K A while a fully text-guided approach uses

text description TA to represent observed pose P A. In both cases, the target pose PB is

represented by the text description TB .

As the proposed architecture has three major components – (a) text-to-pose translation,

(b) face keypoints refinement, and (c) pose transformation, analyzing individual stages is

important. Table 4.1 summarizes the evaluation scores of different pose transformation

methods on the DeepFashion dataset [161]. The keypoint-guided baseline [83] performs

well for such within-distribution target poses. However, the proposed text-guided

approach also performs satisfactorily, as reflected in SSIM, IS, DS, and LPIPS scores. As

PCKh uses keypoint coordinates, our method achieves a low PCKh score compared to the

keypoint-based method, which uses precise keypoints for the target image generation. For

evaluating out-of-distribution target poses, we selected 50 pairs of source and target images

from DeepFashion. However, we estimated the target keypoints from random real-world
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Keypoints Guided

(PATN)
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DeepFashion (Within distribution target pose samples) Real World (Out of distribution target pose samples)
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(Zhou et al.)

Text Guided

(Zhou et al.)

Figure 4.6: Qualitative comparison of the proposed method against existing keypoint-
guided [83] and text-guided [130] baselines. I A denotes the condition image (observed
subject) and IB denotes the target pose reference. Keypoint-guided methods generate
structurally inconsistent results when physical statures of I A and IB are widely different.
On the other hand, the existing text-guided method often misinterprets the target pose
due to a limited set of basic poses used for pose representation. The proposed text-guided
technique successfully addresses these issues and generates visually realistic human
images with intended physical appearances.

person images (outside DeepFashion), having identical poses as the chosen target images.

Table 4.2 shows that the proposed technique achieves significantly higher SSIM and PCKh

scores in such cases, indicating substantially better structural alignment.

4.3.4 User Study

Although analytical metrics, such as SSIM, IS, DS, PCKh, and LPIPS, are widely adopted

for quantitatively comparing human pose transformation techniques, these metrics do not

always agree with human perception. A quantifiable metric for evaluating image quality

is an open challenge in computer vision. Therefore, we conducted an additional opinion-

based user assessment as a subjective analysis of the generated image quality. Following a
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Table 4.1: Quantitative comparison of different human pose transformation methods on
within-distribution target pose references from the DeepFashion dataset [161].

Method SSIM ↑ IS ↑ DS ↑ PCKh ↑ GCR ↑ LPIPS ↓
(VGG)

LPIPS ↓
(SqzNet)

PATN [83] 0.773 3.209 0.976 0.96 0.983 0.299 0.170
Zhou et al. [130] 0.373 2.320 0.864 0.62 0.979 0.310 0.215
Partially Text Guided (ours) 0.549 3.269 0.950 0.53 0.963 0.402 0.290
Fully Text Guided (ours) 0.549 3.296 0.950 0.53 0.963 0.402 0.289

Ground Truth 1.000 3.790 0.948 1.00 0.995 0.000 0.000

Table 4.2: Quantitative comparison of different human pose transformation methods on
out-of-distribution target pose references from the real-world.

Method SSIM ↑ IS ↑ DS ↑ PCKh ↑ GCR ↑ LPIPS ↓
(VGG)

LPIPS ↓
(SqzNet)

PATN [83] 0.677 2.779 0.996 0.64 1.000 0.294 0.183
Zhou et al. [130] 0.615 2.891 0.931 0.52 1.000 0.271 0.182
Partially Text Guided (ours) 0.696 2.093 0.990 0.84 1.000 0.262 0.155
Fully Text Guided (ours) 0.695 2.171 0.991 0.85 1.000 0.263 0.157

Ground Truth 1.000 2.431 0.984 1.00 1.000 0.000 0.000

similar protocol as the previous authors [77, 80, 83], the study records an instant decision

from an individual on whether a displayed image is real or generated. We created a subset

of 260 real and 260 generated images, with 10 images of each type used as a practice set

for warm-up. During the test, 20 random images (10 real + 10 generated) are drawn from

the remaining images and shown to the examiner. We compute the R2G (the fraction of

real images identified as generated) and G2R (the fraction of generated images identified as

real) scores from the user submissions. Our method achieved a mean R2G score of 0.5404

and a mean G2R score of 0.6968 for submissions from 156 individual volunteers.

4.3.5 Ablation Study

We performed a set of ablation experiments to analyze the impact of different components

on the generative performance of the proposed network architecture.

Impact of text encoder: Table 4.3 summarizes a quantitative comparison of the proposed

architecture with different text encoding schemes. The analysis shows that with different

text encoders, such as Word2Vec [173], FastText [174], and BERT [175], the model achieves

similar benchmark scores as with the baseline many-hot representation. The results

indicate that the proposed text-to-pose translation network is robust to most text encoders.
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Table 4.3: Quantitative ablation analysis on different text encoding methods.

Text Encoding Method SSIM ↑ IS ↑ DS ↑ PCKh ↑ GCR ↑ LPIPS ↓
(VGG)

LPIPS ↓
(SqzNet)

Word2Vec [173] 0.550 3.251 0.949 0.52 0.973 0.401 0.289
FastText [174] 0.548 3.275 0.949 0.52 0.968 0.399 0.285
BERT [175] 0.549 3.269 0.950 0.53 0.963 0.402 0.290
Many-hot 0.558 3.228 0.953 0.60 0.970 0.388 0.274

Ground Truth 1.000 3.790 0.948 1.00 0.995 0.000 0.000

Table 4.4: Quantitative ablation analysis on face keypoints refinement.

Target Pose Refinement SSIM ↑ IS ↑ DS ↑ PCKh ↑ GCR ↑ LPIPS ↓
(VGG)

LPIPS ↓
(SqzNet)

Keypoints ✘ 0.545 3.221 0.952 0.53 0.960 0.404 0.290
Keypoints ✔ 0.549 3.269 0.950 0.53 0.963 0.402 0.290
Text description ✘ 0.545 3.261 0.952 0.53 0.960 0.404 0.290
Text description ✔ 0.549 3.296 0.950 0.53 0.963 0.402 0.289

Ground Truth n/a 1.000 3.790 0.948 1.00 0.995 0.000 0.000

Table 4.5: Quantitative ablation analysis on the attention mechanism.

Attention Mechanism SSIM ↑ IS ↑ DS ↑ PCKh ↑ GCR ↑ LPIPS ↓
(VGG)

LPIPS ↓
(SqzNet)

Single-scale attention 0.540 3.170 0.921 0.54 0.954 0.415 0.298
Multi-scale attention 0.549 3.269 0.950 0.53 0.963 0.402 0.290

Ground Truth 1.000 3.790 0.948 1.00 0.995 0.000 0.000

Impact of refinement network: Table 4.4 summarizes a quantitative comparison of

the proposed architecture with and without face keypoints refinement. Although

the improvement seems marginal from the evaluation scores, the visual overhaul is

remarkable, as illustrated in Fig. 4.7. Without a dedicated refinement mechanism,

borderline variations in spatial positions of the initially estimated face keypoints often lead

to extreme distortions. Therefore, refinement is desirable in the proposed architecture.

Impact of attention mechanism: We also analyzed the efficacy of multi-scale attention in

the pose transformation network [25]. Unlike multi-scale attention, where the attention

operations are performed at every feature resolution, for single-scale attention, a single

attention operation is performed only at the lowest feature resolution. Table 4.5

summarizes the evaluation scores with both strategies. The analysis shows substantially

superior performance with multi-scale attention, retaining both low-frequency and high-

frequency details in the generated images.
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Figure 4.7: Qualitative ablation analysis of the proposed method with and without face
keypoints refinement. Without a dedicated refinement mechanism, marginal variations in
spatial positions of the estimated keypoints often lead to undesired distortions.

4.3.6 Limitations

To the best of our knowledge, the proposed work is one of the earliest attempts to mitigate

structural bias in human pose transformation using textual supervision. Although our

approach generates visually compelling results in our experiments, the quality of the

generated images degrades in some specific scenarios. One potential reason behind the

problem is the lack of sufficient fine-grained details in the textual description of the target

pose, leading to incorrect interpretation by the text-to-pose generator. Another probable

reason for performance bottlenecks is error accumulation in the proposed multi-stage

architecture. Therefore, any erroneous estimation in an earlier stage can propagate to later

stages, impacting the overall generative performance. Fig. 4.8 shows a few limiting cases of

the proposed method.

4.4 Chapter Summary

In this chapter, we addressed the common structural inconsistency problem in keypoint-

guided human pose transformation methods, introducing a multi-stage generative

architecture with textual supervision. This structural inconsistency problem is particularly

relevant when the physical statures of the observed subject and target pose reference are

substantially different, creating a geometric bias towards the physique of the reference
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Figure 4.8: Limitations of the proposed method.

person. We mitigated such structural bias by replacing keypoint-based target pose

representation with textually descriptive pose annotations. The proposed architecture

consists of three independent networks for (a) text-to-pose translation, (b) pose

refinement, and (c) pose transformation. First, a WGAN generator estimates the target

keypoints from a textual pose description as an initial coarse pose representation. Next,

the initial face keypoints are refined by regression to obtain a more structurally accurate

target pose for reducing possible distortions in the generated image. Lastly, a multi-

scale attention-guided conditional GAN performs the human pose transformation to

generate the final output. Due to the lack of public datasets, we compiled a new dataset

for benchmarking text-guided person image generation techniques by extending the

DeepFashion dataset with human-annotated pose descriptions. Experimental studies

show that the proposed method performs remarkably well for conditional person image

generation using textual guidance as the local context. In the next chapter, we adopt a

similar architecture to introduce global semantic contexts in person image generation.
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SCENE-AWARE PERSON IMAGE GENERATION

I
n the previous chapters, we explored conditional image generation of an isolated

person instance from local structural contexts. We initially introduced an end-

to-end network architecture with a multi-scale attention mechanism to improve

output image quality. Then, we addressed the potential structural inconsistencies in such

techniques using a multi-stage strategy with textual supervision. This chapter focuses on

imposing semantic constraints on person image generation. In particular, we adopted a

similar multi-stage architecture for the adaptive blending of a new person into a given

scene with existing people, where the collective association of all existing human poses

provides a global semantic context to the generative network.

5.1 Semantic Context from Observed Humans

In this work, the main objective is to introduce a new instance of a specific person

into a scene with existing people. Therefore, the generative network needs to infer the

location, scale, pose, and identity of the new instance such that the generated person

adaptively blends into the scene while retaining the global semantics. To address the

overall complexity of the task, we divided the problem into three independently learnable

subtasks. First, assuming the global context as the collective association of all human poses,

we interpreted the semantic context as the geometric information expressed by a set of

skeletal structures corresponding to the existing persons in the scene. Each skeleton is a set

of spatial coordinates of 18 body keypoints. Therefore, we represented the global context
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Figure 5.1: Architecture of the proposed pipeline. The workflow consists of three stages.
Stage 1 estimates the location, scale, and a spatial representation K ∗

B for the target pose PB

from the global semantic context Hmul ti . Stage 2 regressively refines the initial estimation
of the face keypoints to obtain more accurate target keypoints K̃ ∗

B . Stage 3 performs human
pose transformation on the observed condition image I A having pose P A represented by
keypoints K A to generate the final output image ĨB . Finally, the generated person instance
ĨB is blended into the given scene using the location and scale predicted from Stage 1.

by encoding the existing human skeletal structures as an 18-channel many-hot heatmap,

where each channel corresponds to one specific body keypoint. We estimated the initial

pose of the target person from the global context encoding using a WGAN model. Next, we

used a fully connected linear network to refine deviations in face keypoints of the initial

coarse pose. This refinement strategy substantially improves the realism of the generated

samples. Finally, a pose transformation network generates the target instance from the

refined target pose and a given observation of the subject. We inserted the target instance

into the scene using the inferred location and scale of the pose predicted in the first stage.

5.2 Scene-Aware Human Instance Generation

The proposed architecture consists of three independently learnable networks for (a) pose

estimation, (b) pose refinement, and (c) pose transformation. In the first stage, an initial

coarse estimation of the target pose is derived from the global semantic context. In the

second stage, the coarse pose is refined by regression. In the third stage, the target instance

is generated by a pose transformation conditioned on the appearance of the observed

subject. Finally, the generated instance is blended into the given scene using the location

and scale of the initial pose inferred from the first stage. Fig. 5.1 illustrates the architecture

of the proposed generative pipeline.
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5.2.1 Context Preserving Pose Estimation

Assuming a given scene that contains n persons, the proposed method aims to introduce

another person into the scene, such that the new (n + 1)-th person blends in with the

existing n individuals while preserving the global semantic context. We represent the

global geometric context of such a scene by a set Pn of n spatial pose representations

corresponding to all n existing persons. Every individual pose Pi is expressed as another

set of k body joint locations (keypoints). For a scene image of dimension w × h, we

represent every individual pose Pi as a w ×h ×k binary heatmap Hi , where each channel

of the heatmap corresponds to one specific keypoint. The spatial location of every visible

keypoint is encoded with 1 in the respective position of Hi and 0 everywhere else (one-

hot). We assume an aggregate of all such n heatmaps as the global geometric scene context.

This results in a binary heatmap Hn of dimension w ×h ×k, where each channel contains

spatial encoding for a specific keypoint of all n existing persons (many-hot). To reduce the

high sparsity in Hn , we use an isotropic representation for each channel by estimating the

Gaussian of the Euclidean distance from the keypoint. Such representation of the global

geometric scene context is denoted by Hmul ti .

We use a WGAN model to estimate a potential target pose by sampling from a normal

distribution, conditioned on the global geometric scene context Hmul ti . The network

consists of a generator network GT and a discriminator network DT . In GT , we first encode

Hmul ti to a 512-dimension vector vB by downscaling through consecutive convolution

layers. To allow variations in the generated poses, a noise vector z ∼N (0, I ), where I is the

identity matrix of size 512×512, is used as another input for GT . Both vB and z are linearly

concatenated and passed through 4 up-convolution layers. Each of the up-convolution

layers contains a transposed convolution followed by batch normalization [156] and ReLU

activation [157]. The transposed convolution layers in the upscaling branch contain 256,

128, 64, and 32 filters, respectively. The output of the final up-convolution layer is passed

through another transposed convolution layer followed by t anh activation to produce the

final output of GT . The final transposed convolution layer contains 18 filters, resulting in a

generated output GT (vB , z) of dimension 64×64×18, where each channel represents one

of the 18 keypoints k j , j ∈ {1,2, . . . ,18}. To facilitate adversarial learning, a discriminator DT

evaluates the validity of the generated keypoints. In DT , the predicted heatmap GT (vB , z)

is passed through 4 consecutive convolution layers, where each layer has a stride of 2

and is followed by leaky ReLU activation. The convolution layers contain 32, 64, 128, and

256 filters, respectively. Finally, the scalar output of the discriminator is estimated using

another convolution layer with a single channel and stride 4.
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The optimization objective LD for the discriminator DT is given by

LD = − E(x,vB )∼pt ,z∼pz [DT (x, vB ) − DT (GT (z, vB ) , vB )]

where (x, vB ) ∼ pt is the heatmap and context encoding pair sampled from the training set,

and z ∼ pz is a noise vector sampled from the Gaussian distribution. Researchers [176] have

shown that the WGAN training is more stable if DT is Lipschitz continuous, which mitigates

the undesired behavior due to gradient clipping. To enforce the Lipschitz constraint, we

compute the gradient penalty as follows.

PT = E(x̃,vB )∼p x̃,vB

[(∥∥∇x̃,vB DT (x̃, vB )
∥∥

2 − 1
)2

]
where ∥.∥2 indicates the L2 norm and x̃ is a synthetic sample obtained from the weighted

sum of a real sample x and a generated sample GT (z, vB ), mathematically, x̃ =αGT (z, vB )+
(1−α)x, where α is a random number, selected from a uniform distribution between 0 and

1. As indicated by [176], PT tries to restrict the gradient magnitude to 1 and helps to enforce

the Lipschitz constraint. After including the Gradient Penalty term, the final loss function

for DT is given by

LDT = LD + λPT

where λ is the regularizing constant that controls the effect of gradient penalty PT on

the overall discriminator loss LDT . In all our experiments, we set λ = 10. To optimize the

generator network GT , we define the loss function LGT as follows.

LGT = − EvB∼pvB ,z∼pz [DT (GT (z, vB ) , vB )]

The generator GT estimates the probable location, scale, and pose of the target person

as an 18-channel heatmap. We estimate the precise spatial locations of individual keypoints

from this heatmap. To represent the target pose as a set of keypoints K ∗
B , we compute

the maximum activation ψmax
j , j ∈ {1,2, . . . ,18} for every channel. The position of the

maximum activation for j -th channel is assumed to be the spatial location of j -th keypoint

if ψmax
j ≥ 0.2. The j -th keypoint is considered occluded if ψmax

j < 0.2.

5.2.2 Face Keypoints Refinement

GT produces a reasonable initial estimate K ∗
B of the target pose from the global scene

context. However, due to potential uncertainty in the position and location of the target
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person, the keypoints K ∗
B often have spatial perturbations. Such spatial perturbations are

most prominent for the facial keypoints (nose, two eyes, and two ears). As the next stage

follows a keypoint-guided pose transformation scheme, even slight fluctuations in the

coordinates of the facial keypoints result in a visibly distorted output. To mitigate the effects

of such perturbations, we use a fully connected linear network ωR for refining the facial

keypoints by regression. First, the five facial keypoints k f
i , i ∈ {1,2, . . . ,5} are translated by

(k f
i −kn), where kn is the spatial location of the nose. Next, the translated facial keypoints

are normalized, such that the scaled keypoints k s
i are bounded within a unit square with

the scaled nose keypoint at the origin (0, 0). Then, we flatten the scaled facial keypoints

into a 10-dimensional vector v f and pass it through three fully connected linear layers,

each having 128 nodes followed by ReLU activation. The output layer contains 10 nodes,

followed by t anh activation. The network is optimized by minimizing the mean squared

error (MSE) between the actual and the predicted keypoints. While training, we augment

k s
i with small random 2D spatial perturbations and try to predict the original values of k s

i .

Finally, the predicted keypoints are denormalized and retranslated by the same amount.

The refined keypoints K̃ ∗
B are obtained by updating the coordinates of the facial keypoints

in K∗B with the predictions from ωR .

5.2.3 Pose Transformation

We use the previously proposed multi-scale attention-guided pose transformation

technique [25] to generate the output image, as discussed in Sec. 3.2. The network takes

an existing observation of the person I A as the condition image and the channel-wise

concatenated pose heatmaps (HA, H̃∗
B ) derived from respective keypoints K A and K̃ ∗

B , to

produce a final output image ĨB .

5.2.4 Implementation Details

In stage 1, we optimize both generator and discriminator of the WGAN using the stochastic

Adam optimizer [160] with learning rate η1 = 1e−4, β1 = 0, β2 = 0.9, ϵ = 1e−8, and

weight decay = 0. While training, we update the generator once for every 5 updates of the

discriminator to prevent mode collapse. In stage 2, the linear pose refinement network

is optimized using stochastic gradient descent with learning rate η2 = 1e−2. In stage 3,

the multi-scale attention-guided pose transformation network is also optimized with the

stochastic Adam optimizer [160], but with learning rate η3 = 1e−3, β1 = 0.5, β2 = 0.999,

ϵ = 1e−8, and weight decay = 0. We initialize the parameters of every generator and
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Scene Context Ground Truth Estimated Target

(Stage 1)

Refined Target
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Figure 5.2: Qualitative results of pose estimation (stage 1) followed by pose refinement (stage
2). Due to the uncertainty in the inferred location and pose, the target pose may look
substantially different from the ground truth. However, it does not affect the generation
performance as long as the global geometric context is preserved and the target person
blends in with the existing persons in the scene.

discriminator before training by sampling from a normal distribution of 0 mean and 0.02

standard deviation. We train the individual networks on a single NVIDIA TITAN X GPU.

The pose estimation network is trained for 100K iterations with a batch size of 8. The face

keypoints refinement network is trained for 100 epochs with a batch size of 128. The pose

transformation network is trained for 270K iterations with a batch size of 8.

5.3 Experiments

In this section, we discuss the experimental studies performed on the proposed approach,

including dataset specifications, result analyses, and limitations.

5.3.1 Datasets

We used a multi-human parsing dataset MHP-v1 [177] to train the pose estimation model.

The dataset contains 4980 images where multiple persons appear in contextually correlated

poses for each image. We first use a pre-trained human pose estimator [154] to derive
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Original Scene Modified SceneTarget Person

Figure 5.3: Qualitative results generated by the proposed method.

the keypoints of individual persons in each image. While training, one random person is

selected as the target, and the remaining persons are used as existing individuals. To train

both pose refinement and pose transfer networks, we used the DeepFashion dataset [161].

Out of 40488 images, 37344 samples are used for training and 3144 are kept for testing.

5.3.2 Result Analysis

Fig. 5.2 shows the qualitative results of the pose estimation and refinement. The proposed

method can estimate realistic target poses for non-existent persons while maintaining

global contextual consistency with the existing individuals in the scene. An important

point to note is that there is uncertainty in the geometry of the target person as the target

can adopt a wide range of valid location and pose orientations. This natural ambiguity

is introduced by sampling the target pose from a Gaussian distribution. Therefore, the

predicted geometry of the target may be substantially different from the ground truth, but
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Scene Context Ground Truth Estimated Target

(Stage 1)

Refined Target

(Stage 2)

Figure 5.4: Limitations of the proposed method.

this does not affect the generation performance as long as the target blends in with the

existing persons in the scene, preserving the global semantic context. In Fig. 5.3, we show

the qualitative results of the entire pipeline consisting of all three stages. The proposed

method can generate high-quality and contextually relevant target person instances that

adaptively blend well with the existing individuals in the scene.

5.3.3 Limitations

Unlike conventional human pose estimators (HPE), where the keypoints are estimated for a

given person, the proposed method attempts to infer an appropriate pose for a non-existent

person using contextual information from existing individuals. The problem is challenging

due to the absence of a target figure and the ambiguity in inferring a potentially valid pose.

Therefore, on some occasions, the proposed technique struggles to estimate a correct pose,

impacting the overall generative performance. This problem is particularly dominant in

crowded scenes with many existing individuals. In such situations, the initial estimation of

the target pose is often too noisy to refine, which means that the refinement strategy fails

to account for the large spatial deviations. The highly perturbed pose eventually impacts

pose transformation, causing visible distortions in the generated images. Fig. 5.4 shows a

few such limiting cases.
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5.4 Chapter Summary

In this short chapter, we explored a strategy to introduce semantic constraints in an

adaptive person image generation process. Our main objective was to insert an additional

person into a scene with existing individuals, such that the new person instance adopts

a contextually valid pose. The contextual validity is enforced with a general assumption

that all existing persons in the scene follow a common contextual theme. So, the collective

association of all existing human poses can provide a global semantic context to infer

probable poses for non-existent persons. However, there are two key challenges in the

problem. First, unlike a conventional human pose estimator (HPE) [154], where the

keypoints are estimated from an observed human image, here the generative network

needs to infer conceivable postures of a non-existent person by observing the poses of

surrounding individuals. Second, there is substantial ambiguity in the solution. Due to

multiple possible outcomes for the location, scale, and pose, a generated instance can be

contextually valid despite being significantly different from the ground truth.

The proposed architecture contains three independently learnable networks for (a)

pose estimation, (b) pose refinement, and (c) pose transformation. The first stage derives

an initial coarse estimation of the target pose from the global semantic context using a

WGAN. The next stage reduces the spatial deviations of face keypoints in the coarse pose

by regressing through a linear network. The final stage uses the previously proposed multi-

scale attention mechanism for pose transformation using a conditional GAN. Finally, the

generated instance is blended into the given scene using the location and scale of the initial

pose inferred from the first stage. Although the proposed architecture performs well in a

wide range of scenes, the method starts showing its limitations as the number of existing

persons increases. As shown in Fig. 5.4, the uncertainty of estimating a semantically valid

pose for a non-existent person in crowded scenes often leads to a highly perturbed target

pose that is too noisy to refine for the regressor. We can address such limitations in two ways.

• One possible option to reduce structural perturbations is replacing keypoints with

a less sparse pose representation, such as human parsing maps. In Chapter 6, we

discussed this strategy in detail.

• Another probable approach is improving the global semantic context representation

by mutually attending two different feature modalities, such as the image and

corresponding segmentation map. In Chapter 7, we explored this strategy in detail.
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6
SEMANTICALLY ADAPTIVE PERSON IMAGE GENERATION

I
n Chapter 5, we introduced an initial proposal for imposing semantic constraints in

an adaptive person image generation scheme, where the collective association of all

existing human poses represented the global scene context. Although the method

showed promising results, the ambiguity of inferring a contextually valid pose for a non-

existent person often caused substantial instabilities in the estimated pose. This chapter

focuses on improving the generative performance for the same objective by replacing

keypoint-based pose representation with parsing maps in a data-agnostic approach.

6.1 Deriving Local Attributes from Global Scene Context

The core objective of this work is to blend an observed person into a scene with existing

individuals, such that the inserted instance adopts semantically consistent location, scale,

and pose with the existing persons. Most human pose transformation strategies follow

a conditional image-to-image translation approach using appearance attributes of an

observed exemplar and a target pose. The target pose supervision is generally provided

as keypoints [77, 79, 80, 81, 83, 88, 89], parsing maps [95, 99, 107], or text descriptions [26,

130]. Therefore, such methods are limited to isolated person instance generation from local

object-level contextual guidance. In contrast, the objective of this work requires additional

supervision from existing persons in the scene as a global contextual guidance. Specifically,

we aim to estimate the best possible local attributes for pose transformation by deriving

them from the global semantic representation. However, due to multiple semantically
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(a) Original scene (b) Semantic map (c) Coarse estimation (d) Fine estimation (e) Exemplar (f) Generated scene

Figure 6.1: An overview of the proposed method. (a) Original scene. (b) Semantic maps
of existing persons in the scene. (c) Coarse estimation of the potential target semantic
map. (d) Data-driven refinement of the coarse semantic map. (e) An exemplar of the target
person. (f ) Generated scene with the rendered target person.

feasible outcomes, determining a set of local descriptors for a non-existent person is

challenging and often requires additional refinement of the initial estimation.

In our previous approach, as discussed in Chapter 5, we represented the global scene

context as a collective association of all existing human poses. However, the method shows

frequent instabilities in the estimated poses due to wide deviations in the spatial locations

of predicted keypoints, virtually making the pose transformation infeasible. To mitigate

such instabilities, in the proposed approach, we replaced keypoints with human parsing

maps to reduce the sparsity in the local descriptors. The initially estimated coarse masks are

refined by a data-agnostic approach with a clustered database of precomputed fine human

parsing maps. The fine masks allow highly accurate visual attribute transfer from the

observed exemplar to the target instance, rendering high-quality realistic human instances.

Fig. 6.1 illustrates an overview of the proposed method.

6.2 Semantically Adaptive Human Instance Generation

The proposed architecture consists of three independently learnable networks for (a)

coarse generation, (b) refinement, and (c) rendering. The first stage uses an image-to-

image translation to estimate the local parsing map for a probable person from the global

semantic context, expressed as an image containing the parsing maps of all existing

individuals in the scene. The generated coarse parsing map provides an initial estimate

of the target location and scale. However, the coarse map performs poorly during visual

attribute transfer for rendering due to inaccuracies in the label boundaries. Therefore,

in the second stage, we introduced a data-agnostic refinement strategy to retrieve a
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Original Scene

Semantic Map

Coarse

Semantic Map

Coarse Instance
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Target Rendered Scene
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Data-Driven Refinement
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Appearance Attribute Transfer and Rendering

 Sigmoid activation  Element-wise product

Figure 6.2: Architecture of the proposed pipeline. The workflow consists of three stages.
(a) Coarse semantic map estimation from the global scene context in stage 1. (b) Data-
driven refinement of the initially estimated coarse semantic map in stage 2. (c) Rendering
the fine semantic map by transferring appearance attributes from an exemplar in stage 3.

representative target parsing map from an existing set of precomputed fine parsing maps.

Finally, the third stage uses a conditional GAN to render the target person by transferring

appearance attributes from a given exemplar to the target parsing map. Fig. 6.2 shows

the architecture of the proposed method. Additionally, we can use image harmonization

[178, 179] as an optional post-processing step to reduce blending inconsistencies between

foreground and background.

6.2.1 Coarse Generation Network

We use an encoder-decoder architecture to generate an initial estimate of the target

location, scale, and pose. This network performs an image-to-image translation from a

semantic map S containing N persons to another semantic map T having the (N + 1)-th

person. The network aims to generate a coarse semantic map for a new person, so the new

person is contextually relevant to the existing persons in the scene.

Both S and T are single-channel semantic maps containing eight labels corresponding

to eight regions of a human body. This reduced set of label groups simplifies the semantic

map generation while retaining sufficient information for high-quality image synthesis in

the following stages. The reduced set of semantic label groups contains – background (0),

hair (1), face (2), torso and upper limbs (3), upper body wear (4), lower body wear (5), lower

limbs (6), and shoes (7). In [137], the authors also provide one channel for the face and

another optional channel to specify the region boundary for the target. In contrast, we

do not consider these additional channels due to different strategies for refinement and

rendering in later stages.
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Figure 6.3: Qualitative results of the initial target semantic map generation in stage 1.
Semantic maps of existing persons are marked in gray, and the initial estimation of the
target semantic map is marked in purple.

The coarse generation network adopts the default encoder-decoder architecture of

Pix2PixHD [33]. We use a spatial dimension of 368 × 368 for the semantic maps. The

original semantic maps are resized while maintaining the aspect ratio and then padded

with zeroes to have the desired square dimension. We use nearest-neighbor interpolation

when resizing to preserve the number of label groups in the semantic maps. The only

modification we apply to the default Pix2PixHD architecture is disabling the VGG feature-

matching loss because it is possible to have wide variations in the target location, scale, and

pose, which leads to significant uncertainty in the generated semantic map. Fig. 6.3 shows

a few examples of the coarse generation.

6.2.2 Data-Agnostic Refinement Strategy

The coarse semantic map provides a reasonable estimate for the target person, which is

contextually coherent with the global semantics of the scene. While the spatial location

and scale of the target are immediately usable to localize a new person into the scene,

the semantic map itself is not sufficiently viable to produce realistic results. In [137],

the authors use a multi-conditional rendering network (MCRN) on the roughly estimated

semantic map, followed by a face refinement network (FRN) on the rendered target. While

this approach produces some decent results, it is limited in scope due to solely relying on

the initially generated rough semantic map from the essence generation network (EGN).
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We notice two crucial issues in this regard. Firstly, the coarse semantic map heavily affects

the visual realism of the generated image. Secondly, it is not easy to achieve control over

the appearance of the generated target with a fixed semantic representation. For example,

if EGN produces a semantic map that appears to be a man while the intended exemplar

is a woman. The subtle difference in core appearance attributes between the estimated

semantic map and exemplar poses a significant challenge in practically usable generation

results. We attempt to improve visual quality and appearance diversity in the generated

results by introducing a data-driven refinement strategy with a clustered knowledge base.

We collect a set of finely annotated semantic maps of high-quality human images to

construct a small database with a diverse range of natural poses. This database works

as a knowledge base for our method. To optimally split the knowledge base into several

clusters, we first encode the individual semantic maps using a VGG-19 [159] model

pretrained on ImageNet [56]. The semantic maps are resized to a square grid of size 128×
128, maintaining the aspect ratio and using zero padding. The resampling uses nearest-

neighbor interpolation. After passing the resized image through the VGG-19 network, the

final feature extraction layer produces an output of dimension 4 × 4 × 512. To avoid too

many features during clustering, we apply adaptive average pooling to map the feature

space into a dimension of 1 × 1 × 512. The pooled feature space is flattened to a 512-

dimensional feature vector. We perform K-means clustering on the encoded feature vectors

corresponding to the samples in the knowledge base. From our ablation study, we have

found 8 clusters work best for our case. After the learning converges, we split the knowledge

base by the predicted class labels.

During refinement, the coarse semantic map is center-cropped and resized to

dimension 128×128, maintaining the aspect ratio. The resampling uses the same nearest-

neighbor interpolation as earlier. The resized coarse semantic map is then similarly

encoded and passed to the pretrained K-means model for inference. After receiving

a cluster assignment, we measure the Cosine Similarity between the encoded coarse

semantic map and every sample previously classified as a cluster member. The refinement

returns one or more existing samples by the similarity score-based ranking. The retrieved

selection acts as the refined semantic map of the target person.

As we perform a nearest-neighbor search in the semantic feature space of samples in

precomputed clusters, given a coarse semantic map, we can dynamically select a refined

candidate for either women or men as required. This step can be automated if the gender of

the exemplar is either known or estimated using a pretrained classifier. Fig. 6.4 shows Top-5

matches for both women and men samples given a coarse semantic map as the query.
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Query Top 5 matches on women Top 5 matches on men

0.8315 0.8259 0.8095 0.8079 0.8051 0.8009 0.7931 0.7907 0.7881 0.7796

0.8988 0.8976 0.8967 0.8908 0.8891 0.8620 0.8600 0.8566 0.8562 0.8552

Figure 6.4: Qualitative results of refinement in stage 2. The first column shows a coarse
semantic map as the query, and the following columns show the Top-5 fine semantic maps
retrieved for both genders. The Cosine Similarity score for each retrieval is shown below the
respective sample.

6.2.3 Appearance Attribute Transfer and Rendering

In [137], the authors trained the rendering network on single instances extracted from

multi-person images. In contrast, we impose the rendering task as a human pose

transformation problem to transfer appearance attributes conditioned on the pose

translation. Let us assume a pair of images I A and IB of the same person but with different

poses P A and PB , respectively. We aim to train the network such that it renders a realistic

approximation ÎB (generated) of IB (target) by conditioning the pose translation (P A,PB ) on

the appearance attributes of I A (exemplar). We represent each pose with a semantic map

consisting of 7 label groups – background (0), hair (1), face (2), skin (3), upper body wear (4),

lower body wear (5), and shoes (6). For effective attribute transfer on different body regions,

the semantic map P is converted into a 6-channel binary heatmap (0 for the background

and 1 for the body part) H , where each channel indicates one specific body region. We

use a spatial dimension of 256×256×3 for I A, IB , and ÎB . Consequently, the same for HA

and HB is 256×256×6. We adopted a multi-scale attention-guided generative network [25]

for rendering. The generator G takes the exemplar I A and the depth-wise concatenated

heatmaps (HA, HB ) as inputs to produce an estimate ÎB for the target IB . The discriminator

D takes the channel-wise concatenated image pairs, either (I A, IB ) (real) or (I A, ÎB ) (fake),

to estimate a binary class probability map for 70×70 receptive fields (patches).

The generator G has two separate but identical encoding pathways for I A and (HA, HB ).

At each branch, the input is first mapped to a 256×256×64 feature space by convolution

(3 × 3 kernel, stride=1, padding=1, bias=0), batch normalization, and ReLU activation.
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The feature space is then passed through 4 consecutive downsampling blocks, where

each block reduces the spatial dimension by half while doubling the number of feature

maps. Each block consists of convolution (4×4 kernel, stride=2, padding=1, bias=0), batch

normalization, and ReLU activation, followed by a basic residual block [155]. The network

has a single decoding path that upsamples the combined feature space from both the

encoding branches. We have 4 consecutive upsampling blocks in the decoder, where each

block doubles the spatial dimension while compressing the number of feature maps by

half. Each block consists of transposed convolution (4 × 4 kernel, stride=2, padding=1,

bias=0), batch normalization, and ReLU activation, followed by a basic residual block. We

apply an attention operation at every spatial dimension to preserve both coarse and fine

appearance attributes in the generated image. Mathematically, for the first decoder block

at the lowest resolution, k = 1,

I D
1 = D1

(
I E

4 ⊙ σ
(
H E

4

))
and for the subsequent decoder blocks at higher resolutions, k = {2,3,4},

I D
k = Dk

(
I D

k−1 ⊙ σ
(
H E

5−k

))
where I D

k is the output from the k-th decoder block, I E
k and H E

k are the outputs from the

k-th encoder blocks of image branch and pose branch respectively, σ denotes the sigmoid

activation function, and ⊙ denotes the Hadamard product. Finally, the resulting feature

space goes through 4 consecutive basic residual blocks, followed by a convolution (1× 1

kernel, stride=1, padding=0, bias=0) and tanh activation to project the feature maps into

the final output image ÎB of size 256×256×3.

The generator objective function LG is a linear combination of three loss terms. It

includes a pixel-wise L1 loss L G
M AE , an adversarial discrimination loss L G

G AN estimated

using the discriminator D, and a perceptual loss L G
V GGρ

estimated using a VGG-19 network

pretrained on ImageNet. Mathematically,

L G
M AE = ∥∥ÎB − IB

∥∥
1

where ∥.∥1 denotes the L1 norm or the mean absolute error (MAE).

L G
G AN = LBC E

(
D

(
I A, ÎB

)
, 1

)
where LBC E denotes the binary cross-entropy loss.
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L G
V GGρ

= 1

hρwρcρ

hρ∑
i=1

wρ∑
j=1

cρ∑
k=1

∥∥φρ

(
ÎB

) − φρ (IB )
∥∥

1

where φρ denotes the output of dimension hρ × wρ × cρ from the ρ-th layer of a VGG-19

network pretrained on ImageNet. We incorporate two perceptual loss terms for ρ = 4 and

ρ = 9 into the cumulative generator objective. Therefore, the final generator objective is

given by

LG = argmin
G

max
D

λ1L
G
M AE + λ2L

G
G AN + λ3

(
L G

V GG4
+ L G

V GG9

)
where λ1, λ2, and λ3 are the tunable weights for the corresponding loss components.

The discriminator D is a generic PatchGAN [30] that operates on 70×70 receptive fields

(patches) over the input. It takes the depth-wise concatenated image pairs, either (I A, IB )

or (I A, ÎB ), as a real (1) or fake (0) image transition, respectively. D predicts a binary class

probability map for the input patches.

The discriminator objective function LD has only a single component L D
G AN ,

calculated as the average BCE loss over real and fake transitions. Mathematically,

L D
G AN = 1

2

[
LBC E (D (I A, IB ) , 1) + LBC E

(
D

(
I A, ÎB

)
, 0

)]
Therefore, the final discriminator objective is given by

LD = argmin
D

max
G

L D
G AN

6.2.4 Implementation Details

Stage 1: We train the coarse generation network with batch size 16 and VGG feature-

matching loss disabled. All other training parameters are kept to defaults as specified by

the authors of Pix2PixHD [33].

Stage 2: The clustering follows Lloyd’s K-means algorithm with 8 clusters, a relative

tolerance of 1e−4, 1000 maximum iterations, and 10 random centroid initializations.

Stage 3: For the rendering network, we set λ1 = 5, λ2 = 1, and λ3 = 5 in the generator

objective. The parameters of both the generator and discriminator networks are initialized

before optimization by sampling from a normal distribution of mean = 0 and standard

deviation = 0.02. We use the stochastic Adam optimizer [160] to update the parameters of

both networks. We set the learning rate η= 1e−3, β1 = 0.5, β2 = 0.999, ϵ= 1e−8, and weight

decay = 0 for both optimizers. The network is trained with batch size 4.
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We train the individual networks on a single NVIDIA TITAN X GPU. The coarse generation

network is trained for 200K iterations with a batch size of 4 and the appearance rendering

network is trained for 300K iterations with a batch size of 8.

6.3 Experiments

In this section, we discuss the experimental studies performed on the proposed approach,

including datasets, evaluation metrics, comparative analyses, ablations, and limitations.

6.3.1 Datasets

We use the multi-human parsing dataset LV-MHP-v1 [177] to train the coarse generation

network in stage 1. The dataset contains 4980 high-quality images, each having at least two

persons (average is three), and the respective semantic annotations for every individual

in the scene. The annotation includes 19 label groups – background (0), hat (1), hair (2),

sunglasses (3), upper clothes (4), skirt (5), pants (6), dress (7), belt (8), left shoe (9), right

shoe (10), face (11), left leg (12), right leg (13), left arm (14), right arm (15), bag (16), scarf

(17), and torso skin (18). As discussed in Sec. 6.2.1, we reduce the original 19 label groups

to 8 by merging as – background + bag (0), hair (1), face (2), both arms + torso skin (3), hat

+ sunglasses + upper clothes + dress + scarf (4), skirt + pants + belt (5), both legs (6), both

shoes (7). While training the coarse generation network, we select one random instance of

a scene as the target person and the remaining instances as the input context. We prepare

14854 training pairs from 4945 images and 115 test pairs from the remaining 35 images.

For data-driven refinement in stage 2 and rendering network in stage 3, we use the

DeepFashion dataset [161]. The dataset contains high-quality isolated person instances

with wide pose and attire variations. A subset of the samples has color annotations for 16

semantic label groups. We reduce the number of label groups to 7 by merging multiple

semantic regions as – background + bag (0), hair + headwear (1), face + eyeglass (2),

neckwear + skin (3), top + dress + outer (4), skirt + belt + pants (5), leggings + footwear

(6). We prepare 9866 images and corresponding semantic maps for creating our clustered

database. We select 9278 image pairs for training and 786 image pairs for testing the

rendering network.

6.3.2 Evaluation metrics

Similar to our previous analyses in Chapters 3, 4, and 5, we use the Structural Similarity

Index (SSIM) [162], Inception Score (IS) [163], Detection Score (DS) [164], PCKh [165], and
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Original scene Lee et al. (NeurIPS 2018)Exemplar Gafni et al. (CVPR 2020) Kulal et al. (CVPR 2023) Ours

Figure 6.5: Qualitative comparison of the proposed method against existing approaches by
Lee et al. [136], Gafni et al. [137], and Kulal et al. [138].

Learned Perceptual Image Patch Similarity (LPIPS) [168] for quantitatively benchmarking

the proposed rendering technique against existing human pose transformation methods

[77, 80, 81, 83, 88, 89, 95, 99, 107, 137].

6.3.3 Result Analysis

Qualitative and quantitative comparisons: In Fig. 6.5, we compare our approach

qualitatively with existing person image insertion techniques [136, 137, 138]. The visual

analysis shows unrealistic persons for [136] and inadequate rendering for [137]. In [138],

the authors have assumed the objective as a conditional inpainting problem, improving the

overall visual quality of image blending over [136, 137]. However, in our experiments, the

technique [138] often fails to insert a new person into multi-person scenes, and the method

lacks a faithful appearance attribute transfer to retain the exemplar identity. In contrast,
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Table 6.1: Quantitative comparison among different human pose transformation methods
for rendering the target person instance. The best scores are in bold, and the second-best
scores are underlined.

Method SSIM ↑ IS ↑ DS ↑ PCKh ↑ LPIPS ↓
(VGG)

LPIPS ↓
(SqzNet)

PG2 [77] 0.773 3.163 0.951 0.89 0.523 0.416
Deform [80] 0.760 3.362 0.967 0.94 - -
VUNet [81] 0.763 3.440 0.972 0.93 - -
PATN [83] 0.773 3.209 0.976 0.96 0.299 0.170
XingGAN [88] 0.762 3.060 0.917 0.95 0.224 0.144
BiGraphGAN [89] 0.779 3.012 0.954 0.97 0.187 0.114
ADGAN [95] 0.677 3.116 0.938 0.96 0.256 0.144
PISE [99] 0.759 3.210 0.974 0.96 0.201 0.109
CASD [107] 0.724 3.460 0.987 0.97 0.222 0.120
WYWH (KP) [137] 0.788 3.189 - - 0.271 0.156
WYWH (DP) [137] 0.793 3.346 - - 0.264 0.149
Ours 0.845 3.351 0.968 0.97 0.124 0.064

Ground Truth 1.000 3.687 0.970 1.00 0.000 0.000

the proposed method can produce realistic and visually appealing results for person

insertion into a complex scene, with a semantically consistent pose while preserving the

appearance and identity of the exemplar. To analyze the overall generation quality of the

rendering network, we perform a quantitative comparison against ten previous person

image generation methods [77, 80, 81, 83, 88, 89, 95, 99, 107, 137]. As shown in Table 6.1, the

proposed rendering method outperforms previous approaches in most evaluation metrics.

Subjective evaluation: Additionally, we have conducted an opinion-based user study with

72 volunteers to rate the final generated scenes as real or fake. Following the protocols

in [137], we have kept the allowed observation time unrestricted during the study. The

proposed method has received a mean opinion score of 64.4% against 59.2% by [138],

51.8% by [137], and 32.1% by [136], respectively.

6.3.4 Ablation Study

Impact of feature representation on refinement: As discussed in Sec. 6.2.2, we use 512-

dimensional VGG-encoded features to guide the refinement process. To evaluate the

significance of feature representation in the proposed refinement strategy, we compare

VGG-encoded features with native pixel-based features in our ablation analysis by

converting the input image into a feature vector. The conversion process downscales
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Coarse Mask
Query

Top 5 matches on women (top) and men (bottom)
with pixel feature based clustering

Top 5 matches on women (top) and men (bottom)
with VGG feature based clustering

0.7511 0.7265 0.7142 0.7108 0.7101 0.7643 0.7635 0.7598 0.7575 0.7556

0.6658 0.6636 0.6497 0.6344 0.6330 0.7374 0.7166 0.7078 0.7068 0.7067

Figure 6.6: Qualitative ablation analysis on the feature representation for refinement. The
Cosine Similarity score for each retrieval is shown below the respective sample.

Table 6.2: Quantitative ablation analysis on refinement with pixel-based features. The best
scores are in bold, and the second-best scores are underlined.

Number of clusters
Average Cosine Similarity of Top match ↑ Average Cosine Similarity of Top-5 matches ↑

Men Women Overall Men Women Overall
K = 8 0.7127 0.7562 0.7608 0.6912 0.7366 0.7402
K = 16 0.7146 0.7539 0.7598 0.6933 0.7357 0.7402
K = 32 0.7014 0.7449 0.7492 0.6768 0.7270 0.7302
K = 64 0.5852 0.6767 0.6810 0.5580 0.6301 0.6346

Table 6.3: Quantitative ablation analysis on refinement with VGG-encoded features. The
best scores are in bold, and the second-best scores are underlined.

Number of clusters
Average Cosine Similarity of Top match ↑ Average Cosine Similarity of Top-5 matches ↑

Men Women Overall Men Women Overall
K = 8 0.8212 0.8319 0.8390 0.7933 0.8171 0.8245
K = 16 0.8184 0.8307 0.8371 0.7941 0.8146 0.8227
K = 32 0.8073 0.8313 0.8379 0.7824 0.8140 0.8225
K = 64 0.7995 0.8290 0.8368 0.7715 0.8109 0.8208

(nearest-neighbor interpolation) the original 176×256 images to 22×32, keeping the aspect

ratio intact, followed by flattening to a 704-dimensional feature vector. We evaluate both

the feature representation techniques for different numbers of clusters (K = 8, 16, 32, 64).

As shown in Tables 6.2 and 6.3, for any K , the VGG-encoded feature representation

outperforms the native pixel-based representation in average Cosine Similarity score of top

retrievals. Fig. 6.6 illustrates the similarity score-based ranking of retrieved samples with

each feature encoding type for both genders. The VGG feature-based clustering provides

a better resemblance between the query and retrieved semantic maps. From our ablation

study, we find K = 8 works best for our data.
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Exemplar Target Mask Baseline HR only LR only Full Ground Truth

Figure 6.7: Qualitative ablation analysis among different variants of the rendering network.

Impact of attention mechanism on rendering: The multi-scale attention mechanism in

the rendering network plays a crucial role in the generated image quality. We explore

four different configurations to validate and select the optimal attention strategy. In the

first configuration (Baseline), we remove all attention operations, concatenate I E
4 with

H E
4 depth-wise, and pass the concatenated feature space through the decoder block. We

consider only one attention operation in the rendering network for the second and third

configurations. In the second variant (HR only), the attention operation is performed at

the highest feature resolution only (just before the decoder block D4). Similarly, in the third

variant (LR only), the attention operation is performed at the lowest feature resolution only

(just before the decoder block D1). In the final configuration (Full), we use the proposed

attention mechanism as shown in Fig. 6.2 and described in Sec. 6.2.3. We train and

evaluate all four network variants on the same dataset splits while keeping all experimental
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Table 6.4: Quantitative ablation analysis among different variants of the rendering network.
The best scores are in bold, and the second-best scores are underlined.

Model SSIM ↑ IS ↑ DS ↑ PCKh ↑ LPIPS ↓
(VGG)

LPIPS ↓
(SqzNet)

Baseline 0.657 3.667 0.902 0.46 0.338 0.260
HR only 0.825 3.271 0.954 0.96 0.154 0.088
LR only 0.840 3.326 0.966 0.96 0.131 0.068
Full (proposed) 0.845 3.351 0.968 0.97 0.124 0.064

Ground Truth 1.000 3.687 0.970 1.00 0.000 0.000

Generated scene without refinement Generated scene with refinement Generated scene without refinement Generated scene with refinement

Figure 6.8: Qualitative ablation analysis on the impact of refinement on rendering. Each
pair of examples shows a rendered person instance in the modified scene without and with
refinement, marked with red and green bounding boxes, respectively.

conditions the same, as noted in Sec. 6.2.4. Table 6.4 summarizes the evaluated metrics

and Fig. 6.7 shows the qualitative results for all four configurations. We conclude from

these analytical and visual results that the proposed attention mechanism provides the best

generative performance, retaining both the low-frequency and high-frequency details in the

generated images.

Impact of refinement on rendering: Fig. 6.8 demonstrates the necessity of the refinement

mechanism on the rendered person instance by comparing the final modified scene

without and with refinement applied.

6.3.5 Generative Performance

6.3.5.1 Visual Results In the Wild

Fig. 6.9 shows the visual results generated by the proposed method on a few randomly

collected scenes outside the LV-MHP-v1 dataset [177]. We estimate the semantic parsing
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Original scene Original sceneGenerated scene Generated sceneExemplar Exemplar

Figure 6.9: Generative performance of the proposed method in the wild using random
scenes outside the dataset. Each set of examples shows – the original scene (left), an
exemplar of the target person (middle), and the final generated scene (right).

maps corresponding to existing persons using a self-correcting human parser [180]

pretrained on the ATR dataset [181]. The remaining steps to generate the final rendered

scene follow an identical pipeline in sequence, as discussed in Sec. 6.2. These results

demonstrate that the proposed approach extends well beyond the experimental setup and

can adapt to various complex natural scenes.

6.3.5.2 Appearance Control

The proposed method renders the target person by transferring appearance attributes from

an exemplar to the fine target semantic parsing map. Different label groups in the semantic

parsing map can define precise segmentation masks for respective body parts. Therefore,

it provides an implicit way to manipulate the appearance of various body regions of the

target person by using bitwise operations. Mathematically, the modified target image Î is

given by

Î = [
M ⊙ G

(
Ist yle ,

(
Hst yle , Ht ar g et

))] ⊕ [
(1 − M) ⊙ It ar g et

]
where Ist yle and It ar g et denote the style reference and target person, respectively; Hst yle

and Ht ar g et denote the heatmap representations for the semantic parsing maps of the
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Figure 6.10: Qualitative results of appearance control in rendered person. (From top to
bottom) First row: A person as the style reference. Second row: Target person. Third row:
Target person with replaced hair as the reference. Fourth row: Target person with replaced
upper body wear as the reference. Fifth row: Target person with replaced lower body wear
as the reference.

style reference and target person, respectively; M defines a binary segmentation mask

for the body part being manipulated; G is the generator; ⊙ and ⊕ are the element-wise

multiplication and addition operations, respectively. Figs. 6.10 and 6.11 illustrate this idea

of appearance control using samples from the DeepFashion dataset [161].

6.3.5.3 Pose Variations

We refine the initial coarse estimation of the target semantic map by retrieving closely

aligned samples from the pre-partitioned clusters using a Cosine Similarity score-based

ranking in the encoded latent space. Besides refining the coarse target semantic map, this

data-driven strategy provides an explicit way to achieve unconstrained pose variations for

the synthesized person. Fig. 6.12 demonstrates a few examples to illustrate this idea by

rendering the target person with Top-5 retrieved semantic maps from the refinement stage.
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Figure 6.11: Qualitative results of appearance control in rendered person. (From top to
bottom) First row: A person as the style reference. Second row: Target person. Third row:
Target person with replaced hair as the reference. Fourth row: Target person with replaced
upper body wear as the reference. Fifth row: Target person with replaced lower body wear
as the reference.

6.3.6 Limitations

Although the proposed method can produce high-quality, visually appealing results for

a wide range of complex scenes, there are a few occasions when the technique fails to

generate a realistic outcome. Due to a disentangled multi-stage approach, these limiting

cases may occur from different pipeline components. Coarse generation in stage 1

provides the spatial location and scale of the target person. Therefore, wrong inference

in this step leads to a misinterpretation of the position and scale in the final target.

The refined semantic target map is retrieved from the pre-partitioned clusters based on

encoded features of the coarse semantic map in stage 2. Consequently, an extremely rough

generation in stage 1 or a misclassified outlier during clustering in stage 2 can lead to a

generated person that does not blend well with the existing persons in the scene. Finally,

due to a supervised approach of training the renderer in stage 3, the appearance attribute
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Coarse semantic map Top 5 retrievals for the fine semantic map with the exemplar gender

Exemplar

Original scene Generated scenes corresponding to respective fine semantic map

Coarse semantic map

Original scene

Exemplar

Top 5 retrievals for the fine semantic map with the exemplar gender

Generated scenes corresponding to respective fine semantic map

Figure 6.12: Generating pose variations with the proposed method. Top row: Coarse
estimation (in purple) followed by Top-5 refined estimations (in green). Bottom row:
Original scene followed by generated scenes from respective fine semantic maps. An
exemplar of the target person provides gender information in the refinement query and
appearance attributes to the renderer.

(a) Positional error (b) Scaling error (c) Contextual error (d) Rendering error

Figure 6.13: Limitations of the proposed method due to probable misinterpretation of the
(a) position, (b) scale, (c) context, or (d) rendering.

transfer may struggle to generate high-quality outputs for imbalanced or unconventional

target poses. We show a few such cases in Fig. 6.13.

6.4 Chapter Summary

In this chapter, we proposed a method for adaptive person image generation and blending

into a scene. The main objective of the work is to introduce a new person into a given scene
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with existing individuals, such that the new instance adopts a contextually coherent pose

and meaningfully blends with the existing persons. In the previous chapter, we used the

collective association of all existing human poses to represent the global semantic context.

However, multiple possibilities of a contextually valid pose for a non-existent person often

led to substantial ambiguities in the keypoint-based sparse pose estimation. In this work,

we addressed such instabilities by replacing keypoint-based poses with semantic parsing

maps and adopting a data-agnostic approach.

The proposed architecture consists of three independently learnable networks for (a)

coarse generation, (b) refinement, and (c) rendering. First, we use an image-to-image

translation method to estimate a probable target parsing map from the global context.

While the spatial characteristics of the generated coarse mask provide sufficient geometric

information about the potential target, it does not preserve enough label group correctness

for a proper attribute transfer in the rendering stage. We mitigate this issue through a data-

agnostic distillation of the coarse semantic map by selecting fine precomputed candidate

maps from a clustered knowledge base using a similarity score-based ranking. Finally, the

appearance attributes from an observed exemplar are transferred to the chosen candidate

semantic map using a generative renderer. The rendered instance is then injected into the

original scene using the geometric information obtained during coarse generation.

Although the proposed method produces visually intriguing results, there are many

scopes for improvements. The refinement strategy requires maintaining a database of

precomputed fine semantic mask images. Therefore, the existing pose diversity in the

database limits the realistically attainable pose variations in the generated images. While

we can easily address this problem by expanding the database with additional sample

variations and hierarchically reclustering it, such horizontal scaling requires gradually

increasing storage capacity. Another crucial aspect is the representation of global semantic

context as a collection of existing human poses in the scene, assuming all existing

individuals follow similar postures. However, such assumptions only hold for a group

activity, such as photo shoots or dance. Therefore, generating random independent human

activities requires more intricate contextual supervision involving other non-human

elements of the scene. In the next chapter, we explore an improved semantic representation

to address these limitations.
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CONTEXT-AWARE HUMAN AFFORDANCE GENERATION

I
n the previous two chapters, we explored adaptive person instance generation in a

complex scene by expressing the global semantic context as a collective association

of all existing human poses within the scene. The structural instabilities in the

initial approach are later addressed with a data-agnostic strategy, producing remarkable

visual results. However, such techniques function under a fundamental assumption that

all existing individuals in the scene follow a common group activity. Consequently, this

limits the applicability of these methods to generate independent human interactions that

require intricate contextual supervision from other non-human elements of the scene.

This chapter introduces an improved global semantic representation for complex human

affordance generation by mutually cross-attending two feature modalities, achieving

substantial performance gains over the existing approaches.

7.1 Semantic Context for Human Affordance Generation

The original conception [139] of relating perception with action describes affordance

as the opportunities for interaction with the environment. In computer vision, human

affordance prediction involves probabilistic modeling of novel human actions, such that

the estimated pose interprets a semantically meaningful interaction with the environment.

The task is fundamental to many vision problems, such as machine perception, robot

navigation, scene understanding, contextually sound novel human pose generation, and

content creation. However, predicting a contextually relevant valid pose for a non-existent
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Figure 7.1: An overview of the proposed method. Left: Predicted locations for a new person
in the scene. Middle: Estimated scale at each predicted location. Right: Final human pose
estimated after scaling and deformation at each predicted location.

person is extremely challenging because, unlike the generic pose estimation task, we do

not have an actual human body for supervision. So, in this case, the generator has to

rely exclusively on the environmental semantics, requiring an intricate focus on the scene

context representation.

Earlier works on affordance-aware human pose generation have explored knowledge

base representation [146], social reasoning constraints [148], variational autoencoder [143],

adversarial learning [141, 144], and transformer [145]. However, the majority of existing

methods investigate different network design philosophies while putting less emphasis on

the contextual representation of the scene. Unlike 3D, the lack of rich information about

the surrounding environment in a 2D scene makes the problem particularly challenging

and requires a robust representation of the scene context.

In this work, we proposed an affordance-aware human pose generation method

in complex 2D indoor scenes by introducing a novel context representation technique

leveraging cross-attention between two spatial modalities. The key idea is to mutually

attend the convolution feature spaces from the scene image and the corresponding

semantic segmentation map to get a modulated encoding of the scene context. Initially, we

estimate a probable location where a person can be centered using a VAE conditioned on

the global context encoding of the entire scene. After determining a potential center, local

context embeddings are computed from square patches centered around that location at

multiple scales. Next, we use a classifier on the multi-scale context vectors to predict the

most likely pose as the template class from a set of existing human pose candidates. Finally,

we use two VAEs conditioned on the context embeddings and the template class to sample

the scale and linear deformations separately. The estimated scale and deformations are

applied to the predicted pose template to get the target pose. Fig. 7.1 illustrates an overview

of the proposed method.

The main contributions of the proposed work are summarized as follows.
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• We proposed an affordance-aware human pose generation method in complex 2D

indoor scenes by introducing a novel scene context representation technique that

leverages mutual cross-attention between two spatial modalities for robust semantic

encoding.

• Unlike the existing methods where the target position is user-defined, the proposed

method utilizes global scene context to sample probable locations for the target,

which provides additional flexibility for constructing a fully automated human

affordance generation pipeline.

7.2 Context-Aware Human Affordance Generation with

Mutual Attention

Generating a semantically meaningful body pose of a non-existent person is challenging.

Because, unlike a traditional pose estimation approach, an actual human is not present

for estimating the body joints, which forces the generator to depend exclusively on the

scene context. However, directly using the spatial feature maps from one [143, 147, 145]

or multiple [148, 141, 144] modalities does not provide a comprehensive encoding of the

scene context, thereby limiting the sampling quality of the generator. Our key idea is a

bidirectional cross-attention mechanism between feature spaces of two modalities for a

modulated scene context representation. In particular, we use an ImageNet-pretrained

[56] VGG-19 model [159] to estimate the convolution feature maps from the scene image

and the corresponding segmentation mask, followed by mutually cross-attending the two

feature spaces. The proposed affordance generation pipeline consists of four stages. In

the first stage, we use a conditional VAE to estimate a probable location within the scene

where a person can be centered. In the second stage, a classifier predicts the most likely

template pose for the estimated location from a set of existing human pose candidates.

In the subsequent stages, we use two dedicated conditional VAEs to sample the scale and

linear deformation parameters for the predicted template. Fig. 7.3 illustrates the proposed

architecture.

7.2.1 Context Representation

Conceptually, the attention mechanism [182] dynamically increases the receptive field in a

network architecture [183]. Unlike self-attention, which combines two similar embedding
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Figure 7.2: Architecture of the proposed Mutual Cross-Modal Attention (MCMA) block.

spaces, cross-attention asymmetrically combines two separate embedding spaces. More

specifically, self-attention computes the attention maps from queries Q, keys K , and values

V projected from the same token space, while cross-attention uses K and V projected from

a different token space as the contextual guidance. However, the underlying computation
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steps are identical in both cases and involve a similarity measure between Q and K to form

an attention matrix AM , followed by weighing V with AM to obtain the updated query

tokens.

In the proposed cross-attention mechanism, we use an image I and the corresponding

semantic segmentation map S as inputs from two different modalities for mutually

attending to each other. The segmentation maps are estimated from respective images

using OneFormer [184] with DiNAT-L [185] backbone pretrained on the ADE20K dataset

[186]. We reduce the initial 150 semantic labels to 8 most significant categories to represent

indoor scenes as grayscale semantic maps with the following values – wall (36), floor (72),

stairs (108), table (144), chair (180), bed (216), person (252), and background/everything

else (0). Initially, we resize I and S with a rescaling function f : Rh×w×3 → R256×256×3.

The resized images are passed through the convolutional backbone of an ImageNet-

pretrained [56] frozen VGG-19 model [159] to extract the respective spatial feature maps

F conv
I and F conv

S , g : R256×256×3 →R8×8×512. The resulting feature maps F conv
I and F conv

S are

normalized with channel-wise root mean square layer normalization (RMSNorm) [187] to

obtain the normalized feature maps F nor m
I and F nor m

S . Mathematically, the normalization

operation defines a function φ : R8×8×512 →R8×8×512 as

F nor m = φ
(
F conv ) = γ

F conv p
Nc

max (∥F conv∥2 , ϵ)

where Nc denotes the number of channels in feature map F conv , ϵ ∈ Rn is a very small

constant (≈ 1e−12) to provide numerical stability, and γ ∈ Rn is a learnable gain parameter

set to 1 at the beginning.

For computing the multi-head attention maps, we first define three projection

functions q , k, and v to map the normalized feature maps F nor m into queries Q, keys K ,

and values V as

Q = q
(
F nor m)

: R8×8×512 →R8×8×Nembed

K = k
(
F nor m)

: R8×8×512 →R8×8×Nembed

V = v
(
F nor m)

: R8×8×512 →R8×8×Nembed

where the projection functions use point-wise convolution with 1 × 1 kernels and zero

bias, and Nembed is the length of the cumulative embedding space of all attention heads.

In the proposed architecture, we use 8 attention heads of dimension 64 each, resulting

Nembed = 8× 64 = 512. Next, we update the feature maps from both modalities I and S
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by computing the respective cross-attention matrices, taking Q from one modality and K

& V from the other. Mathematically,

F at t
I = so f tmax

(
QI K T

Sp
d

)
VS

F at t
S = so f tmax

(
QSK T

Ip
d

)
VI

where d is a scaling parameter. In the proposed method, we take the attention head

dimension as d .

The final updated cross-modal feature maps are estimated as F∗
I = p(F at t

I ) and F∗
S =

p(F at t
S ), where the function p : R8×8×Nembed → R8×8×512 defines a projection that uses

convolution with 1×1 kernels and zero bias.

Finally, we compute the mutual cross-modal feature maps as F mutual = t (c(F∗
I ,F∗

S )) by

a channel-wise concatenation c : R8×8×512×R8×8×512 →R8×8×1024 of F∗
I and F∗

S , followed by

a projection t : R8×8×1024 →R8×8×512 using convolution with 1×1 kernels and zero bias.

The vectorized representation of the contextual embedding F context ∈R8192 is obtained

by first downsampling the 8× 8 feature maps of F mutual into a spatial resolution of 4× 4

with strided convolution (4 × 4 kernel, stride = 2, padding = 1, bias = 0), then following

a set of sequential operations – batch normalization, ReLU activation, 4 × 4 adaptive

average pooling, and flattening. We use F context as the semantic condition in the proposed

architecture. The architecture of the proposed mutual cross-modal attention (MCMA) block

is illustrated in Fig. 7.2.

7.2.2 Estimating Locations of Non-existent Persons

Unlike the existing approaches, where the location of the target person is user-specified,

we attempt to estimate the probable locations of non-existent persons automatically to

minimize user intervention. However, the problem is challenging as potential human

candidates may appear at several locations with varying scales and poses. Therefore,

inferring a location directly from spatial feature space is difficult. In the proposed method,

we use a VAE to sample a possible location by conditioning the network on the global

context embedding F context ∈ R2048, computed over the entire scene. The encoder and

decoder in the VAE architecture use a shared feature space F shar ed ∈ R128, obtained by

projecting F context into a 128-dimensional vector with a fully connected (FC) layer and

ReLU activation.
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In the encoder network, the 2D location coordinates o(x, y) ∈ R2 is first mapped into

a 128-dimensional vector using two consecutive FC layers having ReLU activations, and

the output is linearly concatenated with F shar ed . We compute the mean µ ∈ R32 and

variance σ ∈ R32 of the latent distribution P (µ,σ) by projecting the concatenated feature

vector through two separate FC layers. The latent embedding vector z is obtained using the

reparameterization technique [82] as z =µ+σ⊙ϵ, where the values of z ∈R32 are sampled

from the estimated distribution P (z | µ,σ) and the values of ϵ ∈ R32 are sampled from the

normal distribution N (0,1).

In the decoder network, the latent embedding z is projected into a 128-dimensional

space using two consecutive FC-ReLU layers. The shared feature vector F shar ed also

receives an additional projection into a 128-dimensional space through a single FC-ReLU

layer. The two projected vectors are linearly concatenated and passed over another 128-

dimensional FC-ReLU layer. Finally, we use one more FC layer to project the feature space

into the predicted 2D location coordinates o(x, y) ∈R2.

The optimization objective for the network consists of two loss components. To

measure the spatial deviation, we compute the mean squared error (LMSE ) between the

2D target and predicted locations o(x, y) & o(x, y) as follows.

LMSE = ∥∥ o
(
x, y

) − o
(
x, y

) ∥∥
2

To evaluate the statistical difference between the estimated probability distribution

of the embedding space P (z | µ,σ) and the normal distribution N (0,1), we compute the

Kullback–Leibler divergence [167] (LK LD ) between the two distributions as follows.

LK LD = K L
(
P

(
z |µ,σ

) ∥N (0,1)
)

We update the network parameters by minimizing the cumulative objective L =
LMSE +LK LD using stochastic Adam optimizer [160], keeping a fixed learning rate of 1e−3

and β-coefficients at (0.5, 0.999). During inference, we estimate a probable center o∗(x, y)

for a non-existent person by using a random noise η ∈ R32, with values sampled from the

normal distribution N (0,1), and the shared context embedding F shar ed ∈R128 as inputs to

the VAE decoder Dvae . Formally, o∗(x, y) =Dvae (η,F shar ed ), ηi ∼N (0,1) for ηi ∈ η.

7.2.3 Finding Pose Templates for Non-existent Persons

Unlike the conventional human pose estimation techniques [154, 188, 189, 190], directly

inferring the valid pose of a non-existent person is difficult [27] due to the unavailability
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of an actual human body for supervision. Thus, after sampling a probable location o∗(x, y)

within the scene where a person can be centered, we select a potential candidate from

an existing set of m valid human poses as the initial guess (template) at that position.

In the next stage, the template pose is scaled and deformed to estimate the target pose.

The candidate pool is constructed using the K-medoids algorithm [191] to select m

representative pose templates from all the available human poses in the training data. Each

template class is represented as a m-dimensional one-hot embedding vector y ∈ Rm . To

estimate the class probabilities y ∈Rm for an expected pose, we use a multi-class classifier

on the context embedding.

The global cross-modal feature maps F mutual ∈ R8×8×512 are estimated over the entire

scene as discussed in Sec. 7.2.1. In addition to the global features, we compute two local

feature representations F mutual
A ∈R8×8×512 and F mutual

B ∈R8×8×512 over two square patches

A and B , centered at the initially sampled location o∗(x, y). The size of patch A is equal

to the scene height, and the size of patch B is half of the scene height. A channel-wise

concatenation of the global and local feature maps represents the cumulative feature space

F mutual∗ ∈R8×8×1536. We derive the combined context embedding vector F context∗ ∈R8192 by

first downsampling F mutual∗ into a spatial dimension of R4×4×512 with strided convolution

(4×4 kernel, stride = 2, padding = 1, bias = 0), then following a set of sequential operations

similar to Sec. 7.2.1 – batch normalization, ReLU activation, 4×4 adaptive average pooling,

and flattening. Finally, the classifier predicts the multi-class probabilities by projecting the

context embedding F context∗ into a m-dimensional output vector y ∈Rm using an FC-layer,

followed by so f tmax activation.

The optimization objective of the classifier is a multi-class (categorical) cross-entropy

loss (LCC E ), which is formally defined using the negative log -likelihood as follows.

LCC E = −
m∑

i=1
yi l og

(
y i

)

where yi ∈ y and y i ∈ y denote the probabilities of i -th class, i ∈ {1, ...,m}, in the target (y)

and predicted (y) label vectors, respectively.

We update the network parameters by minimizing LCC E using stochastic Adam

optimizer [160], keeping a fixed learning rate of 1e−3 and β-coefficients at (0.5, 0.999).

During inference, we obtain the one-hot pose template class embedding y∗ ∈ Rm by

selecting the predicted class with the highest probability. Formally, y∗ = ar g max(y).
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7.2.4 Scaling the Selected Pose Template

After inferring a probable location o∗(x, y) and one-hot pose template class embedding

y∗ ∈Rm , we use a conditional VAE to sample the expected scaling factors (height and width)

of the target person. The estimated parameters are used to rescale the normalized pose

template of unit height and width into the target dimensions. The encoder and decoder

networks of the VAE use a shared feature space F shar ed∗ ∈ R128 as the condition, which

is derived from the cumulative context vector F context∗ ∈ R2048 and pose template class

embedding y∗ ∈ Rm . As discussed in Sec. 7.2.3, F context∗ encodes both global (over entire

scene) and local (over localized patches) cross-modal scene context representations. To

compute the shared feature space, we first project y∗ into a 128-dimensional vector by

two consecutive FC-ReLU layers and then linearly concatenate the projected output with

F context∗ . The concatenated vector is passed through another FC-ReLU layer to obtain the

128-dimensional shared feature representation F shar ed∗ .

The encoder and decoder of the VAE adopt a similar architecture as the location

estimator discussed in Sec. 7.2.2. The encoder takes the scaling parameters s(∆x,∆y) ∈ R2

and shared feature vector F shar ed∗ ∈R128 as inputs to predict the mean µs ∈R32 and variance

σs ∈ R32 of the latent distribution Ps(µs ,σs). The decoder takes the latent embedding

zs ∈R32 and shared feature vector F shar ed∗ ∈R128 as inputs to estimate the probable scaling

parameters s(∆x,∆y) ∈ R2, where zs is computed using the reparameterization technique

as zs =µs +σs ⊙ϵ, zs ∼ Ps(µs ,σs), and ϵi ∼N (0,1) for ϵi ∈ ϵ.

The optimization objective for the network consists of two loss components. The first

term measures the spatial deviation LMSE between s(∆x,∆y) and s(∆x,∆y) as the L2 norm.

The second term estimates the statistical difference LK LD between Ps(zs | µs ,σs) and

N (0,1) as the KL divergence. Mathematically, the loss terms can be represented as follows.

LMSE = ∥∥ s
(
∆x,∆y

) − s
(
∆x,∆y

) ∥∥
2

LK LD = K L
(
Ps

(
zs |µs ,σs

) ∥N (0,1)
)

We update the network parameters by minimizing the cumulative objective L =
LMSE +LK LD using stochastic Adam optimizer, with a fixed learning rate of 1e−3 and

β-coefficients of (0.5, 0.999). During inference, we estimate the probable scaling factors

s∗(∆x,∆y) for the selected pose template by using a random noise η ∈ R32, with values

sampled from N (0,1), and the shared scene context embedding F shar ed∗ ∈R128 as inputs to

the VAE decoder Dvae
s . Formally, s∗(∆x,∆y) =Dvae

s (η,F shar ed∗ ), ηi ∼N (0,1) for ηi ∈ η.
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7.2.5 Deforming the Selected Pose Template

The potential human pose at the sampled location o∗(x, y) is estimated by applying a

linear deformation on the chosen pose template. A linear deformation vector d is the set of

distances between the cartesian coordinates of each body keypoint. Assuming a human

pose is represented with r keypoints, we define d = {d x1,d y1, ...,d xr ,d yr } ∈ R2r , where

(d x j ,d y j ) denotes the differences between the template and target coordinates along x

and y axes for the j -th keypoint, 1 É j É r . In the proposed method, we represent a human

pose with 16 major body joints (r = 16,d ∈R32), following the MPII [165] keypoint format.

The deformation parameters are estimated using an identical VAE architecture as

discussed in Sec. 7.2.4. The encoder takes the context embedding F shar ed∗ ∈R512 and linear

deformations d ∈ R32 as inputs to predict the mean µd ∈ R32 and variance σd ∈ R32 of

the latent distribution Pd (µd ,σd ). The decoder takes F shar ed∗ ∈ R512 and the latent vector

zd ∈ R32 as inputs to estimate the probable deformation parameters d ∈ R32, where zd =
µd +σd ⊙ϵ, zd ∼ Pd (µd ,σd ), and ϵi ∼N (0,1) for ϵi ∈ ϵ.

The network parameters are optimized by minimizing the cumulative objective L =
LMSE +LK LD using stochastic Adam optimizer, with a fixed learning rate of 1e−3 and β-

coefficients of (0.5, 0.999). Mathematically,

LMSE =
∥∥∥ d − d

∥∥∥
2

LK LD = K L
(
Pd

(
zd |µd ,σd

) ∥N (0,1)
)

The probable deformation parameters d∗ ∈ R32 for the selected pose template is

inferred by using a random noise η ∈R32, with values sampled from N (0,1), and the shared

scene context embedding F shar ed∗ ∈ R512 as inputs to the VAE decoder Dvae
d . Formally,

d∗ =Dvae
d (η,F shar ed∗ ), ηi ∼N (0,1) for ηi ∈ η.

7.2.6 Target Transformation

Assuming a normalized human pose template of unit scale h∗(x1, y1, ..., xr , yr ) correspond-

ing to the predicted pose template class y∗, we compute the target pose h(x1, y1, ..., xr , y r )

from the estimated center o∗(x0, y0), scaling factors s∗(∆x,∆y), and linear deformations

d∗(d x1,d x2, ...,d xr ,d yr ) as follows.

xi = w

w0

[
(xi∆x + d xi ) +

(
x0 − ∆x

2

)]
y i = h

h0

[(
yi∆y + d yi

) +
(

y0 − ∆y

2

)]
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Figure 7.3: Architecture of the proposed pipeline. The workflow is divided into four
subnetworks to estimate the probable location o∗, pose template class y∗, scaling
parameters s∗, and linear deformations d∗ of a potential target pose. Every subnetwork
exclusively uses the proposed Mutual Cross-Modal Attention (MCMA) block to encode
global and local scene contexts as shown in Fig. 7.2.

where i ∈ {1,2, ...,r }, (h0, w0) is the rescaled image patch size for network input, and (h, w)

is the size of the original scene. In the proposed method, we use h0 = w0 = 256.

7.3 Experiments

In this section, we discuss the experimental studies performed on the proposed method,

including dataset, visual results, evaluation metrics, ablation studies, and limitations. The

location, template, scale, and deformation estimation networks consist of 2.9, 24.7, 7.9, and

26.4 million trainable parameters, respectively. We train each network for 100 epochs with

a batch size of 8 on a single NVIDIA TITAN X GPU.

7.3.1 Dataset

The number of large-scale annotated public datasets for complex 2D affordance generation

is significantly limited in the literature. The main challenge is to obtain a specific frame in

two different states – with and without populated with random persons. Researchers [144,

192] have attempted to resolve the issue by randomly removing and inpainting existing

person instances from the scene. However, these datasets [144, 192] are not publicly

available, and our attempt to remove persons from a complex scene leaves significant

visual artifacts even with state-of-the-art inpainting techniques [193], making such data

generation methods [144, 192] insufficient for our purpose.

Following the recent works [143, 145], we train and evaluate the proposed method
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Figure 7.4: Qualitative comparison of the proposed method against existing affordance
generation techniques by Wang et al. [143], Zhang et al. [144], and Yao et al. [145].

on an openly available large-scale sitcom dataset [143] for fair comparisons. The dataset

comprises 28837 human interaction samples over 11499 video frames extracted from seven

sitcoms. The training set consists of 24967 poses over 10009 frames from six sitcoms, while

the evaluation set contains 3870 poses over 1490 frames from one sitcom. Each human

pose is represented with 16 keypoints following the standard MPII format [165].

7.3.2 Visual Results and Evaluation Metrics

Qualitative analysis: To demonstrate the efficacy of the proposed method, we compare

the visual results against major existing works [143, 145, 144] on 2D human affordance
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generation. In [143, 145], the networks directly learn from a single modality of image

features. In [144], the authors introduce an adversarial learning mechanism with two

additional modalities of segmentation and depth maps alongside image features. We notice

that adopting a transformer-based architecture [145] or combining multiple modalities

in an adversarial learning method [144] provide only marginal improvements over the

baseline approach [143]. In contrast, the proposed method focuses on imposing a

better semantic constraint in the learning strategy by introducing a novel cross-attention

mechanism. Fig. 7.4 illustrates a qualitative comparison of the proposed method with

existing human affordance generation techniques [143, 145, 144]. The visual results show

that our approach produces more realistic human interactions in complex scenes than

previous methods.

Quantitative evaluation: We evaluate the alignment of the generated pose with the ground

truth for analytically comparing the proposed method against existing human affordance

generation techniques [143, 145, 144]. In particular, we use the percentage of correct

keypoints (PCK/PCKh) [194], average keypoint distance (AKD), mean absolute error (MAE),

mean squared error (MSE), and cosine similarity (SIM) as the evaluation metrics for pose

alignment. To estimate the correctness of the estimated scale, we measure the intersection

over union (IOU) between the target and predicted pose bounding boxes. Following [145],

our comparative study also includes evaluation results from additional baseline methods

(heatmap and regression), pose estimation techniques [195, 196], and object placement

algorithms [197, 198]. Additionally, we train and evaluate another variation of the proposed

architecture by replacing semantic segmentation maps with depth maps. PCK and PCKh

measure the similarity between two poses by computing the fraction of correctly aligned

keypoints, where a valid alignment denotes that the distance between two respective

keypoints is within a predetermined tolerance. PCK uses α∗ tor so wi d th, while PCKh

uses β ∗ head si ze as the tolerance threshold, where 0 < α,β É 1. AKD is the average

Euclidean distance between respective pairs of target and predicted keypoints. MAE and

MSE measure the average absolute and squared linear deviations, respectively, along both

coordinate axes between all respective pairs of actual and inferred keypoints. SIM evaluates

the average cosine similarity between the positional vectors corresponding to every target

and predicted keypoint pair. IOU enumerates the intersection over union ratio between

the bounding rectangles of predicted and target poses. We summarize the quantitative

evaluation scores for each competing method in Table 7.1. The proposed method exhibits

significantly better evaluation scores, reflecting the apparent visual superiority of the

qualitative analysis.
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Table 7.1: Quantitative comparison of the proposed method against existing pose
estimation [195, 196], object placement [197, 198], and affordance generation [143, 145,
144] techniques. The best scores are in bold, and the second-best scores are underlined.

Method PCK ↑ PCKh ↑ AKD ↓ MAE ↓ MSE ↓ SIM ↑ IOU ↑ User Score ↑
Heatmap 0.363 0.422 11.298 7.112 53.45 0.9864 0.402 0.000
Regression 0.386 0.451 10.929 6.840 51.29 0.9899 0.426 0.000
UniPose [195] 0.387 0.447 9.966 6.241 46.78 0.9918 0.471 0.012
PRTR [196] 0.408 0.474 9.724 6.088 45.72 0.9934 0.489 0.025
PlaceNet [197] 0.060 0.072 79.978 50.325 377.78 0.9476 0.118 0.000
GracoNet [198] 0.380 0.441 10.576 6.614 49.60 0.9912 0.427 0.000
Wang et al. [143] 0.401 0.462 9.940 6.208 46.65 0.9928 0.482 0.022
Zhang et al. [144] 0.372 0.428 10.252 6.409 48.14 0.9906 0.405 0.005
Yao et al. [145] 0.414 0.479 9.514 5.918 44.86 0.9954 0.494 0.104
Ours (Depth) 0.407 0.472 6.680 4.163 32.78 0.9966 0.566 0.205
Ours (Semantic) 0.433 0.503 6.352 3.972 29.81 0.9969 0.566 0.299

Ground Truth 1.000 1.000 0.000 0.000 0.00 1.0000 1.000 0.328

Subjective evaluation (User study): While the evaluation metrics are analogous to visual

rationality for most cases in our experiments, the quantitative scores alone may not be

sufficient to claim the superiority of a generation scheme. The reason is the potential

uncertainty of a generated human pose. Within the given scene context, it is possible to

obtain multiple valid human interactions with the environment. Therefore, the evaluation

scores against a specific ground truth pose may not always provide a rational judgment

of superiority. We have conducted an opinion-based user study with 42 volunteers to

select the most visually realistic sample from a pool of images generated by the competing

methods, including ground truth. The mean opinion score (MOS) is estimated as the

average fraction of times a method is preferred over the others. As shown in Table 7.1,

the proposed approach achieves a significantly higher user preference over other existing

methods, indicating the best semantic integrity in the generated samples similar to the

ground truth.

Visualization of the learned distribution: Due to many feasible outcomes, there are

substantial ambiguities when inferring a possible pose at a random location within the

scene, depending on the surrounding context. The ground truth is only one of the many

possibilities. For example, a selected position in front of a chair can lead to either standing

or sitting postures. Therefore, the association between an estimated pose and scene

objects is an ideal way to visualize the sampled pose distribution. We discover two broad

pose categories, standing and sitting, in the dataset by manually inspecting the given

templates. To visualize the learned distribution, we randomly sample 10000 poses for a
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Figure 7.5: Visualization of the learned distribution for each pose category. (Left) Input
scene. (Middle) Distribution of the standing poses. (Right) Distribution of the sitting poses.

scene and assign a pose category (standing or sitting) to each sampled location based on

the predicted pose template at that position. Then, we visualize the bivariate distribution

of the sampled coordinates for each pose category. Fig. 7.5 shows a few such visualizations,

exhibiting ideal associations between a pos type and the scene objects.

7.3.3 Ablation Study

In the ablation analysis, we evaluate ten different network configurations by varying

attention mechanisms in the proposed MCMA block and altering contextual modalities

(depth map or semantic map) to determine an optimal network architecture. The Baseline

architecture entirely excludes contextual supervision by removing all MCMA blocks from

the proposed architecture. Configurations Self-I, Self-D, and Self-S also drop all

MCMA blocks but introduce self-attention on a single modality. In particular, Self-I uses

self-attention on the image I itself, while Self-D and Self-S use self-attention on the

depth map D and semantic segmentation map S, respectively. The next four architectures

Cross-D/I, Cross-I/D, Cross-S/I, and Cross-I/S introduce cross-attention from an

additional input stream. Specifically, for configurations Cross-D/I and Cross-S/I, we

compute query (Q) from D and S, respectively, while retrieving key (K ) and value (V ) from
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Figure 7.6: Qualitative ablation analysis on the impact of different auxiliary inputs. (a)
Depth map. (b) Estimated bounding region from depth context. (c) Estimated pose from
depth context. (d) Semantic map. (e) Estimated bounding region from semantic context.
(f ) Estimated pose from semantic context.

Table 7.2: Quantitative ablation analysis among different MCMA block configurations.

Model Context PCK ↑ PCKh ↑ AKD ↓ MAE ↓ MSE ↓ SIM ↑ IOU ↑
Baseline None 0.274 ±0.006 0.322 ±0.008 9.998 ±0.042 6.248 ±0.034 48.920 ±0.408 0.9845 ±0.0005 0.398 ±0.004
Self-I Image 0.346 ±0.004 0.399 ±0.005 7.899 ±0.035 4.925 ±0.025 38.714 ±0.406 0.9947 ±0.0004 0.458 ±0.012
Self-D Depth 0.317 ±0.004 0.372 ±0.006 8.582 ±0.025 5.625 ±0.028 42.104 ±0.344 0.9888 ±0.0002 0.406 ±0.002
Cross-D/I Image 0.341 ±0.004 0.387 ±0.008 8.146 ±0.032 5.077 ±0.028 39.972 ±0.228 0.9927 ±0.0005 0.447 ±0.006
Cross-I/D Depth 0.374 ±0.005 0.429 ±0.005 7.260 ±0.047 4.424 ±0.025 35.649 ±0.301 0.9952 ±0.0002 0.498 ±0.002
Mutual-I+D Image + Depth 0.407 ±0.003 0.472 ±0.002 6.680 ±0.031 4.163 ±0.020 32.782 ±0.294 0.9966 ±0.0001 0.566 ±0.004
Self-S Semantic 0.336 ±0.006 0.391 ±0.009 8.174 ±0.038 5.112 ±0.024 38.452 ±0.404 0.9895 ±0.0001 0.418 ±0.014
Cross-S/I Image 0.355 ±0.005 0.407 ±0.008 7.746 ±0.039 4.904 ±0.018 36.354 ±0.477 0.9950 ±0.0002 0.478 ±0.008
Cross-I/S Semantic 0.398 ±0.006 0.458 ±0.004 6.904 ±0.045 4.325 ±0.029 32.402 ±0.344 0.9958 ±0.0002 0.515 ±0.005
Mutual-I+S Image + Semantic 0.433 ±0.004 0.503 ±0.004 6.352 ±0.036 3.972 ±0.022 29.810 ±0.326 0.9969 ±0.0001 0.566 ±0.002

I . Likewise, for configurations Cross-I/D and Cross-I/S, we compute Q from I , while

estimating K and V from the contextual input D or S, respectively. The final two network

variants Mutual-D and Mutual-S use the proposed mutual cross-modal attention (MCMA)

mechanism utilizing D or S as the auxiliary contextual supervision, respectively, alongside

I . In all our experiments, we estimate the depth maps using a recent monocular depth

estimation technique Depth Anything [199] and the semantic segmentation maps using a

recent transformer-based universal image segmentation method OneFormer [184].
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To measure the spatial alignment of the estimated pose against the ground truth, we

evaluate PCK, PCKh, AKD, MAE, MSE, and SIM. Additionally, we compute the IOU between

the predicted and target pose bounding boxes to measure the correctness of inferred scales.

Table 7.2 summarizes the evaluation scores of every network variant in our ablation study.

The analysis shows that additional supervision from other modalities generally results in

better performance. Introducing the MCMA block into the architecture further improves

this performance gain by a significant margin, reflecting the efficacy of the proposed

approach for robust scene context representation. Interestingly, we observe that semantic

segmentation maps generally perform better than depth maps as auxiliary contextual input.

We hypothesize that the object labels in a segmentation map provide additional semantic

context to the model. Fig. 7.6 shows a visual comparison of the predicted pose from depth-

context against semantic-context.

To investigate the impact of semantic label granularity, pose templates, and dedicated

VAEs for scale and deformation on the proposed method, we analyze six additional

configurations A - Fof the architecture. The first four models A - Duse different numbers

of semantic labels in the segmentation maps. Specifically, configuration A uses 2 labels

for foreground (all objects merged) and background. Configuration B uses 3 labels by

dividing the foreground objects into non-human objects and humans. Configuration C

uses 4 labels by further splitting the non-human object labels into fixed (wall, floor, stairs)

and movable (table, chair, bed) object categories. Configuration D retains all 150 initially

estimated semantic labels unaltered. To verify the requirements of multiple pose templates,

Configuration E drops the classifier from the architecture and uses the first template

as a fixed predefined pose. To validate the necessity of 2 dedicated VAEs for separately

estimating scale and deformation parameters, Configuration F uses a single unified VAE

to predict both scale and deformation parameters as a single vector. Finally, Configuration

G denotes the proposed architecture that uses 8 semantic labels, 30 pose templates with a

template classifier, and 2 dedicated VAEs for estimating scale and deformation parameters.

Table 7.3 summarizes evaluation scores for all the network configurations. The results

show that using too few or too many semantic labels does not contribute towards

performance improvements. Also, with a fixed template, the linear deviations between

the target and template keypoints can vary more randomly. For example, the deviation

of a standing pose template from a standing target pose is often much smaller than

from a sitting target pose. However, with multiple pose templates, the model estimates

a probable pose (template) first and then samples linear deformation parameters from

a more predictable range to translate the template into the target pose. Likewise, the
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Table 7.3: Quantitative ablation analysis among different network configurations.

Model Configuration Notes PCK ↑ PCKh ↑ AKD ↓ MAE ↓ MSE ↓ SIM ↑ IOU ↑
A 2 semantic labels 0.217 0.267 11.941 7.223 52.88 0.9821 0.409
B 3 semantic labels 0.292 0.351 9.112 5.917 45.11 0.9901 0.477
C 4 semantic labels 0.377 0.441 7.019 4.508 37.79 0.9964 0.564
D 150 semantic labels 0.376 0.436 7.313 4.573 40.12 0.9959 0.557
E fixed template / no classifier 0.352 0.400 7.915 4.841 47.69 0.9951 0.541
F single VAE for scale + deform 0.369 0.423 7.206 4.523 38.02 0.9961 0.563
G proposed 0.433 0.503 6.352 3.972 29.81 0.9969 0.566

possible ranges of scaling and deformation parameters are widely different. The scaling

parameters are the height and width of the minimal bounding box around a human pose.

These values are much larger than the deformation parameters comprising small linear

deviations between two sets of pose keypoints. So, forcing the architecture to infer the

scaling and deformation parameters with a single unified VAE causes noticeable instability

due to poor normalization. These observations further justify the proposed network design.

7.3.4 Downstream Applications

The ability to sample semantically valid scene-aware complex human poses directly

facilitates downstream tasks such as novel person instance generation using off-the-

Figure 7.7: Qualitative results of downstream rendering of human instances. (Left) Input
scene. (Middle) Estimated pose by the proposed method. (Right) Rendered person.
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shelf pose transfer or pose rendering techniques. Such downstream rendering to inject

novel person instances into complex scenes is critical in various application domains,

including augmented / virtual reality, digital media, and synthetic data generation. While

the state-of-the-art keypoint-based person generation techniques provide high-quality

photorealistic rendering, the algorithms also demand precise supervision of the target

pose. Therefore, the proposed method must sample a valid and accurate human pose for

successful downstream rendering. Fig. 7.7 shows a few examples of rendered persons using

an off-the-shelf pose transfer technique PIDM [200] on sampled poses from our method,

demonstrating the geometric correctness of the predicted keypoints.

7.3.5 Limitations

Estimating a valid pose for a non-existent person in complex scenes is a fundamentally

challenging problem with multiple acceptable solutions other than the ground truth. For

example, for a scene containing a bed, a probable pose can be standing, sitting, or lying

down, with many feasible variations for each case. While on most occasions, the proposed

method generally infers realistic poses with affordance-aware human interactions, there

are a few instances when the technique fails to sample an acceptable posture. Alongside

Figure 7.8: Limitations of the proposed method. (Left) Auxiliary semantic context. (Middle)
Estimated bounding region. (Right) Estimated human pose.

101



CHAPTER 7. CONTEXT-AWARE HUMAN AFFORDANCE GENERATION

the advantages of the modularity and flexibility in the disentangled multi-stage approach,

a potential error propagation problem also exists. More precisely, inferential error in

an earlier stage may propagate through later stages, negatively impacting the overall

predictive performance of the pipeline. We show a few examples of such limiting cases in

Fig. 7.8, illustrating the misinterpretation in sampled location (top row), scale (middle row)

or deformation (bottom row) by the proposed method.

7.4 Chapter Summary

In this chapter, we investigated semantically constrained human affordance generation in

complex environments. Due to many probable outcomes, estimating contextually valid

poses for non-existent persons is ambiguous and extremely challenging. Most existing

approaches focus on architectural innovations of the network without any significant

emphasis on the semantic understanding of the scene. By introducing a novel cross-

attention mechanism, we showed that a robust semantic representation of the global

scene context can substantially improve the generative performance. In particular, the

key idea is to mutually attend the convolution feature spaces of two spatial modalities

to obtain a modulated representation of the scene context. The proposed architecture

consists of four independently learnable dedicated networks to estimate the probable

location, pose template, scale, and liner deformations, providing an automated human

affordance generation pipeline. We demonstrated that by integrating with an off-the-shelf

human pose transformation method, the proposed method achieves remarkable results

for semantically adaptive person image generation, addressing structural instabilities and

storage overheads in our previous approaches.
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CONCLUSIONS AND FUTURE SCOPES

I
n this concluding chapter, we summarize the key findings and contributions of our

research on context-aware person image generation. We also discuss the potential

scopes of future research on such generative technologies.

8.1 Key Research Findings and Contributions

In this thesis, we discussed five technical works, where Chapters 3 and 4 focused on human

pose transformation from local contexts, followed by Chapters 5, 6, and 7 addressing

adaptive person image generation from global semantic contexts. The key research findings

are summarized as follows.

• In Chapter 3, we introduced an end-to-end network architecture [25] for human

pose transformation using keypoint-based local geometric guidance. The core

idea is a multi-scale attention mechanism that enhances both low-frequency and

high-freaquency details in the generated images. Our method outperforms the

previous techniques in most visual and analytical comparisons. Additionally, we

demonstrated that the proposed architecture could be a general drop-in solution

to many applications other than human pose transformation, such as semantic

reconstruction, virtual try-on, font style manipulation, and scene text editing.

• In Chapter 4, we proposed a multi-stage strategy [26] for human pose transformation

using text descriptions as the local shape context. The proposed approach addresses
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the probable shape irregularities in a keypoint-guided technique when the physical

stature of the target person widely differs from that of the target pose provider. In

addition, we compiled a new dataset containing descriptive pose annotations for

40488 human images to alleviate the lack of similar public datasets for benchmarking

text-guided human pose transformation techniques.

• In Chapter 5, we introduced global semantic constraints in a scene-aware person

image generation technique [27], aiming to contextually adapt a new person into an

environment with multiple existing individuals. We represented the global semantic

context as the collective association of all existing human poses in the scene to

estimate a probable location, scale, and pose for the new person. Although the

proposed strategy shows some promising results, the ambiguity of estimating a

semantically valid pose for a non-existent person often leads to high structural

perturbations in the estimated pose. To reduce such instabilities, we explored two

different strategies – (a) reducing sparsity in the pose representation (Chapter 6) or

(b) improving the global semantic context representation (Chapter 7).

• In Chapter 6, we proposed a semantically adaptive person image generation strategy

[28], improving the visual quality and structural stability over our previous approach

in Chapter 5. The proposed method adopts human parsing maps instead of a highly

sparse keypoint-based pose representation alongside a data-agnostic refinement

strategy, achieving remarkable visual quality in the generated samples.

• In Chapter 7, we explored a cross-attention mechanism to improve the global

semantic encoding for structurally robust human affordance generation [29]. The

core idea is a modulated context representation by mutually attending two different

feature modalities. The proposed method demonstrates structurally and contextually

robust results, addressing both geometric instabilities (Chapter 5) and storage

complexities (Chapter 6) in our earlier approaches.

In this thesis, we have explored strategies for generating novel human instances

from local object-level contexts and also investigated semantic constraints to adaptively

compose a generated person instance into a complex environment using global scene-level

contexts. To bring this study to a close, we now revisit the main research objectives and the

associated research questions as outlined in Section 1.3 and summarize our contributions

that address each of these questions. By reflecting on each outcome, we demonstrate the
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extent to which our research has fulfilled its objectives and offer insights into the broader

implications of our findings.

Objective: To investigate efficient strategies for generating isolated novel views of a

specific person from a single observation and local structural context

• Research Question 1: How to efficiently improve existing approaches to geometri-

cally guided human pose transformation?

– We introduced an end-to-end network architecture [25] with a cascaded multi-

scale attention mechanism for human pose transformation using keypoint-

based local geometric guidance, outperforming the previous techniques in the

visual and analytical comparisons.

• Research Question 2: How does strong structural supervision impact the generative

process during real-world inference?

– We demonstrated [26] that strong structural supervision in the keypoint-guided

techniques causes noticeable shape irregularities when the physical stature of

the target person widely differs from that of the target pose provider, leading to

unrealistic generation.

• Research Question 3: How to effectively mitigate the potential structural bias in pose-

guided person image generation?

– We proposed a multi-stage strategy [26] for human pose transformation that

uses text descriptions as the local shape context, effectively mitigating the

potential structural bias in pose-guided techniques.

Objective: To design generative strategies for adaptively blending a specific person into

a complex scene by imposing global semantic constraints

• Research Question 4: How to effectively introduce semantic conditioning in a scene-

aware adaptive person image generation pipeline?

– We introduced a global contextual conditioning strategy in a scene-aware

person image generation technique [27], aiming to semantically adapt a new

person into an environment with multiple existing individuals.
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• Research Question 5: How does a data-agnostic approach impact the visual quality

and scalability of semantic person image generation and composition?

– We demonstrated that replacing sparse keypoints with parsing maps for human

pose representation alongside a data-agnostic refinement strategy can achieve

remarkable visual results and structural stability for semantically adaptive

person image generation and composition.

• Research Question 6: How does cross-modal information fusion impact human

affordance generation in complex scenes and associated downstream tasks?

– We proposed a cross-attention mechanism by mutually attending two spatial

feature modalities. This approach effectively improves the global semantic

representation for structurally robust human affordance generation [29] and

associated downstream tasks such as rendering novel human instances.

8.2 Future Scopes

This thesis primarily focuses on generating human images from local geometric or global

semantic contextual guidance. The immediate next iteration should extend the proposed

techniques into videos and 3D. Although such attempts need to accommodate additional

complexities of temporal consistency and polygon mesh, these extensions can facilitate

better adoption in many downstream generative tasks across academic research and

enterprise applications, including but not limited to synthetic data generation, digital

media, retail advertisements, animation, and augmented / virtual reality (AR/VR) software.

We summarize some emerging directions for future research in this domain as follows.

• Person image generation in 3D with adaptive contextual and spatial dynamics to

model realistic human poses and gestures.

• Human activity simulation in videos with temporal consistency across dynamic

interactions and physical expressions.

• Personality and emotion-aware human image and video generation by integrating

behavioral traits into the generative process.

• Human motion modeling for articulated animation generation, path planning, and

virtual navigation.
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• Exploring improved semantic understanding for dynamic and multimodal context

integration into the generative process.

These directions combine advances in machine learning, computer vision, graphics, and

human-computer interaction, influencing diverse applications across multiple domains.

Finally, we believe the proposed pieces of work and their potential applications will

motivate further exploration of context-aware person image generation.

Disclaimer and Ethical Statement: This research focuses on the generative modeling of human images. All

experiments in this thesis use images from open datasets in the public domain. We acknowledge the ethical

challenges involving generative models, including critical concerns about transparency, privacy, security, and

accountability. We strongly advocate mitigating negative societal impacts and collaborative development of

generative technologies with diverse stakeholders to ensure scientific innovation with ethical responsibilities.
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