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Abstract
Preserving intangible cultural dances—rooted in centuries of tradi-
tion and governed by strict structural and symbolic rules—presents
unique challenges in the digital era. Among these, Bharatanatyam,
a classical Indian dance form, stands out for its emphasis on codified
adavus and precise key postures. Accurately generating these pos-
tures is crucial not only for maintaining the dance’s anatomical and
stylistic integrity, but also for enabling its effective documentation,
analysis, and transmission to broader, global audiences through
digital means. We propose a pose-aware generative framework
integrated with a pose estimation module, guided by keypoint-
based loss and pose consistency constraints. These supervisory
signals ensure anatomical accuracy and stylistic integrity in the
synthesized outputs. We evaluate four configurations: standard
Conditional Generative Adversarial Network (cGAN), cGAN with
pose supervision, conditional diffusion, and conditional diffusion
with pose supervision. Each model is conditioned on key posture
class labels and optimized to maintain geometric structure. In both
cGAN and conditional diffusion settings, the integrated pose guid-
ance aligns generated poses with ground-truth keypoint structures,
promoting cultural fidelity. Our results demonstrate that incorpo-
rating pose supervision significantly enhances the quality, realism,
and authenticity of generated Bharatanatyam postures. This frame-
work provides a scalable approach for the digital preservation,
education, and dissemination of traditional dance forms—enabling
high-fidelity generation without compromising cultural precision.
Code is available at https://github.com/jagidsh/Generating-Key-
Postures-of-Bharatanatyam-Adavus-with-Pose-Estimation.
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1 Introduction
Among the various forms of cultural practices, classical and tradi-
tional dances occupy a central role as part of humanity’s Intangible
Cultural Heritage (ICH), as recognized by UNESCO [52]. These
dance forms are not merely artistic performances but codified sys-
tems of movement, gesture, and rhythm that convey deep cultural
narratives, religious symbolism, and collective identity. Preserving
and studying such dances is essential not only for cultural continu-
ity but also for understanding the nuanced ways in which tradition
is embodied and transmitted. India is home to a rich spectrum of
classical dance forms which are institutionalized but remain largely
inaccessible due to their complexity [4, 13, 22, 53]. Despite institu-
tional efforts, mastering these dance forms often requires years of
guided training under expert supervision—something that is not
always feasible for learners from different geographies, socioeco-
nomic backgrounds, or non-traditional settings. The symbolic and
structural intricacy of these dances presents significant barriers
to access, especially in the absence of personalized guidance. In
this context, AI-based generation methods offer a transformative
opportunity.

Bharatanatyam, one of the eight officially recognized forms of
Indian Classical Dance (ICD), is rooted in a codified system of sym-
bolic gestures, narrative expression, geometric precision [27, 44],
intricate grammar and choreographic discipline. Classical dance
forms across the world—such as Indian Kathak dance, Chinese
classical dance, Japanese Noh, Balinese dance, and European bal-
let—share a deep reliance on structured body geometry, posture
alignment, and movement symmetry. These dance forms, while cul-
turally distinct, are united by their emphasis on codified movement
vocabularies and compositional rules make it ideal for precise pose
generation[53]. As illustrated in Figure 1, forms like Bharatanatyam,
Kathak, and Ballet all exhibit a shared reliance on posture precision,
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Figure 1: Visual comparison of posture alignment across classical dance forms. a: Bharatanatyam postures illustrating vertical,
horizontal, and diagonal axes and body symmetry (source [2]). b: Kathak poses emphasizing upright torso and mirrored hand
gestures (source [40]). c: Ballet positions such as arabesque and plié, showing turnout and axial balance (source [11, 46]). Despite
cultural differences, these styles share a common reliance on geometrically structured key postures, justifying alignment-
preserving approaches in generative modeling.

geometrical structure, and symmetrical alignment, which makes
them suitable candidates for computational modeling. For instance,
in ballet [1], notes that strict stylistic codification can sometimes
obscure interpretive depth, especially when movement is taught
devoid of its expressive or contextual grounding. A parallel issue
exists in Bharatanatyam, where the richness of Adavu postures
depends on nuanced body alignment, rhythm synchronization, and
symbolic expression—elements that are difficult to preserve or ana-
lyze without expert intervention. In Bharatanatyam, fundamental
unit of movement, the Adavu,consists of a sequence of Key Postures
(KPs) (refer Figure 2), which function as structural anchors that
govern motion, rhythm, and visual balance. These key postures are
not arbitrary—they conform to principles of angashuddhi (correct
body alignment) and nritta (pure movement). A complete Adavu
includes an initial pose, intermediate transitions, and a final posture,
all choreographed to maintain harmony between the limbs, torso,
head, and gaze while aligning with rhythmic syllables known as Sol-
lukattu. These KPs are foundational to both static and transitional
elements of the performance. Although full posture sequences (re-
fer Figure 2) are visualized to demonstrate the formation of adavus,
textual explanations of individual postures remain challenging due
to the structural richness, interdependency among body parts that
define each pose, symbolic, geometric, and rhythmic complexity
inherent in Bharatanatyam. Every Bharatanatyam dance posture
embodies a synthesis of discipline, symbolism, and aesthetic control.
These poses are not merely biomechanical configurations but cul-
turally codified units of expression, often associated with emotional
states, narratives, or devotional gestures.

Synthesizing Bharatanatyam key postures is therefore central to
generating Adavu sequences. Unlike contemporary dance, which
often permits freeform or improvised motion, Bharatanatyam re-
quires exact control and coordination of the body through codified
poses. These key postures define not only anatomical structure but
also expressive content. Their accurate reproduction—particularly
when synchronized with rhythmic syllables—preserves the dance’s
intended rhythm, clarity, and visual coherence, enabling it to be

analyzed, taught, or reconstructed digitally. Such synthesis is vital
for dance education, cultural preservation, and broader computa-
tional understanding of classical dance grammar. While grounded
in Bharatanatyam, our approach extends to other classical dance
forms such as Kathak and Ballet, which also rely on symmetry,
alignment, and structured body mechanics. Figure 1 illustrates this
shared emphasis on geometric precision across styles, underscor-
ing the global significance of posture-aware generative modeling.
A curated library of synthesized poses supports realistic Adavu
generation, smooth temporal interpolation, motion analysis, and
virtual choreography.

1.1 Challenges
We identify various challenges for the tasks at hand, including:

• Spatial Accuracy and Classical Complexity: Classical
dance key postures demand precise spatial relationships be-
tween body parts to maintain anatomical symmetry and
cultural authenticity. Unlike general pose generation, these
poses follow strict rules involving complex limb coordination
and symbolic gestures, where even minor misalignments can
distort their traditional meaning.

• Scarcity of Domain-Specific Key Posture Datasets: A
key bottleneck is the absence of high-quality datasets specif-
ically curated for classical dance postures. While many pose
datasets focus on contemporary actions or dance genres
(e.g., AIST++ or NTU RGB+D) [31, 48], they lack the anno-
tated precision and cultural granularity needed for tradi-
tional forms like Bharatanatyam. Building and using such
a dataset requires expert input to accurately label mudras,
body symmetry, and pose correctness according to classical
norms.

To address these challenges, we design a system that automatically
generates classical dance key postures based on specific labels (like
different keyposture types). To ensure the generated postures are
anatomically correct and culturally accurate, we include a special
pose-aware guidance mechanism to check body symmetry and
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Figure 2: Illustration of Kuditta Tattal Adavu sequence in Bharatanatyam showcasing the structured progression of body
postures. Each frame represents a temporally ordered key pose, reflecting the codified nature of movement transitions in the
dance form.

structure using two losses—keypoint loss and pose consistency
loss—which help the model keep the dancer’s posture and gestures
aligned with classical rules.

Our Key Contributions are as follows:

• We present the first structured attempt at generating anatom-
ically and culturally faithful Bharatanatyam key postures
using deep generative models, addressing strict spatial, sym-
bolic, and aesthetic constraints of classical Indian dance—a
domain overlooked in prior pose generation research.

• We incorporate pose-aware guidance mechanism into the
generative pipeline to enforce keypoint-level and pose-level
consistency losses, ensuring accurate skeletal alignment,
joint symmetry, and relative body part placement across
frames.

• We perform a comprehensive comparison between different
generative models with and without pose estimation—to an-
alyze their performance on structure-aware human image
synthesis in a culturally constrained context. Our evaluation
includes FID and MS-SSIM metrics computation along with
detailed visual comparisons. Results show that the Condi-
tional Diffusion with Pose Estimation model best preserves
stylistic fidelity and structural accuracy.

2 Related work
2.1 Human Image Synthesis
Human image synthesis has become a central topic in computer
vision, with increasing demand for controllable and realistic gener-
ation of human appearances. Applications span across entertain-
ment, virtual try-on, telepresence, and cultural preservation. Early

progress was driven by the success of Generative Adversarial Net-
works (GANs)[17, 42], which laid the foundation for generating
photo-realistic human images from latent spaces. Traditional meth-
ods treated humans as monolithic objects and struggled with the
diversity of human poses, appearances, and clothing. [14] introduce
InsetGAN, a method for full-body image generation that conditions
on local image patches to preserve fine details while maintaining
global coherence. It enables controllable synthesis of human images,
showing strong results on fashion datasets like DeepFashion.

2.2 Pose-Guided and Skeleton-Based Synthesis
Pose-guided synthesis—also referred to as skeleton-based person
generation—focuses on conditioning human image generation on
pose representations, typically given as 2D/3D skeleton keypoints
or heatmaps. This subfield enhances control and realism, making it
particularly useful in scenarios like virtual avatar creation, action
retargeting, and artistic motion generation.Foundational works like
Pose-Guided Person Image Generation (PG2) [38] and its disentan-
gled variant [39] pioneered this direction by introducing two-stage
architectures to extract appearance from a source image and ren-
der it under a target pose. These architectures demonstrated the
feasibility of generating structurally plausible human images from
pose inputs. [32] propose a two-stage framework for pose-guided
person image generation. Given a reference image and target pose,
the model first synthesizes a coarse output via pose integration,
then refines it using adversarial training to produce realistic person
images in new poses. [30] introduce a diffusion-based framework
for pose-guided person image synthesis, leveraging embedding fu-
sion to integrate pose and appearance cues. The method enhances
structural consistency and image quality, outperforming traditional
GAN-based approaches. Unsupervised Parsing-Guided GAN [50]
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Figure 3: Overview of the proposed model. A conditional generative model generates a dance image 𝐼gen from a latent code 𝑧
and a key posture label. Pose Estimation Module is used to extract 2D skeletal keypoints. Keypoint Loss – (Lkp) average squared
Euclidean distance between normalized corresponding keypoints from 𝐼gen and 𝐼real, enforcing pixel-wise accuracy of each
joint. Pose Consistency Loss – (Lpose) difference in internal pose structure capturing relative distances and angles between
joints—between the generated and real poses.

and Look into Person (LIP-GAN) [16] decomposed the human body
into semantic parts (e.g., arms, legs, torso), which helped guide
localized transformations and ensure that synthesized parts were
semantically aligned with target poses. [59] present StyleGAN-
Human, a high-quality human image generator trained on a curated
dataset of full-body human images. By integrating pose and appear-
ance controls into the StyleGAN architecture, the model enables
fine-grained synthesis and editing of realistic human images with
controllable structure and style.

2.3 Dance Posture Synthesis and Movement
Modeling

While Bharatanatyam is a highly codified and symbolically rich
classical dance form, there is a surprising lack of research focused
directly on the automatic synthesis of its key postures. Most prior
work in Indian Classical Dance (ICD) research has concentrated
on pose recognition, gesture (mudra) classification, motion cap-
ture, and pose estimation tasks using traditional computer vision
or learning-based approaches [6, 23, 24, 28, 29, 41, 43, 54]. However,
the generative modeling of classical dance movements — particu-
larly Bharatanatyam’s nuanced postures and transitions — remains
underexplored. Consequently, we draw upon parallel research areas
such as data-driven human motion generation, pose-conditioned
synthesis using GANs, diffusion models, and transformers. For ex-
ample, works like [10] and [55] emphasize the role of music-aligned
movement generation and spatial-temporal modeling to produce
fluid dance sequences. The POPDG dataset introduced by [37] fur-
ther showcases the need for genre-specific datasets, underscoring
how aesthetics and cultural context influence the effectiveness of
generative frameworks. Moreover, [47] demonstrate how loss func-
tions tuned to keypoint-specific errors can significantly improve
structural realism in synthesized poses — an insight critical for

preserving the formal grammar of Bharatanatyam. Despite these
advances, most existing works focus on generic street scenes or
fashion data [26, 33], with limited attention to culturally rich, struc-
tured movements as in classical dance.

Our work differentiates itself by tailoring pose synthesis to
domain-specific constraints of classical dance, which involves strin-
gent spatial alignment, symbolic gestures, and rhythm-aware transi-
tions—challenges often overlooked in prior research. By integrating
fine-grained pose estimation [3, 8] and generative modeling [20, 42],
we aim to bridge this gap and preserve the stylistic fidelity of cul-
turally significant dance forms.

3 Methodology
3.1 Problem Formulation
We address the task of synthesizing realistic and anatomically cor-
rect key postures for Bharatanatyam adavus—the foundational
movement units in classical Indian dance. We formulate this as
a conditional image generation problem, wherein the objective is
to learn a function:

𝐺 : (𝑧,𝑦) → 𝐼

Here, 𝑧 ∼ N(0, 𝐼 ) denotes a Gaussian noise vector capturing sto-
chastic variation,𝑦 ∈ Y is the class label indicating the target adavu
category, and 𝐼 ∈ R𝐻×𝑊 ×3 is the generated RGB image representing
the dance posture.

Conditional generative frameworks such as Conditional GANs [42]
or Conditional Diffusion Models [20, 21] can synthesize visually
plausible outputs from these conditional inputs. However, these
models often introduce distortions in body orientation and joint
alignment [12, 57, 58] due to their inherent bias toward diversity.
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Such variability, while desirable in generic generation tasks, is un-
suitable in the context of classical dance, where postural precision
and adherence to culturally defined constraints are non-negotiable.

To address this, we propose a pose-aware guidance mech-
anism integrated into the generative pipeline. This mechanism
supervises the generation process to ensure that the synthesized
dance postures preserve rule-based anatomical fidelity and align-
ment.

3.2 Pose-Aware Supervision via Joint Keypoint
Constraints

Classical dance forms like Bharatanatyam are characterized by
highly codified postural geometries [2, 11, 27, 40, 44, 46] and sym-
bolic expressions [9, 35, 49]. Key positions such as Araimandi (sym-
bolizing humility) or Tribhangi (evoking divine energy) demand
precise limb configurations, angular alignments, and symmetry (see
Figure 1).

To enforce these structural constraints, we incorporate a pre-
trained pose estimation module (e.g.,MediaPipe [18]) into the train-
ing process. This module extracts body joint keypoints from both
real and generated images, enabling structural supervision. The
predicted keypoints are denoted by:

𝑃 = {(𝑥𝑖 , 𝑦𝑖 )}𝐾𝑖=1 (1)

where 𝐾 is the total number of body joints, and (𝑥𝑖 , 𝑦𝑖 ) are the 2D
coordinates of the 𝑖-th joint.

Let the generator produce a synthetic image 𝐼 = 𝐺 (𝑧,𝑦) and 𝐼
denote its ground-truth counterpart. The pose estimation model
𝐸 (·) extracts keypoints from both:

𝑃 = 𝐸 (𝐼 ) ∈ R𝐾×𝑑 , 𝑃 = 𝐸 (𝐼 ) ∈ R𝐾×𝑑

where 𝑑 is typically 2 or 3 (for 2D or 3D keypoints). The extracted
keypoints guide the generation using two loss functions described
below.

3.2.1 Keypoint Alignment Loss. The Keypoint Alignment Loss
(Lkp) enforces pixel-level accuracy of joint placement. It penal-
izes deviations in the normalized keypoint coordinates between
generated and ground-truth images:

Lkp =
1
𝐾

𝐾∑︁
𝑖=1




Norm((𝑥gen
𝑖
, 𝑦

gen
𝑖

)) − Norm((𝑥gt
𝑖
, 𝑦

gt
𝑖
))



2 (2)

where Norm(·) denotes a normalization function (e.g., scale nor-
malization based on torso length or image dimensions). This loss
ensures anatomical precision by aligning individual joints, critical
for modeling structured dance postures.

3.2.2 Pose Consistency Loss. The Pose Consistency Loss (Lpose)
focuses on preserving the internal geometric relationships among
joints. Rather than enforcing absolute coordinates, it evaluates
relative distances and angles between joints to encourage structure-
aware generation. Formally:

Lpose =

𝑁∑︁
𝑗=1

(
𝑅
gen
𝑗

− 𝑅gt
𝑗

)2
(3)

where 𝑅gen
𝑗

and 𝑅gt
𝑗
are the 𝑗-th relative pose feature (e.g., joint-to-

joint distance or angular orientation) computed from the generated

and ground-truth poses respectively, and 𝑁 is the total number of
such features.

For example, given the left shoulder, elbow, and wrist positions,
the distance and angle formed by these points in the generated
image must match that in the real image. This loss is invariant to
global translation or rotation and promotes symmetry and geomet-
ric fidelity, both of which are essential in classical dance synthesis.

3.3 Pose-Aware Generative Framework
We now present our general framework for pose-aware conditional
image generation. This framework is designed to be model-agnostic
and can be integrated with any conditional generative architecture
(e.g., GANs, VAEs, or diffusion models).

Generation: Given a class label 𝑦 ∈ Y and a latent noise vector
𝑧 ∼ N(0, 𝐼 ), the generator synthesizes an image 𝐼 = 𝐺 (𝑧,𝑦). A
discriminator (in GANs) or noise scheduler (in diffusion models)
supervises visual plausibility.

Pose-aware Supervision: To ensure postural correctness, a pose
estimation network 𝐸 (·) extracts skeletal keypoints from both 𝐼
and the corresponding real image 𝐼 . These keypoints are used to
compute the Lkp and Lpose losses as defined above.

Total Objective: The generator is optimized using a composite
loss:

Ltotal = Lgen + Lkp + 𝜆poseLpose (4)

Here,Lgen represents themodel-specific generation loss (e.g., adver-
sarial loss Ladv for GANs or conditional reconstruction loss Lrecon
for conditional diffusion models), and 𝜆pose controls the strength
of pose-level supervision. In our experiments, we set 𝜆pose = 1 for
effective yet stable training.

Modularity and Integration: As illustrated in Figure 3, the pro-
posed architecture seamlessly incorporates the pose-aware module
into any generative pipeline. By aligning the generation process
not only with visual features but also with structural pose features
derived from classical form, our framework ensures the synthesis of
visually realistic, geometrically accurate, and semantically faithful
dance postures.

4 Experimental Results and Discussion
We conducted a comprehensive evaluation of our proposed ap-
proach, which integrates Conditional Generative Adversarial Net-
works (cGANs) and Conditional Diffusion models with or without
a pose estimation module, to synthesize visually realistic and struc-
turally accurate Bharatanatyam postures. The system is specifically
tailored for a curated Bharatanatyam dataset[6, 41] and employs
MediaPipe-based keypoint loss and pose consistency loss to en-
hance the generated outputs by aligning them closely with real
human pose structures and the codified symmetry found in classical
dance.

4.1 Implementation Details
We use two prominent image generation models – conditional
GANs (CGAN) and conditional diffusion, to test our pose estimation
module.
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(a) Conditional GAN [42] model is trained with a batch size of 10,
a learning rate of 0.0002, and the Adam optimizer with the following
hyperparameters: 𝛽1 = 0.5 and 𝛽2 = 0.999. The generator of the
conditional GAN (cGAN) takes a latent noise vector 𝑧 and a key
posture label, which is first converted into a continuous embedding
via an embedding layer. These are concatenated and passed through
a series of fully connected layers to synthesize key posture images.
The discriminator receives both the generated or real image and
the corresponding label embedding to jointly evaluate whether the
image is real or fake.

To enforce anatomical correctness, we integrated our pose esti-
mation module based on MediaPipe to extract 2D human keypoints
from both real and generated images. We integrate keypoint loss
(Lkp) and pose consistency loss (Lpose) into the training objective of
CGAN as

Ltotal = Ladv + 𝜆kpLkp + 𝜆poseLpose

where Ladv is the adversarial loss of the CGAN, Lkp minimizes
the distance between the keypoints of real and generated images,
and Lpose ensures global pose consistency.

(b) Conditional Diffusion model [20, 21] comprises of an U-Net
backbone. The model consists of four hierarchical encoding and
decoding blocks, with a bottleneck residual block connecting the
two. Each encoder stage includes two residual blocks with convo-
lutional downsampling, and each decoder performs 2× upsampling
using nearest-neighbor interpolation followed by convolution. Skip
connections preserve spatial resolution across the encoder-decoder
path. This model is conditioned on sinusoidal time embeddings repre-
senting the diffusion timestep and class embeddings for label-aware
generation. Additionally, a self-attention module is introduced at se-
lect resolutions to capture long-range spatial dependencies critical
for the structural fidelity of pose generation.

The keypoint loss and pose consistency loss are incorporated into
the diffusion training objective as follows:

Ltotal = Lrecon + 𝜆kpLkp + 𝜆poseLpose

Here, Lrecon is the conditional reconstruction loss computed across
all time-steps in the diffusion process:

Lrecon = E𝑥𝑡 ,𝑦,𝑡,𝜖
[
∥𝜖 − 𝜖𝜃 (𝑥𝑡 , 𝑦, 𝑡)∥22

]
where 𝑥𝑡 is the noisy image at diffusion timestep 𝑡 ,𝑦 is the con-

ditioning input (e.g., class label or pose),𝜖 is the true noise added to
the clean image,𝜖𝜃 (𝑥𝑡 , 𝑦, 𝑡) is the noise predicted by the model,∥ · ∥22
denotes the mean squared error, while Lkp and Lpose function as
auxiliary constraints to guide the model toward anatomically valid
outputs.

4.2 Dataset Preparation
For the synthesis and analysis of Bharatanatyam dance movements,
we curated a comprehensive data set [6, 41] specifically tailored to
capture the intricate nuances of this classical Indian dance form.
The data set consists of recordings from 10 dancers performing
15 foundational Adavu with a total of 58 distinct variants. These
performances were meticulously annotated to ensure precise char-
acterization and provide a rich resource for Dance analysis and

Figure 4: Comparison of generatedAdavu key postures across
four models—(a) Conditional GAN (cGAN), (b) cGAN with
Pose Estimation (CGPE), (c) Conditional Diffusion, and (d)
Conditional Diffusion with Pose Estimation (CDMPE). Real
reference images (ground truth) are shown alongside for
comparison. While all models produce visually plausible
results, the diffusion-based models demonstrate smoother
textures and higher fidelity. The Conditional Diffusion with
Pose Estimation (d) exhibits the most anatomically accurate
and culturally faithful postures, preserving structural con-
straints and symbolic hand-gesture alignment essential to
Bharatanatyam.

generation. The dataset comprises 1,276 high-quality videos, cap-
turing the dancers’ movements across various angles and conditions
to ensure diversity and robustness. Furthermore, 334 unique motion
sequences have been identified and categorized, enabling a compre-
hensive understanding of the dynamic transitions between poses.
This data set, which combines visual, auditory, andmotion data, pro-
vides a foundational resource for understanding and synthesizing
key postures and adavu movements.

4.3 Quantitative Evaluation
Our task requires generating identical key postures within each
class, leading to low intra-class diversity. To evaluate model per-
formance, we computed Fréchet Inception Distance (FID) [19] using
a pre-trained Inception V3 classifier. We fine-tuned[34] it on our
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Figure 5: Complete set of generated Adavu key postures (128 × 128) using the Conditional Diffusion with Pose Estimation model.
All 20 representative postures are synthesized to reflect structural precision, anatomical symmetry, and cultural authenticity
specific to Bharatanatyam. This visualization highlights the model’s ability to generalize across a diverse set of codified
movements while preserving stylistic consistency.

dataset to better [25] capture pose geometry, hand gestures (mu-
dras), and cultural nuances, improving FID reliability. We also com-
puted multi-scale structural similarity index (MS-SSIM) [56] which
measures the structural similarity between generated and real im-
ages at multiple scales. The quantitative results of our models, eval-
uated using FID Score and MS-SSIM are presented in Table 1, which
demonstrates the impact of pose estimation modules on synthesis
quality. Furthermore, the ablation study highlighting the influence
of different loss components is detailed in Table 2. Since FID in-
herently favors datasets with higher intra-class variation[7, 36, 45],
our results show a saturation point in FID improvement. This is
not due to poor generation quality but rather due to the nature of
key posture consistency and repetitive key posture generation. Our
results show a MS-SSIM score consistently above 0.74, indicating
good structural similarity with real images, indicative of good per-
ceptual quality, reflecting well preserved spatial relationships and
textures [7, 56].

The structural quality of the generated key postures is promis-
ing, particularly in maintaining body pose coherence, as evidenced
by the qualitative results presented in Figure 4 and 5. The model
effectively captures the spatial relationships of key joints, making
notable progress in representing dance movements, which will be
evident in the visual representation of the Key posture. To com-
prehensively evaluate the performance of all models, we present
a keyposture-wise comparison across the metrics—FID and MS-
SSIM—for 20 representative keypostures (Figure 6 and 7). The plot
illustrates that the Conditional Diffusion with Pose Estimation con-
sistently achieves lower FID and higher MS-SSIM scores, indicating
better visual quality and structural accuracy. In contrast, models
without pose supervision tend to show variation, especially in com-
plex or asymmetric postures. This highlights the importance of
incorporating pose-level guidance to handle the anatomical and
stylistic constraints of classical dance.

Table 1: Impact of Pose Estimation Modules on Synthesis
Quality

Model FID (↓) MS-SSIM (↑)
Conditional GAN (cGAN) 26.27 0.71
cGAN with Pose Estimation (CGPE) 24.28 0.73
Conditional Diffusion (cDiffusion) 21.88 0.75
cDiffusion with Pose Estimation (CDMPE) 19.32 0.78

Table 2: Impact of Keypoint (Lkp) and Pose consistency loss
(Lpose) on Synthesis Quality (ablation study)

Model FID (↓) MS-SSIM (↑)
cGAN with Lkp 24.77 0.72
cGAN with Lpose 24.45 0.71
cDiffusion with Lkp 20.15 0.76
cDiffusion with Lpose 20.11 0.77
CDMPE (with Lkp and Lpose) 19.32 0.78

4.4 Comparative Analysis
To the best of our knowledge, no prior work explicitly addresses
the task of generating key postures for classical dance forms. There-
fore, we benchmark our method against existing full-body human
image generation baselines, which predominantly focus on uncon-
ditional generation. Refer Table 3 for Quantitative comparison of
key posture generation performance using FID and MS-SSIM met-
rics. Our method achieves an FID of 19.32 and an MS-SSIM of 0.78,
indicating competitive performance with enhanced structural con-
sistency. Our method demonstrates superior qualitative alignment
with culturally and anatomically accurate pose structures. This
alignment is critical in the context of structured dance generation,
where stylistic precision outweighs diversity.
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Figure 6: FID score comparison for individual Bharatanatyam
key postures across four generation models—cGAN, cGAN
with pose estimation, cDiffusion, and cDiffusion with pose
estimation. Lower FID(↓) values indicate better generation
fidelity.

Figure 7: MS-SSIM scores for Bharatanatyam key postures
across various generative models-—cGAN, cGAN with pose
estimation, cDiffusion, and cDiffusion with pose estimation.
Higher values (↑) represent better structural similarity and
perceptual quality.

4.5 Qualitative Analysis and Observations
We present selected samples of generatedAdavu key postures along-
side real (ground truth) images in Figure 4 to qualitatively assess
the performance of our models. These comparisons illustrate the
capacity of each method to generate culturally grounded and pose-
consistent Bharatanatyammovements. Notably, Figure 5 highlights
the outputs of our Conditional Diffusion model with pose esti-
mation, which demonstrates superior preservation of structural
accuracy and stylistic fidelity. A key advantage of our approach lies
in the integration of a pose estimation module that enforces precise
geometric alignment and anatomical correctness. Unlike generative
models that may introduce stylistic variations—such as exaggerated
gestures or fluidity for visual appeal—our method adheres strictly
to the codified pose structure of classical dance. This fidelity is
critical in the context of Intangible Cultural Dances (ICDs), where
each pose is imbued with symbolic, historical, and often spiritual
significance.By constraining the generation to structurally accu-
rate outputs, the model ensures cultural respect and authenticity.
Moreover, this methodology is generalizable to other rule-based
or posture-sensitive dance forms, including Indian classical styles,
martial ritual performances, and codified folk traditions, where

precise limb coordination and timing are essential for education,
preservation, and respectful representation.

Table 3: Quantitative comparison of key posture generation
performance

Method FID (↓) MS-SSIM (↑)
InsetGAN [14] 20.72 0.77
PCGAN [32] 21.17 0.75
XingGAN [51] 22.43 0.76
StyleGAN-Human [15] 20.32 0.74
PIDM [5] 23.57 0.71
CDMPE (Our Method) 19.32 0.78

5 Conclusion
Generating key-postures of Bharatanatyam dance through gen-
erative models offers a novel approach to capturing its essence,
with these postures forming the foundation for synthesizing Adavu
videos. Our methodology utilizes different generative models, in-
corporating pose estimation further ensures alignment with prede-
fined body postures and allows key point-based feedback, crucial
for maintaining the geometric and rhythmic precision, to effec-
tively generate realistic and rule-compliant dance postures central
to Bharatanatyam. These approaches ensure that intricate move-
ments, codified gestures, and stylistic nuances of Indian Classical
Dance are captured with precision and fidelity to cultural norms.
Despite advancements, challenges remain in replicating facial ex-
pressions essential to Bharatanatyam’s abhinaya, as models strug-
gle with nuanced emotions and eye movements. Addressing these
challenges is essential for improving the fidelity and expressiveness
of generated dance poses. Despite these hurdles, the integration
of AI-driven models in Bharatanatyam has the potential to revolu-
tionize the preservation and dissemination of this cultural heritage,
ensuring its relevance and appreciation in the digital and global era.
Our framework is generalizable to other codified dance or ritual
movement systems that require precise pose representation, offer-
ing utility for digital preservation, pedagogy, and avatar animation
in culturally sensitive domains.
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