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Abstract Keywords

The synthesis of highly realistic human animations from static images Human Image
driven by natural language prompts represents a significant frontier in | Animation, Temporal
generative computer vision. Current approaches frequently struggle with Representation
maintaining temporal consistency and structural fidelity, resulting in Learning, Text-
artifacts such as flickering, anatomical distortions, and semantic Conditioned
misalignment over extended sequences. To address these limitations, we | Generation, Video
introduce a novel framework centered on dynamic temporal Synthesis.

representation learning tailored for text-conditioned human image
animation. This paper presents an architecture that decouples spatial
feature extraction from temporal dynamics, enabling the network to learn
smooth motion priors directly guided by textual inputs. By integrating a
dynamic temporal module that adaptively recalibrates motion features
based on the semantic complexity of the text prompt, our approach
ensures coherent frame-to-frame transitions while preserving the identity
and structural integrity of the source human image. Extensive evaluations
demonstrate that our framework significantly mitigates temporal
degradation and outperforms contemporary methods across standard
qualitative and quantitative metrics. The proposed methodology not only
advances the theoretical understanding of temporal modeling in
diffusion-based generative systems but also offers practical solutions for
applications in digital media, virtual reality, and automated content
creation.

INTRODUCTION

1.1 Background and Motivation
The domain of computer vision has witnessed unprecedented advancements in generative
capabilities over the past decade, driven primarily by the transition from deterministic modeling
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to probabilistic generative frameworks. Among the most challenging yet highly sought-after
capabilities is the animation of a static human image using natural language descriptions [1]. This
process requires the system to not only understand the visual attributes of the source image, such
as clothing, identity, and posture, but also to parse the semantic meaning of the text prompt and
translate it into a sequence of biologically plausible and visually coherent motions [2]. The
intersection of natural language processing and video generation holds immense potential for
various industries, encompassing entertainment, virtual reality, e-commerce, and educational
media [3]. However, human perception is extraordinarily sensitive to unnatural movements and
structural anomalies in representations of other humans, a phenomenon often associated with the
uncanny valley. Consequently, any algorithm attempting to synthesize human motion must adhere
to strict spatial and temporal constraints. Historically, image animation techniques relied heavily
on explicit structural priors, such as skeletal tracking, dense mesh sequences, or parametric human
models [4]. While these explicit models provide a rigid framework that guarantees a certain degree
of anatomical correctness, they are often computationally expensive to acquire and integrate.
Furthermore, they struggle to model non-rigid deformations, such as the flowing of loose
garments, hair dynamics, and subtle facial expressions [5]. The emergence of deep learning,
particularly generative adversarial networks, allowed for more implicit modeling of motion
through learned latent spaces [6]. Recently, diffusion models have revolutionized the synthesis
landscape by offering superior image quality and stable training dynamics [7]. Despite these spatial
synthesis advancements, extending these capabilities to the temporal domain to create seamless
videos remains a formidable challenge. The primary bottleneck lies in the independent generation
of frames, which invariably leads to temporal flickering, identity loss, and spatial jittering when
the frames are concatenated into a video sequence [8].

1.2 Problem Statement

The central problem addressed in this research is the lack of temporal coherence and semantic
fidelity in text-conditioned human image animation. When a static image is animated based on a
text prompt, the generative model must interpolate motion across time while consistently
grounding the visual output in both the source image and the text condition [9]. Existing methods
typically concatenate spatial and temporal modules sequentially, applying static attention
mechanisms that do not adapt to the varying complexity of the motion being described [10]. For
instance, a text prompt requiring a simple motion, such as a subtle hand wave, demands different
temporal receptive fields and feature recalibration compared to a prompt describing a complex,
full-body acrobatic maneuver [11]. When the temporal representation learning is static and
inflexible, the model tends to either over-smooth complex motions, resulting in blurred frames, or
under-constrain simple motions, leading to high-frequency temporal noise [12]. Furthermore, the
integration of text conditioning in the temporal domain is often rudimentary. Most architectures
inject the text embeddings strictly into the spatial generation pathway, expecting the temporal
modules to naturally align the spatial features across time [13]. This indirect conditioning fails to
guide the actual motion dynamics, causing the generated sequence to drift away from the temporal
semantics implied by the text. Therefore, there is a critical need for a dynamic temporal
representation learning mechanism that actively utilizes text conditioning to modulate the temporal
feature extraction process, ensuring that the synthesized motion is both smooth and strictly aligned
with the linguistic input [14].

1.3 Contributions

In response to the aforementioned challenges, this paper proposes a comprehensive framework for
text-conditioned human image animation driven by dynamic temporal representation learning
[15]. Our approach fundamentally redesigns how time-varying features are processed in diffusion-
based generative models. We introduce a temporal architecture that dynamically adjusts its
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attention span and feature weighting based on the semantic embeddings of the driving text prompt
[16]. This allows the model to allocate more representational capacity to complex, fast-moving
sequences while applying stronger temporal smoothing to stationary or slow-moving regions [17].
The primary contributions of this research are multi-fold. First, we propose a novel dynamic
temporal module that integrates directly into the latent space of a diffusion model, enabling
adaptive motion synthesis without relying on explicit structural priors [18]. Second, we introduce
a text-to-time cross-conditioning mechanism that binds the temporal attention weights directly to
the semantic features extracted from the natural language prompt, ensuring that the motion
dynamics strictly follow the textual description [19]. Third, we present a comprehensive training
paradigm that balances spatial reconstruction losses with temporal consistency objectives,
preventing the identity degradation commonly observed in long-sequence generation [20].
Through extensive empirical evaluation on benchmark datasets, we demonstrate that our
framework achieves superior temporal smoothness, anatomical consistency, and text alignment
compared to the current state-of-the-art methodologies.

2. Literature Review

2.1 Image-to-Video Synthesis Techniques

The evolution of image-to-video synthesis has been characterized by a continuous search for
representations that can adequately capture both appearance and motion. Early approaches
predominantly utilized optical flow estimation to warp the source image across a timeline [21].
While computationally efficient, these methods were inherently limited by their inability to
synthesize newly revealed regions, known as the occlusion problem [22]. When a subject turns or
moves an arm, previously hidden background or body parts must be hallucinated by the model.
Flow-based warping mechanisms simply stretch and distort the existing pixels, leading to severe
visual artifacts in regions of large displacement [23]. To overcome the limitations of explicit
warping, generative adversarial networks were introduced to learn a mapping from a single image
and a driving signal to a target frame. Models in this era utilized recurrent neural networks or three-
dimensional convolutional neural networks to enforce temporal consistency [24]. These
architectures demonstrated significant improvements in handling occlusions and generating
plausible background hallucination. However, generative adversarial networks are notoriously
difficult to train, often suffering from mode collapse, where the generator produces a limited
variety of motions regardless of the input conditions [25]. Moreover, scaling these models to
generate high-resolution, long-duration videos proved exceptionally challenging due to memory
constraints and the instability of the adversarial training process [26]. Recently, the paradigm has
shifted towards denoising diffusion probabilistic models, which formulate generation as an
iterative refinement process starting from pure Gaussian noise [27]. Diffusion models have
demonstrated remarkable success in generating high-fidelity spatial representations. To adapt these
spatial models for video synthesis, researchers have proposed pseudo-three-dimensional
convolution layers and temporal self-attention blocks [28]. By inserting these temporal layers
between pre-trained spatial layers, the models can leverage the massive knowledge base of image
diffusion models while learning to correlate features across the time dimension [29]. Despite these
architectural innovations, maintaining consistent identity and mitigating temporal jitter remain
significant hurdles in the domain of human animation [30].

2.2 Text-Conditioned Generation Paradigms

The integration of natural language as a controlling mechanism for visual generation has
democratized the creation of digital content. The fundamental breakthrough in this area was the
development of large-scale vision-language models, which align text and images into a shared
semantic latent space [31]. By utilizing the text embeddings generated by these foundational
models, generative systems can condition their output to match highly specific user descriptions
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[32]. In the context of spatial image generation, text conditioning is typically achieved through
cross-attention mechanisms, where the spatial features of the image act as queries, and the text
embeddings serve as keys and values [33]. This allows the network to selectively attend to different
words in the prompt when synthesizing different regions of the image. For instance, the word
jacket might strongly influence the features in the upper torso region, while boots influences the
lower regions. When extending text conditioning to video generation, the complexity increases
exponentially [34]. The text must not only dictate the static appearance but also the dynamic
progression of the scene. Current methodologies often struggle to bridge the gap between static
text embeddings and dynamic temporal features. A common approach is to simply broadcast the
text embedding across all frames, treating the video as a collection of independent images that
happen to share the same text prompt [35]. This static conditioning fails to capture the temporal
nuances of language, such as sequential actions or changes in velocity [36]. Our research
specifically targets this deficiency by proposing a mechanism where the text embeddings actively
modulate the temporal representation learning, allowing the language to directly shape the motion
manifold.

2.3 Temporal Consistency in Human Animation

Animating human figures requires a specialized focus on temporal consistency due to the rigid
constraints of human anatomy and the fluidity of natural motion. Unlike the generation of abstract
scenes or rigid objects, human animation is highly sensitive to minor structural deviations [37]. A
slight misplacement of a joint or an unnatural deformation of a limb across consecutive frames
immediately destroys the illusion of reality. Many contemporary systems attempt to enforce
temporal consistency by introducing explicit intermediate representations. For example, some
frameworks first generate a sequence of poses based on the text prompt and then use these poses
to guide the image animation process. While this two-stage approach improves structural
consistency, it introduces a critical dependency on the pose generation model. If the generated
poses are unnatural or misaligned with the source image proportions, the final animation will
inherit and amplify these errors. Furthermore, explicit pose models often lack the vocabulary to
describe complex hand gestures, facial expressions, and clothing dynamics, limiting the
expressiveness of the final animation. An alternative approach is to rely entirely on implicit
temporal modeling within the latent space. In these architectures, temporal self-attention modules
are tasked with tracking features across frames and ensuring smooth transitions. However, standard
temporal attention operates uniformly across the entire spatial and temporal domain, allocating
equal computational resources to static backgrounds and highly dynamic foreground elements
[38]. This inefficiency often leads to a compromise where the model either smooths out high-
frequency motions to maintain stability or introduces temporal noise in static regions while trying
to capture dynamic movements. The dynamic temporal representation learning proposed in this
paper addresses this limitation by adaptively focusing the temporal attention based on the local
motion characteristics and the guiding text prompt, thereby achieving superior consistency without
sacrificing motion complexity.

3. Methodology

3.1 Overall Architecture

The proposed architecture is designed to transform a single static reference image and a natural
language prompt into a temporally coherent video sequence. The core philosophy of our
framework is to decouple the extraction of structural identity features from the generation of
temporal dynamics, while ensuring that the text conditioning heavily influences both pathways.
The system operates within the latent space of a pre-trained variational autoencoder, which
compresses high-resolution pixel data into a lower-dimensional, semantically rich representation.
This latent operation significantly reduces computational overhead and allows the generative
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model to focus on high-level semantic synthesis rather than pixel-level reconstruction. The
generative backbone is constructed upon a noise-prediction network, configured as a multi-stage
architecture consisting of spatial processing blocks, dynamic temporal representation blocks, and
cross-modal conditioning layers. Given a source image, we first encode it into a static latent
representation. Simultaneously, the text prompt is processed through a foundational vision-
language text encoder to extract a sequence of context-aware word embeddings. The generation
process begins with a sequence of pure Gaussian noise latents, corresponding to the desired
number of video frames. Throughout the iterative denoising process, our network predicts the noise
residual at each time step, guided by both the source image latent and the text embeddings.
Crucially, the spatial blocks are responsible for maintaining the visual identity of the source image.
They utilize self-attention mechanisms restricted to the spatial dimensions of each individual
frame, ensuring that the structural integrity, clothing details, and facial features are preserved.
Following each spatial block, the representations are passed into the dynamic temporal
representation learning module, which correlates the features across the time axis. By alternating
between spatial and temporal processing, the network incrementally builds a video representation
that is both spatially highly detailed and temporally smooth.
3.2 Dynamic Temporal Module
The cornerstone of our methodology is the dynamic temporal representation module. In standard
video generation frameworks, temporal attention is computed by treating the sequence of frames
as a simple sequence of tokens, applying standard multi-head self-attention along the temporal
axis. While functional, this approach is rigid; it applies the same attention transformation
regardless of the motion's complexity or the text prompt's semantic directives. Our dynamic
temporal module introduces a mechanism to dynamically recalibrate the temporal attention
weights based on the cross-modal features. The module begins by reshaping the spatial-temporal
latent tensor, isolating the temporal dimension so that each spatial location across all frames forms
a distinct sequence. Instead of directly computing self-attention on these sequences, we introduce
a gating mechanism driven by the text embeddings. We project the text embeddings into a set of
temporal modulation parameters, which dictate the scale and shift of the latent features prior to the
attention operation. This ensures that the linguistic context directly influences which temporal
features are highlighted and which are suppressed.
Code Listing 1: Dynamic Temporal Attention Implementation
import torch
import torch.nn as nn
import torch.nn.functional as F
class DynamicTemporal Attention(nn.Module):
def init_ (self, feature dim, text dim, num_heads):
super(DynamicTemporal Attention, self). init_ ()
self.num_heads = num_heads
self.qgkv_proj = nn.Linear(feature dim, feature dim * 3)
self.text modulation = nn.Sequential(
nn.Linear(text dim, feature dim),
nn.SiLU(),
nn.Linear(feature dim, feature dim * 2)
)
self.output proj = nn.Linear(feature_dim, feature dim)
def forward(self, x, text emb):
# x shape: [batch_size * spatial locations, frames, feature dim]
# text_emb shape: [batch_size, text dim]
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b_s, frames, ¢ = x.shape

batch size = text emb.shape[0]

# Expand text embeddings to match spatial locations

text emb expanded = text emb.repeat interleave(b s // batch size, dim=0)

# Generate dynamic modulation parameters

mod params = self.text modulation(text emb expanded)

scale, shift = mod params.chunk(2, dim=-1)

scale = scale.unsqueeze(1)

shift = shift.unsqueeze(1)

# Apply dynamic modulation

x_modulated = x * (1 + scale) + shift

# Standard temporal self-attention computation

gkv = self.qkv_proj(x_modulated)

g, k, v =gkv.chunk(3, dim=-1)

q = q.view(b_s, frames, self.num_heads, ¢ // self.num_heads).transpose(1, 2)

k =k.view(b_s, frames, self.num_heads, c // self.num_heads).transpose(1, 2)

v =v.view(b_s, frames, self.num_heads, ¢ // self.num_heads).transpose(1, 2)

attention_scores = torch.matmul(q, k.transpose(-2, -1)) / (¢ // self.num_heads) ** 0.5

attention_probs = F.softmax(attention_scores, dim=-1)

context = torch.matmul(attention_probs, v)

context = context.transpose(1, 2).contiguous().view(b_s, frames, c)

return self.output_proj(context)
As demonstrated in the implementation logic, the text modulation parameters dynamically scale
and shift the temporal features before they are projected into queries, keys, and values for the
attention computation. This dynamic adjustment allows the network to alter its temporal receptive
field. For example, if the text describes a rapid transition, the modulation parameters can amplify
high-frequency temporal variations, allowing the attention mechanism to capture swift changes.
Conversely, for static descriptions, the modulation strongly smooths the features, preventing high-
frequency noise from causing temporal flickering.
3.3 Text-Conditioning Integration
The integration of the text prompt extends beyond the temporal modulation described above. To
ensure that the synthesized motion strictly adheres to the linguistic instructions, we employ a dual-
pathway cross-attention strategy. The first pathway operates within the spatial blocks, where the
text embeddings guide the generation of spatial structures and appearance details. This is standard
practice in text-to-image synthesis and ensures that elements described in the text, such as specific
clothing colors or background contexts, are accurately rendered in each frame.
The second pathway is specifically designed for the temporal domain. We introduce a temporal
cross-attention layer immediately following the dynamic temporal self-attention module. In this
layer, the temporally correlated visual features act as queries, while the text embeddings serve as
keys and values. This allows the network to constantly cross-reference the evolving temporal
representations with the semantic instructions. The optimization objective is formulated to
minimize the discrepancy between the predicted noise and the actual noise added to the clean latent
sequence during the forward diffusion process. By backpropagating the error through both the
spatial and temporal cross-attention layers, the network learns a highly coupled representation
where language directly dictates motion. To further enforce identity preservation, we utilize a
reference cross-attention mechanism. The static source image is passed through an auxiliary
encoder to extract multi-scale spatial features. These features are then injected into the main
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generative pipeline alongside the text embeddings. This ensures that the generated frames do not
drift from the original subject's identity, a common failure mode when diffusion models are run
for many sequential steps. The combination of dynamic temporal representation learning, dual-
pathway text conditioning, and reference image injection creates a robust framework capable of
synthesizing complex, text-aligned human animations with unprecedented temporal stability.

4. Results and Discussion

4.1 Experimental Setup and Datasets

To rigorously evaluate the proposed framework, we conducted extensive experiments using high-
resolution video datasets focused on human motion. The primary dataset utilized for training and
quantitative evaluation consisted of diverse human actions, encompassing a wide range of
movements such as dancing, walking, gesturing, and athletic performances. We pre-processed the
dataset by cropping and centering the subjects to maintain a consistent spatial resolution. Each
video clip was paired with highly descriptive text prompts generated through an automated
captioning system, ensuring that the semantic descriptions accurately reflected the complex
kinematics of the human subjects. The framework was implemented using a widely adopted deep
learning library and trained on a cluster of advanced graphical processing units. The optimization
process utilized an adaptive learning rate scheduler with an initial warmup phase to stabilize the
temporal modulation layers. During the training phase, the model was tasked with reconstructing
sequences of sixteen consecutive frames, while during inference, autoregressive techniques were
employed to generate longer sequences. We carefully monitored the validation loss, specifically
observing the balance between the spatial reconstruction error and the temporal consistency
metrics, ensuring that the model did not favor static high-quality images over fluid motion
dynamics.

4.2 Quantitative Analysis

The quantitative evaluation of our text-conditioned human image animation framework required a
multi-faceted approach, assessing image quality, temporal smoothness, and textual alignment. We
compared our proposed method against several contemporary baseline architectures that represent
the current state-of-the-art in diffusion-based video synthesis. The evaluation metrics selected
include the Fréchet Inception Distance to measure the spatial fidelity of individual frames against
the real distribution, and the Fréchet Video Distance to assess the spatiotemporal consistency of
the generated sequences. Additionally, we utilized the structural similarity index to quantify the

preservation of structural details across consecutive frames.
Table 1: Quantitative Comparison of Video Generation Architectures

Methodology Fréchet InceptionFréchet Video(Structural Text Alignment
Distance Distance Similarity Score

Baseline Spatial-34.21 412.55 0.612 22.4

Only Model

Standard Temporal28.15 285.30 0.745 24.8

Attention

Explicit Pose-25.40 260.10 0.801 23.5

Guided Model

Proposed Dynamic21.05 195.42 0.885 28.7

Temporal Model

As detailed in the quantitative results, the proposed dynamic temporal representation learning
framework significantly outperforms the baseline methodologies across all evaluated metrics. The
substantial reduction in the Fréchet Video Distance score indicates that our method produces
sequences with superior temporal coherence and fewer noticeable artifacts. The high structural
similarity index further validates the effectiveness of our reference cross-attention mechanism in
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preserving the source image identity throughout the animation. Notably, our framework also
achieved the highest text alignment score, demonstrating that the dual-pathway conditioning
successfully forces the temporal dynamics to adhere strictly to the natural language prompts.
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Figure 1: System Architecture Diagram

4.3 Qualitative Evaluation and Ablation Studies

Qualitative assessments reveal the practical superiority of our approach. When analyzing the
generated sequences visually, the most prominent advantage of our framework is the elimination
of temporal flickering in highly textured regions, such as intricate clothing patterns or facial
features. Baseline models often struggle to maintain the spatial coordinates of these textures across
time, leading to a bubbling or shifting effect. Our dynamic temporal module effectively anchors
these features by adaptively smoothing the temporal representations in regions where the text
prompt implies rigid or static behavior, while allowing fluid transitions in areas described as
dynamic. Furthermore, the model demonstrates a nuanced understanding of complex linguistic
instructions. When provided with a prompt such as a person in a heavy coat slowly raising their
left arm, the model accurately isolates the motion to the specified limb while realistically
simulating the physical weight and drag of the heavy coat. This level of physical grounding is a
direct consequence of tying the temporal representation learning to the semantic text embeddings.
To isolate the contributions of specific architectural components, we conducted thorough ablation
studies. We systematically disabled the dynamic text modulation within the temporal module and

the reference cross-attention mechanism, observing the resulting degradation in performance.
Table 2: Ablation Study of Proposed Framework Components

Configuration Fréchet Video Distance Identity Preservation Loss
Full Proposed Framework 195.42 0.085

W/0 Dynamic Temporal255.60 0.112

Modulation

w/o Reference Cross-Attention [210.15 0.284

W/0 Dual-Pathway Text278.30 0.098

Conditioning

The ablation data highlights the critical nature of the dynamic temporal modulation. Removing
this component causes a massive spike in the Fréchet Video Distance, confirming that static
temporal attention is insufficient for complex motion synthesis. Additionally, the removal of the
reference cross-attention mechanism results in a catastrophic increase in identity preservation loss,

pg. 20




indicating that the model rapidly forgets the visual characteristics of the source image without
continuous spatial anchoring. The integration of all proposed modules is therefore essential for
achieving the reported high-fidelity animations.
5. Conclusion
5.1 Summary of Findings
This research has presented a comprehensive and highly effective framework for text-conditioned
human image animation, addressing the persistent challenges of temporal inconsistency and
semantic misalignment in video synthesis [38]. By transitioning away from rigid, static temporal
processing and introducing a dynamic temporal representation learning paradigm, our
methodology successfully bridges the semantic gap between static natural language descriptions
and continuous motion dynamics [39]. The integration of a dynamic temporal module that
recalibrates its attention mechanisms based on text embeddings ensures that the generated motions
are not only biologically plausible but strictly adhere to the linguistic instructions. Furthermore,
the dual-pathway cross-conditioning and robust identity preservation mechanisms guarantee that
the structural integrity of the source image is maintained across extended sequence lengths.
Extensive quantitative and qualitative evaluations have unequivocally demonstrated that the
proposed architecture sets a new standard for spatiotemporal consistency, significantly reducing
artifacts such as flickering, structural deformation, and identity drift.
5.2 Future Directions
While the proposed framework represents a substantial advancement in generative human
animation, several avenues for future research remain open. Currently, the system operates within
a purely implicit latent space, which, despite its flexibility, can occasionally produce minor
physical impossibilities during highly complex, self-occluding actions. Integrating lightweight,
physics-based kinematic constraints into the dynamic temporal module could further enhance the
biological realism of the generated sequences without sacrificing the benefits of implicit modeling.
Additionally, transitioning the architecture to support real-time generation presents a significant
engineering challenge. Optimizing the dynamic temporal attention operations and exploring
advanced latent distillation techniques will be crucial for deploying these high-fidelity animation
systems in interactive environments such as virtual reality and live digital broadcasting. Continued
exploration in these directions will undoubtedly push the boundaries of what is achievable in
autonomous, text-driven media synthesis.
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