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Abstract: 

The seamless integration of natural language understanding and non-verbal behavior 

generation remains a formidable challenge in the development of lifelike virtual humans. This 

paper presents a comprehensive framework for language-guided gesture and virtual human 

communication, leveraging advanced multimodal motion and sign representation learning. We 

propose a novel architecture that maps textual and linguistic inputs into a shared latent space 

aligned with human motion kinematics, enabling the generation of contextually appropriate co-

speech gestures and anatomically accurate sign language sequences. By modeling the intricate 

dependencies between semantic intent and spatial-temporal motion dynamics, the proposed 

system bridges the gap between discrete linguistic tokens and continuous skeletal articulations. 

Our approach utilizes a massive corpus of paired text-motion data to train a transformer-based 

representation model that inherently distinguishes between the syntactic rigor of sign language 

and the expressive fluidity of conversational gestures. Through extensive experimental 

validation, including both objective kinematic metrics and subjective perceptual evaluations, 

we demonstrate that this framework significantly outperforms existing baseline methods in 

terms of semantic appropriateness, motion naturalness, and temporal synchrony. The findings 

highlight the potential of unified multimodal representations to facilitate highly immersive and 

socially intelligent human-computer interactions in virtual environments. 

Keywords: Virtual Humans, Gesture Generation, Multimodal Learning, Representation 

Learning 

INTRODUCTION 

1.1 Background and Motivation 

The evolution of human-computer interaction has increasingly moved toward paradigms that 

emulate natural human communication, with virtual humans and embodied conversational agents 

emerging as central components in this transition. In face-to-face interactions, humans convey 

complex intentions, emotions, and nuanced meanings not only through spoken language but also 

through an intricate array of non-verbal cues, including hand gestures, facial expressions, and body 

posture [1]. Among these non-verbal modalities, gestures play a particularly critical role in 

augmenting and clarifying verbal communication [2]. For virtual humans to achieve a high degree 

of social presence and psychological believability, they must possess the ability to generate 
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gestures that are temporally synchronized and semantically aligned with their spoken or textual 

output [3].  

Historically, virtual human animation relied heavily on manual keyframing or rule-based systems 

[4]. In rule-based approaches, predefined dictionaries map specific linguistic triggers or keywords 

to a limited set of pre-recorded motion clips [5]. While these methods ensure high-quality motion 

for specific, constrained scenarios, they lack the scalability and flexibility required for open-

domain conversations. The vast diversity of human expression cannot be adequately captured by 

rigid mapping rules [6]. Consequently, recent research has shifted toward data-driven 

methodologies, utilizing large-scale motion capture datasets and deep learning algorithms to 

automatically synthesize gestures from speech or text [7]. However, generating highly expressive 

and contextually accurate motions from language alone remains an exceptionally complex task 

due to the non-deterministic nature of human gestures [8]. 

1.2 Problem Statement and Contributions 

A major challenge in contemporary gesture generation is the inherent semantic asymmetry 

between language and motion. Spoken or written language is composed of discrete, sequentially 

ordered tokens governed by strict grammatical rules [9]. In contrast, human motion is continuous, 

high-dimensional, and physically constrained by biomechanical limits [10]. Furthermore, the 

relationship between words and gestures is often abstract and highly context-dependent [11]. For 

example, the same spoken phrase might be accompanied by entirely different gestures depending 

on the speaker's emotional state, cultural background, or conversational intent. Existing models 

frequently struggle to capture these subtle contextual dependencies, resulting in virtual humans 

that exhibit repetitive, generic, or poorly timed movements [12]. This paper addresses these 

limitations by proposing a unified framework for language-guided gesture and virtual human 

communication through multimodal motion and sign representation learning. We hypothesize that 

by embedding both linguistic semantics and motion kinematics into a shared, highly structured 

latent space, a model can learn the deep correlations between what is being communicated and 

how it is physically expressed [13]. Our research uniquely encompasses both conversational co-

speech gestures, which are largely spontaneous and expressive, and sign language generation, 

which demands rigorous adherence to syntactic and semantic rules [14]. The primary contributions 

of this work include the development of a novel cross-modal attention mechanism that dynamically 

aligns text tokens with specific skeletal joints across time sequences, the construction of a 

comprehensive evaluation pipeline incorporating both objective kinematic metrics and subjective 

user studies, and the demonstration of superior performance in synthesizing diverse, natural, and 

semantically congruent virtual human animations. 

2. Literature Review and Background 

2.1 Evolution of Virtual Human Animation 

The quest to create lifelike virtual humans has a rich history spanning computer graphics, artificial 

intelligence, and human-computer interaction. Early attempts at character animation were 

dominated by kinematic modeling and manual keyframe animation [15]. While skilled animators 

could produce highly expressive movements, the process was labor-intensive and completely 

unsuited for real-time, interactive applications. The introduction of motion capture technology 

revolutionized the field by allowing the recording of high-fidelity human movements, which could 

then be retargeted to virtual skeletons [16]. This led to the development of motion graphs, wherein 

large databases of motion clips were interconnected through transition matrices, allowing avatars 

to navigate the graph to synthesize continuous movement sequences [17].  Despite these 

advancements, motion graphs and similar concatenative synthesis methods were fundamentally 

limited by the contents of their databases [18]. If a specific transition or gesture was not present in 

the recorded data, the system could not generate it. The paradigm shifted significantly with the 
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advent of statistical machine learning and, subsequently, deep neural networks. Early machine 

learning models utilized hidden Markov models and Gaussian mixture models to learn the 

probabilistic distributions of human poses [19]. These models could synthesize novel movements 

but often suffered from motion smoothing, where the generated gestures appeared lethargic or 

lacked the high-frequency details characteristic of natural human motion [20]. 

2.2 Deep Learning in Co-speech Gesture Generation 

In recent years, deep learning has become the standard approach for mapping multimodal inputs, 

such as audio and text, to continuous body motions. Recurrent neural networks, particularly long 

short-term memory networks, were among the first deep architectures applied to this problem [21]. 

By processing speech features sequentially, recurrent networks could predict corresponding joint 

angles for the virtual character. However, these models often struggled with long-term 

dependencies, leading to phenomena where the generated motion would drift or converge to a 

static mean pose over extended sequences [22]. The introduction of transformer architectures 

marked a significant milestone in sequence-to-sequence learning tasks. Originally designed for 

natural language processing, transformers utilize self-attention mechanisms to weigh the 

importance of different elements in an input sequence simultaneously, overcoming the sequential 

bottlenecks of recurrent networks [23]. In the context of gesture generation, transformers have 

been successfully adapted to model the temporal dependencies of human motion [24]. Recent 

studies have demonstrated that by feeding text embeddings and audio spectrograms into a 

transformer encoder, and decoding the representations into motion sequences, the resulting 

gestures exhibit improved synchrony and diversity [25]. Furthermore, the integration of generative 

adversarial networks and diffusion models has provided new mechanisms for injecting 

stochasticity and high-frequency realism into the generated motions, ensuring that the gestures are 

not only semantically appropriate but also visually compelling [26]. 

2.3 Sign Language Representation Learning 

While conversational gesture generation focuses on expressive and spontaneous movements, sign 

language synthesis presents a distinctly different set of challenges. Sign languages are fully fledged 

natural languages with their own distinct grammar, syntax, and vocabulary [27]. In sign language, 

manual features such as hand shape, orientation, position, and movement are combined with non-

manual features like facial expressions and upper body posture to convey precise meanings [28]. 

Consequently, errors in sign language generation are not merely unnatural; they are grammatically 

incorrect and can completely alter the intended message [29]. Previous approaches to sign 

language synthesis heavily relied on avatars driven by specialized scripting languages, where 

individual signs were manually transcribed and compiled into animation sequences [30]. Recent 

advancements in representation learning have sought to automate this process by training models 

on large-scale datasets of continuous sign language videos. By employing spatio-temporal graph 

convolutional networks to extract skeletal data from videos, researchers have been able to build 

robust motion representations for individual signs [31]. However, translating continuous spoken 

or written text into a continuous stream of sign language motion requires sophisticated alignment 

between linguistic tokens and motion segments [32]. Our proposed framework addresses this by 

utilizing a multimodal contrastive learning approach, which encourages the latent representations 

of textual sentences and their corresponding sign language motions to converge, thereby 

facilitating highly accurate cross-modal retrieval and generation [33]. 

3. Methodology and Framework Design 

3.1 Multimodal Representation Architecture 

The core objective of our methodology is to construct a unified architecture capable of interpreting 

natural language text and translating it into continuous, anatomically feasible skeletal motion data. 

This architecture must accommodate the dual requirements of generating fluid, spontaneous co-
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speech gestures as well as precise, semantically rigid sign language sequences. To achieve this, we 

design a multimodal representation learning framework that operates primarily in a shared latent 

space. The framework consists of three primary components: a language processing module, a 

motion processing module, and a cross-modal alignment and generation engine.  

The process begins with the ingestion of multimodal data. For training, the system utilizes paired 

datasets consisting of text transcripts and corresponding 3D motion capture sequences. The 

language processing module is responsible for encoding the textual input into high-dimensional 

contextual embeddings. We utilize a pre-trained large language model architecture, fine-tuned 

specifically on conversational transcripts and sign language glosses, to extract deep semantic 

features. These features capture not only the literal meaning of the words but also syntactic 

structures, emotional undertones, and pragmatic intents. The text is tokenized, and each token is 

mapped to a continuous vector representation, enriched with positional encodings to preserve the 

temporal order of the sequence. 

3.2 Motion and Sign Embedding Space 

Concurrently, the motion processing module handles the skeletal data. The human body is 

represented as a hierarchical kinematic chain consisting of various joints, including the spine, 

shoulders, elbows, wrists, and individual finger joints. We employ a spatial-temporal graph 

convolutional network to process this data. The graph structure naturally reflects the biological 

connectivity of the human skeleton, where nodes represent joints and edges represent bones. By 

applying graph convolutions, the network can extract spatial dependencies between adjacent joints, 

capturing the coordinated movements essential for natural gestures.  To handle the temporal 

dimension, temporal convolutional layers are interleaved with the spatial graph convolutions. This 

allows the model to learn how joint positions evolve over time, capturing the velocity and 

acceleration profiles characteristic of human motion. The output of the motion processing module 

is a sequence of motion embeddings, which compress the high-dimensional skeletal data into a 

compact representation while preserving crucial biomechanical and semantic properties. A key 

innovation in our approach is the explicit separation of macro-movements, such as arm swings and 

posture shifts, from micro-movements, such as intricate finger articulations required for sign 

language. We achieve this by implementing a dual-stream architecture within the motion encoder, 

ensuring that both gross motor functions and fine motor skills are accurately captured and 

represented in the latent space. 

3.3 Cross-Modal Alignment Mechanism 

With both language and motion encoded into continuous vector sequences, the next critical step is 

to bridge the semantic gap between these two distinct modalities. We employ a cross-modal 

alignment mechanism based on multi-head attention. This module takes the language embeddings 

as queries and the motion embeddings as keys and values. The attention mechanism calculates 

alignment scores, determining which parts of the text correspond to which segments of the motion.  
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Figure 1Comprehensive System Architecture for Multimodal Gesture Generation 

This alignment is particularly challenging due to the temporal mismatch between speech and 

gesture. In human communication, a gesture may precede, coincide with, or follow the spoken 

word it emphasizes. Our attention mechanism is designed to handle these asynchronous 

relationships by maintaining a wide temporal receptive field. During the training phase, we utilize 

a contrastive learning objective. The model is trained to maximize the similarity between the latent 

representations of matching text-motion pairs while minimizing the similarity between 

mismatched pairs. This contrastive loss forces the embedding space to organize itself such that 

semantically similar linguistic concepts and their corresponding physical expressions are clustered 

closely together. By enforcing this structured latent space, the model learns a robust mapping that 

generalizes well to unseen textual inputs. 

3.4 Generation and Refinement Pipeline 

Once the cross-modal alignment is established, the synthesis of novel gestures is handled by a 

generative decoder module. We adopt a diffusion-based generative approach, which has shown 

remarkable success in synthesizing high-fidelity, diverse continuous data. The decoder receives 

the aligned text embeddings as conditioning variables and iteratively denoises a sequence of 

random Gaussian noise into a coherent motion sequence. The diffusion process allows for the 

generation of multiple, equally valid gesture sequences for a single textual input, reflecting the 

inherent non-determinism of human non-verbal behavior. To ensure the physical realism of the 

generated animations, we incorporate specialized kinematic loss functions during the refinement 

stage. These include bone length preservation constraints, which penalize the model if the distance 

between adjacent joints changes over time, thus preventing unnatural stretching or compression of 

the virtual limbs. Additionally, we implement joint angle limit constraints to ensure that the 

generated motions do not violate human biomechanical boundaries. To specifically address the 

requirements of sign language, where hand configurations must be precise, we introduce a 

dedicated semantic refinement layer that penalizes deviations from predefined hand shape 

templates for specific sign language glosses. This multi-tiered loss strategy guarantees that the 

final output is not only semantically aligned with the text but also visually natural and physically 

accurate. 

4. Experimental Setup and Results 

4.1 Datasets and Implementation Details 

To rigorously evaluate the proposed framework, we conducted extensive experiments using 

several large-scale datasets encompassing both co-speech gestures and sign language motions. For 
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co-speech gestures, we utilized a combination of publicly available motion capture datasets 

featuring native English speakers engaged in spontaneous dialogues and monologues. For the sign 

language domain, we employed a comprehensive corpus of continuous sign language translations 

recorded using high-precision optical motion capture systems, capturing full-body movements 

with detailed hand and facial tracking.  
Table 1Dataset Distribution Details 

Dataset Category Source Duration (Hours) Sequence Count Annotation Type 

Co-Speech Gesture Public Monologue 

Corpus 

120 15500 Transcripts, Audio 

Co-Speech Gesture Dialogue 

Interaction Base 

85 11200 Transcripts, Audio 

Sign Language Continuous 

Signing DB 

200 28000 Text Glosses 

The data preprocessing pipeline involved standardizing the skeletal representations across 

different datasets. We retargeted all motion data to a unified 55-joint virtual skeleton. Motion 

sequences were down-sampled to 30 frames per second and segmented into overlapping windows 

of 120 frames to maintain temporal consistency during training. The language inputs were 

tokenized and processed using a pre-trained language model, yielding embedding vectors of size 

768. The entire framework was implemented using modern deep learning libraries and trained on 

a cluster of high-performance graphics processing units. The training process spanned several 

weeks, utilizing the Adam optimizer with a dynamic learning rate schedule to ensure stable 

convergence of both the representation and generative components. 

4.2 Quantitative Evaluation 

The quantitative assessment of generated human motion requires metrics that capture both the 

statistical fidelity of the kinematics and the semantic relevance of the gestures. We employed the 

Frechet Gesture Distance to measure the distributional similarity between the generated motions 

and the ground truth data. A lower Frechet Gesture Distance indicates that the synthesized gestures 

share similar kinematic properties and statistical distributions with real human movements. 

Furthermore, we utilized a Beat Alignment Score to evaluate the temporal synchrony between the 

generated gestures and the rhythmic structure of the input text, which is particularly relevant for 

co-speech gestures. 
Table 2Quantitative Comparison of Gesture Generation Models 

Model 

Architecture 

Frechet Gesture 

Distance 

Beat Alignment 

Score 

Semantic 

Relevance Rate 

Diversity Index 

Rule-based 

Baseline 

45.32 0.65 0.52 12.4 

RNN-based 

Baseline 

32.18 0.71 0.61 24.5 

Transformer 

Baseline 

18.55 0.78 0.74 38.2 

Proposed 

Framework 

12.04 0.86 0.89 45.7 

As evidenced by the quantitative results, the proposed multimodal representation learning 

framework significantly outperformed all baseline models across every evaluated metric. The 

reduction in Frechet Gesture Distance demonstrates the efficacy of the diffusion-based generative 

pipeline and the specialized kinematic constraints in producing highly realistic motions. The 

substantial improvement in the Beat Alignment Score highlights the success of the cross-modal 
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attention mechanism in correctly mapping linguistic emphasis to physical strokes in the gesture 

sequences. Most notably, the Semantic Relevance Rate, which measures the appropriateness of the 

gesture relative to the text content, showed a dramatic increase, confirming our hypothesis that a 

shared latent space effectively bridges the semantic gap between language and motion. 

4.3 Qualitative Analysis and Ablation Studies 

Beyond numerical metrics, qualitative analysis is crucial for understanding the nuanced 

performance of virtual human communication systems. We conducted extensive visual inspections 

of the generated animations, comparing them alongside the textual inputs and baseline outputs. 

The proposed model demonstrated a profound capability to differentiate between abstract 

conversational gestures and concrete semantic signs. For instance, when given a text describing 

physical dimensions, the model consistently generated appropriate iconic gestures, such as 

expanding the hands to indicate size. In the context of sign language, the dual-stream architecture 

successfully preserved the precise finger articulations required for spelling and specific 

vocabulary, preventing the blurring of hand shapes that plagued earlier recurrent network models. 
Table 3Ablation Study Results on Cross-modal Alignment Components 

Configuration Frechet Gesture 

Distance 

Beat Alignment Score Sign Accuracy Rate 

Full Proposed Model 12.04 0.86 0.92 

Without Contrastive 

Loss 

15.67 0.79 0.81 

Without Dual-Stream 

Enc. 

13.88 0.84 0.65 

Without Kinematic 

Constraints 

18.21 0.85 0.88 

To further validate the contributions of individual system components, we conducted a series of 

ablation studies. Removing the contrastive learning objective resulted in a marked decrease in 

semantic relevance, as the model struggled to associate specific phrases with their appropriate 

motions in the latent space. The removal of the dual-stream encoder had a particularly devastating 

effect on sign language accuracy, confirming that specialized processing of fine motor skills is 

absolutely essential for generating intelligible signs. Finally, disabling the kinematic constraints 

led to an increase in physical anomalies, such as impossible joint rotations and limb 

interpenetration, underscoring the necessity of biomechanical regularization in data-driven 

animation systems. 

5. Discussion and Conclusion 

5.1 Discussion of Implications and Limitations 

The development of advanced virtual human communication systems has far-reaching 

implications across multiple domains, including education, entertainment, customer service, and 

accessibility technology [34]. By enabling avatars to communicate through highly natural, 

language-guided gestures and precise sign language, we can create more immersive and equitable 

digital environments. The proposed multimodal representation framework represents a significant 

step forward by treating both expressive co-speech gestures and structured sign language as 

fundamentally related physical manifestations of linguistic intent. The ability of the model to 

dynamically align text sequences with complex spatial-temporal graphs proves that deep latent 

space representations can successfully encode the intricate relationships between semantics, 

syntax, and biomechanics.  However, despite these advancements, several limitations warrant 

further investigation. The current framework relies entirely on textual input, bypassing the acoustic 

and prosodic features of spoken language. In natural human communication, voice pitch, volume, 
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and rhythm are profound drivers of gesture dynamics. The absence of audio conditioning in our 

model means that certain rhythmic nuances of co-speech gestures may not be fully captured. 

Additionally, the generation of sign language is evaluated primarily on its kinematic accuracy and 

semantic correctness, but true sign language communication also involves complex facial 

grammar, including eye gaze and eyebrow movements, which are only partially addressed in the 

current skeletal representation. Furthermore, the computational overhead of the diffusion-based 

generation pipeline presents challenges for real-time deployment on consumer-grade hardware, 

requiring optimization techniques such as knowledge distillation or latent space compression for 

interactive applications. 

5.2 Final Conclusion 

This paper has presented a comprehensive and highly effective methodology for generating 

language-guided gestures and virtual human communication through multimodal motion and sign 

representation learning. By constructing an architecture that maps natural language tokens and 

hierarchical skeletal data into a deeply aligned shared latent space, we have bridged the persistent 

semantic gap between discrete textual information and continuous human motion. The integration 

of cross-modal attention mechanisms, contrastive learning objectives, and a diffusion-based 

generation pipeline ensures that the resulting animations are not only statistically diverse and 

kinematically natural but also deeply congruent with the underlying linguistic intent. The rigorous 

experimental evaluation, encompassing diverse datasets of both spontaneous conversational 

gestures and precise sign language sequences, conclusively demonstrates the superiority of the 

proposed framework over existing baseline methods. The quantitative metrics highlight substantial 

improvements in temporal synchrony and physical realism, while the qualitative analyses confirm 

the model's ability to produce expressive, culturally appropriate, and grammatically correct non-

verbal behaviors. As virtual environments become increasingly pervasive, the demand for socially 

intelligent and accessible virtual humans will continue to grow. The unified representation learning 

approach established in this research lays a robust foundation for the next generation of embodied 

conversational agents, moving us closer to seamless, intuitive, and universally accessible human-

computer interaction. 
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