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Abstract. High-fidelity digital humans are increasingly used in interactive appli-
cations, yet achieving both visual realism and real-time responsiveness remains a
major challenge. We present a high-fidelity, real-time conversational digital human
system that seamlessly combines a visually realistic 3D avatar, persona-driven
expressive speech synthesis, and knowledge-grounded dialogue generation. To
support natural and timely interaction, we introduce an asynchronous execution
pipeline that coordinates multi-modal components with minimal latency. The
system supports advanced features such as wake word detection, emotionally
expressive prosody, and highly accurate, context-aware response generation. It
leverages novel retrieval-augmented methods, including history augmentation to
maintain conversational flow and intent-based routing for efficient knowledge
access. Together, these components form an integrated system that enables re-
sponsive and believable digital humans, suitable for immersive applications in
communication, education, and entertainment.

Keywords: High-Fidelity Digital Humans - Conversational Virtual Agents - Real-
Time Interaction

1 Introduction

Digital humans are increasingly used in communication, education, and entertainment.
They play an important role in many downstream applications that involve user inter-
action, improving user engagement, and delivering personalized experiences. With the
rapid development of Al technologies, digital humans are evolving from static avatars
into intelligent agents capable of perceiving, understanding, and responding to users in
real time.

However, developing a truly high-fidelity digital human that offers a seamless and
natural experience remains a significant challenge. A key issue is achieving high realism
while preserving natural engagement. Appearance, voice, responses, and motion must
feel convincingly human without triggering the uncanny valley effect [25]. This requires
precise control over facial expressions, speech prosody, and non-verbal gestures to
enhance believability.

Another major challenge is minimizing system latency to support real-time interac-
tion. Digital humans must respond promptly to users to maintain the flow of conversation.
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However, delays can arise from processing tasks such as speech synthesis, response
generation, and animation, which may operate on different timelines. These delays can
interrupt the conversational rhythm and reduce user immersion.

This paper presents Hi-Reco, a high-fidelity real-time conversational digital human
system. To address the challenges of realism and responsiveness, our system integrates
photorealistic 3D modeling, persona-driven speech synthesis, intelligent response gener-
ation, and an asynchronous execution pipeline. By combining lifelike visuals, expressive
speech, and context-aware dialogue, the system delivers an engaging experience while
mitigating the uncanny valley effect, ensuring real-time performance, and supporting
domain-specific knowledge retrieval. In summary, our main contributions are as follows:

— High-Fidelity Digital Human Interaction. We develop a photorealistic digital hu-
man by integrating advanced 3D modeling, lifelike facial animations, and expressive
gestures. Our persona-driven text-to-speech (TTS) system enhances naturalness by
generating expressive speech that seamlessly synchronizes with facial movements.

— Knowledge-Grounded Conversational Intelligence. We introduce a modular
retrieval-augmented generation (RAG) framework optimized for domain-specific,
real-time interaction. This framework incorporates intent-aware retrieval and di-
alogue history augmentation, ensuring highly accurate and contextually relevant
responses.

— Low-Latency Real-Time System Optimization. We design an asynchronous exe-
cution pipeline to efficiently coordinate 3D animation, TTS synthesis, and response
generation. This optimization reduces latency, enabling real-time interaction without
perceptible delays.

2 Related Work

2.1 3D Avatars

3D Head Avatars. 3D models offer greater realism and control over the motion of head
avatars. The introduction of 3DMM [2] marked a significant milestone by representing
3D faces with a fixed topology mesh and parameterizing facial variations through shape
and texture bases. Later refinements, including FLAME [13], FaceScape [36], and
FaceVerse [31], improved adaptability across different ethnicities and enhanced facial
expression modeling. Imitator [29] predicts 3D facial animations from speech while
maintaining person-specific motion styles, without necessitating full model retraining,
which enables a more flexible approach to driving 3D head avatars.

3D Full-Body Avatars. For full-body avatars, modeling strategies involve defining
canonical representations and establishing efficient posing mechanisms. Traditional
methods utilize explicit parameterized surfaces such as SMPL [15], SMPL-X [19], and
FLAME [13] to align texture and motion. With the rise of neural rendering techniques
such as Neural Radiance Fields (NeRF) [16] and 3D Gaussian Splatting (3DGS) [9],
more recent innovations leverage neural-based techniques, with representations evolving
from point clouds [37] to radiance fields [16] and 3D Gaussian splatting [27]. The shift
from mesh textures to dynamic neural representations has driven significant quality
improvements. In terms of real-time performance, different approaches exhibit varying
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levels of efficiency. AnimatableGaussians [14] operate at approximately 10 frames per
second (FPS), whereas DEGAS [26] achieves superior real-time rendering at 30 FPS,
making it a compelling choice for high-fidelity real-time applications.

2.2 Text-to-Speech

TTS aims to convert text into human-like speech [33], widely used in applications
like personal assistants and robotics. Neural TTS utilizes deep learning to produce
high-quality and controllable speech. NaturalSpeech 2 [28] used diffusion and vector
quantization to support zero-shot voice cloning by separating speaker and content.
VoiceBox [10] applied flow-matching diffusion for robust speech generation under
noise. These methods balance efficiency, naturalness, and control through disentangled
representations. Integrating large language models (LLMs) into TTS enhances contextual
reasoning and prompt-driven control. PromptTTS [6] encoded attributes like emotion
and pitch into text embeddings for mel-spectrogram control. InstructTTS [34] unified
semantic and acoustic spaces via diffusion, enabling user-friendly speech synthesis over
style prompts like “excited tone.” Cosy Voice [4] used supervised semantic tokens to
improve content consistency and speaker similarity. These approaches demonstrate the
synergy between LLMs and speech modeling for intuitive, high-fidelity synthesis.

2.3 Retrieval-Augmented Generation

The canonical RAG architecture decouples retrieval and generation: a retriever module
first identifies top-k relevant passages from a large external corpus via vector or hybrid
similarity search, then a generator module fuses this context into a final answer [11,5].
This explicit grounding enables LLMs to surpass closed-book performance, significantly
reducing factual errors in question answering [30]. Systematic analyses reveal that RAG
not only mitigates hallucination [12], but also dramatically improves LLM responses
to domain-specific and underrepresented knowledge, as shown in both generic and
vertical-domain benchmarks [32]. Recent surveys further outline RAG’s versatility
across modalities, including code-switched language understanding [8] and spoken
language processing [35].

3 Methods

Our digital human system consists of several coordinated modules that together enable
high-fidelity real-time interaction. This section details the design and functionality of
each component, as outlined in Fig. 1. We introduce the 3D avatar module in Section 3.1,
the speech module in Section 3.2, the RAG module in Section 3.3, and the response
acceleration module in Section 3.4.

3.1 3D Avatar Module

3D Avatar Modeling. DEGAS [26] demonstrates outstanding performance in both
rendering fidelity and real-time frame rate, making it a strong foundation for high-
quality avatar animation. In our system, we adopt a 3D avatar modeling framework
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Fig. 1. System architecture of our digital human framework.

based on DEGAS to leverage its strengths in photorealistic rendering and coherent
body-expression integration.

However, the original DEGAS pipeline relies on the disentanglement of pose and
expression [18] to extract facial expression features from synthesized 2D talking face
videos. This process involves generating videos from speech and then applying image-
based expression extraction, which results in high computational cost and latency. As a
result, the pipeline is not suitable for real-time applications. To overcome this limitation,
we adopt a more direct and efficient approach by replacing the video-based expression
extraction module with a real-time speech-driven solution. Specifically, we use Imi-
tator [29] to predict FLAME expression parameters [13] directly from speech input.
This design avoids intermediate visual representations, reduces system complexity and
latency, and enables temporally coherent and emotionally aligned facial animations. In
addition, we accelerate the DEGAS encoder-decoder architecture using TensorRT [17],
further improving inference speed and responsiveness in interactive scenarios.

Motion Selection. We leverage a pretrained language model, Sentence-BERT [23].
Each predefined motion is associated with an embedding that captures its typical conver-
sational usage, derived from a manually curated description of the intent of the gesture.
Fig. 2 shows an example of motion selection. When generating a response, the system
extracts a text embedding from the spoken content and computes the cosine similarity
between the response embedding and the motion embeddings. The motion with the
highest similarity score is selected and scheduled for playback.

3.2 Speech Module

Wake Word Detection. To ensure robust and intentional user interaction in noisy or
multi-speaker environments, we leverage Porcupine [20], a lightweight and efficient
on-device wake word detection engine, to continuously monitor for a predefined keyword
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Fig.2. An example of semantic embedding-based motion selection.

(e.g., “Hi Reco”). Only when the wake word is detected does the system proceed to the
speech recognition and response pipeline.

Text-to-Speech. We first fine-tune GPT-SoVITS [24] using an internally collected
dataset and deploy it for real-time streaming inference. Our implementation of GPT-
SoVITS focuses on streamlined voice cloning through a structured data preprocessing
pipeline. For vocal isolation, we utilize UVRS [1] to separate vocals from background
noise, ensuring high-quality input. Audio segmentation is automated using silence de-
tection (-40dB threshold) to split recordings into 5-second clips, minimizing contextual
interference during training. Text alignment employs Whisper Large-V3 [22] for mul-
tilingual support, with manual verification through an interactive WebUI to correct
punctuation and remove noisy segments. The V2 architecture of GPT-SoVITS further
enhances phoneme alignment through a dual-token mechanism (global and semantic
tokens), resolving mispronunciation issues observed in earlier versions. Training requires
only 1 minute of clean audio, optimized via joint fine-tuning of SoVITS (variational
autoencoder) and GPT (semantic transformer) modules, completing within 10 minutes
on consumer-grade GPUs.

Our deployment framework achieves 0.7-second latency through three key innova-
tions. First, chunk-based processing splits inputs into 150ms segments with overlap-add
reconstruction, enabling parallel synthesis while maintaining prosodic continuity. Sec-
ond, FP16 quantization reduces SoVITS model size by 40% without compromising
quality (MOS>4.3 in zero-shot scenarios). Third, a hybrid API architecture combines
RESTful endpoints for batch processing and WebSocket streaming for digital avatar
integration, synchronizing synthesized speech with our digital humans. For edge de-
ployment, TensorRT [17] optimization enables 30ms/sentence generation on 4GB GPUs
through adaptive CPU-GPU workload balancing. This system currently supports Chinese
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and English with automatic code-switching detection, outperforming traditional TTS
approaches in both efficiency (5x faster training) and emotional expressiveness.

3.3 RAG Module

The RAG module is the intelligence component for generating accurate, knowledge-
based responses in our real-time digital human system. Serving as a core intelligent
component, it aims to augment LLMs with information from an external, domain-specific
knowledge base, providing accurate, knowledge-based responses for university resources,
and ensuring factual accuracy and responsiveness critical for interactive applications. It
employs a retrieve-then-generate architecture: its knowledge base comprises campus
customer service documentation; the retriever uses LightRAG [7] for context-aware
chunking and vector indexing; and the generator, a fine-tuned Qwen2.5-32B-Instruct [21]
on more than 10k domain-specific campus examples to enhance its understanding and
grounding ability and synthesize responses from queries, history, and retrieved passages.

To optimize real-time performance and conversational coherence, two key strategies
are implemented: 1. History-Augmented Retrieval: Dynamically integrates full dia-
logue history, significantly enhancing multi-turn retrieval relevance and coherence. 2.
Intent-Based Routing: Routes queries via an intent classifier to smaller, domain-specific
vector indexes, substantially reducing retrieval latency with minimal accuracy impact.
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Fig. 3. Comparison between segmented and non-segmented audio processing pipelines.
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3.4 Response Acceleration Module

Latency Optimization. Fig. 3 shows the comparison between segmented and non-
segmented audio processing pipelines. To reduce the latency, we employ the asyn-
chronous execution pipeline. In the case of the TTS module, the system can be optimized
by splitting the generated answer into smaller chunks rather than generating the entire
response in one go. We split the answer into several segments through the text split
process. This split allows the system to immediately begin generating the next segment
of audio while processing the first.

Real-Time Synchronization. When a new audio segment is generated and played,
the module triggers the simultaneous generation of corresponding facial expressions
and body motion data. As the system processes audio in chunks, face and motion data
are calculated and rendered dynamically to align with the current audio timestamp. The
critical factor here is determining which frame of facial and motion data corresponds to
the current audio playback position. The index of the visual frame is determined by the
audio timestamp (in milliseconds) and FPS, as shown in Equation (1):

fps o
1000
In summary, the response acceleration module not only minimizes latency but also
ensures that the system maintains high fidelity, providing a natural, immersive experience
for users interacting with the digital human.

frame_index = audio_timestamp x

4 Experiments

4.1 3D Avatars

While the 3D digital human model allows for full 360-degree inspection, we gener-
ated diverse digital humans with different appearances by showcasing four canonical
views: front, left side, right side, and back (Fig. 4). To further enhance the system’s
expressiveness and real-time capability, we adopt a speech-driven expression modeling
strategy [29] that directly generates FLAME expression parameters [13] from audio.
Our method eliminates the need for intermediate video synthesis, enabling efficient and
semantically aligned facial animation from speech input.

4.2 Text-to-Speech

We evaluated our TTS model using two key metrics: Word Error Rate (WER) for intelli-
gibility and Similarity Mean Opinion Score (S-MOS) for perceived quality and speaker
similarity. WER reflects ASR transcription accuracy, while S-MOS captures human
judgments of naturalness and resemblance to reference speech. We compared our model
against CosyVoice [4] and F5-TTS [3], using both objective and subjective evaluations.
Each system generated 20 samples (10 Mandarin, 10 English) from phonetically and
linguistically diverse sentences.

Objective Evaluation. We used Whisper (Large) [22] to transcribe synthesized
speech and computed the average WER over all samples. Table 1 shows WER results for
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Front view Left side view Right side view Back view

Fig. 4. Rendering results of the 3D digital human avatar from four canonical views and diverse 3D
digital humans.

Table 1. Objective (WER) and subjective (S-MOS) comparison under two conditions (zh—zh and
zh—en) between our TTS method and existing SOTA methods.

WER | S-MOS 1
zh—zh|zh—en|zh—zh|zh—en
CosyVoice [4]]0.078 0.139 |3.340 {3.030
F5-TTS [3] |0.074 [0.018 |4.060 |3.440
Ours 0.112 ]0.027 |4.310 |4.280

Method

Mandarin-to-Mandarin (zh—zh) and Mandarin-to-English (zh—en) voice cloning. F5-
TTS achieved the lowest WER in both directions (0.074, 0.018). Cosy Voice performed
better than our model in zh—zh (0.078 vs. 0.112) but worse in zh—en (0.139 vs. 0.027).
Our method shows strong cross-lingual performance but lags in the monolingual case.
However, WER alone cannot capture aspects like prosody or speaking style. Models
with similar WERs may differ significantly in expressiveness—e.g., flat speech can yield
low WER but poor naturalness. Therefore, subjective evaluation is essential.

Subjective Evaluation. For the subjective evaluation, we invited five human raters to
evaluate 20 samples per system, scoring naturalness, intelligibility, and speaker similarity
on a 1-5 scale. Final S-MOS scores were averaged across raters and samples for each
direction. As shown in Table 1, our model achieved the highest S-MOS in both zh—zh
(4.310) and zh—en (4.280), outperforming F5-TTS (4.060 in zh—zh) and CosyVoice
(lowest in both). These results confirm that our method delivers superior perceived
quality and cross-lingual speaker consistency.

4.3 Retrieval-Augmented Generation

History-Augmented RAG Retrieval. This experiment aimed to evaluate the improve-
ment in retrieval relevance for follow-up queries by augmenting the retrieval corpus with
full multi-turn chat history. We compared two RAG variants: Static RAG, which uses
only the original campus customer service corpus, and Dynamic RAG, which augments
that corpus with concatenated dialogue history. A BGE-reranker-based model was uti-
lized to measure the Top-1 score on 10 representative follow-up queries. As shown in
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Table 2, the Dynamic RAG variant improved the average Top-1 score by 43.3% over
Static RAG, demonstrating that including complete multi-turn conversational context as
supplementary knowledge enhances retrieval accuracy and relevance.

Table 2. Top-1 reranker scores of static and dynamic RAG.

Method Top-1 Score 1
Static RAG  |5.1916
Dynamic RAG|7.4388

Intent-Based Routing and Latency Reduction. Regarding Intent-Based Routing
and Latency Reduction, an experiment investigated improving retrieval efficiency in
domain-specific vector indices while maintaining response quality. Three configurations
were compared: a unified index, a random routing strategy, and an intent routing method
using a classifier to direct queries to relevant indices. The test set comprised 500 queries
from five domains (Academics, Finance, Campus Services, IT, and Library), with latency
and Top-1 score reported. As shown in Table 3, Category-based retrieval (i.e., intent-
based routing) achieved a 35.2% reduction in latency with minimal impact on Top-1
accuracy, proving to be an effective strategy for enhancing both speed and usability in
modular QA systems.

Table 3. Comparison of latency and score between full corpus retrieval and category-based
retrieval.

Method Latency [s] J.|Top-1 Score 1
Full Corpus Retrieval 6.019 4.8576
Category-Based Retrieval |3.902 4.0100

4.4 Response Acceleration

We conducted an experiment by comparing the time to first audio playback under two
different scenarios, using the same response to control for variables. The two approaches
are described as follows:

1. Non-Segmented Approach: The entire response was passed to the TTS system at
once.

2. Segmented Approach: The response was split into smaller phrases, where each
phrase was fed to the TTS system individually. As soon as the first phrase’s audio was
generated, playback began while the remaining phrases were still being processed.

The results of the experiment are summarized in Table 4. From the table, we observed
that the use of the segmented approach significantly reduces the time to the first audio
playback, resulting in an 85.0% reduction in initial latency. This confirms that splitting
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the sentence into smaller phrases and processing them in parallel can effectively improve
user experience by providing a faster initial response while maintaining natural continuity
in speech synthesis.

Table 4. Comparison of time to first audio playback between segmented and non-segmented TTS
processing.

Method Time to First Audio Playback [s] |
Non-Segmented |10.223
Segmented 1.538

4.5 Limitations and Future Work

Our system relies on a fixed library of gestures selected by dialogue context, rather than
generating motion in real time from speech. While effective for basic expressiveness,
this approach limits the digital human’s ability to produce body language that accurately
reflects the spoken language’s rhythm, dynamics, and emotional tone. As a result,
gestures may sometimes appear repetitive, mismatched, or less responsive to subtle
variations in speech delivery.

Future systems could address these limitations by generating motion sequences
directly from speech audio, incorporating features such as prosody, intonation, and
emotional cues. This would enable more adaptive, expressive, and context-aware non-
verbal behaviors, leading to digital humans that can engage users with greater naturalness
and emotional authenticity.

5 Conclusion

This paper has presented a high-fidelity, real-time conversational digital human system
that seamlessly integrates visual realism with intelligent responsiveness. We demon-
strated that a tightly coordinated pipeline spanning 3D avatar modeling, speech pro-
cessing, and knowledge-grounded dialogue forms the foundation for believable and
engaging virtual agents. Our approach supports advanced features, including persona-
driven speech synthesis for enhanced emotional expressiveness and a modular RAG
framework, which leverages intent-aware retrieval and dialogue history augmentation
to improve accuracy and contextual relevance. We further showed how system-level
optimizations, including latency reduction and real-time synchronization, significantly
enhance the smoothness of user interaction. Together, these components push the bound-
aries of interactive digital humans, offering new opportunities for immersive applications
in communication, education, and entertainment.
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