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INTRODUCTION

Artificial Intelligence (Al) has revolutionized the way humans interact with

animals, particularly in decoding the complex vocalizations and body
language of domestic cats. Recent advancements in machine learning, signal
processing, and behavioral analytics have enabled researchers to interpret
feline emotions and intentions with unprecedented accuracy [1,3].
Vocalization analysis systems, such as Dr. Vlad Reznikov’s FGC2.3,
classify cat sounds into over 40 categories, including hunger, distress, and
mating calls, using real-time audio processing and mobile applications [4].
These systems leverage convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) to detect patterns in pitch, tone, and frequency [3].
In parallel, Al-powered body language recognition tools utilize computer
vision to analyze tail movements, ear positions, and blinking patterns.
Techniques such as pose estimation and facial expression recognition have
been adapted from human emotion detection frameworks to suit feline
morphology [6]-[7]. For example, slow blinking is interpreted as a sign of
trust, while tail twitching may indicate irritation or excitement. Real-time
translation devices, including wearable collars with embedded microphones
and Al chips, are bridging the communication gap between cats and their
owners. These devices integrate multimodal data—audio, visual, and
biometric—to provide contextual interpretations of feline behavior [8].
Baidu’s 2025 patent exemplifies this trend, combining vocal tones, body
movements, and biological signals to assess emotional states in pets [4].
Furthermore, academic institutions such as UC San Diego are conducting
large-scale studies to validate Al's ability to interpret animal intent,
particularly 1n cross-species communication scenarios involving AAC button
boards [5]. These efforts underscore the growing potential of Al in

enhancing human-animal relationships and improving pet welfare.

METHOD

Al systems are trained on thousands of cat sounds—meows, purrs, hisses—

to 1dentify patterns and emotional cues. High-pitched meows are often linked
to hunger or attention-seeking, while purring may signal contentment or
anxiety. Hissing and growling typically indicate fear or aggression. Dr. Vlad
Reznikov’s FGC2.3 system classifies vocalizations into 40 categories, using
real-time processing and smartphone integration [2].In addition to sound
analysis, Al-powered cameras interpret tail flicks, ear positions, and

blinking patterns. Slow blinking 1s a sign of trust, while tail twitching may

indicate irritation or excitement. These visual cues are combined with audio

data to provide a comprehensive understanding of feline emotions [3].
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RESULTS

The FGC2.3 system successfully translates cat vocalizations into human-
readable messages, enhancing owner-pet interactions. Wearable collars with
built-in microphones and Al chips offer real-time translation capabilities.
Mobile apps further simplify the process, allowing users to record and
interpret sounds instantly [2]. Baidu’s 2025 patent integrates vocal tones,
body movements, and biological signals to detect emotional states in pets.
Though still under development, it represents a significant step toward cross-

species communication [4].

As shown 1n Fig.1. The system begins by converting various animal
communication signals—vocal, visual, chemical, emotional, and more—into
structured digital inputs. These inputs are organized into multimodal data
types (audio, video, sensor, text), which are then preprocessed to extract
meaningful features [9,10]. The features are embedded and aligned in a
shared space, allowing cross-modal understanding. A fine-tuned LLM
interprets these embeddings to recognize pet intent, predict behavior, and
generate responses|[11]. Feedback from pet reactions and owner input refines
the model through reinforcement learning. Optionally, the system can

communicate back to the pet usmng synthesized signals, enabling two-way

interaction[12].
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Figure 1. . LLM-Based Pet Communication Model [6,9]
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Figure 2. Accuracy Comparison ([2], [4], [S])
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Figure 3. Al Pet Tech Adoption Survey|[4]
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DISCUSSIONS

The integration of Al into pet communication tools has profound

implications for animal welfare and human-animal relationships. By
understanding feline emotions, owners can respond more appropriately to
their pets’ needs. However, challenges remain in validating Al
interpretations, as demonstrated by UC San Diego’s studies on AAC button
boards for dogs [3].
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Figure 5 Emotional Signal Categories in Cat Vocalization [4,5,6].

CONCLUSION

Al-driven analysis of cat vocalizations and body language is transforming
the way humans interact with their pets. Systems like FGC2.3 and Baidu’s
patented models offer promising avenues for real-time translation and
emotional recognition. Future research should focus on refining these
technologies and validating their effectiveness across diverse animal populations.
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