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INTRODUCTION
Child development studies often collect audio from multiple devices, but independent clocks 
cause transcripts and behavioral data to drift apart. Precise timing is essential for linking 
children’s speech to movement, attention, and social context. We developed an automated 
synchronization pipeline that aligns transcripts to real‑world time.

METHODS: AUTOMATED SYNCHRONIZATION PIPELINE

DISCUSSION/CONCLUSION
● Automated offset estimation synchronized audio streams 

with 38 ms MAE, closely matching manual alignment
● Precision supports accurate timing in child communication 

and eliminates labor‑intensive waveform matching
● Real‑time conversion lets transcripts sync with other 

modalities (e.g., Ubisense), allowing richer multimodal analyses
Importance:   Enables scalable multimodal developmental research by aligning 
                        audio with location, movement, and contextual sensor data
Limitations:   Reliance on a detectable synchronization tone, approximate manual 
                        identification of tone location
Future work: Fully automated tone detection, tone‑free alignment using 
                        cross‑correlation or spectral similarity, and extension to multi‑device 
                        synchronization

RESULTS
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Pieces of the original Whisper/ALICE-diarized transcripts 
with local Sony timestamps vs. the alignment with LENA to 

show clock timestamps. 
(a) B

efore       (b) A
fter

Key Takeaway: Automated synchronization achieved 38 ms MAE, closely matching manual Adobe 
measurements and enabling accurate transcript-to-clock-time conversion.lll;lllllllllllllllllllllllllllllllllllllll.

Automated Offsets Closely Match Manual Measurements

Before (a) vs. after (b) of manual wave alignment with Adobe 
Premiere. Circled segments showcase aligned waves. 


