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Overview

Our Three Data-Centric Research Questions Our SpeLangy model is small and highly performant

How to process raw audio into interleaved speech-text training data? DO smaller
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How to construct synthetic datasets using quality text-only datasets?

% ?
How to interleave between speech and text modalities while training?
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Pipeline for processing web-crawled audio = speech-text training data

Processing web-crawled audio into speech-text interleaved data

Web-crawled Audio Diarization Annotations Keep Engllsh Data Ensemble Transcriptions Filtered Transcriptions Parallel Audio-Text Chunks

pyannotate - language . . transcription " ". transcription “Hello! :;glﬁpelangb interleaved | l‘Hello!
diarization { /dem‘/f/cat/on generation | filtering chunking || (A1, TH)

‘Alright, that sounds
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RQ1: How to process raw audio into interleaved training data?

Sec 3.3 Coarse vs fine-grained interleaving

Diarized Audio with Paired Transcription Coarse-grained Interleaving Fine-grained Interleaving

interleaved

{11 (2801 {11 1 (L TRaEEEE

Hi. How are you? All good here. What’s up?
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RQ2: How to construct synthetic speech-text data?

Sec 3.4 Generating synthetic speech-text interleaved data

Web-crawl Docs Quality HTML Docs KrISt LLM Extracted Text Samples Splitted Text Chunks Parallel Audio-Text Chunks

domain - :_LM -based LLM rewnte T To T T synthetic l" How are you?
- \_text-extract 1, T2, Ts, ..., Te] ‘ (A1, Th) \
filtering i generation

| il chunk |
To. T l. “ I am good.

Extracted Questions + Distilled CoT + Answers splitting [T1, T2, To] (A2, T2) |

| T'TS model |

Extract questlons \LLw/ag‘jre' [T1, T2, Ta, ..., T12] " And you? |

(Az, Ta)




RQ2: How to construct synthetic speech-text data?

Sec 3.4 Generating synthetic speech-text interleaved data

Web-crawl Docs Quality HTML Docs Krist LLM Extracted Text Samples Splitted Text Chunks Parallel Audio-Text Chunks

domain LM-based | _, (Lirewrte — synthetic 1| How are your
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RQ3: How to interleave between speech and text chunks?

Sec 3.5 Modality-sampling during interleaved training

Speech-Text Interleaved Training Sample Deterministic Sampling Stochastic Sampling

sampling
during training “ =

Switch modality every chunk for training . Randomly sample modality at each chunk




RQ3: How to interleave between speech and text chunks?

Sec 3.5 Modality-sampling during interleaved training

Speech-Text Interleaved Training Sample Deterministic Sampling Stochastic Sampling

sampling
during training :
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Switch modality every chunk for training . Randomly sample modality at each chunk

Stochastic Deterministic




Result: Our data-centric findings also improve post-trained checkpoints

ity : 5
Pretrain ckpt Text quality I Audio Quality

| spoken-alpaca noisy-alpaca \ Eval 1 Eval 2 Eval 3 Eval 4 Eval 5
coarse |

42.6 45.2 374 (17.2) 33.3(24.1) 34.3(18.1) 37.0 (16.3) 38.8 (16.9)

fine 44.3 47.3 39.9 (18.5) 33.8 (23.7) 36.4 (11.6) 38.0 (16.9) 41.9 (20.7)
fine + syn 47.4 48.8 41.1 (17.1) 36.6 (23.1) 40.1 (18.7) 39.4 (16.9) 39.3 (16.8)
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Why do our data interventions help?

Reason 1: Synthetic data boosts domain coverage!

Distributions of topic domains in our evaluation and training datasets
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Why do our data interventions help?

Input sample s
( \
q, audio question
speech waveform
| J
q, text question

tokenized text

g; GT answer
8182 -+ 8o

Reason 2: Improved modality alignment!

Teacher-forced forward pass

SpeechLM

frozen weights 6

(s)
P aud.i(v)

PI‘(_X:V | (1]..”. g][_])

(s)
P text,i(v)
Pr(X=v 1], 87 :i-1)
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both conditioned on GT prefix

Per-token divergence

Divergence metrics

at each token i

Forward KL
Reverse KLL

Jensen-Shannon

1

Aggregate per sample

Mean divergence
zAx\"CI'llgC OVEer anSwer span

D = (1/0) X ; D(i)

| one scalar per sample

2

Coarse
Fine
Fine + Syn

4
Reverse-KLD
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