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1.  Introduction and Report Scope
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This report provides a first-principles analysis of every machine learning function, loss criterion, architectural component, and training technique used across 18 generations (V1–V18) of CallJots audio+text jot extraction research. Each component is examined through four lenses:

	What it does — formal definition and mathematical description.

	First use case — where it originated in the literature.

	How we used it — the specific CallJots experiment(s) that deployed it.

	Comparative account — how it performed relative to alternatives in our experiments and in the broader literature.


The report follows the chronological arc of the research: Round 1 (standalone text-only models), Generations V1–V6 (initial audio+text fusion experiments), V7–V10 (RBM-DBN exploration and memory crisis), V11–V12 (Fbank pipeline), V13 (DNN-HMM hybrid breakthrough), V14 (TCN vs CNN comparison), V15 (full FLAC dataset test), V16–V17 (attention variants), and V18 (TCN focal+smooth re-run).
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1.1  Experimental Infrastructure
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All experiments were conducted on a RunPod RTX A4000 (16 GB) GPU pod running PyTorch 2.4.1+cu124. The dataset combines LibriSpeech train-clean-100 (28,539 FLAC files, 585 speakers) with Switchboard parsed JSON (117,694 jot-worthy utterances). Audio features are stored on MooseFS network filesystem with ~914 items/min extraction rate.
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1.2  Class Distribution
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The jot classification task involves 5 classes with extreme imbalance:

	topic: 86,937 samples (69.7%)

	decision: 21,426 samples (17.2%)

	question: 8,575 samples (6.9%)

	action_item: 665 samples (0.5%)

	commitment: 91 samples (0.07%)


Total: 124,794 labeled utterances. The extreme imbalance — commitment has only 91 samples versus topic's 86,937 — is the central challenge of this classification task and the reason focal loss and label smoothing were investigated.
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2.  Feature Extraction Techniques

2.1  Sentence-Transformer Embeddings (All Generations)
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A pre-trained transformer encoder maps a variable-length text string to a dense, L2-normalised 384-dimensional vector. We use 'all-MiniLM-L6-v2' (Wang et al., 2020), distilled from BERT-base.

Given tokenised input x, the model produces h = BERT(x), applies mean-pooling across the token dimension, and projects to 384-D via a linear layer: emb = L2Norm(W · MeanPool(h) + b).

First use case: Reimers & Gurevych (2019), 'Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks' (NAACL). First sentence embedding model fine-tuned with siamese triplet loss for semantic similarity.

The text embedding is the Stream B backbone in every generation from Round 1 onward. In Round 1, sent_emb_only trained on sentence-transformer features alone. From V13 onward, the text stream feeds a DNN classifier whose outputs are late-fused with audio HMM posteriors.
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