Day 3 - Speech recognition: a tiny CTC model
from scratch, then Whisper and a Khmer ASR
judge, scored by CER

Goal in one line: understand how a network turns 100 audio frames per second into a handful of
Khmer characters, build the CTC machinery by hand, and learn to score a transcript with the
character error rate (CER), the way the anonymization project does.

What you will build: a NumPy CTC forward algorithm (checked against PyTorch), a tiny BiGRU-
CTC recognizer trained on 36 Khmer clips, a prefix beam search decoder, and an evaluation tool
score_system() + show diff() thatreproduces the project's CER leaderboard with
speaker-bootstrap confidence intervals.

Time: ~3.5h

e BiGRU (bidirectional GRU): a recurrent layer that reads the frames in order and carries a
memory along. Two run at once, one forwards and one backwards, so every step knows the
frames before and after it.

By the end you can ...

e explain the alignment problem (many frames, few characters) and the two standard answers:
CTC and attention encoder-decoder;

e treat Khmer text as a sequence of Unicode code points, normalize it, and say why we report
CER rather than WER;

e write the CTC collapse rule, enumerate alignments, and run the CTC forward algorithm (the
alpha trellis) by hand;

e train a small CTC model, read its spiky per-frame posteriors, decode it greedily and with a
beam;

e run Whisper on Khmer, recognize hallucination, and know why the project uses Qwen3-ASR
as its judge;

e compute CER per system and per corpus with a 95 % confidence interval that resamples
speakers, not utterances.

How to read this notebook (for the team)

You see What it is Do you need it?

yes: read the bold lines and the

Purple heading a new section and its explanation "Why it matters" line

Visualization pictures (some animated) that explain the yes: the first image of each
Version section section is the fastest way in
Additional what the next code cell does and what its optional: read just the In short
reading output means, plus extra notes lines if you are busy
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the real computation on our 48 Khmer clips

code cell + output | the 430-clip CER table

run it, look at the result
Fast path (= 45 min): purple text - first Visualization image - "In short" lines. Full path (= 3.5 h):
read everything and run every cell top to bottom.

The numbers in the explanations come from the saved run in this file. A re-run on
another machine can move CER by a point or two (the held-out set has only 12 clips)
and the training time changes.

Section 6 (Whisper, Qwen3-ASR): these models need a download that was blocked
where this file was built. Three cells there keep the output from Vicheese's own
run. They are marked in the text. Every other cell was run here from top to bottom.

1. The big idea

Goal: a network turns about 100 audio frames per second into a few dozen Khmer characters.
Nothing tells it which frame belongs to which character.

audio 16 kHz — log-mel frames (80 x T, 100 frames / s)

v
encoder (CNN / RNN / Transformer; ours: a small CNN plus a BiGRU)
I
v
per-frame scores over {characters + blank}
(192 values -> 48 values for each step; the 48 add up to 1)

v v
CTC: collapse repeats, attention decoder: emit one
drop blanks character at a time, look back
1 |
v
MY s s Fw ANE H s Aa" (33 code points for 4.2 s = 415 frames)

A 4-second Khmer sentence is about 400 feature frames but only ~30-50 characters. Nothing
tells us which frames belong to which character, and the ratio changes with speaking rate. This is
the alignment problem. Two families of models solve it:

e CTC (Connectionist Temporal Classification): the network outputs one symbol per frame from
an alphabet that includes a special blank. A fixed rule collapses the frame sequence to text.
The loss sums over every frame alignment that collapses to the reference, so no hand-made
alignment is needed. Fast, simple, monotonic. Used by wav2vec 2.0, DeepSpeech, many
production systems.

¢ Attention encoder-decoder (Whisper, Qwen3-ASR): a decoder emits characters/tokens one
at a time, conditioning on the previous ones and on an attention-weighted view of the
encoder. It learns an implicit language model, which makes it fluent, and sometimes too fluent
(hallucination).

Today we build CTC by hand because it is small enough to see every piece, then use the big
attention models as black boxes.

In our research. Anonymization changes who is speaking; it must not change what is said. The
project's judge is a Khmer ASR model (Qwen3-ASR). It transcribes the original clip and the
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anonymized clip, and the distance between the transcript and the human reference, measured as
CER, is the "utility" score on the leaderboard. Original speech scores CER = 7.6 %; a system that
pushes that to 40 % has destroyed a lot of content. Everything in sections 2 and 7 is exactly what
produces the cer columnin leaderboard.csv .

Visualization Version

1st image is the summary. The 2nd is Vicheese's own diagram of
the same pipeline.

Day 3 - §1 The big idea: many frames, few characters, no alignment

1 From audio to text: one 4.2 s clip

the sentence about the sunrise

33 code points

Nobody says which frame belongs
to which character: the alignment problem
for 415 frames - 12.6 frames per character

audio log-mel encoder per-frame scores CTC (built today)
f collapse: merge repeats, drop blanks
6 kH 4> 80 bands x T 4> our case: CNN 4> linear + softmax
z
. 100 frames/s (stride 4) + BIGRU 192 - 48 values
25
T=415 =192 values / step (47 chars + blank) \ attention decoder
Whisper, Qwen3-ASR

2 Two answers to the alignment problem 3 Our setup, in numbers
100  log-mel frames per second
CcTC Attention decoder
25  steps per second after stride 4
one symbol per frame writes one token at a time,
(a blank is allowed) looks back at the audio
A8  outputs per step (47 chars + blank)
collapse rule gives text learned a language model
loss sums over ALL alignments
arameters in our TinyCTC
+ fluent output 159.5k » 4
+ cannot write what it did not hear - can invent or loop
- no language model inside (hallucination) 7.6 % judge CER on original speech
Why it matters: anonymization must change WHO speaks, not WHAT is said. The ASR judge reads the clip; CER against the human text is the utility score.

Vicheese's own big-idea picture (the same pipeline; 415 frames + 33 code points = 12.6 frames

per character)
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Day 3 - The big idea: from audio to Khmer text

audio log-mel frames encoder (a menu: CNN / RNN / Transformer)

80 bands x T frames one feature vector per step
16 kHz waveform

100 frames per second our case: small CNN (stride 4 — 25 steps/s) + BiGRU (2 x 96 = 192 values)
4.2's=67,200 samples

42s5s->T=415 Whisper / Qwen3-ASR: Transformer

per-frame scores over {characters + blank}

linear layer + softmax: 192 values — 48 values that add up to 1

(47 Khmer code points + 1 blank) - one such row for EVERY step - the highest is the winner at that step

CTC (today, built by hand) attention decoder (Whisper, Qwen3-ASR)

collapse: merge repeats, drop blanks emit one character at a time, look back at the audio

training: sum over ALL alignments (forward algorithm) fluent - can hallucinate

L 1 1

"wemSajiisiSuanifanmifia® 33 code points for 4.2 s = 415 frames

=~ 12 frames per character, and nobody says which frames belong to which character - the alignment problem

Additional reading: you can read all of it or just
read the "In short"

CTC vs the attention decoder, in plain words

In short CTC writes only what the frames support (typo-like errors); the attention decoder is
fluent but can invent text.

e CTC is the dumb-but-honest one. Every step votes on its own; no step talks to any other.
You read the winner at each step, which gives a long string like " £1 &1 blank blank :: blank i ",
and then apply two rules: merge repeats, delete blanks. Out comes." i £1". That is the whole
decoder. There is nothing to train in it.

¢ The attention decoder is the opposite. It is a second network that writes one character at a
time, like a person. It looks at the whole encoder output and asks "which part of the audio
should | look at now?". It picks a character, then asks again for the next one, using the
characters it already wrote as context. It stops when it emits an end symbol. It is free to look
anywhere, and it blends what it hears with what it just wrote. That is when you get repeated
or invented words.

e Thatis the trade-off. CTC can only write what it heard, so its errors look like typos. The
attention decoder has a language model inside, so it writes fluent Khmer, but it can keep
writing after the audio has stopped. That is the hallucination the judge can produce.

Additional reading: you can read all of it or just
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read the "In short"

What this cell does

In short load the libraries (numpy, pandas, librosa, PyTorch), set the paths and seeds, import the
Day 1 helpers, and read the four metadata tables.

e probe :the 48 clips we train and test on (8 speakers x 6 sentences). demo : 20 clips with
text. trans : 430 clips with the reference and one judge transcript per anonymization
system. b : the project leaderboard.

e from src.utils import ... :the Day 1helpers ( load, logmel, cer,...).

e Seeds are fixed ( np.random.seed(0); torch.manual seed(0) ) so the training result
below can be repeated.

What the output means

In short it prints the table sizes: probe (48, 6), demo (20, 7), transcripts (430, 11), and the PyTorch
version.

e If this cell fails, nothing below runs. The exact PyTorch version number does not matter.

import os, sys, warnings, time, difflib, unicodedata
os.environ.setdefault("OMP_NUM_THREADS", "4") # before numpy / torch
warnings.filterwarnings("ignore")

sys.path.insert(0, "..")

from pathlib import Path

from collections import Counter, defaultdict

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import torch

import torch.nn as nn

import librosa

from IPython.display import HTML, display

from src.utils import play, show wave, show spec, median f@, load, logmel, cer, HOP

SR = 16000

DATA = Path("../data")

OUT = Path("../outputs/day3"); OUT.mkdir(parents=True, exist ok=True)
np.random.seed(0); torch.manual seed(0); torch.set num threads(4)

probe = pd.read csv(DATA / "meta/probe clips.csv") # 48 clips, 8 speakers x 6 sentences

demo = pd.read_csv(DATA / "meta/demo_clips.csv") # 20 clips with text

trans = pd.read_csv(DATA / "meta/transcripts.csv") # 430 clips: reference + hyp <system>

1b = pd.read csv(DATA / "meta/leaderboard.csv").set index("system")

print("probe", probe.shape, "| demo", demo.shape, "| transcripts", trans.shape, "| torch", torch._ version_ )

probe (48, 6) | demo (20, 7) | transcripts (430, 11) | torch 2.14.1+cul30

2. Khmer text as a sequence

To a network, text is a list of integers. For Khmer the natural unit is the Unicode code point. The
word g 7, ("1") looks like one syllable but is 5 code points: KHA, COENG (the "subscript" sign that
turns the next consonant into a subscript), NYO, the vowel sign U, and NIKAHIT (the final -m).

Khmer writes no spaces between words (spaces mark phrases, and writers use them
inconsistently). So word error rate would depend on a word segmenter that itself makes mistakes.
We score on code points instead:
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S+ D+1 edit distance(ref, hyp)

ER = =
CER N len(ref)

S, D, I are substitutions, deletions and insertions on the cheapest path, and N is the reference
length. CER can exceed 100 % when the hypothesis is much longer than the reference (insertions
are unbounded).

Before scoring we normalize both strings the same way: Unicode NFC (so the same syllable
always has the same byte sequence), then remove all whitespace and zero-width characters
(U+200B is common in Khmer web text and invisible). Small worked example: ref = # /& (3 code
points), hyp = &/ - 1substitution - CER =1/3 = 33.3 %.

Why it matters. Every number in the leaderboard's cer column depends on these choices.

Different normalization gives different numbers, so the judge and the reference must agree on
them.

Visualization Version

Day 3 - §2 Khmer text is a sequence of code points; we score with CER

1 One syllable = 5 code points 2 CER on code points: a worked example
ref T0 vowel Y KA
u+1781 U+17D2 U+1789 U+17BB U+17C6
KHA COENG NYO vowel U NIKAHIT
hyp TO vowel I KA

looks like ONE block, the model and the metric see FIVE symbols 1substitution + 3 reference code points = 33.3 %

COENG (U+17D2) is its own symbol: it makes the next consonant a subscript CER=(S+D+I)+N (canexceed 100 %)

3 The probe vocabulary: 47 symbols + blank = 48 4 Normalize both texts the same way
1832 characters in total; COENG alone is 9 % (1in 11)

NO raw reference normalized

COENG
— NFC, no spaces,
no zero-width

73 code points

with spaces
87 code points

vowel AA

otherwise every space costs an insertion
and the judge and the reference disagree

‘Why CER, not WER: Khmer has no spaces between words

o 20 40 60 80 100 120 140 160
count in the 48 probe transcripts (10 most common)

Why it matters: every number in the leaderboard's cer column depends on these choices; judge and reference must use the same normalization.

Additional reading: you can read all of it or just
read the "In short"

What this cell does
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In short define normalize() , edit distance() and cer norm() , then take the word 2 i,
apart, check the worked CER example, and show what normalization does to a real reference.

e normalize : NFC, then drop whitespace and zero-width characters (a missing hypothesis,
NaN, becomes an empty string).

e edit distance :the classic Levenshtein dynamic programme, on code points.

e cer _norm:CERin % after our normalization, using the project's jiwer -based cer
helper.

e The last lines compare our own edit distance with jiwer , and show the length of one demo
reference before and after normalize .

What the output means

In short 2 i is 5 code points; ref #& vshyp & has edit distance 1> CER 33.3 %, and
jiwer agrees; the demo reference shrinks from 87 to 73 characters after normalization.

e The 14 removed characters are the phrase spaces. Without normalization each one would
cost an insertion.
e U+17D2 KHMER SIGN COENG is a code point of its own.

ZW = {"\u200b", "\u200c", "\u200d", "\ufeff"} # zero-width space/non-joiner/joiner, BOM

def normalize(s):
# NFC, then drop every whitespace and zero-width char. NaN (missing hypothesis) becomes ""
if s is None or (isinstance(s, float) and np.isnan(s)):

return ""
s = unicodedata.normalize("NFC", str(s))
return "".join(ch for ch in s if not ch.isspace() and ch not in ZW)

def edit distance(a, b):
# Levenshtein on code points, classic O(len a * len b) dynamic programme.
prev = list(range(len(b) + 1))
for i, ca in enumerate(a, 1):

cur = [i]
for j, cb in enumerate(b, 1):
cur.append(min(prev[j] + 1, # deletion
cur[j - 11 + 1, # insertion
prev[j - 1] + (ca !'= cb)))# substitution (0 if equal)
prev = cur

return prev[-1]

def cer _norm(ref, hyp):
# CER in % on normalized code points; uses the project helper (jiwer) after our normalization.
r, h = normalize(ref), normalize(hyp)
return 100.0 * cer(r, h) if r else float("nan")

# one word, code point by code point: notice COENG (the subscript marker) is a separate code point
word = "2 "
for ch in word:
print(f"U+{ord(ch):04X} {unicodedata.name(ch)}")
print("visible syllable:", word, "| code points:", len(word))

# worked example and a check that our edit distance agrees with jiwer (src.utils.cer)

ref, hyp = "&m", "&8m"

print("edit distance", edit _distance(ref, hyp), "-> CER %.1f %%" % (100 * edit distance(ref, hyp) / len(ref)),
"| jiwer says %.1f %%" % cer _norm(ref, hyp))

# normalization matters: the demo references contain spaces (phrase breaks), the probe ones mostly do not
raw = demo.text.iloc[0]

print("raw :", repr(raw[:40]), "len", len(raw))

print("norm:", repr(normalize(raw)[:40]), "len", len(normalize(raw)))

U+1781 KHMER LETTER KHA

U+17D2 KHMER SIGN COENG

U+1789 KHMER LETTER NYO

U+17BB KHMER VOWEL SIGN U

U+17C6 KHMER SIGN NIKAHIT

visible syllable: 2, | code points: 5

edit distance 1 -> CER 33.3 % | jiwer says 33.3 %
raw : FEAF HE UL 2 8 AP UgNgs $I§8 w' len 87
norm: PEAFRH S UM e G E AT UEE 97 § &% e, len 73
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Additional reading: you can read all of it or just
read the "In short"

The five code points of 2 £,
In short the five printed names, drawn as the characters they make.

e U+1781 KHMER LETTER KHA - =
U+17D2 KHMER SIGN COENG - =
U+1789 KHMER LETTER NYO - &0
U+17BB KHMER VOWEL SIGN U - o
U+17C6 KHMER SIGN NIKAHIT = o

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short build the character vocabulary from the 48 probe transcripts, with id O reserved for the
CTC blank, and print some statistics.

e counts : how often each code point appears. vocab = ["<blank>"] + sorted
characters ; char2id maps a character to its number.

e The last two lines print the sentence lengths and the average frames per sentence at 100
frames/s.

What the output means

In short vocabulary size 48 (47 code points + blank); the most common symbols are & (168), .
COENG (168), 1 (160), i (112), i (88); sentences are 26-50 code points long and 356-450
frames.

e Only 6 sentences, so only 5 different lengths (two sentences have the same length): 26, 36,
38, 43, 50.

e frames per sentence: [443, 356, 407, 450, 433, 400] isthe mean clip length x
100.

# Character vocabulary from the 48 probe transcripts (+ blank for CTC). Notice how few symbols Khmer needs.
probe["norm"] = probe.text.map(normalize)

counts = Counter("".join(probe.norm))

chars = sorted(counts)

vocab = ["<blank>"] + chars # id 0 is reserved for the CTC blank

char2id = {c: i for i, ¢ in enumerate(vocab)}

print("vocab size (incl. blank):", len(vocab))

print("5 most common:", [(c, n, unicodedata.name(c).replace("KHMER ", "")) for c, n in counts.most common(5)])
print("sentence lengths (code points):", sorted(set(len(s) for s in probe.norm)))

print("frames per sentence (100/s):", [int(100 * d) for d in probe.groupby("sentence id").duration.mean().round(2)])

vocab size (incl. blank): 48
5 most common: [('s&', 168, 'LETTER NO'), ('=', 168, 'SIGN COENG'), ('3', 160, 'VOWEL SIGN AA'), ('m', 112, 'LETTER KA')
('*s5', 88, 'LETTER RO')]
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sentence lengths (code points): [26, 36, 38, 43, 50]
frames per sentence (100/s): [443, 356, 407, 450, 433, 400]

Additional Reading

In short 47 code points + blank is a tiny alphabet; a healthy CTC model is mostly blank (about 90
% at 100 frames/s, about 2 blank frames per character at our 25 frames/s).

How to read the numbers. The whole probe set uses only 47 distinct code points (plus blank, so
48). A sentence of 26-50 code points spans 220-590 frames at 100 frames/s. So a CTC model
must emit blank on roughly 90 % of frames. Keep that in mind for the posterior plot in section 4.
After our stride-4 conv the model runs at 25 frames/s, which still leaves about 2 blank frames for
every character.

The top five mix frequent consonants (NO, KA, RO) with the subscript marker COENG and the
vowel sign AA. COENG alone is 1 symbol in 11 (168 of 1,832 characters). A model that mishandles
subscripts (common on noisy phone audio) loses points every few syllables.

3. CTC explained by hand

CTC adds one symbol, the blank ( - ), to the alphabet. The network outputs one symbol per
frame. The collapse rule 3 turns that frame sequence (a path) into text:

1. merge consecutive identical symbols,
2. delete blanks.

So --kk-aa-a-- = -k-a-a- - kaa.The blank is what lets us write a double letter: aa
without a blank between collapsesto a; a-a stays aa.

Many paths collapse to the same text. The CTC loss is the negative log of the sum over all those
paths:

Y|X Z Hptﬂ't

neB(y) t=

Summing over exponentially many paths is cheap with dynamic programming (the forward
algorithm). Write the target with blanks around every character, £ = (—, YLy =5 Y2y —yev sy —).
Let o (s) be the total probability of all path prefixes of length ¢ that end at position s of £'. Each
step can stay (s), advance one (s — 1), or skip a blank (s — 2, only allowed when £, is a
character different from £/ _,):

ay(s) = (at,l(s) +o1(s—1)+ oy 1(s— 2)) pi(£)

Why it matters. This is the entire trick. No frame labels, no alignment file. The gradient of this
sum teaches the network where characters are, as a by-product.
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Visualization Version

1st image is the summary. Then the trellis animation and
Vicheese's CTC picture.

Day 3 - §3 CTC by hand: collapse the path, sum over all paths

1 The collapse rule (2 steps) 2 Many paths, one text

path (11 frames) ‘ - u -kl x

1 merge repeats ‘ :

e |I||Z||Z|

result: 'kaa'. A double letter needs a blank: a-a - aa, but aa > a

243

possible paths of length 5over {-ab}

35

of them collapse to 'ab"

P(text) = sum of the probabilities of all of them

3 The alpha trellis for 'abb' (6 frames, real run)

white = unreachable

answer = the two cyan cells

exp(-4.80) = 0.82 %
+exp(-5.66) = 0.35 %
=117 %

log P(abb | x) = -4.446826
same value from 3 methods:
trellis, brute force (729 paths),
torch.nn.CTCLoss

frame t

4 Each cell: three moves

alt,s) = (alt-1,s) stay

+alt-1s-1) advance

+a(t-15-2)) skip a blank
x p_t(symbol s)

skip is forbidden when the two letters.
are equal (the two b's of 'abb')
because CTC needs a blank between them

no frame labels needed:
the sum does the aligning for us

Why it matters: this is the entire trick. The gradient of this sum teaches the network WHERE the characters are, as a by-product.

Animated: the alpha trellis fills in frame by frame (the real run of the next cells)

I'=-a-b-b-

frame O: each cell = stay + advance + skip, times p_t(symbol)

frame t
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Vicheese's picture: how a CTC recognizer works

How a CTC speech recognizer works (and why the project uses one)

1. audio - log-mel frames (100 per second)

How it is trained: no frame labels needed

We only know the transcript §a, not which frames belong to which character.

Many different paths collapse to the same text, for example:

2. the network scores EVERY frame: 47 Khmer code points + blank ‘-, highest wins
ssss®TAannAannn

CTC loss = —log( sum of the probabilities of ALL such paths )

- - - - - n n - - The forward algorithm (dynamic programming) computes that sum cheaply.
The network learns WHERE the characters are as a by-product.

f 2 4 f f f8 10 f f2

after training: blank wins on most frames, each character fires in 1-2 frames (the ‘spiky” output)

3. the collapse rule turns the path into text

Why CTC in our project
path: --ss-T--An-- 4 (2
merge repeats: -s-%_.@- + No alignment needed: train from (audio, transcript) pairs only
ats:
+ Works for any clip length: one output per frame, then collapse
drop blanks: s A

+ Can only write what it heard: no decoder state, so no invented text

a _ . (attention decoders like Whisper can hallucinate fluent Khmer)
- i (3 code points from 12 frames)
+ Small and fast: our tiny version is 160 k parameters, trains on a laptop CPU

Where it sits in the project: the ASR judge transcribes original and anonymized speech; CER between its transcript and the human reference

is the utility score on the leaderboard. CTC is the mechanism we build by hand on Day 3 to understand how any recognizer, including the judge, reads audio.

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short define the collapse rule collapse() , testit on three strings, and list every path of
length 5 over {-, a, b} thatcollapsesto ab .

e collapse : keep a symbol only if it differs from the previous one and is not a blank.
e itertools.product("-ab", repeat=5) makes all 3° = 243 paths; we keep the ones
where collapse(path) == "ab" .

What the output means

Inshort --kk-aa-a-- - kaa; kaa - ka (repeats merge); ka-a - kaa (a blank keeps the two
a's); 35 of 243 paths collapse to ab .

e Many paths, one text. That is why the loss has to be a sum over paths.
e The 35 paths are printed one by one, e.g. ---ab, --a-b, aaabb, abbbb .

# testing collapse function
def collapse(path, blank="-"):
# the CTC collapse rule B: merge repeats, then drop blanks
out, prev = [], None
for s in path:
if s != prev and s != blank:
out.append(s)
prev = s
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return "".join(out)

print('collapse("--kk-aa-a--")
print('collapse("kaa")
print('collapse("ka-a")

, collapse("--kk-aa-a--"))

, collapse("kaa"), " <- repeats merge without a blank")
, collapse("ka-a"), " <- blank separates the two a's")

# Enumerate all paths of length T=5 over {-,a,b} that collapse to "ab": many-to-one

import itertools

T=5
paths = ["".join(p) for p in itertools.product("-ab", repeat=T)]
good = [p for p in paths if collapse(p) == "ab"]

print(f"\n{len(paths)} possible paths of length {T}, {len(good)} of them collapse to 'ab':")

print(" ".join(good))

collapse("--kk-aa-a--") = kaa

collapse("kaa") = ka <- repeats merge without a blank
collapse("ka-a") = kaa <- blank separates the two a's

243 possible paths of length 5, 35 of them collapse to 'ab':

---ab --a-b --aab --ab- --abb -a--b -a-b- -a-bb -aa-b -aaab -aab-
b aa--b aa-b- aa-bb aaa-b aaaab aaab- aaabb aab-- aabb- aabbb ab---

-aabb -ab-- -abb- -abbb a---b a-

abb- -

abbb- abbbb

-b-

a--bb a-b--

a-bb- a-bb

Additional reading: you can read all of it or just

read the "In short"

What this cell does

In short compute "the probability that the model says abb " with the forward algorithm, then

prove it two other ways.

¢ Fake scores: 6 frames x 3 symbols (blank, a, b) of random numbers, turned into probabilities
per frame. No audio, no model; the point is the arithmetic.

e ctc_forward , the trellis: it writes the target with blanks around every character, - a - b
- b -,andfillsa6 x 7table alpha . alpha[t, s] = total probability of every partial path

that has reached position s after frame t . Each cellis built from three moves from the

previous frame: stay on the same position, advance one, or skip over a blank. The skip is
forbidden between two identical letters. This is why abb was chosen: the two b's must be

written b - b . The final answer adds the two legal end points: finishing on the last blank or

on the last b.

e Check 1, brute force: list all 3% = 729 paths, keep those that collapse to abb , add their

probabilities.

e Check 2, PyTorch: call torch.nn.CTCLoss on the same scores.

What the output means

In short log P(abb|x) = -4.446826: with these random scores the model would produce abb

with probability e*-4.45 = 1.2 %. All three methods agree to six decimals.

e loss =4.446826: CTC loss is just minus that log-probability. Training pushes it down, which

pushes the probability of the right transcript up.

e All three numbers match. That is the real result of the cell: the trellis equals the brute-force

sum, and PyTorch's built-in loss is exactly this sum. From here on you can trust

nn.CTCLoss as a black box, knowing what is inside it.

e The probability is low because the scores are random, as you would expect from an untrained

model.
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# CTC forward algorithm in NumPy (log domain) on a toy: vocab = [blank, a, b], target "abb", T = 6 frames.
# "abb" is a good test: the two b's force a blank between them, so the s-2 skip is NOT allowed there.

rng = np.random.default rng(0)

V, T=3,6

logits = rng.normal(size=(T, V))

logp = logits - np.log(np.exp(logits).sum(-1, keepdims=True)) # per-frame log-probabilities (T, V)
target = [1, 2, 2] # "abb"

def ctc forward(logp, target, blank=0):
# returns log P(target | x) and the full alpha trellis (T, S) in log domain
ext = [blank]
for c in target:
ext += [c, blank] #1'=-a-b-b -
S, T = len(ext), logp.shape[0]
alpha = np.full((T, S), -np.inf)
alpha[0, 0] = logp[0, ext[0]] # start with blank ...
alpha[0, 1] = logpl[0, ext[1]] # ... or with the first character
for t in range(1l, T):
for s in range(S):

cands = [alpha[t - 1, s]] # stay
if s >= 1:
cands.append(alpha[t - 1, s - 1]) # advance
if s >= 2 and ext[s] != blank and ext[s] != ext[s - 2]:
cands.append(alpha[t - 1, s - 2]) # skip the blank between two different chars
alphal[t, s] = np.logaddexp.reduce(cands) + logp[t, ext[s]]
11 = np.logaddexp(alphal[T - 1, S - 1], alphal[T - 1, S - 2]) # end on final blank or final char

return 11, alpha, ext

11, alpha, ext = ctc forward(logp, target)
print("NumPy log P(abb|x) = %.6f -> loss = %.6f" % (11, -11))

# check 1: brute force over all 376 = 729 paths
probs = np.exp(logp)
brute = sum(np.prod([probs[t, c] for t, c in enumerate(p)])
for p in itertools.product(range(V), repeat=T)
if collapse("".join("-ab"[c] for c in p)) == "abb")
print("brute log P(abb|x) = %.6f" % np.log(brute))

# check 2: torch.nn.CTCLoss (expects (T, batch, V) log-probs, targets as a flat tensor)

ctc = nn.CTCLoss (blank=0, reduction="sum")

loss t = ctc(torch.tensor(logp, dtype=torch.float32)[:, None, :], torch.tensor([target]),
torch.tensor([T]), torch.tensor([len(target)]))

print("torch Tloss = %.6f" % loss_t.item())
NumPy log P(abb|x) = -4.446826 -> loss = 4.446826
brute 1log P(abb|x) = -4.446826

torch loss = 4.446826

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short draw the alpha trellis from the previous cell as a heatmap: rows = positionsin - a - b
- b -, columns = frames, colour and number = log o.

e Cells that cannot be reached are left white ( NaN ). Each reachable cell shows its log-
probability.
What the output means

In short the answer is in the top-right corner: the last two cells are —4.8 (end on the final b) and
-=5.7 (end on the final blank).

e exp(-4.80) = 0.82 % and exp(-5.66) = 0.35 %. Added: 117 % = 1.2 %, the same number as
the previous cell.
e See the How-to-read notes below.
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# The alpha trellis: rows = positions in l' (blank, a, blank, b, blank, b, blank), columns = frames.
fig, ax = plt.subplots(figsize=(12, 3.5))
A = np.where(np.isfinite(alpha), alpha, np.nan).T # (S, T), impossible cells = NaN (white)
im = ax.imshow(A, aspect="auto", cmap="magma", origin="lower")
ax.set yticks(range(len(ext))); ax.set yticklabels(["-ab"[c] for c in ext])
ax.set_xticks(range(T)); ax.set xlabel("frame t"); ax.set_ylabel("position s in 1'")
ax.set_title("CTC forward trellis: log alpha t(s) for target 'abb' (white = unreachable)")
for s in range(len(ext)):
for t in range(T):
if np.isfinite(alphalt, sl):
ax.text(t, s, f"{alphal[t, s]:.1f}", ha="center", va="center", fontsize=8,
color="white" if alphal[t, s] < np.nanmax(A) - 2 else "black")

plt.colorbar(im, ax=ax, label="log probability"); plt.tight layout(); plt.show()

CTC forward trellis: log alpha_t(s) for target 'abb’ (white = unreachable)

b -
E 4
wv
S b 23
3
S -1 25
a- -1.5 23
-4 -1.2 23
‘ T
0 1

frame t

Additional Reading

In short time runs lefttoright, - a - b - b - bottom to top; white = cannot be reached yet;
the answer is the sum of the two top-right cells.

How to read this plot. Time runs left to right. The extended target - a - b - b - runs bottom
to top. Only two cells are reachable at ¢ = 0 (start on a blank or on a ). The reachable band
grows by at most two rows per frame. So the top-left triangle is white: you cannot have spelled
a b b by frame 1. In the bottom right nothing is white: staying on the first blank is still possible
at frame 5, but it is a very small number (-8.6, the darkest cell), because that path never wrote
any character.

Look at the row of the second b (position 5). It can only be reached from the blank below it
(position 4) or from itself, never by skipping from the first b (position 3). That is exactly the "no
skip between identical characters" rule. The final log-likelihood is the log-sum of the two top-
right cells. Darker = less probable. The values are logs, so a difference of 2.3 means 10x.

Everything the network learns comes from 9(— log P)/0p;(k), which is just (alpha x beta)
renormalized. Frames that lie on many good paths get the strongest push.

Additional reading: you can read all of it or just
read the "In short"

Which cell is the answer?

In short only the top-right corner is the answer; the other cells are running totals.
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The final answer is just one number, 1.2 %. It is read off the top-right corner. All the other cells are
partial progress on the way there, not answers.

e Each cell answers a smaller question. For example, "position 3 (the first b), frame 2" means:
what is the chance that after 3 frames we have written "a b", ending on the first b? Every cell
is a different "how far have we got, by when", so the numbers differ.

e Think of a running bank balance. Each day has its own balance, but the only one you care
about is the one on the last day. The earlier ones exist so you do not have to redo all the
maths from scratch.

e The colours show how big each partial number is. Light yellow = a large probability, dark
purple = a small one.

Additional reading: you can read all of it or just
read the "In short"

How the two end cells give the answer
In short add the two top-right cells: 0.82 % + 0.35 % =117 % = 1.2 %.

The two cells that give the final probability of abb sit in the last frame, in the last two rows. The
paths that reach them have already spelled the whole "a b b". One group ends on the final b, the
other adds a blank after it. Both collapse to "abb", so you add them.

Any other cell in the last column, like -8.6 at the bottom, is a path that ran out of frames before
finishing the word. Those do not count.

e -48->0.82%
e -57->035%
e added > 117 % = 1.2 %

4. A tiny CTC model on 36 Khmer clips

Plan. 80 log-mel bins = 1-D convolution (kernel 5, stride 4: 100 frames/s become 25/s, which is
still about 1.5-4.7 frames per character (computed separately, not printed by the cells)) - one
bidirectional GRU layer (hidden 96 per direction) - linear layer to len(vocab) = characters +
blank = log-softmax per frame. Loss = nn.CTCLoss , Adam, mini-batches of 4 clips. Training
set: 6 speakers x 6 sentences = 36 clips. Held out: the other 2 speakers saying the same 6
sentences. (A second GRU layer or stride 2 would work the same way, but Vicheese estimates
about 4x the CPU time; not tested here.)

Be honest about what this is. With 6 distinct sentences the model will mostly memorize them. It
learns "this acoustic shape - this string", not Khmer. That is fine for today. The purpose is to
watch CTC do its thing: the loss falling, and the characteristic spiky posteriors where the blank
dominates and each character fires on one or two frames.
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Why it matters. The same loop, with hundreds of hours of audio and a bigger encoder, is a real

recognizer. Seeing the spikes once makes every CTC paper readable.

Visualization Version

1st image is the summary. Then the training animation and
Vicheese's two pictures (train vs test, and the decoding cell).

Day 3 - §4 A tiny CTC model: it memorizes 6 voices and fails on 2 new ones

1 TinyCTC = Convld = BiGRU - Linear (159.5 k parameters)

log-mel Convid BiGRU Linear + log-softmax CTCloss
80xT > kernel 5, stride 4 > 96 per direction > 48 scores vs. the true text
100 frames/s > 25 steps/s =192 values (47 chars + blank) Adam, 80 epochs
2 Training loss (log scale) 3 Mean CER, greedy decoding
474 80
70
60
3
g 1004 50
s 8
g g%
% 8 0/12
S 30
° perfect
15
10 20 29/36
perfect
10
0043 0.6 %
o
o 10 20 30 40 50 60 70 80 90 train held-out
epoch (6 speakers seen) (2 new speakers)

4 Spiky posteriors on one memorized training clip (blank is the winner on 65 % of frames)

—— Plblank)  —— max P(character)

time (s)

Why it matters: train 0.6 % vs held-out 66.9 % is overfitting: with 36 clips the model learned 6 voices, not Khmer sounds. The spikes are what healthy CTC looks like.

Animated: the loss curve grows while the posteriors of one clip turn from "all blank" into
spikes (real snapshots of this training)

epoch 1: loss 4.740 same clip: blank wins 100 % of frames, O characters emitied {reference: 26)
1.0
= 0.5
2
8 100
m
G 0.6
C
Q@
=9
@
o
2 0.4
o
=
Q
1m0 0.2
e e T e e——
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= Plblank) = max Picharactes]
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Vicheese's picture: how the model is trained (left) and tested (right)

Day 3 - From audio to text: how the model is trained, and how it is tested

Every clip comes as a PAIR:

audio (what was heard) log-mel 80 x T

TinyCTC model
log-mel
—> Conv1d - BIGRU - Linear

its ONLY input is the log-mel

per-step scores

48 probabilities per step (47 characters + blank)
shape: steps x 48

-
-
. better weights -
text (what was said) "
/’/
@ainesnidisindisiysens training: scores go to the loss
-
/,/—’ testing: scores get decoded
true text IS used for learning "
- o o o o o o o o o o o o= P A ——————
/”
‘/’
@ TRAINING (36 clips) " @ TESTING (model frozen)
/”
v el
CTC loss backward + Adam greedy decode hyp

per-step scores best symbol per step
nudge every weight so that
+ TRUE text :

P(true text) goes up H

- merge repeats

- —log P(true text) - drop blanks

what the model wrote

(astring)

}

v

repeat: 9 batches x 80 epochs
voice seen in training:

the model slowly learns which log-mel patterns

3>

produce which characters

same sentence, NEW speaker:

training loss 4.74 - 0.043

hyp gmey1sBasgi

ref idnianedniiluinbisiasens

ref inianssativindisingseni

compare: CER(ref, hyp)

CER 0 %
(memorised)

hyp iduignesaifvindisiassn

CER 65 %

in testing the true text is held back: NOT shown to the model, used only as 'ref' to score the result

Vicheese's picture: what goes in and what comes out of the decoding cell
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Day 3 - Section 4 decoding cell: what goes in, what comes out

-

greedy_decode(logp_row, n_frames) — one clip's scores become text

INPUT: per-frame probabilities (n_frames = 8 real frames)

step 1 argmax per frame:

0 1 1 0 2 0 3 0
OUuTPUT

step 2 keep if # 0 and = previous:
(cut off) > >
v v v

padding

(<o)}
2l

keptIDs [1,2,3] — map to characters astring

2. model.eval() + torch.no_grad(): model(X, lengths) — run the trained model on every clip at once

TinyCTC
ey Convid stride 4 - BIGRU - Linear ks St
80 x 592 log-probabilities
—_— eval mode - no gradients —_—
) (test only, nothing is learned)

] ]
J J
J

J
INPUT X _tr: (36, 89, 592) 36 padded clips OUTPUT 1p_tr: (36, 148, 48) one table per clip
x1 tr: [317, 221, 592, .1 true frame counts ol _tr: [80, 56, 148, ..] real steps (+ 4)

J

3. eval_split(df, Ip, ol, name) — decode every clip, score with CER, summarise
for every clip: decode, then score

INPUT OUTPUT
rints:
df  references (ref) dip - F;ERMZV
1p all clips' score tables - mean 2. o
ol real lengths 1 ga 8a 0.0 % perfect clips 1/3
name ‘'train' / 'held-out > 2 &n an 33% —_—>
a_ - returns:
3 Sa sA 333% (T, car)

toy example with 4 symbols (0 = blank, 1=,2 =7,

). The real run: 48 symbols, 36 train clips - mean CER 0.6 %, 29/36 perfect; 12 held-out - 66.9 %, 0/12 perfect.
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Additional reading: you can read all of it or just
read the "In short"

Why a tiny model
In short CTC is the loss, the network is our choice; we use a tiny one so we can see everything.

CTC is not a model, itis a loss. There is no ready-made "CTC model" to plug in. Every CTC
recognizer is some network trained with that loss, so you always have to pick a hetwork. We
picked a tiny one for three reasons:

e 36 clips is a very small dataset. A big network would just memorize them. Even the tiny one
does: 0.6 % CER on training clips but 66.9 % on new ones.

e [truns on your laptop. 160k parameters train on a CPU in about a minute. A real recognizer
has hundreds of millions of parameters and needs GPUs and thousands of hours of speech.

e The point is to watch CTC learn. With a small model you can see the loss drop, the spiky
outputs and the blank taking over.

A big pretrained CTC model, like a Khmer wav2vec2, would give a much better CER. But that
teaches you how to use a model, not how CTC works. It is also the job of the real judge in section
6.

Additional reading: you can read all of it or just
read the "In short"

What CTC is for
In short CTC gives one "how wrong are you" number without any frame labels.

CTC is a way to train a speech model when you know what was said but not when each sound
happened.

e The problem: a clip has hundreds of frames but only a few dozen characters, and nobody
has marked which frame is which character. Normal training needs a correct label for every
output, and we do not have that.

e What CTC does: the model guesses a symbol (or blank) at every frame. CTC then scores
those guesses against the transcript by adding up every frame-by-frame path that collapses
to the right text. That is the forward algorithm you just went through. The minus log of that
total is the loss.

e Its job: give the model one number that says "how far off are you?", without anyone lining up
frames and characters by hand. Training pushes that number down, and the model works out
the alignment on its own.

So a "CTC model" is shorthand for any network trained with this loss. You read its output by
taking the best symbol at each frame and collapsing.
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Additional reading: you can read all of it or just
read the "In short"

When to use CTC

In short use CTC when the output keeps the order of the input (speech, handwriting); not for
translation.

CTC is for one specific situation: the input is a long sequence, the output is a shorter sequence,
and you do not know which input part goes with which output part.

e Speech to text: frames to characters. This is the classic use.

e Handwriting recognition: pen strokes or image columns to letters. CTC is used here too.

¢ Image classification, like your Day 2 speaker ID: one clip, one label, nothing to line up. Plain
cross-entropy is enough. No CTC needed.

It also needs the output to come in the same order as the input. That is true for speech, but not
for translation, where word order changes. That is why translation uses attention decoders
instead.

Think of someone saying "cat" slowly: "c c caaaatt". The orderis already right. CTC's job is to
work out where "c" ends and "a" starts, then squash the repeats and blanks into "cat". If the
characters were shuffled, like "t a ¢" when you wanted "cat", CTC could not fix that.

So the short version: CTC is for in order but stretched, not for out of order.

Additional reading: you can read all of it or just
read the "In short"

Our tiny CTC vs the big models

In short our model = Conv1d (shorter) - BiGRU (context) - Linear (48 scores); CTC is only the
loss.

The architecture is different too, not just the size. Ours is a small conv layer, then a BiGRU, then
a linear layer. That is an older, DeepSpeech-2 style recipe. The big models use a different
architecture:

e wav2vec2 is a CNN plus a Transformer, trained with CTC like ours.
e Whisper and Qwen3-ASR have an attention decoder, so they do not use CTC at all.

What we share with wav2vec?2 is the overall plan: an encoder makes per-frame scores, CTC trains
it, then you collapse. The engine inside the encoder is a different one.

Our three pieces, in order:
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e Convid (stride 4): looks at small windows of the log-mel and squeezes the time axis by 4, so
100 frames a second become 25. It is cheaper, and there are still more steps than characters.

e BiGRU: reads those steps in order, carrying a memory along. One GRU runs forwards and one
backwards, so every step knows the sound before and after it. That matters because Khmer
sounds blend into their neighbours.

¢ Linear layer: at each step, turns the BiGRU's 192 numbers into 48 scores, one for each
Khmer character plus blank. A softmax turns those into probabilities.

So the conv shortens the sequence, the BiGRU adds context, and the linear layer picks the
symbol. CTC is not one of the layers; it is the loss that trains all three.

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short turn every clip into a log-mel "image", turn every transcript into a list of ids, split speakers
into train and held-out, and build padded batches.

o Features: feats makes alog-mel (80 bands x frames) and rescales it to roughly -1...1 so
the network trains more smoothly.

e Labels: each transcript becomes a list of numbers, one id per Khmer code point.

e Split: the last 2 of the 8 speakers are held out - 36 training clips and 12 test clips from

voices the model never hears.

make_batch : clips have different lengths, so shorter ones are padded with "silence" (-1) up

to the longest. It also keeps each clip's true length so CTC ignores the padding.

What the output means

In short clips run from 221to 592 frames (2.2-5.9 s); the full training batch is 36 clips x 80
bands x 592 frames; held-out speakers are iany-s-600bbcad and iany-s-707a4c7a.

e Features take a few seconds on CPU.
e One example clip has shape (80, 317): 3.17 s.

# Features: log-mel (80, T) in dB, rescaled to roughly [-1, 1]. Same STFT settings as Day 1.
def feats(path):
M = logmel(load(path)) # (80, T), 0 dB = loudest bin, -80 = floor
return ((M + 40.0) / 40.0).astype(np.float32)

t0 = time.time()

probe["feat"] = [feats(DATA / "audio/probe" / f"{u}.wav") for u in probe.utt id]

probe["ids"] = [[char2id[c] for c in s] for s in probe.norm]

print("features computed in %.1f s; example shape %s" % (time.time() - tO, probe.feat.iloc[0].shape))

speakers = sorted(probe.speaker.unique())

held out = speakers[-2:] # leave 2 speakers out

train_df = probe[~probe.speaker.isin(held out)].reset_index(drop=True)

test df = probe[probe.speaker.isin(held out)].reset index(drop=True)

print("train clips", len(train_df), "| held-out clips", len(test df), "| held-out speakers", held out)

def make batch(df):
# pad features to the longest clip in the batch; CTC needs the true lengths
T max = max(f.shape[l] for f in df.feat)
X = np.full((len(df), 80, T max), -1.0, dtype=np.float32) # pad with "silence" (-1 = floor)
for i, f in enumerate(df.feat):

Day 3 - Speech recognition with CTC — page 21/ 50



X[i, :, :f.shape[l]] = f
x_lens = torch.tensor([f.shape[l] for f in df.feat])
targets = torch.tensor([c for ids in df.ids for c in ids]) # flat, as CTCLoss wants
[

y lens = torch.tensor([len(ids) for ids in df.ids])
return torch.tensor(X), x_lens, targets, y lens

X tr, xU tr, y tr, yl tr = make _batch(train_df)
X te, x1 te, y te, yl te = make batch(test df)
print("train batch", tuple(X tr.shape), "| frames per clip", x1l tr.min().item(), "..", x1l tr.max().item())

features computed in 0.9 s; example shape (80, 317)
train clips 36 | held-out clips 12 | held-out speakers ['iany-s-600bbcad', 'iany-s-707a4c7a'l
train batch (36, 80, 592) | frames per clip 221 .. 592

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short define TinyCTC , then train it for 80 epochs with CTC loss, Adam and gradient clipping,
and save the weights.

e TinyCTC is the Convild - BiGRU - Linear stack. Two details: it works out each clip's new
length after the stride-4 squeeze, and "packing" stops the backward GRU from reading the
padding.

¢ Training setup: Adam optimizer, CTC loss with blank as symbol 0. Each of the 80 epochs is 9
mini-batches of 4 clips. Gradient clipping stops sudden loss spikes, which RNNs with CTC
are prone to.

What the output means

In short 159.5 k parameters; the loss falls from 4.74 (epoch 1) to 3.20 (epoch 10), 1.26 (30), 0.28
(50), 0.043 (80); training takes about a minute on CPU; the weights go to
outputs/day3/tiny ctc.pt.

e At the start, the probability given to the right transcript was tiny. At the end it is very high, but
only for the 36 training clips.

e The real test is the decoding cell below, on the 2 unseen speakers. Expect it to do much
worse there, because the model has basically memorized 6 sentences.

from torch.nn.utils.rnn import pack padded sequence, pad packed sequence
STRIDE = 4 # 100 frames/s -> 25 frames/s

class TinyCTC(nn.Module):
def _ init_ (self, n_mels=80, hidden=96, n_out=len(vocab)):
super(). init ()
self.conv = nn.Convld(n _mels, hidden, kernel size=5, stride=STRIDE, padding=2)
self.gru = nn.GRU(hidden, hidden, num layers=1, bidirectional=True, batch first=True)

self.fc = nn.Linear(2 * hidden, n_out) # characters + blank
def forward(self, x, x_lens): # x: (B, 80, T)

h = torch.relu(self.conv(x)).transpose(1l, 2) # (B, T/4, hidden)

lens2 = (x_lens + STRIDE - 1) // STRIDE # output length of the strided conv (ceil)

packed = pack padded sequence(h, lens2.cpu(), batch first=True, enforce sorted=False)

out, = self.gru(packed) # packing stops the backward GRU from reading padding

out, = pad_packed sequence(out, batch first=True)

return self.fc(out).log softmax(-1), lens2 # (B, T/4, V) log-probs

model = TinyCTC()

print("parameters: %.1f k" % (sum(p.numel() for p in model.parameters()) / 1le3))

opt = torch.optim.Adam(model.parameters(), lr=5e-3)

ctc_loss = nn.CTCLoss(blank=0, reduction="mean", zero_ infinity=True) # zero infinity: skip a clip if T < L
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EPOCHS, BS = 80, 4
losses = []
t0 = time.time()
for epoch in range(1l, EPOCHS + 1):
model.train()
perm = torch.randperm(len(train df)); ep loss = []
for b in range(0, len(train_df), BS): # 9 mini-batches of 4 clips per epoch
Xb, xlb, yb, ylb = make batch(train df.iloc[perm[b:b + BS].tolist()].reset index(drop=True))
opt.zero grad()
logp, out lens = model(Xb, x1lb)
loss = ctc loss(logp.transpose(0, 1), yb, out lens, ylb) # CTCLoss wants (T, B, V)
loss.backward()
nn.utils.clip grad norm (model.parameters(), 5.0) # RNN + CTC: clip to avoid loss spikes
opt.step(); ep loss.append(loss.item())
losses.append(float(np.mean(ep loss)))
if epoch % 10 == 0 or epoch == 1:
print(f"epoch {epoch:3d} ctc loss {losses[-1]:.3f} ({time.time() - tO0:.0f} s)")
torch.save(model.state dict(), OUT / "tiny ctc.pt")
print("trained in %.0f s" % (time.time() - t0))

parameters: 159.5 k

epoch 1 ctc loss 4.740 (1s)
epoch 10 ctc loss 3.200 (8 s)
epoch 20 ctc loss 2.234 (16 s)
epoch 30 ctc loss 1.265 (25 s)
epoch 40 ctc loss 0.621 (33 s)
epoch 50 ctc loss 0.282 (41 s)
epoch 60 ctc loss 0.157 (49 s)
epoch 70 ctc loss 0.075 (57 s)
epoch 80 ctc loss 0.043 (65 s)

trained in 65 s

Additional reading: you can read all of it or just
read the "In short"

What CTC loss means

In short CTC loss = -log P(correct text), per character; use it to compare, not as a score.

CTC loss is minus the log of the probability the model gives the correct transcript: the same sum
over all paths we worked through for "abb" . In our code PyTorch also divides by the transcript
length, so it is roughly per character.

0 = the model is completely sure of the right transcript.

Higher = less sure.
0.043 per character ~ 96 % confidence on each character (e*-0.043 = 0.958).
4.74 at the start = the untrained model (a high loss: it is far from sure of the right transcript).

Good or bad? There is no universal cut-off: the value depends on transcript length, vocabulary
size and how the loss is averaged. Use it comparatively:

e it should go down during training;
e training loss should stay close to test loss.

Our 0.043 looks great, but it is only on clips the model memorized. To judge the model, look at
CER on the held-out speakers in the decoding cell. Tiny training loss + high held-out CER =
overfitting.

Additional reading: you can read all of it or just
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read the "In short"

Adam and gradient clipping

In short Adam = safe default optimizer; clipping caps each update (max norm 5) so one odd
batch cannot wreck training.

Adam is the usual default. It is not the most efficient optimizer, but it is the safe go-to. It gives
each weight its own step size, so it works well without much tuning. Big Transformers usually use
AdamW, a close variant.

Gradient clipping is a speed limit on updates. If the gradient suddenly gets huge, which happens
with GRUs and CTC, it is scaled down to a maximum size (here 5) before the weights change.

It matters in our case for two reasons:

e The GRU reuses the same weights at every step, over 56 to 148 steps per clip, so gradients
can multiply and suddenly blow up.
e With only 4 clips per batch, one odd clip can produce a huge gradient.

Without clipping, that one step could throw the weights far off and the loss would spike,
sometimes all the way to NaN. With clipping, a huge gradient keeps its direction but gets shrunk,
so training stays smooth. Clipping may help keep training smooth; we did not test it (we never
trained without it).

Additional reading: you can read all of it or just
read the "In short"

What this cell does
In short plot the training loss per epoch on a log axis and print its first and last value.

e losses holds the mean loss of each epoch.

What the output means
In short a smooth, falling curve: 4.74 - 0.043.

e They axis is logarithmic, so a straight line means a constant percentage decrease per epoch.
e See the How-to-read notes below.

fig, ax = plt.subplots(figsize=(12, 3))

ax.plot(range(1l, EPOCHS + 1), losses)

ax.set(title="Tiny CTC on 36 Khmer clips: training loss", xlabel="epoch", ylabel="CTC loss (mean per clip)", yscale="log")
ax.grid(alpha=0.3); plt.tight layout(); plt.show()

print("loss: first %.2f -> last %.3f" % (losses[0], losses[-1]))

Font 'default' does not have a glyph for '\u2212' [U+2212], substituting with a dummy symbol.
Font 'default' does not have a glyph for '\u2212' [U+2212], substituting with a dummy symbol.
Font 'default' does not have a glyph for '\u2212' [U+2212], substituting with a dummy symbol.
Font 'default' does not have a glyph for '\u2212' [U+2212], substituting with a dummy symbol.
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Tiny CTC on 36 Khmer clips: training loss

100_

CTC loss (mean per clip)

epoch

loss: first 4.74 -> last 0.043

Additional Reading

In short the loss drops fast in epoch 1-2, crawls until about epoch 10, then falls steadily; it never

goes up.

How to read this plot. The y axis is logarithmic. The loss drops from 4.74 to 3.64 in the first two
epochs and is still 3.20 at epoch 10. Our reading (an interpretation, not something the output
shows): in this slow start the model first learns to output blank almost everywhere, which is the
easiest way to reduce CTC loss. After that the loss falls steadily: 1.26 at epoch 30, 0.28 at epoch
50, 0.043 at epoch 80. This is where characters start to fire at the right places.

A loss well below 0.5 per character on 36 clips of ~35 characters means the training sentences
are essentially memorized. In this run the curve has no bumps: the epoch mean never went up
from one epoch to the next (clipping may help with this; we did not test it).

About the plot cell above: its y-axis label says "per clip", but the loss is per character (PyTorch
reduction="mean" divides by the transcript length). The odd tick symbol on the log axis (107")
and the four font warnings are a font problem (missing minus glyph), not an error.

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short define greedy decode (best symbol per frame, then the collapse rule), run the model
on all train and held-out clips, and score both sets with CER.

e greedy decode cuts the scores to the clip's real length, takes the argmax at each frame,
keeps a symbol only if it differs from the previous one and is not blank (id 0), and joins the
characters.

¢ The middle block is not a function. model.eval() switches to test mode and

torch.no _grad() turns off gradient tracking. It feeds in all train clips and all held-out clips.

e eval_split runs greedy decode on every clip, scores it with cer _norm (the section 2

CER), and prints the average CER and how many clips scored exactly 0.

What the output means
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In short train: mean CER 0.6 %, 29/36 clips perfect. held-out: mean CER 66.9 %, 0/12 perfect.

e About 2 edits for every 3 reference characters on the new voices.
e Three held-out examples are printed with their CER: 63.9 %, 65.4 %, 57.9 %. Read them in
the notes below.

# Greedy decoding = argmax per frame, then the collapse rule from section 3.
def greedy decode(logp row, n_frames):
ids = logp row[:n frames].argmax(-1).tolist()
out, prev = [], None
for i in ids:
if i != prev and i !=0
out.append(vocab[i])
prev = 1
return "".join(out)

model.eval()

with torch.no grad():
lp_tr, ol tr = model(X tr, xl tr)
1p_te, ol _te = model(X te, x1_te)

def eval split(df, lp, ol, name):
hyps = [greedy decode(lp[i], ol[i].item()) for i in range(len(df))]
cers = [cer norm(r, h) for r, h in zip(df.norm, hyps)]
print(f"{name:9s} mean CER {np.mean(cers):5.1f} % (clips with CER = 0: {sum(c == 0 for c in cers)}/{len(cers)})")
return hyps, cers

hyp tr, cer tr = eval split(train df, 1p tr, ol tr, "train")
hyp_te, cer_te = eval split(test df, lp_te, ol te, "held-out")

print("\nheld-out examples (speaker not seen in training, sentence seen 6 times):")
for i in range(3):
print(f" ref: {test df.norm[i]}\n hyp: {hyp_te[i]} CER {cer_te[i]:.1f} %")

0: 29/36)
0: 0/12)

train mean CER 0.6 % (clips with CER
held-out mean CER 66.9 % (clips with CER

held-out examples (speaker not seen in training, sentence seen 6 times):
ref: QAT S s NorASEF S 0§ 5w w18
hyp: @Ehs 148l qlw S48 CER 63.9 %
ref:ef § Jmie & Ml wulndly s o Uy
hyp: DmwdsGrmisgmsd  CER 65.4 %
ref: GRAEFrowuUg Jf sl Ny ML emd& & a
hyp: BREAY & NNEITIAETEA CER 57.9 %

Additional reading: you can read all of it or just
read the "In short"

Reading the decoding result

In short train 0.6 % vs held-out 66.9 % = the model memorized 6 voices; its errors are typos, not
invented text.

split mean CER perfect clips
train (6 speakers seen) 0.6 % 29/ 36

held-out (2 new speakers) 66.9 % 0/12

¢ Train: almost flawless.
e Held-out: about 2 edits for every 3 reference characters.

That gap is overfitting. The held-out sentences are the same 6 the model trained on, and it still
fails, because it learned those 6 voices, not Khmer sounds in general. Six speakers are not
enough to generalize to a new voice.
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Reading the examples

e |t gets some piecesright: & 7 at the start of the third clip, %, &, £.

e Stray =i (coeng) marks appear everywhere: the model learned that coeng is common, but
not where it belongs.

e Mistakes look like garbled typos, not invented sentences. That is typical of CTC: it can drop
or swap characters, but it cannot make up fluent text the way an attention decoder can when
it hallucinates.

e The held-out hypotheses are too short: on average 70 % of the reference length (computed

separately, not printed by the cells). The model falls back to blank where it cannot decide.

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short pick the training clip with the most frames per character, then draw its log-mel, the
P(blank) / max P(character) curves, and the per-frame posteriors as a heatmap.

e Cyan + marks the frame where greedy decoding emits a new character.
e The last lines print how many characters were emitted and how often blank is the winner, for
this clip and on average for the held-out clips.

What the output means

In short this clip ( iany_49b4ab7e 2f5f47ae ) has 4.3 frames per character; 26 characters on
113 frames; blank wins on 65 % of frames; on held-out clips blank wins on 64 % on average.

e The greedy text of this training clip equals the reference exactly: it is memorized.
e See the How-to-read notes below.

# The classic CTC picture: log-mel on top, blank vs. best-character probability in the middle, posteriors below.

# We plot a TRAINING clip (memorized, so the spikes are clean), the slowest-spoken one (most frames per character).
i = int(np.argmax([ol tr[j].item() / len(train_df.norm[j]) for j in range(len(train df))]))

print("frames per character: %.1f (at 25 frames/s)" % (ol tr[i].item() / len(train df.norm[i])))

x = load(DATA / "audio/probe" / f"{train_df.utt_id[i]}.wav")

P = 1p tr[i, :ol tr[i]l].exp().numpy() # (T/4, V) probabilities

print("clip:", train_df.utt_id[i], "| ref:", train_df.norm[i], "| greedy hyp:", hyp tr[i])
t axis = np.arange(P.shape[0]) * STRIDE * HOP / SR # 25 frames/s -> seconds

best = P[:, 1:].max(1) # most confident non-blank per frame

fig, axes = plt.subplots(3, 1, figsize=(12, 8), sharex=True, gridspec kw={"height ratios": [1.2, 0.8, 1.6]})
M = logmel(x)
axes[0].imshow(M, aspect="auto", origin="lower", cmap="magma", vmin=-80, vmax=0, extent=[0, len(x) / SR, 0, 80])
axes[0].set(ylabel="mel bin", title=f"log-mel (dB, -80..0): {train_df.utt id[i]} (Khmer text printed above)")
axes[1l].plot(t axis, P[:, 0], label="P(blank)", lw=1.5)
axes[1l].plot(t_axis, best, label="max P(character)", lw=1.5)
axes[1l].set(ylabel="probability", ylim=(0, 1.05)); axes[1l].legend(loc="center right"); axes[1].grid(alpha=0.3)
im = axes[2].imshow(P.T, aspect="auto", origin="lower", cmap="magma", vmin=0, vmax=1,

extent=[t axis[0], t axis[-1], 0, len(vocab)])
axes[2].set(xlabel="time (s)", ylabel="symbol id (0 = blank)", title="per-frame posteriors P(symbol | frame), 0 (black) ..
1 (yellow)")

# cyan '+' the frame where greedy decoding emits a new character
ids = P.argmax(1)
emit = [t_ for t , k in enumerate(ids) if k != 0 and (t_ == 0 or ids[t - 1] != k)]

axes[2].plot(t axis[emit], ids[emit] + 0.5, "+", color="cyan", ms=7, mew=1.5)
plt.tight layout(); plt.show()
print("emitted %d characters on %d frames; blank is the argmax on %.0f %% of frames" % (len(emit), len(ids), 100 * (ids ==

0).mean()))
# the same statistic on the held-out clips, where the model is unsure
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blank te = [(lp_te[j, :ol te[jl].argmax(-1) == 0).float().mean().item() for j in range(len(test df))]
print("held-out clips: blank is the argmax on %.0f %% of frames on average" % (100 * np.mean(blank te)))

frames per character: 4.3 (at 25 frames/s)
clip: iany 49bdab7e 2f5f47ae | ref:iifi§ swic & i wlisly s G 15 | greedy hyp:tili § Jwin & mif ulngly ¢ G U4

log-mel (dB, -80..0): iany_49b4ab7e_2f5f47ae (Khmer text printed above)
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emitted 26 characters on 113 frames; blank is the argmax on 65 % of frames
held-out clips: blank is the argmax on 64 % of frames on average

Additional Reading

In short blank is high almost everywhere; each character is one narrow spike; two characters fire
in the opening silence = memorization.

How to read this plot. Top: the log-mel you know from Day 1 (bright horizontal stripes low down =
voiced vowels, vertical smears to the top = fricatives, dark = pauses). Middle: the blue blank
probability sits near 1 for most of the clip and drops to zero in short dips; the orange "best
character" curve mirrors it as narrow spikes. Each spike is one character emitted in one or two
frames (40-80 ms at 25 frames/s), much shorter than the sound it represents. Bottom: the same
thing as a heatmap, one row per symbol. The bottom row (id O, blank) is bright nearly
everywhere. The characters appear as isolated bright dots scattered across the vocabulary rows,
each marked with a cyan + where greedy decoding reads it.

Nothing in the loss asked for spikes. They emerge because sharing probability mass among
neighbouring frames is a worse way to maximize the path sum than committing to one frame.

Frames per character. This is the slowest training clip, with 4.3 frames per character. Over all
training clips the range is 1.5 to 4.3 (mean 2.7); for the held-out clips it is 2.0 to 4.7 (mean 3.2)
(bothcomputed separately, not printed by the cells). Blank wins on about two thirds of the frames
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here (65 %). That is lower than the ~90 % a 100 frames/s model shows. The mechanism is the
same; there is just less room between characters.

The giveaway. Look at the first 1.2 s: the clip is silence, yet two characters fire att = 0-0.05 s.
That is memorization, not recognition. The model learned that this sentence starts with those two
symbols and emits them as soon as the clip begins, before any evidence. A model trained on real
data would not do this.

Two cautions. The spikes are not a segmentation: they tend to sit near the start of a sound, not
spread over it. And on a held-out speaker (re-run the cell with test df , 1p _te, ol te,

hyp te ) the blue curve dips in many places where no clean spike follows. The printed blank
share on held-out clips is about the same (64 %). An unsure model falls back to blank where it
cannot commit to a character, which is also why the held-out hypotheses in the previous cell are
too short.

Honest interpretation. (The facts in this paragraph are background facts from Vicheese, not
checked here.) Six sentences is not a language model and not a recognizer. What makes a real
CTC system work is scale: wav2vec 2.0 fine-tunes on 10-1000 h; commercial systems use tens of
thousands. For Khmer, Vicheese lists these public options (not re-checked here): OpenSLR 42
(Google, ~2.9 k studio sentences, a few hours), FLEURS (Google, ~10 h of read Wikipedia
sentences per language, includes km_ kh ), and the small iAny phone corpus used here. Mozilla
Common Voice has had little or no released Khmer audio (check the current release before
relying on it). Multilingual models (Whisper, MMS, Qwen3-ASR) are trained on web-scale data
with modest Khmer shares, which is why Qwen3-ASR is the project's judge and Whisper is not.

Additional reading: you can read all of it or just
read the "In short"

The plot, in Vicheese's words

In short blank 65 % (this clip) and 64 % (held-out); one spike per character.

e Top: the log-mel, the sound itself.

e Middle (the key one): the blue line is P(blank), meaning "nothing new here", and it sits near 1
most of the time. Each time it briefly drops and the orange line shoots up, the model writes
one character. These quick dips are called spikes.

e Bottom: the same thing in more detail. Each row is one symbol (row 0 = blank), and each
short dash shows which character fired at that moment. The cyan + marks where greedy
decoding reads it.

clip(s) blank wins on
this training clip 65 % of steps

held-out speakers (average) 64 % of steps

e This clip came out perfect, but that is memorization, not recognition.
e The giveaway: two characters fire in the silence at the very start, before there is any sound.
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Big lesson: CTC does not spread a character across its whole sound. It goes blank, blank, blank,
i, blank: each character fires in one quick spike.

Additional reading: you can read all of it or just
read the "In short"

Training vs testing pipeline
In short training uses the true text inside the loss; testing uses it only afterwards to score.

Shared top row (both cases): audio - log-mel - TinyCTC - per-step scores. The pipeline then
splits into two lanes.

Lane What happens Is the true text used?
@ per-step scores + true text > CTC loss - backward + Yes: it qoes into the loss
Training  Adam - better weights - repeat (loss 4.74 - 0.043) -9
@ the model is frozen - greedy decode - hypothesis ( hyp ) Only afterwards, as ref
Testing -> compare with the true text using CER to score the result

o Held-back text: the dotted line in the picture shows the true text skipping the model and
going straight to the comparison box. In testing the model never sees it.

e The picture's two example numbers are for one sentence (the clip in the posterior plot): CER
0 % when the voice was seen in training, 65 % (65.4 %) for the same sentence from a new
speaker. The averages over all clips are 0.6 % and 66.9 %.

Overall idea: each clip comes as a pair: the audio (what was heard) and the text (what was said).
We already have the text. We convert the audio into a log-mel, and the model turns that log-mel
back into text. Then we compare the model's text with the real sentence using CER.

¢ Training: the real text is used to teach the model (it goes into the CTC loss).
e Testing: the real text is hidden from the model and used only afterwards, to score its output.

5. Beam search vs greedy

Greedy decoding picks the argmax symbol at each frame and collapses. It ignores that several
paths share one text. Example: if a has probability 0.4 at two frames and blank has 0.6 at both,
greedy reads blank-blank (no a ). But the text a has total probability 0.4-0.6 + 0.6-0.4 + 0.4-0.4
= 0.64, and blank-blank only 0.36. So a should win.

Prefix beam search keeps the B best texts (prefixes), each with two numbers: probability of
ending in blank (pp) and in a non-blank (p,;). At every frame it extends each prefix by blank, by
repeating its last character, or by a new character, merging paths that produce the same text.

score(prefix) = py + Ppp, extend by ¢ : p/, += (P + ) P1(c) (or pypi(c) if ¢ = last cl
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The place where a language model plugs in is the extension step: multiply by PLM(C | preﬁx)a
(plus a length bonus). That is how CTC systems get fluent output without a decoder.

Why it matters. For a well-trained model, greedy and beam usually agree within a few tenths of a
CER point; the beam matters when you add an LM (background fact from Vicheese, not tested
here). For our memorizing model the difference is small and noisy, which is itself a useful lesson.

Visualization Version

Day 3 - §5 Beam search adds up paths; greedy follows only one

1 Worked example: 2 frames, blank 0.6 / 'a' 0.4 2 Prefix beam search (beam = 8)

path text probability
keep the 8 best TEXTS, not the 8 best paths

(nothing) 0.6 x 0.6 =0.36 each text keeps two numbers:
p_blank (ends in blank) and p_nonblank
a- a 0.4 x06=0.24
at every frame extend by:
blank - repeat last char - new char

-a a 0.6 x0.4 =0.24 (merge paths that spell the same text)
aa a 0.4 x04 =016

greedy: blank, blank - outputs nothing alanguage model P_LM(c | prefix)"a

plugs in at the 'new char" step
beam: P('a') = 0.24 + 0.24 + 0.16 = 0.64 - 'a’ wins

3 The 12 held-out clips: CER greedy vs beam 4 The numbers
green = beam better (4 clips) - red = beam worse (1 clip) - grey = same CER (7)
o, o,
66.9% > 65.4%
80 ® greedy
° @ beam
mean CER held-out, greedy - beam
75
) .
70 identical text on only 4 /12 held-out clips
E I (on the 36 training clips: 30 / 36,
° &5 . computed separately, not printed by the cells)
.
.
[]
60 .
° beam maximizes P(text),
I not CER: one clip got worse
55
so0b so0b aotb soob so0p a0 07 078 078 7072 7072 070
cars e w078 9049 637 s2e 222 ssa acsa onze o6t berd
Why it matters: for a well-trained model greedy and beam agree within a few tenths of a point (background fact from Vicheese, not tested here); the beam matters with a language model.

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short implement prefix beam search (beam 8), decode the 12 held-out clips with it, and
compare its CER with greedy clip by clip.

e beams maps a prefixto (p_blank, p nonblank) . For each frame every prefix is
extended by blank, by a repeat of its last character, or by each character that has some
probability ( prune = le-3).

e After each frame only the 8 best prefixes survive. The comment in the code marks where an
LM factor would go.
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e The result table has the greedy CER, the beam CER, whether the two texts are identical, and
p_beam : the total probability of the best text.

What the output means
In short mean CER held-out: greedy 66.9 %, beam 65.4 %; identical outputs on 4 of 12 clips.

e Beam is better on 4 clips (e.g. 68.00 - 66.00, 69.23 - 61.54), the same on 7, and worse on 1
(55.81 > 58.14).

e p beam goes from 4e-14 to Se-6 across clips: even the best text is a very unlikely sentence
for the model.

def prefix beam search(P, beam=8, blank=0, prune=le-3):
# P: (T, V) probabilities (not logs). Returns the best text as a tuple of symbol 1ids.
beams = {(): (1.0, 0.0)} # prefix -> (p_blank, p nonblank)
for t in range(P.shape[0]):
nxt = defaultdict(lambda: [0.0, 0.0])

cands = np.nonzero(P[t] > prune)[0] # only symbols with some mass at this frame
for prefix, (pb, pnb) in beams.items():
nxt[prefix][0] += (pb + pnb) * P[t, blank] # extend by blank: text unchanged
if prefix:
nxt[prefix][1] += pnb * P[t, prefix[-1]] # repeat last char without blank: text unchanged
for ¢ in cands:
if ¢ == blank:
continue

new = prefix + (int(c),)
if prefix and c == prefix[-1]:
nxt[new][1] += pb * P[t, c] # 'a' after 'a' needs a blank in between
else:
nxt[new] [1] += (pb + pnb) * P[t, c] # <- an LM factor P LM(c | prefix)~alpha goes here
beams = dict(sorted(nxt.items(), key=lambda kv: -(kv[1][O0] + kv[1][1]))[:beam])
best = max(beams.items(), key=lambda kv: kv[1][0] + kv[1][1])
return best[0], best[1][0] + best[1][1]

def ids_to text(ids):
return "".join(vocab[i] for i in ids)

rows = []
for i in range(len(test df)):

P = 1p _te[i, :ol te[il].exp().numpy()

b_ids, b p = prefix_beam search(P, beam=8)

g = hyp te[i]l; b = ids to text(b_ids)

rows.append(dict(utt=test df.utt id[i], cer greedy=cer norm(test df.norm[i], g),

cer_beam=cer norm(test df.norm[i], b), same=(g == b), p_beam=b p))
res = pd.DataFrame(rows)
print(res.round(2).assign(p_beam=res.p beam.map("{:.le}".format)).to_string(index=False))
print("\nmean CER held-out: greedy %.1f %% beam %.1f %% | identical outputs: %d/%d"
% (res.cer_greedy.mean(), res.cer beam.mean(), res.same.sum(), len(res)))

utt cer_greedy cer beam same p_beam

iany 600bbcad 10f7caf3 63.89 63.89 False 1.6e-09
iany 600bbcad 4aal4a48 65.38 65.38 True 1.7e-07
iany_600bbcad_7b05a074 57.89 57.89 False 2.0e-08
iany 600bbcad 9c1b9049 68.00 66.00 False 4.8e-12
iany_600bbcad_2f2a63e7 62.79 62.79 True 3.5e-09
iany 600bbcad 325d924e 61.11 61.11 True 4.7e-06
iany_707a4c7a_ec6b242a 80.56 77.78 False 1.1e-08
iany 707a4c7a d81b4554 69.23 61.54 False 2.8e-08
iany_707a4c7a_a39c9c3d 71.05 71.05 True 2.0e-07
iany 707a4c7a 1d8b082e 78.00 78.00 False 2.9e-08
iany 707a4c7a_c2e806bf 55.81 58.14 False 4.3e-14
iany 707a4c7a f373befd 69.44 61.11 False 2.6e-07

mean CER held-out: greedy 66.9 % beam 65.4 % | identical outputs: 4/12

Additional reading: you can read all of it or just
read the "In short"

Reading the table
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In short beam beats greedy by 1.5 points on average (4 clips better, 1 worse, 7 equal); it
maximizes P(text), not CER.

Reading the table. On the 36 training clips the two decoders agree almost everywhere (30 of 36
identical (computed separately, not printed by the cells)). Sharp spikes leave every path but one
with negligible mass, so the beam collapses to greedy. On the held-out speakers only 4 of 12
outputs are identical, because the posteriors are soft and ambiguous (the new voice does not fit a
memorized shape), so summing over paths changes the winner.

The beam is better on average by about 1.5 CER points (66.9 - 65.4), but not on every row. The
beam maximizes P(text), not CER, and a more probable wrong text can be further from the
reference.

The p_beam column is the probability of the best text, summed over paths. Do not use it as a
confidence score here: the clip with the smallest p_beam (4e-14) has one of the lowest CERs (58
% beam), and the correlation between log p beam and CER is only 0.19 (computed separately,
not printed by the cells).

Additional reading: you can read all of it or just
read the "In short"

Beam vs greedy, one paragraph
In short same job, but beam sums over paths; usually a bit better, not guaranteed.

They do the same job: turn the model's per-frame scores into text. Beam does it better by adding
up every path that spells the same text. But it is not guaranteed to give a lower CER. It picks the
most likely text, which usually means a lower CER, but on one clip here it actually got worse.

6. Pretrained models: Whisper and the
project's Khmer judge

Whisper (OpenAl) is an attention encoder-decoder trained on 680 k h of web audio, 99
languages, with Khmer as a small slice (background facts from Vicheese, not checked here). Its
decoder is a strong language model. That gives it a failure mode CTC does not have: on noisy or
unfamiliar audio it can emit fluent, grammatical, unrelated text, or repeat a phrase many times.
This is called hallucination. It shows up as CER > 100 % (hypothesis longer than reference). CTC
cannot do this: with no decoder state, it emits a symbol only when a frame supports it.

Qwen3-ASR (Alibaba) is a newer multilingual model with much better Khmer. It is the judge that
produced every hyp * columnin transcripts.csv . The leaderboard's original-speech CER
of 7.6 % is its floor on this data.

Before scoring any model output, apply the same normalize() as the reference. Whisper adds
spaces and sometimes punctuation that the references do not have. Without normalization you
would pay insertions for every space.
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Why it matters. The judge's own error rate is the noise floor of the utility metric. If the judge
scores 7.6 % on clean originals, a system at 9 % is "as good as clean", and the interesting range
is above that.

The first three code cells below show the output from Vicheese's own run.

Whisper and Qwen3-ASR cannot be downloaded on the machine that built this file,
so these three cells were not re-run. The cells after them were run here.

Visualization Version

The Whisper numbers in the picture are from Vicheese's own run;
the hallucination bars are from the judge transcripts in this repo.

Day 3 - §6 Pretrained models: Whisper-small fails on Khmer, the judge does not

1 Whisper-small on 7 Khmer clips (Vicheese's own run) 2 Hallucination in the judge's own transcripts

CER hypothesis length + reference length
4 worst clips: a looped phrase 6-10x longer than the reference

4.6x

9.9% longer 953 %

8.8x longer

mean CER (%)

7.3x longer 670 %

6.3 longer 567 %

default anti-loop default

default: loops of ddd..., Sinhala, Georgian - anti-loop: short, still not the right Khmer

anti-loop

0 200 400 600 800 1000
CER (%)

sign of hallucination: CER > 100 % AND length ratio > 1

3 Three models, one result

Whisper-small (244 M)

attention encoder-decoder

Khmer = tiny slice of its data

CER 462 % / 98 % (above)
- cannot read Khmer

Whisper-large-v3 (1.55 B)

not run in this notebook
(download not finished)
no result to report

Qwen3-ASR1.7B

the project's judge
CER = 7.6 % on original speech
> the floor of the utility score

makers and sizes: background facts from Vicheese, not checked here

Why it matters: CTC can only write what a frame supports; an attention decoder with a language model can keep writing after the audio stops.

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short load openai/whisper-small , transcribe 8 Khmer clips and print the CER and the
transcripts. Output from Vicheese's own run: this cell was not re-run here (the model cannot be
downloaded on this machine). The output below is his saved result.
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e eval items :the 3 main clips (studio, phone female, phone male) + 5 phone demo clips.
One clip is in the list twice (see the next cell).

e pipeline(...) runs Whisper with language="khmer" . If the download fails, the
except branch prints a skip message.

What the output means

In short Output from Vicheese's own run: mean CER 460.3 % on 8 clips; every transcript is a
long loop ( dddd.. , Sinhala &&.., Georgian ggg... ), about 25 s per clip.

e CER between 400 % and 681 %: the hypothesis is 4-7% longer than the reference.
e The same clip appears twice ( iany ab586c¢c1ld 52008df7 ); the next cell removes the
duplicate.

# (a) Whisper-small via transformers. openai/whisper-small, ~970 MB download, cached in ~/.cache/huggingface

# needs internet (first run only)

clips = [("khmer_studio.wav", "slr42 3154 4104924772"), ("khmer_phone female.wav", "iany ab586cld 52008df7"),
("khmer _phone male.wav", "iany ad89c739 3dee3a99")]

demo_ref = demo.set_index("utt id").text

eval items = [(DATA / "audio" / f, demo ref[u], u) for f, u in clips] # the 3 main clips

eval _items += [(DATA / "audio/demo" / f"{u}.wav", demo_ref[u], u) for u in demo.utt id.iloc[6:11]] # 5 phone demo clips

whisper rows = []
try:
from transformers import pipeline
t0 = time.time()
asr = pipeline("automatic-speech-recognition”, model="openai/whisper-small", device="cpu")
print("whisper-small loaded in %.0f s" % (time.time() - t0))
for path, ref, u in eval items:
t0 = time.time()
hyp = asr(load(path), generate kwargs={"language": "khmer", "task": "transcribe"})["text"]
whisper rows.append(dict(utt id=u, ref=ref, hyp=hyp, cer=cer_norm(ref, hyp), sec=time.time() - t0))
wdf = pd.DataFrame(whisper rows)

print(wdf[["utt id", "cer", "sec"]].round(1l).to string(index=False))
print("mean CER (Whisper-small, 8 clips): %.1f %%" % wdf.cer.mean())
for , r in wdf.iterrows():

print(f"\n{r.utt id}\n ref: {normalize(r.ref)}\n hyp: {normalize(r.hyp)}")
except Exception as e:
print("skipped: Whisper could not be loaded (no internet or transformers missing):", type(e). name , str(e)[:120])
print("Expected result on these clips: Whisper-small CER is typically 60-100 % on Khmer phone audio and shows "
"hallucination; see the shipped Qwen3-ASR transcripts below for what a good Khmer judge produces.")

utt id cer sec
slr42 3154 4104924772 504.5 25.3
iany ab586cld 52008df7 448.5 26.5
iany ad89c¢739 3dee3a99 400.0 25.6
iany ab586cld 52008df7 448.5 23.2
iany ab586cld c1396ba8 400.0 23.0
iany b64335le 2d6423e4 681.1 23.3
iany b643351e 3f003edd 400.0 23.1
iany 32bb69d3 2c02ab33 400.0 25.0
mean CER (Whisper-small, 8 clips): 460.3 %
slr42 3154 4104924772
ref: ehwg S gaa UUwmd dang ¢ wead § 5§ oF
hyp: e
Sl b ool malalaiaaiala i aaiala ol laiaalalataiaiaiala o iaialala el la iaiaiala o iaialala o iaiatata it o iatatala o iatatalo iatatlate i iatatatata iatatatetel
BB S BSS

iany ab586cld 52008df7
ref:, s HAF G w el Fw %A & NS A

iany ad89c¢739 3dee3a99
ref: dfwsfiwdeou S8 SUW S WGP

iany ab586cld_52008df7
ref:, s BHAFFw el Fw BB & NI O A

iany ab586c¢cld c1396ba8
ref: FEwsfiwdou Fa%$UW S WS H
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iany b64335le 2d6423e4

ref: FEwsgfiwdou Fd% S0W S WS e

hyp: ¢8e8¢8,28q8,88,e8,48,88,e8,a8,88,08,88,88,08,¢8,88,08,¢8,08,08,¢8,08,08,88,08,08,48,08,08,88,8, 08,48, 08, 08,08,
a8,e8,28,08,08,08,08,88,08,88,08,08,28,08,28,28,08,88, 08,88, 08,28,8, 08,28, 28

iany b643351le 3f003edd
ref: #EaNs GMGHEEUATAYY A NSA SE

hyp: 000000000000QEQEQEQEQEEQEEEQEQELECQEQCQEQELLCQEQELQAQELLCLEAQEL0AQEQCLLAQAQCQAAQELLCQAQCQQAQEAQCQQAQCQQQQQQ
Q0QQQQQQRQQRQQRQQQQQAQQAQQAQQAQQAQQQQQ

iany 32bb69d3_2c02ab33

ref: Avsfliwdeou g8 SUW S WGP H

hyp: QQQQ0eEEEREQQQQCEEE00RQ0QQLCC0000000QQCCCC0000000QQCCC0000000QQLCCC000000QQQCCC0000Q00QQQCCC0000Q0QQQCCC000QQ0QQQQ
QQQQQQQQRQQQQQQQQQQQQRQQQQQQQQQQQ

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short run Whisper-small again with fixes: unique clips, explicit 16 kHz audio, a length ratio, and
an anti-loop setting ( no_repeat ngram size=3, max new tokens=100 ). Output from
Vicheese's own run: this cell was not re-run here (the model cannot be downloaded on this
machine). The output below is his saved result.

e Thelength ratio len(hyp) + len(ref) isthe hallucination detector.
e MODELS has only whisper-small ; whisper-large-v3 is listed as a comment and was
not run.

What the output means

In short Output from Vicheese's own run (7 unique clips): default settings CER 462 %, length
ratio 4.6x; anti-loop settings CER 98 %, length ratio 0.8x.

e Anti-loop kills the repetition, but the text is still not the right Khmer: five of the seven outputs
are in other scripts (Sinhala, Devanagari, Latin); two contain Khmer letters, but they are
garbage (CER 91.9 %).

e A length ratio far above 1 with CER > 100 % is the signature of looping hallucination.

# (a2) Whisper, fixed: unique clips, explicit 16 kHz, length ratio, anti-loop settings
import librosa
from transformers import pipeline

# 1) remove the duplicate clip
seen, items = set(), []
for path, ref, u in eval items:
if u not in seen:
seen.add(u); items.append((path, ref, u))

print("unique clips:", len(items))
MODELS = ["openai/whisper-small"] # add "openai/whisper-large-v3" when it has downloaded
SETTINGS = {

"default": {"language": "khmer", "task": "transcribe"},

"anti-loop": {"language": "khmer", "task": "transcribe",

"no _repeat ngram size": 3, "max new tokens": 100},

}
rows = []

for m in MODELS:
asr = pipeline("automatic-speech-recognition”, model=m, device="cpu")
for sname, kw in SETTINGS.items():
for path, ref, u in items:
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y, sr = librosa.load(str(path), sr=16000) # 2) Whisper needs 16 kHz
t0 = time.time()
hyp = asr({"raw": y, "sampling rate": 16000}, generate kwargs=kw)["text"]
rows.append(dict(model=m.split("/")[-1], settings=sname, utt id=u,
cer=cer_norm(ref, hyp),
len ratio=len(normalize(hyp)) / len(normalize(ref)), # 3)
sec=time.time() - t0, ref=ref, hyp=hyp))

res = pd.DataFrame(rows)

print(res[["model", "settings", "utt id", "cer", "len ratio", "sec"]].round(2).to string(index=False))
print("\n", res.groupby(["model", "settings"])[["cer", "len ratio"]].mean().round(1))
for , r in res[res.settings == "anti-loop"].iterrows():
print(f"\n{r.model} | {r.utt id}\n ref: {normalize(r.ref)}\n hyp: {normalize(r.hyp)[:120]1}")
model settings utt id cer len ratio sec
whisper-small default slr42 3154 4104924772 504.55 5.05 27.35
whisper-small default iany ab586c1ld 52008df7 448.48 4.48 24.00
whisper-small default iany ad89c739 3dee3a99 400.00 4.00 23.34
whisper-small default iany ab586c1ld c1396ba8 400.00 4.00 26.42
whisper-small default iany b64335le 2d6423e4 681.08 6.81 26.23
whisper-small default iany b64335le 3f003edd 400.00 4.00 23.95
whisper-small default iany 32bb69d3 2c02ab33 400.00 4.00 23.50
whisper-small anti-loop slr42_ 3154 4104924772 100.00 0.82 5.00
whisper-small anti-loop iany ab586c1ld 52008df7 100.00 0.76 2.34
whisper-small anti-loop iany ad89c739 3dee3a99 100.00 1.00 3.08
whisper-small anti-loop iany ab586c1ld c1396ba8 100.00 0.92 5.20
whisper-small anti-loop iany b64335le 2d6423e4 100.00 0.49 3.59
whisper-small anti-loop iany b64335le 3f003edd 91.89 0.92 5.33
whisper-small anti-loop iany 32bb69d3 2c02ab33 91.89 0.59 4.42

cer len_ratio

model settings
whisper-small anti-loop 97.7 0.8
default 462.0 4.6

whisper-small | slr42_ 3154 4104924772
ref: g Ggaa UUlwmd farng ¢ wead § 5o
hyp: e28850mes @y EvBomswmcs .

whisper-small | iany ab586cld 52008df7
ref:, s BHAFFw el Fw A%B & NS A

hyp: SRfeRgEHERS

whisper-small | iany ad89c¢739 3dee3a99
ref: fduwsfliwdou Fg%$UW S USpPH

hyp: SRHRANEAETEIRgerTesl .

whisper-small | iany ab586cld c1396ba8
ref: Afvsfliwder F@8 UW S WGP H
hyp: dtaaervobckpafddsgeenakn \heglnal
whisper-small | iany b64335le 2d6423e4
ref: Aidvsfliwder F8 YW WGP H
hyp: 8880098
whisper-small | iany b64335le 3f003edd
ref: FEas oGP eRUATAYYANSE SETN
hyp: WEEH i MUUTAYS S WA GRS MWMAG UG RMORAeNURE
whisper-small | iany 32bb69d3 2c02ab33

ref: dfwsfliwdeou S8 YW S WGP
hyp: ®igpips @@ 5 g6

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short try the project's judge, Qwen3-ASR, on the same clips; if it is not installed, print the
judge's saved transcripts of 5 original clips. Output from Vicheese's own run: this cell was not
re-run here (the model cannot be downloaded on this machine). The output below is his saved
result.

e (gwen_asr is notinstalled, sothe except branch ran: it samples 5 rows of
transcripts.csv (thejudge's transcript of the original audio) and prints CER, reference
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and hypothesis.

What the output means

In short Output from Vicheese's own run: the judge reads original Khmer well: CER 5.0 %, 11.9
%, 25.6 %, 0.0 %, 17.6 % on the 5 clips.

e Most errors are small (a vowel sign, a swapped word); two clips have 18-26 % CER (17.6 %
and 25.6 %: a changed word, inserted words). This is the judge's "noise floor" (7.6 % on the
whole set).

e Qwen3-ASR itself was not run by anyone in this notebook.

# (b) Qwen3-ASR, the project's judge (pip install qwen-asr; ~ several GB of weights). Optional.
# needs internet (first run only)
gwen _rows = []
try:
import importlib
ga = importlib.import module("qwen asr") # raises ImportError if not installed
QwenModel = getattr(ga, "Qwen3ASRModel")
gmodel = QwenModel.from pretrained("Qwen/Qwen3-ASR-1.7B", device map="cpu")
for path, ref, u in eval items:
out = gmodel.transcribe(audio=str(path), language="Khmer")
hyp = out[0].text if isinstance(out, list) else str(out)
qgwen_rows.append(dict(utt_id=u, ref=ref, hyp=hyp, cer=cer _norm(ref, hyp)))
print(pd.DataFrame(gqwen rows)[["utt id", "cer"]].round(1l).to string(index=False))
except Exception as e:
print("skipped: Qwen3-ASR not available here (%s). Falling back to the shipped judge transcripts." % type(e)._ name_ )
# Fallback: the judge's transcripts of ORIGINAL (un-anonymized) audio for 5 clips of transcripts.csv
sub = trans.sample(5, random_state=3)
for , r in sub.iterrows():
print(f"\n{r.utt_id} [{r.corpus}] CER {cer_norm(r.reference, r.hyp original):.1f} %"
f'\n ref: {normalize(r.reference)}\n hyp: {normalize(r.hyp original)}")

skipped: Qwen3-ASR not available here (ModuleNotFoundError). Falling back to the shipped judge transcripts.
slrd42 0995 0102576285 [studio (OpenSLR 42)] CER 5.0 %
ref: S oEIAUISIAUAS oo svsnsydas widas
hyp: B @mIAUWSAUMT Jalwdsuessydduida
slr42 4119 3188713809 [studio (OpenSLR 42)] CER 11.9 %
ref: mamatgls wau s oA v OpSuamg f o
hyp: Wa'sigli Ao s wmlf s Sgpduwe fon
iany 74a486db_ad28e57d [phone (iAny)] CER 25.6 %
ref: fagsgoumumds@mmvadiogansndus
hyp: B gsmmud Oy Fraiud fsadnNamesdus
iany 427db163 e7238ecd [phone (iAny)] CER 0.0 %
ref:fimetigefic s salU Tardls §5 g0/ slmar
hyp:§ s miig G 5 salU T dls § & 9 tworH s
iany 0b801284 2d8f0c4f [phone (iAny)] CER 17.6 %

ref:f g% stg@awa s ol gAanans) s
hyp:Fd % a2 5 /s {5 0l odaimmg s

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short look for hallucination in the wild: for each system, find the transcripts that are much
longer than the reference, and print the 4 worst plus the worst one in full.

e These come from anonymized audio the judge could not understand; the decoder's language
model filled the gap.
e len ratio = length of the judge transcript + length of the reference.
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What the output means

In short the worst clips have length ratios 9.89, 8.82, 7.33 and 6.33 and CER 953 %, 841 %, 670
%, 567 %; the worst one is a 19-code-point reference answered with 188 code points of a
repeated phrase.

e Therepeated phrase (.5 % & § § Y & & & § J 1y...)is fluent Khmer that nobody
said.
e This ran here (no model needed): it only reads transcripts.csv .

# Hallucination in the wild: judge transcripts that are much LONGER than the reference.
# These come from anonymized audio the judge could not understand; the decoder's language model filled the gap.
sys cols = [c for c in trans.columns if c.startswith("hyp ")]
long = []
for ¢ in sys cols:

ratio = trans[c].map(normalize).str.len() / trans.reference.map(normalize).str.len()

for i in np.argsort(-ratio.values)[:2]:

long.append(dict(system=c[4:], utt id=trans.utt id[i], len_ratio=ratio[il],
cer=cer_norm(trans.reference[i], trans[c][i])))

long = pd.DataFrame(long).sort values("len ratio", ascending=False).drop duplicates("utt id").head(4)
print(long.round(2).to string(index=False))
r = long.iloc[0]; row = trans.set index("utt id").loc[r.utt id]
print(f"\nworst case: system = {r.system}\n ref ({len(normalize(row.reference))} cp): {normalize(row.reference)}"

f"\n hyp ({len(normalize(row['hyp ' + r.system]))} cp): {normalize(row['hyp ' + r.system])[:200]} ...")
system utt id 1len ratio cer
private_knnvc_english durations iany ab586cld_6752a2be 9.89 952.63
sslsas iany 18151a80 1760edOc 8.82 840.91
private knnvc english durations iany 1f8f808c bOee2ldc 7.33 670.00
knnvc_khmer_pool iany b64335le_c1887ada 6.33 566.67

worst case: system = private_knnvc_english_durations

ref (19 cp): gwa &g s uddie

hyp (188 cp):tti Gty s ¥ v A g s NU T d A I NUUFsas I NUUEiFsas i NUEisas i NUoisEs i NUoisass Ny iass
FNNY TGS N TR B INY TR INUE TGS NV TIsmsIiNUEiadgsNUeTadsgsnm ...,

Additional Reading

In short length ratio 6-10x with CER far above 100 % = hallucination; log the ratio next to CER.

Reading the output. A length ratio of 6-10 with CER far above 100 % is the signature of
hallucination: the hypothesis is many times longer than the reference, often a phrase repeated,
and in fluent Khmer. CER cannot tell "wrong but short" from "wrong and long", so the project caps
nothing and lets these count. That is why the private knnvc english durations row inthe
leaderboard shows CER above 100 %. If you ever build a judge, log the length ratio next to CER.

Additional reading: you can read all of it or just
read the "In short"

Models tested in section 6

In short Whisper-small cannot read Khmer; Qwen3-ASR can, so it is the judge.

Model Mg;ie Size Type Khmer result
Whisper- OpenAl 244M attention Fails (Vicheese's run). Default: CER 462 %, repetition
small encoder- loops in the wrong script. Anti-loop settings: CER 98
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decoder %, short but still not the right Khmer.

Whisber- attention
P OpenAl 1.55B encoder- Not run: the download was not finished. No result.
large-v3
decoder
Qwen3- audio- Strong. CER ~7.6 % on original (not anonymized)
Alibaba 1.7B language speech (project's saved transcripts). This is the
ASR1.7B o
model project's judge.

Makers and sizes in the table are background facts from Vicheese, not checked here.

Takeaway: Khmer was a tiny part of Whisper's training, so the small model cannot read it and its
decoder hallucinates. Qwen3-ASR handles Khmer well, which is why it is used to score every
anonymized system.

7. Reading the project's CER table without any
model

transcripts.csv holds the reference and the judge's transcript of the same 430 test clips
after each anonymization system. We can recompute the leaderboard's CER with nothing but
normalize() and edit distance. Two details matter:

e Corpus-level ("micro") CER = total edits + total reference characters over the whole set. This
is what the leaderboard reports, and it weights long utterances more. The mean of per-
utterance CERs ("macro") is a different, usually close, number. We report micro.

e Uncertainty. The 430 clips come from 43 speakers. Clips of one speaker are not
independent: a voice the judge finds hard is hard in all 10 of its clips. If we bootstrap
utterances we pretend we have 430 independent samples, and the interval comes out too
narrow (standard result, not tested in this notebook). The honest unit of resampling is the
speaker: draw 43 speakers with replacement, pool their edits and characters, recompute
CER, repeat 1000 times, take the 2.5 and 97.5 percentiles.

Why it matters. Two systems that differ by 1 CER point with overlapping speaker-bootstrap
intervals are not distinguishable on this test set. The interval is the difference between a claim
and a guess.

Visualization Version

1st image is the summary. The animation shows where a
confidence interval comes from.
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Day 3 - §7 The CER table without a model: micro CER + speaker bootstrap

1 CER per system (%), 430 clips, 43 speakers; bars = 95 % speaker-bootstrap CI 2 Readitin 3 steps

136

mm phone  WEE studio W all
120

1 Height

100 % only ‘original' is near the floor;
KNN-VC Khmer pool is best (24.4 %);

Private kNN-VC crosses 100 %

100

80

CER (%)

2 Phone vs studio

60

phone is worse for 5 of 7 systems.
Exceptions: original (6.9 vs 9.1)

40 and ASR->TTS (30.0 vs 33.9)

20
76
floor 7.6 %

3 Error bars

about 4 to 18 points wide.

original McAdams KNN-VC KNN-VC ASRSTTS ssL-sas Private Khmer vs English pool overlap:
Khmer pool English pool KNN-VC atendency, not proof

3 Why resample SPEAKERS: McAdams, 1000 bootstrap draws

95 % Cl = [33.1, 44.7] around 38.4 %

10 clips of one voice are not independent,
so the unit to resample is the speaker (43 draws each time).
Resampling clips would give a Cl that is too narrow
(standard result, not tested in this notebook).

375 400
CER (%) of one resample

Why it matters: two systems whose intervals overlap are not distinguishable on this test set. The interval is the difference between a claim and a guess.

Animated: the speaker bootstrap for McAdams fills up to 1000 draws and gives the 95 % CI

Sdraws
80
704
&0
50 4
40
304
204

10 1

U T T = T I_ T = T T T

30.0 32.5 35.0 375 40.0 425 45,0 47.5
CER %} of one resample of the 43 speakers

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short compute, for every system, the edit count per clip, then the micro CER (all clips, phone,
studio), the macro CER and the speaker-bootstrap 95 % CI, and compare with the leaderboard.
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e E <system>: edit distance per clip; N : reference length after normalization.
e micro cer :100 x ZE + ZN. speaker bootstrap :add up E and N per speaker, draw 43

speakers with replacement 1000 times, and take the 2.5 / 97.5 percentiles.
e The last line prints the biggest difference between our numbers and leaderboard.csv .

What the output means

In short 43 speakers, 320 phone + 110 studio clips; CER: original 7.59, McAdams 38.36, kNN-VC
Khmer pool 24.43, kNN-VC English pool 27.56, ASR->TTS 31.25, SSL-SAS 29.62, Private kNN-
VC 113.64; biggest difference to the leaderboard: 0.06 points.

e 2 hypotheses are missing in the judge output; they are treated as empty text.
e 95 % Cl examples: original [5.94, 9.44]; McAdams [33.13, 44.74]; Khmer pool [18.94, 31.35];

English pool [22.53, 33.90].

e Macro CER (e.g. 39.02 for McAdams) is close to micro (38.36) but not the same; for Private
KNN-VC they differ most (117.56 vs 113.64).

# per-utterance edits and reference lengths for every system, plus speaker ids
spk = pd.read_csv(DATA / "meta/cer test utts.csv")[["utt id", "speaker"]]
tr = trans.merge(spk, on="utt id", how="left")
tr["ref n"] = tr.reference.map(normalize)

tr["N"] = tr.ref n.st

tr["is phone"] = tr.corpus.str.startswith("phone")
"knnvc_khmer_pool", "knnvc_english pool", "asr tts", "sslsas",

systems = ["original"
"private knnvc englis
for s in systems:

r.len()

, "mcadams",
h durations"]

tr[f"E {s}"] = [edit distance(r, normalize(h)) for r, h in zip(tr.ref n, tr[f"hyp {s}"1)]

print("speakers:", tr.speaker.nunique(), "| phone clips", tr.is_phone.sum(), "| studio clips",

"| missing hypotheses treated as empty:", int(tr[[f"hyp {s}" for s in systems]].isna().sum().sum()))

def micro cer(df, s):

return 100.0 * df[f"E {s}"].sum() / df["N"].sum()

def

speaker_bootstrap(df, s, B=1000, seed=0):

# resample SPEAKERS with replacement; each draw pools that speaker's edits and characters
g = df.groupby("speaker")[[f"E {s}", "N"]].sum()

rng = np.random.d

idx = rng.integers(0, len(g), size=(B, len(g)))

efault rng(seed)

E = g[f"E {s}"].values[idx].sum(1); N = g["N"].values[idx].sum(1)
[2.5, 97.5])

return np.percentile(100.0 * E / N,

rows = []
for s in systems:
lo, hi = speaker |

bootstrap(tr, s)

rows.append(dict(system=s, cer=micro_cer(tr, s), cer_phone=micro_cer(tr[tr.is phone], s),
cer studio=micro cer(tr[~tr.is phonel, s), ci low=lo, ci high=hi,
cer_macro=100 * (tr[f"E {s}"] / tr["N"]).mean(),

leaderboard cer=lb.loc[s, "cer"], leaderboard phone=lb.loc[s,

leaderboard_studio=lb.loc[s, "cer studio"]))
table = pd.DataFrame(rows).set index("system")

print(table.round(2).
print("\nmax |ours

°

"leaderboard studio"]

to_string())

1.values).max())

- leaderboard| over all cells: %.2f CER points"
% np.abs(table[["cer", "cer phone", "cer studio"]].values - table[["leaderboard cer", "leaderboard phone",

speakers: 43 | phone clips 320 | studio clips 110 | missing hypotheses treated as empty: 2
cer studio

ne leaderboard studio

system

original

88 9.09
mcadams

77 26.77
knnvc_khmer_pool

89 16.99
knnvc_english _pool

31 17.36
asr_tts

02 33.87
sslsas

50 17.05

private knnvc english durations

cer

7.59

38.36

24.43

27.56

31.25

29.62

113.64

cer phone

6.89
43.77
27.90
32.33
30.02
35.50

121.51
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17.

17.

33.

17.

96.

.09

79

01

36

89

05

80

ci low

5.94
33.13
18.94
22.53
29.44
22.84

105.32

ci high

9.44
44.74
31.35
33.90
33.17
38.06

123.56

cer_macro

7.

39.

25.

29.

30.

31.

117.

41

02

19

10

96

81

56

"cer phone"],

leaderboard cer

7.

38.

24.

27.

31.

29.

113.

58

35

42

55

25

62

60

(~tr.is_phone).sum(),

leaderboard pho

43.
27.
32.
30.
35.

121.



45 96.80

max |ours - leaderboard| over all cells: 0.06 CER points

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short draw three bars per system (phone, studio, all clips with the 95 % ClI), the judge floor
(dashed) and the 100 % line (dotted).

e Error bars use the speaker-bootstrap interval from the previous cell.

What the output means
Inshort only original sits near the floor (7.6 %); Private kNN-VC crosses 100 %.

e Read it with the three steps in the notes below.

fig, ax = plt.subplots(figsize=(12, 4))

Xs = np.arange(len(systems)); w = 0.27

ax.bar(xs - w, table.cer phone, w, label="phone (iAny), 320 clips")

ax.bar(xs, table.cer_studio, w, label="studio (OpenSLR 42), 110 clips")

ax.bar(xs + w, table.cer, w, label="all 430 clips (95 % speaker-bootstrap CI)", color="gray",
yerr=[table.cer - table.ci low, table.ci high - table.cer], capsize=3)

ax.axhline(table.loc["original", "cer"], ls="--", color="k", lw=1l, label="judge floor (original audio)")

ax.axhline (100, ls=":", color="r", lw=1l, label="100 % = as many edits as characters")

ax.set xticks(xs); ax.set xticklabels(systems, rotation=20, ha="right")

ax.set(ylabel="CER (%)", title="Judge CER per anonymization system and corpus (lower = content better preserved)")

ax.legend(fontsize=8, ncol=2); ax.grid(axis="y", alpha=0.3); plt.tight layout(); plt.show()

Judge CER per anonymization system and corpus (lower = content better preserved)

120 1
100 s
g 8071 ___ judge floor (original audio)  studio (OpenSLR 42), 110 clips
o 100 % = as many edits as characters W all 430 clips (95 % speaker-bootstrap CI)
w60
U BN phone (iAny), 320 clips
40
20
0-
o ot s a5 "
o™ m(_aea‘“ e ° q\.ﬁ“y a5t 5o . o
» Wov -
woe© Ve qr_’eﬂg“
gt
P

Additional Reading

In short height = how much content is lost; phone is usually worse than studio; overlapping error
bars = no proven difference.

How to read this plot. Three bars per system: blue = phone recordings, orange = studio, gray =
everything with its 95 % speaker-bootstrap interval. The dashed line is the judge's floor on clean
audio (about 7.6 %); no anonymizer can score below it except by luck. Read it in three steps.
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1. Height. original is the only bar near the floor. KNN-VC with the Khmer pool is the best
anonymizer (~24 %), the English pool a few points worse (27.6 %). SSL-SAS and the
ASR->TTS cascade are around 30 %, McAdams ~38 %. The released Private kNN-VC
crosses the red 100 % line: its English phone recognizer plus duration model produces audio
the judge cannot read at all (hallucination from section 6).

2. Phone vs studio. For 5 of the 7 systems the blue bar is well above the orange one: noisy
phone audio degrades more under anonymization. There are two exceptions. original is
the first: phone 6.9 % vs studio 9.1 %. asr_tts is the second: phone 30.0 % vs studio 33.9
%. Its output is synthetic speech made from a transcript, so the recording condition is erased
and what remains is the ASR error on the input. Vicheese's idea (not tested here): the studio
sentences are longer and have rarer vocabulary, so the cascade's own ASR step does worse
there.

3. Error bars. The intervals on the gray bars are about 4 to 18 points wide (43 speakers only).

knnvc_khmer pool vs knnvc english pool overlap, so "Khmer pool is better" is a
tendency, not a proven difference. original vs everything else, and private knnvc vs
everything else, are far outside each other's intervals.

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short print the 3 best and 3 worst clips for McAdams (per-clip CER), with the reference and the
judge's transcript side by side.

e order :all clips sorted by McAdams CER. alpha is the warp strength used for that clip.

What the output means

In short 49 of 430 clips are transcribed perfectly under McAdams; the 3 worst have CER 210 %,
405 % and 572 %, all with alpha = 0.6 (a strong warp) on phone audio.

¢ The 3 best are random picks from the many CER = 0 clips (alpha 0.80-0.87), so which three
show up can change between runs.
e The worst hypotheses are long looping phrases.

# The 3 worst and 3 best utterances for McAdams (per-utterance CER), reference vs hypothesis side by side
s = "mcadams"
tr["cer utt"] = 100 * tr[f"E {s}"] / tr["N"]
order = tr.sort values("cer utt")
def show rows(df, title):
print(title)

for , r in df.iterrows():
print(f" {r.utt id} [{r.corpus[:6]}] alpha={r.mcadams alpha:.2f} CER {r.cer utt:6.1f} %")
print(f" ref: {r.ref_n}\n hyp: {normalize(r[f'hyp {s}'1)}")

show_rows(order.head(3), "3 BEST (McAdams):")
show rows(order.tail(3), "\n3 WORST (McAdams):")
print("\nutterances with CER = 0 under McAdams: %d / %d" % ((tr.cer utt == 0).sum(), len(tr)))

3 BEST (McAdams):
iany 046e9ell ffcl6abb [phone ] alpha=0.87 CER 0.0 %
ref:Fsmbigic s aalu Fydlas iy own sy
hyp:F s medg e s @aU T @la &6 ¢ warsma
slrd42 7548 2931259667 [studio] alpha=0.87 CER 0.0 %
ref: HUKM NS G E QM NE 2w 5
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hyp: & Uaf A& & 6 s eianad g g
iany 21c36386 db05c5ab [phone ] alpha=0.80 CER 0.0 %
ref: TagswauIfs@ruaidaasydus
hyp: G Fgsmamumds@aMuGiaRaanaus
3 WORST (McAdams):
iany c55eelda_cf425f75 [phone ] alpha=0.59 CER 210.3 %
ref: Oagsgumumds@rmuddgaasndus
hyp:iifirdsgamifoaliafssnwidddstsvamssvnmmlmAigenioalndisan i 2 0 guameah U
iany 914926eb 4bad46ad8 [phone ] alpha=0.64 CER 405.1 %
ref: Oaggoumumds@mamvadoaansndus
hyp:iif A s sEia s e s PrAmunywywldass bt ads Prudywyw i sldsdf iwAl el PAMUGYWYWT X
Maasdf i Mafs @rMuaywygw isldad iaomas Mads FrauGymy e
iany c55eelda 09b45dba [phone ] alpha=0.61 CER 572.2 %
ref: g wal d6@Meruy s NUOE U
hyp: TamaalMa s o MEAT W IVANFIME AN Aoy MAVV A vulamMgsd s voMangsd s vodig
NS AANU SN T MENSE s AU s I vy s YoMaIME s A3V Us NI vuManE s dawds I vudlidias

utterances with CER = 0 under McAdams: 49 / 430

Additional reading: you can read all of it or just
read the "In short"

Reading the examples

In short 49 of 430 clips are perfect; the worst ones are hallucination loops (CER 200-570 %),
triggered by a strong warp.

This cell prints McAdams' 3 best and 3 worst clips, with the correct sentence next to what the
judge heard.

Reading the examples. The best cases (49 of 430 clips are transcribed perfectly) are common
sentences with a mild warp (alpha 0.8-0.9 means little change; the leaderboard draws alpha
uniformly in [0.5, 0.9]). The worst cases combine a strong warp (alpha around 0.6) with phone
audio. They are not ordinary recognition errors: the judge produces a looping phrase several
times longer than the reference, CER 210-572 %. That is the hallucination from section 6 again,
this time triggered by a formant shift rather than by a different anonymizer.

The typical McAdams error (see the median-clip diff in the Build section) is milder: sentence
length and rhythm survive, and some letters, vowel signs or whole short words get swapped. The
6 McAdams clips with CER above 100 % (1 % of the clips) give about 11 % of all McAdams edits
(computed separately, not printed by the cells). Report CER with a confidence interval anyway.

Build: an evaluation tool

Two functions you can reuse on any new system: score system(hyp col) returns the
numbers the leaderboard needs (overall / phone / studio micro CER, macro CER, speaker-
bootstrap 95 % Cl), and show _diff(ref, hyp) highlights what changed using difflib .
Results go to outputs/day3/cer table.csv.
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Visualization Version

Day 3 - Build An evaluation tool: score_system() and show_diff()

1 score_system(hyp_col): one call, all the leaderboard numbers

hyp column normalize edit distance

NFC, no spaces, per clip, on
e.g. hyp_mcadams .
no zero-width code points

sum per speaker

edits E and
reference chars N

bootstrap

1000 resamples
of 43 speakers

result

cer, phone, studio,
macro, 95 % CI

micro CER = X edits + X reference characters (what the leaderboard reports)

2 show_diff(ref, hyp): what changed 3 Result: cer_table.csv (CER %, with 95 % CI)

ref: C a t S a t 0 n m a t

System cER 95 % CI

hyp: cou t s a = o n m a ti s s original 76 159, 9.4]
mcadams 384 1531, 4471

- - Knnve_Khmer. pool 244 1189, 31.41

long green run = hallucination, not a recognition error Yonve_sngieh pool S5 T 53]

313 1294, 33.2]

Ssisas 296 (228, 3811
T - e private_knnv_eng dur 1136 11053, 123.6]

(toy example; the notebook diffs real Khmer text)

Why it matters: reuse it on any new anonymizer (Day 7): same normalization, same speaker-level uncertainty, same leaderboard numbers.

Additional reading: you can read all of it or just
read the "In short"

What this cell does

In short define score system() and show diff() , score all 7 systems into
cer table.csv, and show a diff for the median and the worst McAdams clip.

e score system repeats section 7 in one function, for any hypothesis column.
e show diff compares reference and hypothesis with difflib , prints a coloured diff
(green = inserted, red = deleted, yellow = substituted) and returns a plain-text version like
[g>inn] .

e The last lines apply it to the median McAdams clip and to the worst one.

What the output means

In short the table has the same CER and Cl as section 7 (for example McAdams 38.36 [33.13,
44.74], Private kNN-VC 113.64 [105.32, 123.56]) and is saved to
outputs/day3/cer table.csv.

e The median clip's plain-text diff has 5 changed spots spread over the sentence:
[Br>aa], [6>28], (Dug], [«v>wa], [Fa>fa].
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e The worst clip's diff has about 8 changed spots: several short substitutions (e.g. [&>1Ua] ,
[U>rf], [f>8&], [=%]), oneshortinsertion ( [+% & #15] ), and then one very long
replacedrun ( [ty>4 7 @ & @ & A1.] , far longer than the text it replaces): hallucination.

def score system(hyp col, df=tr, B=1000, seed=0):

# hyp col: name of a column in df holding hypotheses (e.g. "hyp mcadams"). Returns a dict of CER numbers in %.

ref = df.reference.map(normalize); hyp = df[hyp_col].map(normalize)

E = np.array([edit distance(r, h) for r, h in zip(ref, hyp)]); N = ref.str.len().values

phone = df.corpus.str.startswith("phone").values

g = pd.DataFrame({"E": E, "N": N, "speaker": df.speaker.values}).groupby("speaker").sum()

rng np.random.default rng(seed)

idx rng.integers(0, len(g), size=(B, len(g)))

boot = 100 * g.E.values[idx].sum(1l) / g.N.values[idx].sum(1)

return dict(system=hyp col.replace("hyp ", ""), n utts=len(df), n_speakers=len(g),
cer=100 * E.sum() / N.sum(), cer _phone=100 * E[phone].sum() / N[phone].sum(),
cer studio=100 * E[~phone].sum() / N[~phone].sum(), cer macro=100 * (E / N).mean(),
ci low=np.percentile(boot, 2.5), ci high=np.percentile(boot, 97.5))

def show diff(ref, hyp):
# Character-level diff after normalization. Green = inserted, red = deleted, yellow = substituted.
r, h = normalize(ref), normalize(hyp)
sm = difflib.SequenceMatcher(a=r, b=h, autojunk=False)
html, text = [], []
for op, il, i2, j1, j2 in sm.get opcodes():

if op == "equal":

html.append(h[j1:j2]); text.append(h[jl:j2])
elif op == "insert":

html.append(f'<span style="background:#b7f0b7">{h[j1l:j2]}</span>"); text.append(f"[+{h[j1:j2]1}]")
elif op == "delete":

html.append(f'<span style="background:#f5b7b7;text-decoration:line-through">{r[il:i2]}</span>"');
text.append (f"[-{r[il:1i2]}1")
else:
html.append(f'<span style="background:#f7e7a0"><s>{r[i1:12]1}</s>{h[j1:j2]1}</span>"); text.append(f"
[{rlil:i2]}>{h[j1:j2]1}]1")
c = 100 * edit distance(r, h) / max(len(r), 1)
display(HTML(f'<div style="font-size:1.4em;line-height:1.8">ref: {r}<br>hyp: {"".join(html)}'
f'<br><small>CER {c:.1f} % (green = inserted, red = deleted, yellow = substituted)</small></div>"'))
return "".join(text)

cer table = pd.DataFrame([score system(f"hyp {s}") for s in systems]).set index("system")
cer_table.to_csv(OUT / "cer_ table.csv")

print(cer table.round(2).to string())

print("\nsaved", OUT / "cer table.csv")

# the diff on the median McAdams utterance and on a worst one
mid = order.iloc[len(order) // 2]

print("\nplain-text diff:", show diff(mid.reference, mid.hyp_mcadams))
worst = order.iloc[-1]
print("plain-text diff:", show diff(worst.reference, worst.hyp mcadams)[:150], "...")

n utts n _speakers cer cer phone cer studio cer macro ci low ci high
system
original 430 43 7.59 6.89 9.09 7.41 5.94 9.44
mcadams 430 43  38.36 43.77 26.79 39.02 33.13 44 .74
knnvc_khmer pool 430 43 24.43 27.90 17.01 25.19 18.94 31.35
knnvc_english _pool 430 43 27.56 32.33 17.36 29.16 22.53 33.90
asr_tts 430 43 31.25 30.02 33.89 30.96  29.44 33.17
sslsas 430 43 29.62 35.50 17.05 31.81 22.84 38.06
private_knnvc_english durations 430 43 113.64 121.51 96.80 117.56 105.32  123.56

saved ../outputs/day3/cer table.csv

ref: A FR GwiNg T3 s6ls0 Na Al s 2BATE F 8
hyp: BFG 8 FREaw g I g0 Na mls eptAws 5§27/ 8 6

CER 34.2 % (green = inserted, red = deleted, yellow = substituted)

plain-text diff: [BFA>dg & ]FP[E>810wUg S8 & SDug 1o NA Mg ewad>wn]F[Fa>F6]

ref: o Sl Gty S @M EH Y 5 UIU A S Uane

hyp: & U an-Fhessi-o S0 A 5 o s F SR HY g 5 Yo

s masSdgwsmgemivysHNiguMalygsd b el s
HigoMaddg s d s A g Mddyg s miidlsg #5 ooahd
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HNsmondlsHigomadNEgsd il I SO aIg M3
g gumaliNg sdonivsg Hd 9o dlag

CER 572.2 % (green = inserted, red = deleted, yellow = substituted)

plain-text diff: [v>Um]s[fwnbtsam@aso il ioMemiroy s [USA]IO[B>H]Us]on[+5 8 NEls[w>8 AG 4§ MUy H5
SUMAINE s A AU EsHS suMdag sd A sMs wyd L.,

Additional reading: you can read all of it or just
read the "In short"

What the tool is for
In short one call gives the leaderboard numbers for any new system.

It is a tool for measuring utility: how understandable the speech still is after anonymization. It lets
you score any anonymizer, including one you build yourself, and compare it fairly with the others
on the leaderboard.

Additional Reading

In short yellow = substituted (old struck through, new after it), red = dropped, green = invented; a
long green run = hallucination.

Reading the diff. Yellow spans are substitutions (old struck through, new after it). In the median
clip they are a mix: one short word, one letter variant (Z - £), and a few letters or vowel signs.
Red is text the judge dropped, green is text it invented. When green dominates and runs for a
whole phrase, you are looking at hallucination, not recognition error.

Day 3: what | can now explain

1. The alignment problem, and its two standard answers

My audio gives me about 100 frames per second, but a sentence has only about 40 characters.
Many frames belong to each character, and the dataset never says which frames go with which
character. People also speak at different speeds: one stretches a vowel over 20 frames, another
says it in 5. That is the alignment problem.

There are two standard answers:

e CTC: the model outputs one symbol or a blank on every frame. Then | merge repeats and
drop blanks to get the text. In training, | sum the probability of every frame lineup that spells
the correct text, so | never need frame labels. It can only write what the frames support, so it
cannot hallucinate long text.

¢ Attention encoder-decoder (like Whisper): an encoder reads the whole audio, and a decoder
writes the text one token at a time, choosing where to "look" in the audio at each step. It is
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fluent, because the decoder is a language model. But when the audio is unclear it can invent
text or loop.

2. Khmer as a sequence of code points; CER, not WER

To the computer, Khmer is not syllables. It is a row of Unicode code points. 2 &l looks like one
block, but it is 5 pieces: & + .: (coeng) + £ + = + = My model predicts these pieces, and my
metric counts them.

Before scoring, | normalize both texts the same way: Unicode NFC, then remove spaces and
zero-width characters. Otherwise the same word written two ways, or an extra space, would
count as an error.

Why CER, not WER: Khmer is written without spaces between words, so there is no reliable way
to split it into words. WER would depend on which word segmenter | used. CER = (substitutions +
deletions + insertions) + reference characters. It is well defined, and it gives partial credit: one
wrong vowel sign costs 1 character, not a whole word.

3. CTC collapse, enumeration and the forward algorithm by hand

e Collapse rule: first merge repeats, then drop blanks. cc-aa-t = c-a-t = cat.A
double letter needs a blank in between: a-a - aa,but aa = a.

e Enumerate: list every possible frame path and keep the ones that collapse to the target. For
"cat" over 5 frames with 4 symbols, that is 4° = 1024 paths, and 28 of them give "cat".
P(text) is the sum of those 28 path probabilities. This only works for tiny examples, because
the number of paths explodes.

e Forward algorithm (alpha trellis): a grid with frames across and the target with blanks in
between goingdown ( - ¢ - a - t - ).Eachcellaft, s) = the total probability of every
path that reaches that state at that frame. A cell is filled from the same position in the frame
before (stay), position s-1 (advance) and position s-2 (skip a blank, allowed only if the two
letters differ). Then multiply by the probability of that symbol at frame t. The answer is the
sum of the last two cells. Because it works in log space, adding probabilities uses

logaddexp . My worked example: log P = -4.4468, about 1.2 %, which matches the brute-
force enumeration exactly, with far less work.

4. Training a small CTC model and decoding it

e TinyCTC: a Convld with stride 4 (shrinks the time steps) - a BiGRU with 96 units per
direction (reads the sequence in both directions) - a Linear layer to 48 outputs (47
characters + blank). About 160k parameters (159.5k). Trained with CTC loss, Adam and
gradient clipping.

e Result: training loss went from 4.74 to 0.043. CER was 0.6 % on the training clips but about
67 % (66.9 %) on new speakers. It memorized voices instead of learning Khmer, because
36 clips is far too little data.

e Spiky posteriors: about 65 % of frames are blank, and each character appears as a sharp
spike on one or two frames. That is normal for CTC: blank fills the gaps between characters.
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Greedy decoding: take the best symbol per frame, then collapse. It is fast, but it follows one
path only.

Beam search: keep the 8 best texts, merge paths that spell the same text, and score each
text by its total probability. Example: blank 0.6 vs "a" 0.4 on two frames. Greedy outputs
nothing, but "a" really has total probability 0.64. On my held-out clips: greedy 66.9 %, beam
65.4 %. Beam gives the most probable text, not always the lowest CER. Its real value is that it
is where a language model plugs in.

5. Whisper on Khmer, hallucination, and why the judge is Qwen3-
ASR

| ran Whisper-small on 7 Khmer clips. With default settings: CER 462 %, length ratio 4.6x. It
wrote dddd... , Georgian and Sinhala, all in repetition loops, never Khmer. With anti-loop
settings: CER 98 %, shorter output, but still not the right Khmer.

Hallucination = a decoder model writing fluent text the speaker never said, often repeating a
phrase. The sign is CER > 100 % together with a length ratio well above 1. CTC cannot do
this, because it emits at most one symbol per frame.

Why Qwen3-ASR: Khmer was a tiny slice of Whisper's training data. Qwen3-ASR gets about
7.6 % CER on the original (not anonymized) audio, so it is reliable enough to act as the
judge. That 7.6 % is also the floor: an anonymizer near it keeps the speech as
understandable as the original.

6. CER per system and corpus, with a speaker-level 95 % CI

Micro CER = total edits + total characters across all clips. This is what the leaderboard
reports. Macro CER = the average of each clip's CER. It is usually close.

| split by corpus: phone audio is harder than studio audio for almost every system (the
exceptions are the original audio and the ASR->TTS cascade).

Confidence interval: 430 clips but only 43 speakers, and clips from the same speaker are
not independent. So | resample speakers with replacement, 1000 times, and recompute CER
each time. The 2.5th and 97.5th percentiles give the 95 % Cl. Resampling clips would give an
interval that is too narrow (standard result, not tested in this notebook).

Result: original 7.6 %, kNN-VC Khmer pool 24.4 % (the best anonymizer for utility),
McAdams 38.4 %, Private KNN-VC 113.6 % (hallucination). The Khmer pool and English pool
overlap, so | cannot claim one is better.

| packaged all of this as score_system() (CER plus Cl for any system) and show_diff()
(colours substitutions, deletions and insertions), for reuse in Day 7 and in my project.

One-sentence summary: Day 3 taught me how a model turns audio into Khmer text with CTC,

how to measure its mistakes fairly with CER, and how to use a strong judge, Qwen3-ASR, to score

how understandable each anonymizer leaves the speech.
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