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This study investigates whether automatic speech recognition (ASR) output can support
rapid dialect identification in Khiamniungan, an under-documented Tibeto-Burman
language spoken across Northeast India and Myanmar. Using transcripts produced by an
existing wav2vec 2.0 ASR model, we train two text-based dialect identification systems on
83.93 minutes of speech from six speakers representing three dialects: Thang, Nokhu, and
Peshu. The systems use either regularized logistic regression over syllable, syllable-pair,
and phoneme n-gram features, or character n-gram language models scored by perplexity.
Under file-grouped cross-validation, both models correctly classify 37 of 38 held-out files,
achieving 0.974 accuracy and 0.975 macro F1. The models also recover the same dialect
relationships, grouping Thang and Nokhu against Peshu. On two previously unseen
broadcasts, including one by a speaker whose home variety differs from the variety spoken
on air, both systems correctly identify Thang from approximately half a minute of
automatic transcription. These results show that ASR transcripts can provide sufficient
phonological and lexical information for efficient dialect identification without additional
neural modeling, offering a lightweight tool for organizing and comparing documentary
language archives.

1 Introduction

This study investigates how well rapid dialect identification of audio files based on a
trained ASR model for the Khiamniungan language works (Glottolog: ), using
a logistic-regression classifier over morpheme, morpheme-bigram and phoneme n-gram
features, and a per-dialect character n-gram language model scored by perplexity.
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The transcripts this study works from are the output of the wav2vec 2.0 model of
Thaam et al. (2026) with no additional fine-tuning. That model was built by a staged
procedure for multi-dialectal Khiamniungan across the Khiamniungan speaking area of
Northeast India and Myanmar. This study builds on that by training dialect detection
models on transcripts from six news reporters’ broadcasts. The broadcasts are taken
from AIR Akashvani Radio Kohima , a public
radio broadcaster in the state of Nagaland, India, which presents dialectal news reports
for a number of indigenous languages.

The Khiamniungan broadcasts vary in dialect from speaker to speaker. We take three
dialects as representative of the three Khiamniungan sub-branches (van Dam 2026).
These are Thang (Northern branch), Nokhu (Eastern branch) and Peshu (Southern
branch). Additional named varieties exist within the three branches, but for our purposes
here, we deal only with these three dialects for the initial study. We rely only on news
broadcasts here, enforcing a consistent genre and so a consistent lexicon.

code dialect branch sex village duration syllables
NM Thang Northern m Thang (Noklak) 16.51 4,703
NF Thang Northern f Thang (Noklak) 11.50 3,421
EM Nokhu Eastern m Nokhu 14.52 3,720
EF Nokhu Eastern f Nokhu 15.95 4,107
SM Peshu Southern m Tsoiphu-Kingjung 15.14 3,974
SF Peshu Southern f Peshu 10.31 2,748
total 83.93 22,673

Table 1: Training inventory

Two reporters were chosen for each dialect, one man and one woman, for six speakers
in total. Table 1 lists them by code, with the amount of speech each contributes. The
dialect assigned to each is the variety of the village the reporter is known to come from,
as set out in §3.1.

The three dialects are far enough apart segmentally that the frequency of syllable
shapes and of adjacent syllable pairs should follow dialect without any help from
vocabulary. Table 2 gives five cognate sets across Thang, the neighboring northern
variety Wolam, Nokhu, Peshu, and the neighboring Pathso variety. Even when the
etymon is shared, the syllabic reflexes differ in onset, rhyme and at times in syllable
count. A model over syllable n-gram frequencies has this segmental spread to draw on
before any dialect-specific word is counted.
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gloss Thang Wolam Nokhu Peshu Pathso
‘day’ ‘a.ffe.k"aiu ‘a.te.khai ‘a.tsa.khes . tsi.khai ‘a.tsi.khio
‘person’ khaiu.pa? khai.na? khes.na? ka.no? khies.no?
‘one’s own’ ma.fjn moa.hin me.fin ma.sa ma.sa.nd
‘about’ thaiu.t'a? thai.tha? theo tha? thai.tho? thies.tho?
‘information’ nic.nem nio.nim nio.nem ne.nam nio.nem
‘five’ pa.no pa.no ma.no ma.no ma.no

Table 2: Phonological comparison across dialects

2 Related Work

Identifying a variety from a stretch of text is a long-standing task, surveyed by
Jauhiainen et al. (2019) and run as a shared task across the VarDial evaluation
campaigns (Zampieri et al. 2017). The closest of those tasks to the present study is
German Dialect Identification, where systems label transcripts of spoken Swiss German
as Basel, Bern, Lucerne or Zurich. Good results are attainable via a meta-classifier over
character and word n-grams (Malmasi & Zampieri 2017).

Our speech pipeline used here has an old precedent. Zissman (1996) found that phone
recognition followed by language modeling (PRLM), i.e. running a phone recogniser
over an utterance and classifying the resulting symbol string with n-gram language
models, outperformed direct acoustic classification for language identification, with
parallel PRLM the strongest of the four approaches compared. Current systems classify
from acoustic embeddings, with x-vectors the standard representation (Snyder et al.
2018). Ali et al. (2016) identify five Arabic dialects in broadcast speech by combining
phonetic and lexical features drawn from an ASR system with i-vector features.

Aggregate dialectometry measures distance between varieties instead of labelling
recordings. Nerbonne & Heeringa (1997) computed Levenshtein distances over
phonetic transcriptions of parallel word lists (see also Wieling & Nerbonne 2015).
Those methods need comparable items elicited at every site. This would be possible for
a Khiamniungan dialectometric study, but the goal here is to place as-yet-unseen
recordings within the Khiamniungan family tree.

Automatic transcription is also becoming more and more established in
documentation and description (Michaud et al. 2018; Adams et al. 2018). Self-
supervised multilingual pretraining has since cut the amount of labelled audio a new
language needs (Conneau et al. 2021), and the model that produced the transcripts used
here is one of that kind, trained by Thaam et al. (2026) and applied here unchanged.

To our knowledge, these previous lines of work have not been joined for a language in
Khiamniungan’s position. Text dialect identification presupposes a written corpus, and
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speech dialect identification presupposes enough labelled audio per variety to train an
acoustic model for each. What we test is whether the phonemic output of a documentary
ASR model — the same model and the same output a documenter already produces —
carries enough signal to sort recordings by variety. If it does, dialect identification costs
nothing beyond the transcription step for any language that has reached the point of
having a working ASR model, and that set is growing. We found no earlier study closing
the loop this way, though not finding one is not proof that none exists.

3 Methodology

3.1 Data

From each of these three dialects we take broadcasts by two speakers, one male and one
female. Speakers’ dialects were identified by a native speaker of Khiamniungan with
formal linguistic training and expertise in Khiamniungan dialect comparison, to whom
the reporters are known personally. As such, the label is not a perceptual judgment made
from the recording but a known fact of each speaker. The broadcasts were then checked
by the same speaker to confirm that the dialect spoken by the presenter was their own.
This is true for all six speakers in the training data, but not the testing data described in
later sections.

For each speaker we aim at roughly 15 minutes of speech. The material carrying a
dialect annotation comes to 83.93 minutes and 22,673 syllables, split across the six
speakers as given in Table 1. The speech is transcribed phonemically, omitting code-
mixing and personal names. Proper nouns that fit within the Khiamniungan phonotactic
restrictions (such as the name of the city Kohima) are retained in the transcription.

While fifteen minutes is the target, the syllable densities differ from speaker to
speaker. Before any model is fitted we therefore cap the corpus, reducing each dialect to
the syllable-token total of the smallest and dividing that allowance evenly between its
two speakers. The dialect totals are 7,827 syllables for Nokhu, 8,124 for Thang and
6,722 for Peshu, so the cap sits at 6,722 and discards 2,449 syllables, 10.8% of the
corpus. A speaker over quota has each of their files thinned at the same rate, keeping
intervals spaced along the whole recording, so no file drops out and no stretch of a
broadcast is preferred over another; because the thinning works file by file, a dialect
comes to rest a little above the cap and not exactly on it. The cap is applied before the
vectoriser is fitted, so the feature vocabulary, the per-dialect language models and the
marker test of §3.4 all see a corpus in which no dialect can be separated on the strength
of how much of it was transcribed.
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To further ensure that we are comparing like with like, transcriptions were normalized
to the Cross-Linguistic Transcription Systems standard, CLTS (Anderson et al. 2018).
We then automatically syllabify the transcript based on the maximum onset principle
and sonority hierarchy (Clements 1990), within the syllable canon described by Thaam
& Kevichiisa-Ezung (2024). Syllabification is then checked by a human. This is done in
a plain text file, since the only focus of the model is the syllable transcription. As is
common across Sino-Tibetan, a Khiamniungan syllable is also typically a single
morpheme (but cf. van Dam & Thaam 2026a), so a model over syllables is at the same
time a model over morphemes. These transcripts come out of the same transcription
effort as the ASR corpus of §1, so transcription policy and encoding are the same on
both sides of the pipeline and the dialect models are fitted on text of the kind the ASR
model emits.

3.2 Features

From the syllabified texts we train two models on the IPA transcript alone, both
predicting the dialect as named by the file. The idea is that collocation patterns will show
dialectal signal, partly through phonology and partly through lexical differences, though
in the end the two amount to the same thing: frequency of syllable shapes in adjacent
contexts as they occur in the three dialects.

Each interval of the syllabified transcript is one training instance. Its label is read from
a parallel dialect tier: an interval takes the dialect whose annotation covers its midpoint,
so a file in which the variety shifts partway through is labelled interval by interval and
not as a whole.

Three feature blocks are extracted and concatenated: TF-IDF weights over single
syllables, over adjacent syllable pairs, and over character n-grams of up to three symbols
taken within syllable boundaries, so a shared onset or rhyme is still visible when the
whole syllable is unattested elsewhere in the training data (Salton & Buckley 1988). All
three blocks use sublinear term frequency, which log-scales repetition so that a syllable
said twenty times in one interval does not count as twenty independent observations.
The syllable-pair block admits a pair only once it has appeared in two separate intervals.

The result tables of 84 label these three blocks morpheme, morpheme pair and
phoneme n-gram, on the syllable-morpheme identity set out in §3.1. Reduplication is
productive in Khiamniungan across several formation types (Thaam 2025), so a good
part of what the syllable-pair block counts is reduplicative. The etyma behind those
forms are shared across the dialects while their phonological reflexes are not, which
makes them a likely source of signal for this task. §4.1 reports each of the three blocks
cross-validated on its own alongside the union, so what each contributes can be read off.
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3.3 Classifiers and Validation

The first model is a regularized logistic regression over these sparse features, predicting
the dialect. Class weights are set inversely to each dialect’s frequency among the
training rows, which is a second correction on top of the token cap of §3.1: the cap
equalizes the dialects by syllable count, the class weights equalize them by interval
count, and the two come apart because interval length varies with speaker and with
genre.

The second model is a set of per-dialect character language models, each of order 5
with Witten-Bell interpolation (Witten & Bell 1991). A recording is scored against
every dialect’s model by perplexity and assigned to the one it fits best; the report gives
that perplexity and its margin over the runner-up, with no probability attached to either.
Perplexities are inverted and normalized into a probability vector at one point only,
inside cross-validation, where that vector supplies the distances for the language
model’s dendrogram in §3.5. It reads the transcript as an unbroken character stream
whereas the classifier reads syllables and syllable pairs, so the two can disagree.

Validation uses GroupKFold with five folds and the source file as the group
(Pedregosa et al. 2011). For the classifier, accuracy is reported both per interval and after
pooling all intervals of a file into a single document; the language models are scored per
whole file. Grouping by file keeps whole broadcasts intact across the split, with both
speakers of a dialect represented across the folds.

From the classifier’s validated probabilities, pooled to one document per file, we also
fix a confidence threshold, and any later estimate falling below it is flagged as uncertain.
It is the lowest cut-off on a 0.30 to 0.95 grid whose retained guesses are at least 85%
accurate. On this corpus that is 0.30, the floor of the grid.

3.4 Significant Markers

The markers reported alongside the estimate are not the regression coefficients. They are
found in a separate pass, using a one-sided Fisher exact test for each syllable against
each class (Agresti 2001), Benjamini-Hochberg control of the false discovery rate at q =
0.05 (Benjamini & Hochberg 1995), and a weighted log-odds effect size (Monroe et al.
2008); a marker must clear both the g = 0.05 cutoff and a weighted log-odds z of 2.0, so
any marker printed in the report is one whose association with a dialect holds up under
testing on its own. The counting unit in this pass is the file, not the interval: a syllable is
counted once per broadcast it occurs in. Counting intervals instead would treat the
repetitions within one speaker’s broadcast as independent observations and return far
more markers than the data support.
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3.5 The Dialect Tree

The long-term goal is a more fine-grained study with recordings from each of the major
villages and each of the major dialect groups, sub-varieties included, so the cross-
validated probabilities are also reused to build a dendrogram of the dialects, one from
each model. Distance between two dialects comes from their confusability, the
probability mass a model assigns to each when the other is the true label, normalized
against the mass it keeps on the correct label, and the resulting matrix is clustered by
UPGMA (Sokal & Michener 1958). Clade support is estimated by resampling the source
files two hundred times and recording how often each clade reappears (Felsenstein
1985). What this measures is which dialects a model confuses on this corpus, so it is not
an independent test of the subgrouping assumed in §1.

3.6 Applying the Model

To identify the dialect of a new recording, the audio is passed through the ASR model of
81 and both dialect models are applied to the pooled transcript it returns. The recordings
used for this were never part of any training data, for the ASR model or for the dialect
models, and their dialect is already known from the reporter, so each estimate can be
scored against a label neither stage was ever given.

The run writes a markdown report giving each model’s estimate and noting whether
the two agree, with the classifier’s probability flagged when it falls below the threshold
fixed during validation. The report also names the features and the significant markers
behind each estimate and scores every interval on its own, so the evidence can be
inspected where it falls in the recording.

Both models are forced choice: a recording in a variety absent from the training data
will still be assigned to one of the trained dialects, and the broadcast stream does contain
such varieties. The confidence threshold gives a way to abstain, but it was calibrated on
held-out files whose dialects were all present in training, so it is a check on low-
confidence decisions within the known set and not a test for varieties outside it. We do
not test that case here, for the reason given in §1.

3.7 Implementation

The pipeline is implemented in Python as a standalone script, available at
codeberg.org/besra/supplementary code. Feature extraction, classification and cross-
validation use scikit-learn (Pedregosa et al. 2011): TfidfVectorizer builds the three
feature blocks of §3.2, FeatureUnion concatenates them, LogisticRegression fits the
classifier, and GroupKFold supplies the file-grouped folds used throughout §3.3-3.5.
Numeric arrays and the vectorised operations over them are handled by NumPy (Harris
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et al. 2020). SciPy (Virtanen et al. 2020) supplies the Fisher exact test and Benjamini-
Hochberg correction of §3.4, and the UPGMA linkage and distance-matrix routines
behind the dendrograms of §3.5. Trained models, including the vectoriser, the classifier,
the per-dialect language models, the marker list, the confidence threshold and both trees,
are serialised to a single file with joblib, which is also what lets the identification step in
83.6 load a model fitted once and reuse it across recordings without retraining.
Dendrogram and dialect-probability figures are rendered with Matplotlib (Hunter 2007).
The plugin's dialog and popups are built on PySide6, the Python bindings for Qt, which
is BESRA's own GUI toolkit rather than a component of the dialect model as such.

4 Results

4.1 Cross-Validated Accuracy

The corpus holds 3,412 labeled intervals across 38 files. The token cap of §3.1 sets the
ceiling at 6,722 morpheme tokens, the total for Peshu dialect, and leaves the three
dialects at 6,760 tokens for Nokhu, 6,742 for Thang and 6,722 for Peshu. Table 3 gives
both models against the majority-class baseline under GroupKFold with the source file
as the group, and Table 4 breaks the classifier down by class per interval.

model unit n macro F1 accuracy majority baseline
logistic regression interval 3,412 0.791 0.788 0.409
logistic regression whole file 38 0.975 0.974 0.395
character LM, order 5 whole file 38 0.975 0.974 0.395

Table 3: Model scores against the majority-class baseline

class precision recall F1 support
Nokhu 0.765 0.779 0.772 1,159
Peshu 0.798 0.849 0.822 859
Thang 0.801 0.757 0.778 1,394

Table 4: Precision and recall for dialect models

Per interval, the classifier reaches 0.791 macro F1 against a 0.409 baseline, and the
three dialects behave alike, with recall between 0.757 and 0.849. The confusion of Table
5 is not symmetric in weight. Thang and Nokhu trade the bulk of their errors with each
other, while Peshu is the dialect least often confused in either direction, holding the
highest recall and F1 of the three and drawing the fewest errors from the other two. This
supports earlier descriptions of Khiamniungan dialects as being split primarily
north/south, with Eastern (Nokhu) as a transitional branch holding features of the other
two, although in this case more strongly those of the Northern branch.
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predicted -

Nokhu Peshu Thang
true |
Nokhu 903 66 190
Peshu 58 729 72
Thang 220 119 1055

Table 5: Cross-dialect confusion matrix
The classifier labels held-out intervals from 37 of the 38 files correctly, at 0.974
accuracy and 0.975 macro F1, and the single error is a Nokhu file taken for Peshu. The
language models reach the same 0.974 on the same files and make the same single error,
so at file level the two models are not distinguishable on this corpus. Cross-perplexity, in
Table 6, separates the dialects by a wide margin, with self-perplexity between 3.0 and
3.5 and every off-diagonal cell between 9.6 and 15.0.

model ~ Nokhu Peshu Thang
text |

Nokhu 3.4 15.0 12.5
Peshu 10.4 3.0 9.6
Thang 12.3 14.0 3.5

Table 6: Dialectal cross-perplexity scores

Each of the three feature blocks was then cross-validated on its own, on the same
folds and with everything else held as it was. No single block accounts for the per-
interval result. Character n-grams taken within syllable boundaries do a little better on
their own than whole syllables. The syllable-morpheme identity motivates the syllable
block, and what separates these dialects is as much sub-syllabic as it is a question of
which syllables occur. Syllable pairs are the weakest block and still reach 0.658, so the
fixed and reduplicative sequences described in §3.2 carry dialect information on their
own.

4.2 Significant Markers

The marker test of §3.4 returns 51 syllables whose distribution over files separates a
dialect, twenty-four of them occurring only in the dialect they point to. Table 7 gives the
four strongest for each dialect by weighted log-odds z, with the number of files of that
dialect the syllable occurs in, the number of files elsewhere, and its exclusivity, the share
of its tokens falling in the dialect it points to. The full list of 51 is in the training report
the pipeline writes and is not reproduced here.
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morph  points to files in class files elsewhere z exclusivity
tsan Thang 9 2 10.46 0.985
san Thang 9 0 5.86 1.000
jam Thang 8 0 4.92 1.000
thaio Thang 8 1 4.82 0.977
tfa Peshu 10 6 7.86 0.938
hin Peshu 8 2 6.17 0.949
th Peshu 7 2 4.60 0.953
as Peshu 10 8 4.43 0.644
neo Nokhu 9 0 6.58 1.000
theo Nokhu 9 2 4.71 0.956
nio Nokhu 8 2 4.27 0.947
teo Nokhu 10 3 4.10 0.921

Table 7: Candidate weights by morpheme

Nokhu yields the fewest markers at ten and also has the lowest per-interval F1 at 0.772,
but Thang yields the most at twenty-four from the fewest files while sitting in the middle
at 0.778, and Peshu is the most separable of the three at 0.822 on seventeen. The two
counts measure different things. What the test returns is a list of syllables whose
distribution over whole files is significant, and a syllable can carry a great deal of the
dialect signal in the classifier without appearing here at all, since the classifier sees
syllable pairs and character n-grams as well.

4.3 The Dialect Tree

Both dendrograms have the same topology, with Peshu outside a Nokhu-Thang node.
Support on that internal node is 100% from the classifier and 89% from the language
model over 200 resamples of the files; the root is not given a support figure, since with
three taxa it is recovered in every replicate by construction. In Newick, with node
heights as UPGMA merge distances:

(peshu:0.4082, (nokhu:0.3374,thang:0.3374)100:0.0708)100; classifier
(peshu:0.2685, (nokhu:0.2443,thang:0.2443)89:0.0242)100; language model

Nokhu and Thang are the nearest pair of the three under both models. The classifier
separates nearest from furthest by 0.158 in confusability distance and the language
model by 0.050, and that flatter spread is where the language model’s lower internal
support comes from, though at 89% it still recovers the clade in nearly nine replicates out
of ten.

The topology places the Northern and Eastern varieties together against the Southern
one, which is the shape the subgrouping of §1 would predict, but the agreement is not
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evidence for the subgrouping: the distances measure which dialects these two models
confuse on this corpus, and with three dialects what the two trees agree on amounts to a
single binary split.

4.4 Unseen Data

Two broadcasts were passed through the pipeline of §3.6, from audio through the ASR
model to the two dialect models, with no hand correction at any point. Neither the
recordings nor the speakers have ever been in any training data: both sit outside the
corpus of Thaam et al. (2026) and outside the six-speaker corpus of §3.1, so both
verdicts below are given on a voice the models have never heard. Both are Thang
broadcasts and the two speakers stand in different relations to the dialect.

The reporter in 5CECu8KCMas is from Thang and broadcasts in Thang. Of greater
interest for this approach is that the reporter in 0eZNhOkrlVc is from Peshu but with
considerable Nokhu dialectal contact, and broadcasting in Thang. The Thang scores for
this broadcaster are less strongly certain about Thang being the dialect, indicating the
presence of a more southern accent in her broadcast as confirmed by a native dialectal
expert. Taken together these scores ask whether the models label the variety on the
recording or the speaker behind it. Both models label both recordings Thang and agree
with each other on both.

The first recording runs 615.02 seconds and holds 23 intervals, of which 11 carry
Khiamniungan transcript and were scored, 116 syllables over 24.1 seconds of speech.
The second runs 591.04 seconds and holds 22 intervals, again 11 of them scored, 101
syllables over 24.4 seconds. Table 8 gives both models over all three dialects for each
recording, identified by their unique YouTube identifiers SCECu8KCMas and
0eZNhOkrlVc: the classifier’s mean probability across the scored intervals and the
number of intervals each dialect wins outright, then the language model’s perplexity
over the pooled transcript.

recording dialect mean interval probabilityintervals won perplexity

5CECu8KCMas Thang 0.730 10 5.91
Nokhu 0.228 1 9.97
Peshu 0.042 0 15.82

0eZNhOkrlVc  Thang 0.624 8 6.51
Nokhu 0.270 3 8.64

Peshu 0.106 0 11.23
Table 8: Scores for recordings 5CECu8KCMas and 0eZNhOkrlVc
Pooled over the whole transcript the classifier returns Thang at p = 0.974 for the first
recording and p = 0.831 for the second, both above the 0.30 threshold and so unflagged.
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The Thang evidence is weaker in the second recording, where the features present sum
to +0.778 toward Thang against +2.108 in the first, and where Peshu’s features outweigh
Thang’s until the fitted intercepts are added. The largest single contribution in both
recordings is the morpheme tsan, and pa.1o is the largest syllable pair in both; hi and the
phoneme n-gram , h argue hardest against Thang in both.

Eight of the 51 markers of §4.2 occur in the first recording, in fifteen tokens over
seven intervals, seven of them pointing to Thang and one to Nokhu. Nine occur in the
second, in twelve tokens over seven intervals, six pointing to Thang, two to Peshu and
one to Nokhu. Table 9 gives the union of the two lists, with the weighted log-odds z as
fitted in training and the token count from each recording; every marker here occurs in
as many intervals as it has tokens.

morpheme points to tokens intokens inZ
5CECu8KCMas 0eZNhOkrlVc

tsan Thang 4 2 10.46
san Thang 0 1 5.86
jam Thang 1 0 4.92
thaio Thang 0 1 4.82
th Peshu 0 1 4.60
as Peshu 0 1 4.43
io Thang 1 0 3.87
kio Thang 3 2 3.73
nem Nokhu 3 2 3.40
ten Thang 0 1 3.36
taio Thang 1 0 3.26
tshai Thang 1 0 2.37
nat Thang 1 1 2.12

Table 9: Weighted log-odds z and token count from each recording

The per-feature accounting behind each verdict and the score for every interval taken
on its own are in the report the pipeline writes for each recording and are not reproduced
here. The pooled verdicts above are taken over all the text at once and are not votes over
the intervals.

For the second speaker the pair answers the question it was chosen to ask. Peshu is the
variety the reporter grew up speaking, and it takes the smallest share of the classifier’s
probability mass at 0.106, wins no interval and sits last on perplexity. Two of the twelve
marker tokens in the recording do point to Peshu, so the reporter’s own variety leaves
some trace in the text, but it loses on every aggregate measure. What the models report is
the variety on the recording.
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The two recordings separate in the direction the speakers’ backgrounds would
suggest. The native Thang broadcast is the more confident on every measure available,
at 0.974 against 0.831 on the pooled classifier probability and a perplexity margin of
4.07 against 2.13. In the non-native broadcast the mass Thang gives up is split between
Nokhu, the variety the reporter married into, which rises from 0.228 to 0.270, and Peshu,
which rises from 0.042 to 0.106 and stays last. This is the pattern accommodation would
produce.

The intervals holding no Khiamniungan text, 12 in the first recording and 11 in the
second, were passed over un-scored, and in both the text stops early: the last transcribed
interval ends at 97.9 seconds in the first recording and at 57.0 in the second, against
broadcasts running 615 and 591 seconds. Both verdicts are therefore drawn from the
opening minute and a half and not from a sample spread across the broadcast, and the
great majority of each broadcast carries no transcript at all. Roughly half a minute of
Khiamniungan-only automatic transcript was enough for both models to agree on the
right dialect twice, and that is the scale at which the pipeline was tested here.

The per-interval scores show one error pattern worth naming. Each recording has
intervals the classifier gives to Nokhu, and in both cases the strongest such interval is the
opening announcement: ?a ho me non 2> lin pae to ko hi ma at 18.2s in the first
recording, taken as Nokhu at p = 0.853, and non ?a ka i wa ni ko hi ma at 20.8s in the
second, taken as Nokhu at p = 0.797. The two share nor) and the closing ko hi ma, and the
classifier’s own accounting puts hi and ko 2a among the features arguing hardest against
Thang in the first recording, hi again in the second, and non in both lists lower down.
Formulaic broadcast openings recur across reporters and dialects, so the per-interval
errors in these two recordings are not independent of each other, and per-interval
accuracy on radio material will be held down by material that is not dialectal in the first
place.

5 Conclusion and Outlook

A larger corpus of expertly transcribed speech covering a wider range of genres would
allow for more accuracy in identification. Having recordings from additional sub-
dialectal varieties of the three main branches would likewise improve the results as it
would allow for village-specific identification in cases where there are village-specific
markers. Khiamniungan has such markers, with each village having small differences in
phonology and lexicon, and each clan within a village having such differences that are
discernible to native speakers. Whether these are purely phonological is yet to be
determined experimentally.
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How much transcribed speech a new variety needs is not established here. Thaam et
al. (2026) give the equivalent curve for the transcription stage, where phone error rate
flattens within three minutes of connected speech added to the seed wordlist and the
twelve minutes after that buy nothing further. The dialect stage has no such curve.
Plotting identification accuracy against minutes transcribed per variety would say what
it costs to extend the method to a language at the beginning of documentation, which is
the question a documenter deciding whether to attempt this will ask first.

The 51 markers of 84.2 are statistical findings and we have not checked them against
the isoglosses already described for Khiamniungan. Establishing which of them recover
known dialect differences and which are new candidates is descriptive work of a
different kind from the question this paper asks, and we leave it to a study with that
focus. The results of this study show that even with a small amount of text-only data and
early-stage ASR models, dialect identification can be accomplished efficiently and with
minimal computing power.

On the six-speaker corpus both models label 37 of the 38 held-out files correctly, at
0.974 accuracy and 0.975 macro F1, and the classifier reaches 0.791 macro F1 scoring
single intervals of a few seconds each. Two broadcasts outside every training set, one of
them by a reporter whose home variety is not the one on air, were labelled correctly by
both models from about half a minute of automatic transcript each.

The computing power claim can be given a figure on each side. For the transcription
stage, the cost was paid once by Thaam et al. (2026), who report a training run of under
an hour on a single consumer GPU; we run that model in inference only and add nothing
to it. The dialect stage costs far less than that. It holds no neural network and touches no
GPU: the classifier is one L.2-penalized logistic regression over a sparse feature matrix
of 3,412 rows, the generative models are order-5 character n-gram models with Witten-
Bell interpolation, and the fitted bundle that carries both, together with the vectorizers,
the markers and the report, is 0.86 MB on disk. A project that already has a working
ASR model can add dialect identification to it on the machine it edits transcripts on.
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Supplementary Material

The  supplementary  material  accompanying  this study has been curated on  Codeberg
( ). The broadcasts are public transmissions of AIR Akashvani Radio
Kohima. Rights in the audio remain with the broadcaster, so we do not redistribute the recordings. The reporters broadcast
under their own names, so those names are public, but we do not print them. The dialect labels still attach a village-level
identification to individuals who can be identified from the broadcasts; those labels come from information the rater
already held about the reporters, with no approach made to the reporters themselves. The wider pipeline takes audio to a
village-level or clan-level attribution with no human in the loop, and Khiamniungan is spoken across the India-Myanmar
border in an area where an automatic claim about a speaker’s origin is not a neutral act. Our intended use is descriptive:
sorting an archive of recordings by variety so that documentary material can be found and compared. The released model
distinguishes three dialects and offers no finer resolution, and we release no material that names a speaker. We would ask
that the same restraint apply to derived models, which is a request and not something a licence can enforce.
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