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Abstract

Publicly available spoken language identifica-
tion (LID) systems give sparse and inconsistent
coverage of the languages spoken in US com-
munities beyond the contiguous mainland —
Alaska Native languages and the languages of
the US Pacific Island territories. No system
on HuggingFace covers Central Alaskan Yup'ik
except the largest variant of Meta’s MMS-LID
family, and only three MMS-LID variants cover
Samoan, while Whisper and VoxLingua107-
based models lack both despite including other
Polynesian languages. We describe an ongoing
effort to build a coarse-labeled LID dataset for
Yup'ik and Samoan from US public broadcast
archives, benchmark publicly available LID
systems on it, and train a simple MLP clas-
sifier on top of two frozen pretrained speech
encoders as prototypes. We report prelimi-
nary corpus statistics, off-the-shelf model per-
formance, and prototype results. Guided by
the distinctive phonological typology of the
target languages, we outline a phonologically-
informed fine-tuning direction as future work.

1 Introduction

Spoken language identification is a prerequisite
for nearly every downstream speech-processing
task in multilingual settings, including automatic
speech recognition, transcription, search, and in-
dexing of audio archives, yet off-the-shelf LID cov-
erage of the languages spoken in US communities
beyond the contiguous mainland — Alaska Na-
tive languages and those of the US Pacific Island
territories — is sparse and inconsistent. Table 1
surveys the publicly available spoken LID systems
on HuggingFace against our two target languages
— Samoan (ISO 639-3: smo) and Central Alaskan
Yup'ik (hereafter Yup'ik;1 ISO 639-3: esu) — to-

1We follow the standard orthographic convention in which
the apostrophe in Yup'ik marks the geminate /p:/ specific to the
Central Alaskan variety; Yupik without the apostrophe refers
to the broader language family.

Target Related

System # langs smo esu haw mi ess

Whisper large-v3 99 — — ✓ ✓ —
VoxLingua107 107 — — ✓ ✓ —
ESPnet OWSM v4 ∼150 — — ✓ ✓ —
mms-lid-126/256/512 126–512 — — — — —
mms-lid-1024 1024 ✓ — — — —
mms-lid-2048 2048 ✓ — — — —
mms-lid-4017 4017 ✓ ✓ ✓ ✓ ✓

Table 1: Coverage of the two target languages (Samoan
smo, Yup'ik esu) and three related languages from the
same families (Hawaiian haw, Maori mi for Polyne-
sian; Central Siberian Yupik ess for Eskimo-Aleut)
across publicly available spoken LID systems. Only
mms-lid-4017 covers both target languages. That it
also covers ess (the primary source of Yup'ik confusion
in Section 5) means the model has both labels in its
vocabulary yet cannot reliably distinguish them.

gether with related languages from the same fami-
lies (Hawaiian and Maori for Polynesian; Central
Siberian Yupik for Eskimo-Aleut) that illustrate
the inconsistency of existing coverage. Whisper
(Radford et al., 2023), VoxLingua107-based mod-
els (Valk and Alumäe, 2021), and ESPnet OWSM
(Peng et al., 2024) include Hawaiian and Maori
but neither Samoan nor any Yupik variety. Meta’s
Massively Multilingual Speech (MMS) LID fam-
ily (Pratap et al., 2023) covers Samoan only at its
1024-label size and above, and covers Yup'ik only
at the largest 4017-label variant. At 4017 labels,
the per-class prior is approximately 2.5 × 10−4,
and zero-shot performance on under-represented
languages is accordingly poor. To our knowledge,
mms-lid-4017 is the only publicly available spo-
ken LID model that covers both target languages.

Against this backdrop, we describe an ongo-
ing effort to build LID capability for Yup'ik and
Samoan using archival broadcast recordings from
US public media (Section 4). This setting dif-
fers from standard LID corpora in three important
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ways: (i) speech is interspersed with English in
code-switching and bilingual programming con-
texts, (ii) audio quality varies across decades from
analog tape to digital capture, and (iii) a large frac-
tion of the raw material is non-speech (music, am-
bient sound, silence) that must be filtered before
any language labeling.

The pairing of these two languages is driven by
the archive and the communities it serves, not cho-
sen arbitrarily. The American Archive of Public
Broadcasting (AAPB) — a national collection of
digitized US public radio and television — holds
decades of non-English programming in many
under-resourced languages; Yup'ik and Samoan
are two for which the holdings are both substan-
tial and tied to a concrete access need, compris-
ing long-running Yup'ik public-television program-
ming from Alaska and Samoan-language broad-
casting from American Samoa. For the speaker
communities that produced this material, language
is the primary axis of access: without language-
level metadata the recordings remain effectively
unfindable to the people they most concern. Sup-
plying that metadata reliably is the role of LID
here, and doing so responsibly requires sustained
outreach with those communities, who are to lead
the larger-scale annotation effort that this pilot is
designed to bootstrap (Section 7). This effort is
one part of a broader program to make US public-
broadcast collections more accessible to the com-
munities they document; a parallel line of work
prompts vision–language models to extract struc-
tured entities, including Hawaiian personal names,
from on-screen television chyrons (Lynch et al.,
2026). Neither language is served by existing tool-
ing: each is absent from or marginal in every off-
the-shelf LID system we surveyed (Table 1). The
pairing is also methodologically useful, because the
two languages sit at near-opposite poles of phono-
logical typology (Section 2): a single system that
must separate both from English and from their
respective family neighbors is a demanding testbed
for the phonologically-informed direction we pur-
sue.

This paper makes four contributions. First, we
describe a pipeline for coarse segment-level LID
annotation over long-form broadcast material, de-
signed to be executable by non-native researchers
on a short timeline without sacrificing label reliabil-
ity. Second, we report preliminary corpus statistics
for a small in-house annotated set covering both tar-
get languages. Third, we benchmark publicly avail-

able LID systems on this set, documenting how off-
the-shelf models perform when the target language
is either absent from or severely under-represented
in the training label space. Fourth, we train a simple
MLP head on top of two frozen pretrained speech
encoders (XLS-R-300M and Whisper-medium) as
prototype classifiers, showing that even minimal in-
domain supervision substantially improves Yup'ik
recall over zero-shot MMS-LID, and that the choice
of pretrained encoder is itself a major lever at
this scale. The results motivate a phonologically-
informed fine-tuning direction, which we sketch in
Section 7.

2 Target Languages

Central Alaskan Yup'ik and Samoan occupy maxi-
mally distant points in several dimensions of phono-
logical typology. Table 2 summarizes the contrasts
we return to in Section 7.

Yup'ik, an Eskimo-Aleut language spoken in
western Alaska, exhibits a relatively rich consonan-
tal inventory including velar and uvular consonants,
voiceless sonorants, consonant gemination, and per-
missive consonant clustering (Jacobson, 1995). Its
phonology additionally includes a four-vowel sys-
tem with contrastive vowel length and an iambic
prosodic system associated with systematic conso-
nant lengthening (Woodbury, 1987). These prop-
erties produce dense consonantal transitions and
distinctive durational patterns in running speech.

In contrast, Samoan, a Polynesian language of
the Austronesian family, has a much smaller conso-
nant inventory and highly restrictive syllable struc-
ture. Samoan syllables are strictly of the form
(C)V, disallowing consonant clusters and codas en-
tirely. The language additionally exhibits phonemic
vowel length and a phonemic glottal stop, yielding
speech with high vocalic density and relatively reg-
ular rhythmic structure (Mosel and Hovdhaugen,
1992).

These typological contrasts are directly relevant
to LID. Yup'ik contains several acoustically salient
but cross-linguistically rare features, including ve-
lar and uvular consonants as well as voiceless
nasals, while Samoan is characterized by highly
regular vowel-rich phonotactics and minimal con-
sonant complexity. The two languages also differ
substantially from English along multiple dimen-
sions of syllable structure and segment inventory,
suggesting that phonologically-informed represen-
tations may provide useful inductive bias for low-
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Feature Yup'ik Samoan English

Vowel inventory 4 5+length 11+
Consonant inventory ∼25 ∼13 ∼24
Velar and uvular consonants ✓
Voiceless nasals ✓
Consonant clusters ✓ ✓
Gemination ✓
Syllable structure CVC (C)V complex
Glottal stop phonemic ✓

Table 2: Contrastive phonological features across the
three languages in our LID task.

resource spoken LID.

3 Related Work

Our paper follows a line of AmericasNLP work
that documents dataset construction for an individ-
ual under-resourced language as the central con-
tribution, with modest or no experimental results.
Reyes Pérez and García Zuñiga (2024)’s descrip-
tion of the curated Amuzgo dataset is a direct prece-
dent in this tradition, pairing a detailed linguis-
tic description with a multi-phase data collection
and annotation pipeline. A long line of work on
St. Lawrence Island Yupik (Schwartz et al., 2021;
Chen et al., 2020) has produced textual corpora and
morphological analyzers but no speech resources
for LID evaluation.

On the methods side, phonologically-informed
LID is an active area. Liu et al. (2022) unify
acoustic-phonetic and phonotactic information into
a single encoder (PHO-LID) and report over 40%
relative improvement on AP17-OLR. Shahin et al.
(2023) show that a two-stage pipeline (pretrain on
manner and place of articulation detection, then
fine-tune on LID) improves code-switching LID
by 5–6% relative. Universal phone recognizers
such as Allosaurus (Li et al., 2020) and Allophant
(Glocker et al., 2023) provide a pathway to ob-
tain phonetic pseudo-labels in any language, which
can be mapped to articulatory feature vectors via
PanPhon (Mortensen et al., 2016) and PHOIBLE
(Moran and McCloy, 2019). We leverage these
directions in Section 7.

4 Data and Annotation

4.1 Source material
We take data from the AAPB Online Reading
Room,2 a publicly available collection of digitized
public radio and television content from stations

2https://americanarchive.org/

across the United States. The Yup'ik material orig-
inates with KYUK, a public broadcasting station
in western Alaska that has produced Yup'ik televi-
sion news and programming since the 1970s; the
recordings used here are video, and contain a mix-
ture of fully Yup'ik segments, English segments,
and code-switching within single broadcasts. The
Samoan material comes from KVZK, the public
television broadcaster in American Samoa, and
covers Samoan-language news and cultural pro-
gramming. The archive spans several decades and
includes both edited broadcast output and raw field
recordings, with substantial variation in audio qual-
ity. All materials used in this pilot study are ac-
cessed under the AAPB’s existing access and use
policies; we do not redistribute the source audio.

4.2 Annotation protocol

Our annotation protocol is designed for a short
timeline with in-house researcher annotators rather
than expert native speakers. Two observations jus-
tify this choice. First, programming from Alaska
in particular has a high base rate of Yup'ik in its
non-English content: the overwhelming majority
of non-English speech in this broadcast context is
Yup'ik rather than another language. Similarly, the
American Samoa-source material is predominantly
Samoan and English. In both cases, program meta-
data (titles, descriptions) and audiovisual contexts
provide additional disambiguation. Second, our
target label set is deliberately coarse. We anno-
tate at the segment level with five labels: english,
esu, smo, mixed, and other. The other category
includes non-speech material and unintelligible au-
dio. This coarse label set is sufficient to train and
evaluate a LID system while being reliably pro-
ducible by a non-native researcher annotator work-
ing from a video source with context.

The annotation pipeline is as follows:

1. Voice activity detection and segmentation to
strip non-speech regions and produce speech
chunks suitable for annotation.

2. Manual segment-level labeling using an in-
house annotation interface, with video context
available to the annotator throughout.

3. Dual annotation: each segment in the current
evaluation set is labeled independently by two
authors, and inter-annotator agreement is re-
ported in Section 4.4.
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4.2.1 Labeling guidelines
Broadcast material mixes languages in structured
ways that our coarse label set must handle consis-
tently across annotators. We adopt the following
rules, finalized after an initial annotation pilot:

• Dominant-language rule. If a segment con-
tains speech in more than one language but
one language clearly dominates, the segment
receives the dominant language’s label rather
than mixed. A segment is labeled mixed only
when the two languages are roughly balanced
or alternate in genuine code-switching.

• News broadcast convention. News segments
in which a target-language anchor delivers
content first and an English broadcaster re-
states the same content afterwards are labeled
with the target language (esu or smo), not
mixed, since the English portion is a repe-
tition rather than parallel code-switching.

• Proper nouns. Proper nouns (personal names,
place names, organizations) embedded in
otherwise-monolingual speech do not trigger
the mixed label; the segment takes the label
of the surrounding discourse.

• Numbers and borrowed English vocabu-
lary. Yup'ik broadcasters frequently read num-
bers, weather figures, and commercial catch
report data in English inside otherwise-Yup'ik
speech. We treat such stretches as esu un-
der the dominant-language rule, because the
English tokens are routine lexical borrowings
rather than genuine code-switching.

These rules are encoded in the annotator guidelines
we plan to hand off to native-speaker annotators in
subsequent work.

4.3 Corpus statistics
Table 3 reports corpus statistics for the current an-
notated set, using the primary annotator’s labels as
gold.

4.4 Inter-annotator agreement
A second author independently annotated 10 of
the 15 videos (6 Yup'ik, 4 Samoan), producing
1,342 dual-annotated segments covering 9.3 hours
of audio. Table 4 reports the confusion matrix
between the two annotators. Raw agreement is
75.3% and Cohen’s κ is 0.67, indicating substantial
agreement.

Yup'ik Samoan

Videos annotated 9 6
Total duration 5.1 h 5.1 h
Total segments 589 1,189

labeled esu/smo 283 685
labeled eng 238 308
labeled mixed 53 122
labeled other 15 74

Table 3: Corpus statistics for the in-house annotated
set (primary annotator). Segments labeled other (non-
speech) are excluded from all evaluations.

Annotator 2

Annotator 1 eng esu mix oth smo

eng 249 2 39 6 11
esu 10 112 6 5 0
mixed 39 17 113 0 29
other 6 4 0 83 26
smo 35 0 49 43 458

Table 4: Inter-annotator confusion matrix over 1,342
dual-annotated segments (raw agreement 75.3%, Co-
hen’s κ = 0.67).

The primary source of disagreement is the mixed
label: 179 of 327 disagreements (55%) involve one
annotator choosing mixed and the other choosing a
specific language or other. This is consistent with
the inherent subjectivity of the dominant-language
rule (Section 4.2.1), which requires a judgment call
on whether code-switching is “genuine” or inciden-
tal. Agreement on the two target-language labels
is considerably higher: Yup'ik segments agree 84%
of the time (112/133) and Samoan segments agree
78% (458/585). These per-class agreement rates
support the reliability of the gold labels used in the
MMS-LID and prototype evaluations (Sections 5–
6).

5 Benchmarking Off-the-Shelf LID

We evaluate the three MMS-LID variants that cover
at least one target language (Table 1) on our an-
notated evaluation set, excluding segments labeled
other (non-speech and unintelligible audio). Whis-
per, VoxLingua107, and ESPnet OWSM cover nei-
ther target language and are omitted from this eval-
uation. Table 5 reports per-class precision, recall,
and F1 for the target-language and English labels
within each language group. The mixed class is
never predicted by any MMS-LID model (which
outputs a single language label) and therefore has
zero recall across the board; we omit it from the
table.

206



Yup'ik videos Samoan videos

System Class P R F1 P R F1

mms-lid-1024 eng .96 .96 .96 .94 .65 .77
target — — — .92 .57 .71

mms-lid-2048 eng .96 .93 .94 .95 .52 .67
target — — — .93 .58 .72

mms-lid-4017 eng .98 .92 .95 .97 .50 .66
target .85 .41 .55 .98 .61 .75

Table 5: Zero-shot per-class precision (P), recall (R),
and F1 for the MMS-LID model family on our annotated
evaluation set, broken down by language group. “target”
= esu for Yup'ik, smo for Samoan. Dashes mark models
that cannot emit the target label. Segments labeled
other and mixed are excluded.

Finding 1: Samoan recall is moderate but pre-
cision is high. All three MMS-LID variants that
cover Samoan achieve high precision on smo (0.92–
0.98) but only moderate recall (0.57–0.61): the
models recognize Samoan when they predict it, but
frequently assign related Polynesian labels, primar-
ily Hawaiian (haw) and Tongan (ton), to segments
that are in fact Samoan. This Polynesian confu-
sion is expected given that these languages share
much of their phonological profile (small invento-
ries, strict CV syllable structure, phonemic vowel
length). Performance does not improve with model
size, suggesting the confusion is driven by acoustic
similarity rather than label-space sparsity.

Finding 2: Yup'ik is systematically con-
fused with other Yupik varieties. Only
mms-lid-4017 can emit the esu label. It achieves
high precision (0.85) but low recall (0.41):
the majority of Yup'ik segments are assigned
to Central Siberian Yupik (ess) or Northwest
Alaska Inupiatun (esk) instead. This is not a
general-purpose model failure: Central Alaskan
and Central Siberian Yupik are close relatives
within the Yupik subgroup of Eskimo-Aleut,
sharing most of their segmental inventory. Table 6
shows that the most frequent errors concentrate on
genealogically related languages. The confusion is
best read as a linguistically principled limitation
that the aggregate MMS-LID label space does
not resolve. It also constitutes direct motivation
for phonologically-informed modeling: the two
varieties differ in specific features (e.g., certain
uvular realizations, subsets of the voiceless
sonorant series, and prosodic detail) that an
articulatory-aware encoder could in principle

Gold Label Predicted Label Count

esu ess 111
esu esu 110
esu esk 16
esu esi 7

smo smo 390
smo haw 128
smo ton 93
smo jav 6

Table 6: Top predicted labels for gold Yup'ik (esu) and
Samoan (smo) clips under MMS-LID-4017. Most errors
remain within related language families.

exploit. We revisit this in Section 7.

Finding 3: English recall degrades in Samoan-
source videos. English is recognized with 92–
96% recall in Yup'ik-source videos but only 50–
65% in Samoan-source videos. We attribute this
to the Samoan material containing more code-
switching and borrowed English vocabulary, which
MMS-LID tends to assign a Polynesian label rather
than English.

6 Prototype Classifier

To test how much of the off-the-shelf performance
gap can be closed without fine-tuning the speech
encoder, we train a lightweight MLP classification
head on top of a frozen encoder and repeat the
experiment with a second frozen encoder of com-
parable scale. We compare XLS-R-300M (Con-
neau et al., 2020), a self-supervised wav2vec 2.0
model, against the encoder of Whisper-medium
(Radford et al., 2023), a multilingual ASR model
whose encoder has about 307M parameters. Both
produce 1024-dimensional hidden states. For each
segment we extract mean-pooled final-layer activa-
tions (over the audio-valid frames in the Whisper
case, whose input is padded to 30 seconds) and
train a two-layer MLP (1024→256→4, with ReLU
and dropout) on those fixed features. Holding the
head, the data, and the recipe constant lets the com-
parison isolate two effects: the value of in-domain
supervision relative to zero-shot MMS-LID, and
the choice of pretrained encoder.

The classifier is trained with cross-entropy over
four labels {eng, esu, smo, other}: segments la-
beled mixed in the annotation are collapsed into
the target language of their source video (Sec-
tion 4.2.1). We evaluate with 15-fold leave-one-
video-out cross-validation across all Yup'ik and
Samoan videos combined; each fold trains on 14
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Encoder Class P R F1

XLS-R-300M
eng .68 .75 .71
esu .79 .85 .82
smo .80 .69 .74

Whisper-medium
eng .93 .83 .88
esu .96 .92 .94
smo .91 .91 .91

Table 7: Prototype classifier with a trainable MLP head
on top of two frozen encoders, evaluated with 15-fold
leave-one-video-out cross-validation. Overall accuracy /
macro F1 are .74 / .76 for XLS-R-300M and .89 / .91 for
Whisper-medium. Segments labeled other and mixed
are excluded from the reported metrics; mixed is col-
lapsed into the video’s target language during training.

videos and evaluates on the held-out video. Table 7
reports per-class precision, recall, and F1 for both
encoders, excluding the other class to match the
MMS-LID evaluation in Table 5.

Comparison with MMS-LID, and across en-
coders. Despite using only frozen encoders,
both prototypes substantially outperform zero-shot
MMS-LID-4017 on Yup'ik: XLS-R-300M lifts
esu recall from 0.41 to 0.85 (F1 0.55→0.82), and
Whisper-medium lifts it further to 0.92 (F1 0.94).
MMS-LID’s principal Yup'ik failure mode — the
esu/ess confusion in Table 6 — is absent here by
construction, since our head emits only the four an-
notation labels; the relevant question is how cleanly
each encoder’s representations separate those four
classes, and the gap between XLS-R and Whisper
answers it. For Samoan, where MMS-LID was
already moderately strong (F1 0.75), XLS-R of-
fers parity (F1 0.74); Whisper-medium reaches
F1 0.91, with the off-diagonal smo→eng count
dropping from 162 under XLS-R to 19. English
precision follows the same pattern: 0.68 with
XLS-R, recovering to 0.93 with Whisper, compa-
rable to MMS-LID’s 0.97–0.98. At this parame-
ter scale, the choice of pretrained encoder domi-
nates the supervision recipe: a model whose pre-
training objective rewards phonetic discriminabil-
ity across many languages (Whisper, multilingual
ASR) yields markedly more LID-discriminable rep-
resentations than one trained by self-supervised
reconstruction (XLS-R).

Encoder scale. We also ran the same head on top
of Whisper-large-v3, roughly twice the encoder pa-
rameter count of Whisper-medium: overall macro
F1 is essentially identical (0.91 vs. 0.91), and per-
class scores move within noise. We speculate that

at this scale of supervision and label granularity —
about 1.6k labeled clips and four coarse classes —
the bottleneck has shifted away from encoder ca-
pacity, and that the additional parameters in large-
v3 chiefly refine fine-grained acoustic detail that a
coarse four-class LID head cannot exploit.

Per-video variance. Two Yup'ik folds stand out
as hard cases under XLS-R-300M (Folds 4 and 8
in the LOO-CV, accuracies 0.52 and 0.60 against
the Yup'ik-group average of 0.87). Switching to
Whisper-medium resolves one of them: Fold 8, a
raw field recording with markedly noisier audio
than the surrounding broadcast segments, climbs
to 0.94, while Fold 4, an edited broadcast clip set,
remains the hardest at 0.59 even with the stronger
encoder. The split points to two distinct sources of
difficulty — acoustic distance from the encoder’s
pretraining distribution, which a stronger encoder
can absorb, and fold-specific factors that persist
across encoders and warrant further investigation
— and further motivates encoder adaptation (Sec-
tion 7).

Pilot-scale caveat. The headline macro F1 of
0.91 under Whisper-medium should be read against
the scale of the supporting evidence: 15 broadcast
videos, about 1.6k labeled segments, and one held-
out video per fold. The picture is likely to shift
once the larger native-speaker-led annotation effort
(Section 7) yields a more domain-diverse training
and evaluation set, and the numbers reported here
should be treated as pilot-scale evidence rather than
settled levels.

7 Discussion and Future Work

7.1 Discussion

The benchmark results in Section 5 reveal a shared
failure mode across both target languages: MMS-
LID achieves high precision but low recall, be-
cause it systematically confuses target-language
segments with closely related languages within the
same family: Hawaiian and Tongan for Samoan,
Central Siberian Yupik and Northwest Alaska In-
upiatun for Yup'ik. These are not random misclas-
sifications: they reflect genuine acoustic similarity
within language subgroups that a model trained on
broad typological coverage cannot fully resolve.

To probe whether these confusions align with
broad phonological tendencies, we ran the univer-
sal phone recognizer Allosaurus over the annotated
clips and computed two simple phone-level proxies
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Gold label Vowel ratio Uvular-like ratio

eng 0.409 0.018
esu 0.441 0.051
smo 0.516 0.023

Table 8: Exploratory phone-level statistics computed
from Allosaurus pseudo-phone sequences. Samoan ex-
hibits the highest vowel-token ratio, consistent with its
strict (C)V syllable structure, while Yup'ik shows the
highest rate of uvular-like phones, consistent with its
documented velar and uvular inventory.

from the resulting pseudo-phone sequences. These
outputs are not treated as gold phonetic transcrip-
tions, but as approximate acoustic-phonetic repre-
sentations suitable for exploratory analysis. Table 8
summarizes two aggregate measures by gold label:
vowel-token ratio and uvular-like phone ratio.

The resulting distributions align with the typo-
logical contrasts outlined in Section 2. Samoan
clips exhibit the highest vowel-token ratio, consis-
tent with the language’s strict (C)V syllable struc-
ture and high vocalic density, while Yup'ik clips
show the highest rate of uvular-like phones, consis-
tent with its documented velar and uvular inventory.
These exploratory results support the interpretation
that the MMS-LID confusions are phonologically
structured rather than random.

This pattern directly motivates a phonologically-
informed approach to LID of closely related va-
rieties. For example, Central Alaskan Yup'ik
shares substantial similarities with other Yupik va-
rieties, but comparative descriptions between Cen-
tral Alaskan and Central Siberian Yupik also note
several systematic differences, such as retroflex
segments reported for Central Siberian Yupik that
are not typically reported in Yup'ik, and differences
in gemination and prosodic timing (Section 2) (Ja-
cobson, 1990). Features like these may help re-
duce the frequent confusions observed in our ex-
periments. Similarly, although Samoan, Hawai-
ian, and Tongan share many phonological proper-
ties, finer-grained differences in segment invento-
ries and specific prosodic patterns such as tonal
marking of absolutive case (Yu, 2021) may support
improved discrimination within the language fam-
ily. These are precisely the dimensions that a loss
designed around articulatory targets can steer an en-
coder toward. The prototype results in Section 6 al-
ready provide indirect empirical support: under the
same MLP head, Whisper-medium (multilingual
ASR pretraining) substantially outperforms XLS-R-

300M (self-supervised reconstruction), suggesting
that pretraining objectives rewarding phonetic dis-
criminability across languages already carry much
of the inductive bias LID benefits from.

We sketch a two-stage phonologically-informed
fine-tuning pipeline as the direction of our contin-
uing work. Stage 1 follows Shahin et al. (2023):
the wav2vec 2.0 encoder is first fine-tuned on ar-
ticulatory feature classification (manner and place
of articulation) with pseudo-labels obtained from
universal phone recognizers such as Allosaurus
or Allophant, mapped to feature vectors via Pan-
Phon. This requires no target-language transcrip-
tion. Stage 2 fine-tunes the resulting articulatory-
aware encoder for LID on the annotated broad-
cast data, optionally augmenting the classification
loss with a regularization term that encourages rep-
resentations whose inter-language distances cor-
relate with PHOIBLE inventory distances. Re-
cent work (Choi et al., 2026) has shown that self-
supervised speech models already encode distinc-
tive features as linear subspaces in their hidden
states; the proposed fine-tuning should sharpen ex-
actly the dimensions that are discriminative within
the Yupik subgroup, and should help most in the
short-segment regime where aggregate statistical
LID degrades.

7.2 Ongoing Annotation and Future
Directions

Beyond the modeling direction, immediate next
steps include transitioning primary annotation to
trained native-speaker annotators, who will expand
the dataset over the coming months; expanding the
label set to include code-switching boundaries and
speaker turns; testing the MMS-LID Samoan re-
sult under noisier, non-studio recording conditions;
and adding speaker and recording-era metadata to
support fairness evaluation across the multi-decade
archive.

Since the initial submission of this paper, a
larger-scale annotation effort has begun with com-
munity language fellows working directly on
Yup'ik and Samoan broadcast materials. These an-
notators are contributing segment-level review, cor-
rection, and expansion of the coarse-label dataset
using the same annotation interface and guidelines
described in Section 4. Their ongoing work will
substantially expand both the scale and linguistic
reliability of the corpus, and will enable future eval-
uation under native-speaker supervision.
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8 Conclusion

We present a pilot spoken language identification
benchmark for Central Alaskan Yup'ik and Samoan
using archival broadcast recordings. Experiments
with off-the-shelf multilingual LID systems show
that exact-label recognition remains challenging,
with many errors concentrated within the related
language families. Lightweight supervised adapta-
tion substantially improves performance, and the
choice of frozen pretrained encoder is itself a major
lever: under an otherwise identical head, an ASR-
pretrained encoder yields substantially fewer er-
rors than a self-supervised one of comparable scale.
Future work will expand annotation, incorporate
native-speaker review and explore phonologically
informed modeling approaches.

Limitations

The annotated set reported in this paper is small (9
Yup'ik and 6 Samoan videos) and was produced by
in-house researcher annotators rather than native
speakers. A deliberately coarse five-label scheme
and high base rate of Yup'ik and Samoan in non-
English content mitigate annotator noise, and dual
annotation yields substantial agreement (κ = 0.67),
but native-speaker validation is required before
strong claims can be made about absolute label
quality. The dominant source of annotator disagree-
ment is the mixed label, which is inherently subjec-
tive; the target-language labels themselves agree
at 78–84%. The prototype classifiers are trained
and evaluated on a dataset far smaller than typical
low-resource LID settings; the reported numbers,
including the Whisper-medium macro F1 of 0.91,
should be read as pilot-scale evidence and may
not generalize to a larger or more domain-diverse
set. The multi-decade time span of the broad-
cast source introduces acoustic variability (analog
vs. digital capture, channel and codec differences)
that we do not yet explicitly model. Finally, the
phonologically-informed approach in Section 7 is
proposed, not yet implemented or evaluated.
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