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Background



A 19th-century Discovery

Languages change in systematic ways, and it is possible to reproducibly reconstruct

proto-languages using these systematic patterns, even when no record of the proto-
language survived.

Historical linguists use the comparative method to reconstruct proto-languages.
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Protoform Reconstruction

wikinam <vicinam> 'neighbor’

(Latin)
vwazin vitfina beOina vizipe
<voisine> <vicina> <vecina> <vizinha>
(French) (Italian) (Spanish) (Portuguese)

Example: Romance Dataset (Meloni et al., 2021; Ciobanu and Dinu, 2018)
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Protoform Reconstruction

Protoform —»| wikinam|<vicinam> 'neighbor’
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Protoform Reconstruction

Protoform —»| wikinam|<vicinam> 'neighbor’

(Latin) Proto-language
. < 1: : oy Reflexes in the
vwazin w.t].ma beefna V.lz‘lﬁe “ came cognate set
<voisine> <vicina> <vecina> <vizinha>
(French) (Italian) (Spanish) (Portuguese)

Example: Romance Dataset (Meloni et al., 2021; Ciobanu and Dinu, 2018)



Protoform Reconstruction

Protoform —»| wikinam|<vicinam> 'neighbor’

(Latin) Proto-language
= yr : - Reflexes in the
vivazin V',tj .ma beefna V,'z.m € _I* same cognate set
<voisine> <vicina> <vecina> <Vvizinha>
(French) (Italian) (Spanish) (Portuguese) Daughter languages

Example: Romance Dataset (Meloni et al., 2021; Ciobanu and Dinu, 2018)



Protoform Reconstruction

? 'neighbor’
(Latin)
vwazin vitfina beOina vizipe
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Protoform Reconstruction

? 'neighbor’
(Latin)

vwazin vitfina beOina vizipe

<voisine> <vicina> <vecina> <vizinha>
(French) (Italian) (Spanish) (Portuguese)

Example: Romance Dataset (Meloni et al., 2021; Ciobanu and Dinu, 2018)



Protoform Reconstruction

Output —>|Z|'neighbor'
(Latin)

vwazin vitfina beOina vizipe

<voisine> <vicina> <vecina> <vizinha>
(French) (Italian) (Spanish) (Portuguese)

Example: Romance Dataset (Meloni et al., 2021; Ciobanu and Dinu, 2018)



The Comparative Method

The regularity principle:
> Sound changes are regular

> Reflexes should be derivable deterministically from reconstructions using a single set
of sound change rules

"Every sound change, in so far as it proceeds mechanically, is completed in accordance with laws
admitting of no exceptions; i.e. the direction in which the change takes place is always the same
for all members of a language community, apart from the case of dialect division, and all words in
which the sound subject to change occurs in the same conditions are affected by the change
without exception.”

—H. Osthoff and K. Brugmann, Morphologische Untersuchungen auf dem Gebiete der
indogermanischen Sprachen i, Leipzig, 1878, p. xiii (quoted in Szemerenyi (1996))



The Comparative Method

The regularity principle:
> Sound changes are regular

> Reflexes should be derivable deterministically from reconstructions using a single set
of sound change rules

The comparative method is challenging to apply in practice, because examining a large
number of cognate sets and complex combinations of sound changes can impose heavy
cognitive load.



Supervised Neural Reconstruction

> RNN with language embedding (Meloni et al., 2021)

> Transformer (Kim et al., 2023)
> VAE (Cui et al., 2022)

*[Cantonese]l:mei{*[Mandarin]:meiN*[Wu]:me4*

Seguence-to-sequence model

mij’

Note: Other input representations exist, such a stacked representation used by Cognate
Transformer (Akavarapu and Bhattacharya, 2023)
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Supervised Training

Cantonese Gan Hakka Jin Mandarin Hokkien Wu Xiang Label (Gold Protoform)
phond phun4 phunl  phxanll PN phan/ bon pon/ bunw’
MmO mo\ mia/ - mud bon mu?) - mak*
sa:n - - - san\ JIER - - sen?
khey - - - tehyT khiy?4 - - khi’
sizn - cieny - gyand cien\ - - sjen?
leu/ - liu lisu liowd liu\ i34 - ljluw?
men- - - - uan\ bun- - - mjun?
ton tun4 tuny tin) ton. tOn\ ton1 ton\ tunw?
tsheud - - - fshou1 ciu4 - - dzuw'’
joernT - - - ian N - - Yjan’
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A More Realistic Scenario: Semisupervised Reconstruction

Cantonese Gan Hakka Jin Mandarin Hokkien Wu Xiang Label (Gold Protoform)
phond phun4 phunl  phxanll PN phan/ bon pon/ (unavailable)
m>:1 Mo\ mia4 - mud bon Mo’/ - (unavailable)
sa:nd - - - san\ sgan - - (unavailable)
khey - - - tehy khiy?4 - - khi®
Sizn - cieny - cyan. cien\ - - (unavailable)
leu/ - liu liau liood liu\ i34 - ljluw?
men- - - - uan\ bun- - - (unavailable)
ton4 tund tun tdnY tond ton\ ton1 ton\ tunw?
tsheud - - - fshou1 ciu/ - - (unavailable)
jeernT - - - ian ioNT - - (unavailable)
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Examples are from WikiHan, '-' indicates missing reflex in the dataset



A More Realistic Scenario: Semisupervised Reconstruction

Cantonese Gan Hakka Jin Mandarin Hokkien Wu Xiang Label (Gold Protoform)

phond phun/ phun! p"x3anll PN phan bon pon/ OLEVEIELE)
m>:1 Mo\ mia4 - mud bon muo?J - (unavailable)
sa:nd - - - san\ SVER - - (unavailable)

khey - - - tehyT khiy?4 - - khi’

Sizn/ - cieny - gyand cien\ - - (unavailable)

leu/ - liu lisu liowd liu\ i34 - ljluw?

men- - - - uan\ bun- - - (unavailable)

~

ton tun4 tuny tun) ton. tOn\ ton1 ton\ tunw?

tsheud - - - tshou1 ciu/ - - (unavailable)

jeernT - - - ian ioNT - - (unavailable)
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A Hypothetical Example

Gloss 'grandchild’ '‘bone' 'breast’ 'laugh'
Labeled? Yes Yes No No
Kachai oe re ne n 1
Huishu r uk r uk nuk nuk
Ukhrul r U r U n u n u

Protoform Label d u T u n u n i
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A Hypothetical Example

Gloss 'grandchild’ '‘bone' 'breast’ 'laugh'
Labeled? Yes Yes No No
Kachai oe re ne n 1
Huishu r uk r uk nuk nuk
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Protoform Label d u T u
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A Hypothetical Example

Gloss 'grandchild’ '‘bone' 'breast’ 'laugh'
Labeled? Yes Yes No No
Kachai oe re ne n 1
Huishu ruk ruk nuk nuk

Ukhrul ru r U

Protoform Label du r u

Supervised Model d u T u nu nu
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A Hypothetical Example

Gloss 'grandchild’ '‘bone' 'breast’ 'laugh'
Labeled? Yes Yes No No d u 5 e
Kachai d e r e ne n i ru I e
Huishu ruk ruk nuk nuk
Ukhrul T u T u
Protoform Label du T u
Supervised Model du T u n u n u Trouble: Cannot

deterministically
derive the reflexes!
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A Hypothetical Example

Gloss 'grandchild’ '‘bone' 'breast’ 'laugh'
Labeled? Yes Yes No No d u S5 p
Kachai o e T e ne n i ru r e
Huishu Truk Truk nuk nuk
n u n e
Ukhrul r u r u
n u n i
Protoform Label d u T u
Supervised Model d u T u nu nu 1 u 5 .
Semisupervised Model d u T u nu T u T e
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A Hypothetical Example

Gloss 'grandchild’ '‘bone' 'breast’ 'laugh'
Labeled? Yes Yes No No d u 3 e
Kachai o e T e ne n i ru r e

Huishu ruk ruk nuk nuk
n u n e

Ukhrul r u r u
. . n % n i
Protoform Label d u T u (hidden) (hidden)

Supervised Model d u T u 1 u 5 .
Semisupervised Model d u T u nu n =k T u T e
T n u ne

Something other .
than u n = n i
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A Hypothetical Example

Gloss 'grandchild’ '‘bone' 'breast’ 'laugh'
Labeled? Yes Yes No No
Kachai = I e n e n i
Huishu ruk ruk nuk nuk
Ukhrul ru ru n u n u
Protoform Label d u I u n u n & < Indeed not u
Supervised Model d u I u n u n M

Semisupervised Model d u T u nu n =k
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A Hypothetical Example

20

Gloss 'grandchild’ '‘bone' 'breast’ 'laugh'
Labeled? Yes Yes No No
Kachai d e r e ne n i

Huishu ruk ruk nuk nuk
Ukhrul T u T u n u n u
Protoform Label du T u n u n %
DPD du r u n u n =k
Reconstruction Reflex Prediction

Reflexes ————————  » Protoform? ——— > Reflexes?

Daughter-to-Proto-to-Daughter (DPD)



Reflex Prediction

[Cantonese]mij [Mandarin]mij? "Wulmi?

mej mej\ me
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The DPD (Dughter-to-Proto-to-Daughter) Architecture

Protoform Prediction
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Actual Predicted
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Correct reflexes derived
Incorrect protoform from incorrect protoform
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Protoform Prediction Reflex Inferred
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Weak Baseline Strategies

Supervised only (SUPV): only train the model on the labeled training examples

Bootstrapping (BST): A form of proxy-labelling in which the model's most confident
predictions are added as pseudo-labels to the train set (Lee, 2013)

NM-Model (NMM): An implementation of consistency regularization by training the model
to produce similar outputs on stochastically augmented inputs (Laine and Aila, 2017)

NMN-model
w(?)
Vi Z """" »  cross- ¢
. ! -
X »  stochastic >  network > entropy > weighted >
augmentation || with dropout squared | sum 055
Nz |

L > difference (Laine and Aila, 2017)
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Implementing Stochastic Augmentation for N-Model

*[Cantonese]:mej{*[Mandarin]:meiN\*[Wu]:me4*

*[Wul:med*[Mandarin]:mei\*[Cantonese]:mej{*

*[Mandarin]:mei\*[Cantonese]:meid*

36



Architectures and Training Strategies

1.
2.
3.
A
D.
o.
7.
3.
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Supervised only (SUPV)
Bootstrapping (BST) Weak baselines
[1-model (IMM)
. T-model with Bootstrapping (MM-BST) :l Strong baseline
DPD

DPD with Bootstrapping (DPD-BST)
DPD merged with N-model (DPD-MM)
DPD-IM with Bootstrapping (DPD-INMM-BST)

DPD-based strategies



Architectures and Training Strategies

DPD with Bootstrapping (DPD-BST)
DPD merged with N-model (DPD-MM)
DPD-IM with Bootstrapping (DPD-INMM-BST)

1. Supervised only (SUPV)

2. Bootstrapping (BST)

3. M-model (MM)

4. MN-model with Bootstrapping (IMM-BST) 1. GRU (GRU)

5. DPD 2. Transformer (Trans)
6.

7.

8.

38



Datasets

Dataset Language Family Ancestor Language Number of Cognate Sets
WikiHan (phonetic) . . .

(Chang et al., 2022) Sinitic Middle Chinese 8,703

Rom-phon (Romance, phonetic version) Romance | atin 5165

(Meloni et al., 2021; Ciobanu and Dinu, 2018)
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Semisupervised Datasets

We take away labels to simulate a semisupervised situation.

WikiHan Rom-phon
5% 181 304

10% 362 607
20% 723 1,214
30% 1,084 1,821
100% 3,615 6,071

Number of labeled training examples (i.e. cognate sets with an associated
gold protoform) in the train set for each labeling setting and dataset, as
well as the total number of cognate sets for reference (100%).
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Semisupervised Datasets

We take away labels to simulate a semisupervised situation.

WikiHan Rom-phon

5% 181 304
10% 362 607 j«— Our focus
20% 723 1,214
30% 1,084 1,821
100% 3,615 6,071

Number of labeled training examples (i.e. cognate sets with an associated
gold protoform) in the train set for each labeling setting and dataset, as
well as the total number of cognate sets for reference (100%).
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Evaluation Metrics

> Accuracy (ACC): The percentage of exactly correct predictions

> Token edit distance (TED): The number of token insertions, deletions, or substitutions between
predictions and targets (Levenshtein et al., 1966)

> Token error rate (TER): Length-normalized edit distance (Cui et al., 2022)

> Feature error rate (FER): Length-normalized phonological edit distance measured by PanPhon
(Mortensen et al., 2016)

> B-Cubed F Score (BCFS): A measure of the structural similarity between predictions and targets
(Amigo et al., 2009; List, 2019)
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Results:
10% Labeled
WikiHan

Bold: the best-performing
model for each metric

@z significantly better than
all weak baselines (SUPYV,
BST, and NM) on dataset
seed 1 with p < 0.01

@: significantly better than
the NMM-BST strong
baseline and all weak
baselines on dataset seed
1 with p < 0.01
@,0,®,0,0,0: likewise
for dataset seeds 2-4.

ACL 2024

Architecture Strategy ACC% 1 TED | TER | FER | BCFS 1

Transformer  DPD-IIM-BST (ours) 40.50% 88 1.0075 & 0.2360 88 0.0970 88 0.6707 &
DPD-BST (ours) 30.06% 88 1.0367 88 02428 88 0.0997 88 0.6630 83
DPD-IIM (ours) 37.72% 88 1.0791 & 0.2528 & 0.1022 &8 0.6472 &°
DPD (ours) 39.50% 88 1.0356 88 0.2426 88 0.0993 88 0.6564 88
I[IM-BST 34.21% 1.1489 0.2691 0.1106 0.6371
BST (Lee, 2013) 34.78% 1.1455 0.2683 0.1109 0.6334
IIM (Laine and Aila, 2017) 34.30% 1.1699 0.2740 0.1122 0.6209
SUPV 33.25% 1.1891 0.2785 0.1140 0.6138

GRU DPD-IIM-BST (ours) 39.74% 88 1.0280 83 0.2408 88 0.0972 &8 0.6683 83
DPD-BST (ours) 35.89% & 1.1025 0.2582 0.1039 0.6493
DPD-IIM (ours) 37.90% &8 1.0697 88 0.2506 88 0.1006 &8 0.6517 &8
DPD (ours) 34.51% 1.1538 0.2703 0.1091 0.6278
[IM-BST 3499% % 1.1479 % 02689 % 0.1077 8  0.6354 &?
BST (Lee, 2013) 28.18% 1.3092 0.3067 0.1208 0.5939
IIM (Laine and Aila, 2017) 32.59% 1.2047 0.2822 0.1137 0.6166
SUPV 28.16% 1.3257 0.3105 0.1234 0.5835




Results:
10% Labeled
WikiHan

Bold: the best-performing
model for each metric

@:s significantly better than
all weak baselines (SUPYV,
BST, and NM) on dataset
seed 1 with p < 0.01

@: significantly better than
the NMM-BST strong
baseline and all weak
baselines on dataset seed
1 with p < 0.01
@,0,®,0,0,0: likewise
for dataset seeds 2-4.

DPD-IMM-BST performs the
best and significantly
better than all baselines
on all metrics.

ACL 2024

Architecture Strategy ACC% 1 TED | TER | FER | BCFS 1

Transformer = DPD-IIM-BST (ours) 40.50% 88 1.0075 & 0.2360 88 0.0970 88 0.6707 88
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SUPV 28.16% 1.3257 0.3105 0.1234 0.5835




Results:
10% Labeled
WikiHan

Bold: the best-performing
model for each metric

@:s significantly better than
all weak baselines (SUPYV,
BST, and NM) on dataset
seed 1 with p < 0.01

@: significantly better than
the NMM-BST strong
baseline and all weak
baselines on dataset seed
1 with p < 0.01
@,0,®,0,0,0: likewise
for dataset seeds 2-4.

DPD-IMM-BST performs the
best and significantly
better than all baselines
on all metrics.

Transformer trained with

DPD performs similarly
well.

ACL 2024

Architecture Strategy ACC% 1 TED | TER | FER | BCFS 1

Transformer = DPD-IIM-BST (ours) 40.50% 88 1.0075 & 0.2360 88 0.0970 88 0.6707 88
DPD-BST (ours) 30.06% 88 1.0367 88 02428 88 0.0997 88 0.6630 83
DPD-IIM (ours) 37.72% 88 1.0791 & 0.2528 & 0.1022 &8 0.6472 &°
DPD (ours) 39.50% 88 1.0356 88 0.2426 88 0.0993 88 0.6564 88
I[IM-BST 34.21% 1.1489 0.2691 0.1106 0.6371
BST (Lee, 2013) 34.78% 1.1455 0.2683 0.1109 0.6334
IIM (Laine and Aila, 2017) 34.30% 1.1699 0.2740 0.1122 0.6209
SUPV 33.25% 1.1891 0.2785 0.1140 0.6138

GRU DPD-IIM-BST (ours) 39.74% 83 1.0280 88 0.2408 88 0.0972 83 0.6683 8]
DPD-BST (ours) 35.89% & 1.1025 0.2582 0.1039 0.6493
DPD-IIM (ours) 37.90% &8 1.0697 88 0.2506 88 0.1006 &8 0.6517 &8
DPD (ours) 34.51% 1.1538 0.2703 0.1091 0.6278
[IM-BST 3499% % 1.1479 % 02689 % 0.1077 8  0.6354 &?
BST (Lee, 2013) 28.18% 1.3092 0.3067 0.1208 0.5939
IIM (Laine and Aila, 2017) 32.59% 1.2047 0.2822 0.1137 0.6166
SUPV 28.16% 1.3257 0.3105 0.1234 0.5835




Results:
10% Labeled
Rom-phon

Bold: the best-performing
model for each metric

@z significantly better than
all weak baselines (SUPV,
BST, and NM) on dataset
seed 1 with p < 0.01

@: significantly better than
the NMM-BST strong
baseline and all weak
baselines on dataset seed
1 with p < 0.01
@,0,®,0,0,0: likewise
for dataset seeds 2-4.

ACL 2024

Architecture Strategy ACC% 1 TED | TER | FER | BCFS 1

Transformer  DPD-IIM-BST (ours) 34.63% 88 13115 88 0.1463 88 0.0588 88 0.7850 83
DPD-BST (ours) 33.51% 98 1360598 0.1517 98 0.0599 88 0.7763 98
DPD-IIM (ours) 29.24% 1.5888 0.1772 0.0732 0.7423
DPD (ours) 31.94% 1.5111 0.1685 0.0678 ¢ 0.7529
I[IM-BST 32.10% 1.4005 0.1562 0.0636 0.7716
BST (Lee, 2013) 29.95% 1.5066 0.1680 0.0704 0.7555
IIM (Laine and Aila, 2017) 26.97% 1.7134 0.1911 0.0796 0.7239
SUPV 26.99% 1.7331 0.1933 0.0794 0.7218

GRU DPD-IIM-BST (ours) 36.78% @ 1.2380 88 0.1381 88 0.0483 8 0.7980 98
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Performance
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Labeling
Settings
(See Paper)

Performance distribution
for varied labeling
settings (dataset seed 1).

x-axis: various labeling
settings including
semisupervised situations
at 5%, 10%, 20%, and 30%
and fully supervised
reference at 100% (not
drawn to scale).

ACL 2024

0.6

0.5~

0.4

ACC

0.3 7

0.2+

0.1

0.0+

0.4 -

ACC

0.3

0.2~

0.1

T%[P'?éfé

ﬁﬁﬁ

10% 20%
labeling setting

30% 100%

7

% g

%
& L éﬁé

5%

10% 20%
labeling setting

30% 100%

strategy-architecture combination
Trans-DPD-IMNM-BST
Trans-DPD-BST
Trans-DPD-MNM
Trans-DPD
Trans-MNMM-BST
Trans-BST
Trans-NM
Trans-SUPV
GRU-DPD-INM-BST
GRU-DPD-BST
GRU-DPD-IMM
GRU-DPD
GRU-IMM-BST
GRU-BST

GRU-INMM
GRU-SUPV

JOOROCOENCOENOOmN

strategy-architecture combination
Trans-DPD-IMM-BST
Trans-DPD-BST
Trans-DPD-MNM
Trans-DPD
Trans-MM-BST
Trans-BST
Trans-MNM
Trans-SUPV
GRU-DPD-MNMM-BST
GRU-DPD-BST
GRU-DPD-NMM
GRU-DPD
GRU-IMM-BST
GRU-BST

GRU-INMM
GRU-SUPV

IR Y ey peyy

WikiHan

Rom-phon



Analysis




Hlerarc!1|cal GRU-DPD-BST
Clustering of

Phoneme
Embeddings:
French

Hierarchical clustering of . —':|_| ——
French phoneme
embeddings obtained
from the best run (within

dataset seed 1 of 10% WTN WP PYWSRITOTDOOONTMOUNNYOD>O%-QEC I 2T+

labeling setting) in the
best DPD-based strategy-
architecture combination

(top) and the best run
from their non-DPD
counterpart (bottom). . 1

28&8820\3'“2“20 CY/m 22N> WOOHOMOMSOUOTOMO DX O 0 — n+ T C

GRU-BST

ACL 2024




Hlerarc.hlcal GRU-DPD-BST
Clustering of

Phoneme
Embeddings:
French

Hierarchical clustering of 1 —':|_| ——
French phoneme
embeddings obtained
from the best run (within

dataset seed 1 of 10% WDO AW PWHRITOTODOOON"MOUNYD>AOYQEC T ™" 0T+

labeling setting) in the
best DPD-based strategy-
architecture combination

(top) and the best run
from their non-DPD
counterpart (bottom). . 1

28&8820‘)'“2“’0 c/mAN>WOo O3 U OMAO DX Q% x— u+ T C

GRU-BST

ACL 2024




Hlerarc!1|cal GRU-DPD-BST
Clustering of

Phoneme
Embeddings:
French

Hierarchical clustering of . —':|_| ——
French phoneme
embeddings obtained
from the best run (within

dataset seed 1 of 10% WoN VP YPWSINITOTOOONTMUNND>AO-QEC T 2CDT+

labeling setting) in the
best DPD-based strategy-
architecture combination

(top) and the best run
from their non-DPD
counterpart (bottom). . 1

?BQBEIW'“ZGIO CYU2>2N>D S WONM3IOUVT ODOMAO DX QY = u+ T C

GRU-BST

ACL 2024




HlerarC]1lca| Trans-DPD-MM-BST
Clustering of

Phoneme
Embeddings:
Cantonese — | — : [

Hierarchical clustering of
Cantonese phoneme
embeddings obtained
from the best run (within

dataset seed 1 of 10%
labeling setting) in the
best DPD-based strategy-

T—rEQ_'—C QM.&—-H._‘C_J_;}‘;?<'§<':<3c3('a<3<924':<_; 5’%“’8””0@3‘6“)

architecture combination

(top) and the best run

from their non-DPD —_— p—c .
l . LT ! e P
|

counterpart (bottom). 1

i%aiu—a:&_’-ﬁx'—;EC:(E:E(még?é&‘%a(agtj“ﬂac‘oac?—w(a’(h‘:g(mwi(ﬁsm
Trans-INMM-BST

ACL 2024




Additional Analyses (See Paper)

> The interaction between D2P and P2D during training

> The error patterns of DPD-based vs. non-DPD-based models
> Transductive evaluation of reconstruction performance

> Ablation studies removing the unlabeled data

> Generalizing DPD to supervised reconstruction

56



Conclusion




Conclusion

We introduce the new task of semisupervised reconstruction, marking a step forward
toward building practical computational reconstruction systems that can assist early-
stage proto-language reconstruction projects.

We design the DPD architecture to implement historical linguists' comparative
method and learn effectively from unlabeled cognate sets, yielding performance that
surpasses existing sequence-to-sequence reconstruction models and established
semisupervised learning techniques, especially when protoform labels are scarce.
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Paper: https://arxiv.org/abs/2406.05930 (or conference site)

Code: https://agithub.com/cmu-llab/dpd
Checkpoints: https://huggingface.co/chaosarium/dpd
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