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What languages are attested in the inscriptional record in 1st

millennium BCE Italy?
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Languages attested in the inscriptional record in 1st
millennium BCE Italy

A. Language map of ancient Italy

Wallace 2007:x

B. Language distribution in the dataset
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Spatial distribution of languages in the epigraphic record
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Linguistic relationships vs. alphabet relationships

Generally accepted direction of alphabet
spread in Italy

Proto-Indo-European

Greek

Messapic

Proto-Italic

Venetic

Sabellic

Latino-Faliscan

Proto-Celtic
Camunic

Lepontic

Phylogeny of Indo-European languages in
Ancient Italy
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The need for a new dataset
Reuben Pitts published the Corpus of
the Epigraphy of the Italian Peninsula
in the 1st Millennium bce (CEIPoM) in
2022

Excludes inscriptions on islands,
Celtic and non-Indo-European
languages (e.g., Etruscan), and Latin
after 100 bce

Emphasis on linguistic information
leads to conflation of alphabets
(Faliscan = Latin), etc.

Inconsistent encoding processes:
inscriptions encoded twice (e.g., CIL
X 289) and with different coordinates
for the same specified location
(Diano, Dimale, Gabii Castiglione,
etc.)

Notable errors, including Etruscan
and Hernican inscriptions in Anagni
listed as Oscan language and
alphabet

Alphabet heatmap from Pitts’ 3,868-inscription dataset for 1st-millennium bce Italy
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Comparison of alphabets in the epigraphic record between
databases

Pitts’ 3,868-inscription dataset

Current 21,937 inscription dataset
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Comparison of alphabets in the epigraphic record between
databases

Pitts’ 3,868-inscription dataset Current 21,937 inscription dataset
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Data collection for the model: variables

Each row i in the corpus encodes the attestation of
one inscription event.

We record five attributes for every inscription:

Date.Start, Date.End (calendar years)
Latitude, Longitude (decimal degrees)
Alphabet (integer label, e.g. 1 = S.Etruscan)
Region
Object.Type (genre)
Site_Id derived from rounded (lat, lon)
Fields under construction for further analyses:
Archaeological Context (including whether or not it
exists), Inscription Type, Alphabet Direction,
Character States for Individual Letters

Spatial density of all inscriptions 9 / 48



Data collection for the model: major editions and databases
consulted

Language Primary Edition(s) Used Database(s) Used
Etruscan Rix and Meiser 2014 N/A
Greek Dubois 1989, 1995, 2002, 2008 I.Sicily
Latin CIL I2, III, VI, XI CEIPoM, EDCS
Elymian Agostiniano 1977, 2021 I.Sicily
Raetic Volumes cited in TIR TIR
Lepontic Volumes cited in Lexicon Leponticum Lexicon Leponticum
Cisalpine Gaulish Volumes cited in Lexicon Leponticum Lexicon Leponticum
Sabellic Languages Crawford et al. 2011, Rix 2002 CEIPoM
Faliscan Bakkum 2009 CEIPoM
Messapic De Simone and Marchesini 2002 CEIPoM
Camunic Tibiletti Bruno 1990, Prosdocimi 1965 N/A
Venetic Lejeune 1974, Prosdocimi and Pellegrini 1967 CEIPoM
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Alphabet distribution: major epigraphic centers (N ≥50)
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<F> in the Italic chat: distinguishing between alphabets used
by different languages in the same area: Ager Faliscus

CIE 8215 (Faliscan) CIE 8255 (Latin)

CIE 8901 (South Etruscan) Bonus: Imagines Italicae Interamnia Praetuttiorum 2

(South-Picene, not in Ager Faliscus) 12 / 48



Distinguishing between alphabets used by the same
language: Etruscan

REE 37:340.2; Bronze colander, Orvieto, 4th–3rd c. BCE;

sinistroverse /ʃuthina/ ‘tomb goods’

REE 51:271.176; Attic style vase, Cerveteri?, 5th c. BCE?

REE 69:388.84; Tomb inscription, Siena, after 400 BCE Wallace 2016:206; exceptions are common; Veii also has X /s/ 13 / 48



Distinguishing between alphabets used by the same
language: Raetic

Figure: Distinctions of the two primary Raetic alphabets from Salomon 2020. The sequence -nuale from two
inscriptions; characters from Thesaurus Inscriptionum Raeticarum

14 / 48



Encoding problems: short inscriptions

Lexicon Leponticum BG·28.1: /pit/ or /lit/? CIE 8013 (Ager Faliscus); Latin or Faliscan?

Colonna and Gatti 1990: /hasu/ or /haθu/? Thesaurus Inscriptionum Raeticarum SZ-04: is this an <X> or a

non-linguistic design?

15 / 48



Research questions

Broadest level: linguistic (e.g., Indo-European vs. non-Indo-European, Celtic vs. Italic, Latin
vs. Sabellic) and geographic (e.g., Latium vs. Magna Graecia vs. Sicily vs. Cisalpine Gaul)
categories have been adopted as conventional ways to divide the material of ancient Italy
(in part to keep print volumes shorter): to what degree do these divisions inhibit our
ability to understand alphabet spread in ancient Italy?

Latin is often invoked to explain alphabet distribution changes in the final 2 centuries bce
(e.g., De Simone and Marchesini 2002; Wallace 2007; Wallace 2008): is there a monolithic
response to Roman conquest, or are narratives of (alphabetic) resistance lost in this
narrative?
When moving outside the Greco-Roman lens of classics, what new insights into
diffusion and community interactions in 1st millennium bce can be inferred from
the inscriptional record?
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Corpus data for modeling
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Marked Point Process modeling of alphabet dynamics
Each inscription is a point in space-time, marked with an alphabet. The date is rarely known exactly — it’s an
interval [ai , bi ].

time t

space y

space x

event i
[ai , bi ]

Alphabets
alphabet 1
alphabet 2
alphabet 3

Date uncertainty
interval [ai , bi ]
midpoint = filled dot

For each event i: given location, time interval, and the alphabets of nearby earlier events, what’s the
probability i is in alphabet k?
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A Probability Vector via Softmax

For event i, we calculate the log-odds K of the inscription being written in a given alphabet.

We turn these into probabilities using a softmax function.

logits `i,·

k1 1.8

k2 −0.3

k3 0.9

k4 −1.2

k5 0.4

softmax−−−−→

probabilities p(mi = k | ·)

k1 0.55

k2 0.07

k3 0.22

k4 0.03

k5 0.13∑
k p(mi = k) = 1

p(mi = k) =
exp(`i,k)∑K
j=1 exp(`i,j)

.

The modeling problem is essentially: how do we build the logit vector `i for each event?

19 / 48



Visualizing the model
spatiotemporal XiG

location & date

competition CiB
kernel-weighted neighbors

intercepts A + S + Z
region, site, genre

+ logits `i ∈ RK softmax p(mi = k | ·)
probability over K

1 Each model component captures a different aspect of alphabet choice and controls for some variance
that might have been attributed to competition:

Spatiotemporal basis XiG: how much does this place and time favor each alphabet?
Competition CiB: how much do the nearby earlier alphabets push toward each one?
Intercepts: what is the baseline for this region/site/genre?

2 We interpret the competition matrix B as cross-alphabet contact after accounting for the variation
explained by location, time, region, site, and object type (genre).

20 / 48



Visualizing the model
spatiotemporal XiG

location & date

competition CiB
kernel-weighted neighbors

intercepts A + S + Z
region, site, genre

+ logits `i ∈ RK softmax p(mi = k | ·)
probability over K

1 Each model component captures a different aspect of alphabet choice and controls for some variance
that might have been attributed to competition:

Spatiotemporal basis XiG: how much does this place and time favor each alphabet?

Competition CiB: how much do the nearby earlier alphabets push toward each one?
Intercepts: what is the baseline for this region/site/genre?

2 We interpret the competition matrix B as cross-alphabet contact after accounting for the variation
explained by location, time, region, site, and object type (genre).

20 / 48



Visualizing the model
spatiotemporal XiG

location & date

competition CiB
kernel-weighted neighbors

intercepts A + S + Z
region, site, genre

+ logits `i ∈ RK softmax p(mi = k | ·)
probability over K

1 Each model component captures a different aspect of alphabet choice and controls for some variance
that might have been attributed to competition:

Spatiotemporal basis XiG: how much does this place and time favor each alphabet?
Competition CiB: how much do the nearby earlier alphabets push toward each one?

Intercepts: what is the baseline for this region/site/genre?

2 We interpret the competition matrix B as cross-alphabet contact after accounting for the variation
explained by location, time, region, site, and object type (genre).

20 / 48



Visualizing the model
spatiotemporal XiG

location & date

competition CiB
kernel-weighted neighbors

intercepts A + S + Z
region, site, genre

+ logits `i ∈ RK softmax p(mi = k | ·)
probability over K

1 Each model component captures a different aspect of alphabet choice and controls for some variance
that might have been attributed to competition:

Spatiotemporal basis XiG: how much does this place and time favor each alphabet?
Competition CiB: how much do the nearby earlier alphabets push toward each one?
Intercepts: what is the baseline for this region/site/genre?

2 We interpret the competition matrix B as cross-alphabet contact after accounting for the variation
explained by location, time, region, site, and object type (genre).

20 / 48



Visualizing the model
spatiotemporal XiG

location & date

competition CiB
kernel-weighted neighbors

intercepts A + S + Z
region, site, genre

+ logits `i ∈ RK softmax p(mi = k | ·)
probability over K

1 Each model component captures a different aspect of alphabet choice and controls for some variance
that might have been attributed to competition:

Spatiotemporal basis XiG: how much does this place and time favor each alphabet?
Competition CiB: how much do the nearby earlier alphabets push toward each one?
Intercepts: what is the baseline for this region/site/genre?

2 We interpret the competition matrix B as cross-alphabet contact after accounting for the variation
explained by location, time, region, site, and object type (genre).

20 / 48



The spatiotemporal effect XiG — “Where and when is each
alphabet localized?”

N

S

Etruria

+0.8

−0.4

Etruscan spatiotemporal basis
5th-c. BCE

N

S

Latium

+0.1

−0.2

+0.9

Latin spatiotemporal
1st-c. BCE

Key

favored zone (XiG > 0)

neutral (XiG ≈ 0)

one event i

+0.8 spatiotemporal basis logit at i

Interpretation: Given only event i’s location and date, how much does this place-and-time favor each alphabet? The
model learns one such surface per alphabet, parameterized as a low-order polynomial in (x , y , t).
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Modeling time as a cubic polynomial
Alphabet usage isn’t linear in time. Most alphabets in this corpus rise, peak, and decline. A linear time
feature alone can’t produce a “bendy” trend.

t

logit

linear only: Gzt zt

can’t bend

t

logit

cubic: Gzt zt + Gz2t
z2t + Gz3t

z3t

rise, peak,

fall

Latin is rare early, grows through the Republic, and dominates late.
Etruscan grows, peaks around the 4th–3rd c. BCE, then declines. A cubic polynomial in zt can capture
both.
That’s why the spatiotemporal basis includes zt , z2t , z

3
t , plus the east/west interaction terms

zt · 1[west] and zt · 1[east] for trajectories that differ on the two sides of the peninsula.
How do we compute znt when the date is an interval, not a point?
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Date Uncertainty: The Problem
Every inscription comes with a date range [ai , bi ], not a point. Using just the midpoint discards information
about how confident we are.

year
-600 -500 -400 -300 -200

event A: [−460,−440], mid = −450

event B: [−550,−350], mid = −450

Both events have a midpoint of −450.

Midpoint-only treatment says they are identical on the time axis.

But event B carries far more uncertainty about when the text was actually inscribed.
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Treating the True Date as a Random Variable

We don’t know the true date Ti . We know that’s it’s probably somewhere in [ai , bi ].

We assume that there is a uniform chance of the date being anywhere in this interval.

T (year)
-600 -550 -500 -450 -400 -350 -300

shared midpoint = −450

TA ∼ Uniform(−460, −440)
TB ∼ Uniform(−550, −350)

Both distributions are centered at −450. But event A’s mass is concentrated; event B’s mass is spread.

Instead of plugging in the midpoint and then raising it to the n-th power for the znt polynomial, we
ask: what is the expected value of T n under each distribution?
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Using moments to define the cubic date terms
For T ∼ Uniform(a, b), the first three raw moments have closed forms:

E[T ] = a + b
2

, E[T 2] =
a2 + ab + b2

3
, E[T 3] =

a3 + a2b + ab2 + b3

4

For event A (low uncertainty) and event B (high uncertainty), E[T ] is the same. But E[T 2] and E[T 3] are not.

E[T ] E[T2] E[T3]

Event A: [−460,−440] −450 202,533 −91,170,000
Event B: [−550,−350] −450 205,833 −95,625,000

midpoint-only treatment −450 202,500 −91,125,000

The difference E[T 2]− (E[T ])2 = Var(T ) = (b−a)2

12
is the uncertainty signal. Wider date range ⇒ larger gap ⇒

different z2t feature value.
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Plugging the Moments into the Design Matrix

date range
[ai , bi ]

moments
E[Ti ],E[T 2

i ],E[T 3
i ]

standardized features
zt , z2t , z

3
t

closed form center & scale

Using moments allows us to model the difference between an inscription that has lower date
uncertainty than one with a higher date uncertainty.
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The Competition CiB — What alphabets do neighboring
inscriptions use: Part I
First we build Ci : a probability vector saying what fraction of event i’s recent local neighborhood used each
alphabet.

i

kernel reach (W = 200 yr, D = 300 km)

w=0.9

w=0.7
w=0.5

w=0.3

w=0.15

w=0.1

beyond reach: w = 0

Each earlier neighbor j gets a weight wij = exp(−β (ti − tj))︸ ︷︷ ︸
exponential in time

· exp
(
− 1

2
|0ri − rj |02/σ2)︸ ︷︷ ︸

Gaussian in space

.

Closer in time and space ⇒ larger weight.
The kernel parameters (β, σ) are themselves learned from the data.
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The Competition CiB — What alphabets do neighboring
inscriptions use: Part II
Sum the weights by alphabet, normalize ⇒ Ci . Then CiB scores each alphabet by how favorably its mix of
neighbors influences it.

weighted
neighbors

0.9

0.7

0.5

0.3

0.15

0.1

k1 : 1.6

k2 : 0.8

k3 : 0.25

Ei (unnorm.)

0.60

0.30

0.10

Ci ∈ ∆K−1

+0.4

−0.1

+0.2

competition logit CiB

sum by alphabet normalize × B

Ci : What alphabets are around me, kernel-weighted?

Bk→j : Given a neighbor wrote in k , how much does that push me toward writing in j?
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Hierarchical intercepts: Defining baseline propensities by
inscription attributes
Three additional parameters that absorb everything not captured by location, time, or the neighborhood.

event i

region: r(i)
site: s(i)

genre: g(i)

Ar(i),·

[+0.2,−0.1, . . .]

Ss(i),·

[−0.05,+0.3, . . .]

Zg(i),·

[+0.1,+0.05, . . .]

+

intercept logit

[+0.25,+0.25, . . .]

Ar,· — a K -vector per region (Etruria, Latium, Apulia, …): captures region-wide baselines.

Ss,· — a K -vector per site: captures single-find-spot idiosyncrasies (one tomb, one sanctuary).

Zg,· — a K -vector per genre (funerary, votive, ownership-mark, …): captures genre-specific script preferences.
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Graphical representation of the model

τG τB τA τS τZ
prior on
β, σ

G B β σAr

r=1:R

Ss

s=1:S

Zg

g=1:ngenre

Xi Ci`i

mi

i=1:N (events)

mj<i

latent

observed

deterministic

hyperparam

autoregressive

30 / 48



Inferring model parameters with Stochastic Variational
Inference
The model has ∼ 103–104 latent parameters (depending on the random effect structure).

Inference Algorithm: SVI

Guide: AutoLowRankMultivariateNormal, rank 32.

Optimizer: AdamW with warmup-cosine LR (5× 10−3 peak).

Process: 10,000 steps | 4 particles per step | clipped gradients.

Motivating the use of SVI

The geometry of B + the sparse edge graph + the kernel parameters makes Monte Carlo sampling methods
slow at this scale.

⇒ SVI gives us competitive posterior intervals, at a fraction of the cost of sampling.
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Spatiotemporal coefficents
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Spatiotemporal probability fields for selected alphabets
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Kernel parameters
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Competition effect posteriors
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Change in competition pressures
Each curve shows C̄k(t) for one alphabet k . Three things to look for:

calendar year

C̄k(t)

-600 -400 -200 0 +200

(2) Plateau
coexists with neighbors

(1) Peak

sharp drop after peak
⇒ external pressure

Interpretation: C̄k(t) is a kernel-weighted share of the neighborhood, which is robust to overall inscription rates and
recovery bias.
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Interpreting Alphabet Competition Over Time: Historical
Events and Data Bias
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Interpreting Alphabet Competition Over Time: Greek
Alphabet

(a) Time-resolved competition pressure
(b) Heatmap of inscriptions in the Greek
alphabet 38 / 48



Interpreting Alphabet Competition Over Time: Messapic
Alphabet

(a) Time-resolved competition pressure
(b) Heatmap of inscriptions in the Messapic
alphabet 39 / 48



Interpreting Alphabet Competition Over Time: Southern
Etruscan Alphabet

(a) Time-resolved competition pressure
(b) Heatmap of inscriptions in the Southern
Etruscan alphabet 40 / 48



Interpreting Alphabet Competition Over Time: Southern
Etruscan Alphabet and Oscan (not just Latin!)

(a) Time-resolved competition pressure
(b) Heatmap of inscriptions in the Oscan
alphabet 41 / 48



Interpreting Alphabet Competition Over Time: Northern
Etruscan Alphabet

(a) Time-resolved competition pressure
(b) Heatmap of inscriptions in the
Northern Etruscan alphabet 42 / 48



Interpreting Alphabet Competition Over Time: Latin
Alphabet

(a) Time-resolved competition pressure
(b) Heatmap of inscriptions in the Latin
alphabet 43 / 48



Model performance

Figure: Prediction accuracy and error
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Posterior predictive checks
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Conclusions

Roman conquest does explain some changes in alphabet competition, but colonization
efforts and migration by several other actors (including Punics, Greeks, Syracusans, Oscans,
Etruscans, etc.) are also essential for understanding alphabet dynamics in 1st millennium
bce.

Classics as a discipline privileges the Greco-Roman literary record, essentially setting the
clock for studying ancient Italy to the third century bce.

Indo-European linguistics privileges the Indo-European languages at the expense of other
languages in direct contact with these languages (e.g., Rix 2002; Crawford et al. 2011).

Both disciplines largely exclude studies of Etruscan, the largest corpus of epigraphy and a
primary driver of epigraphic culture in ancient Italy.

The privileging of literary texts perpetuates ancient Greco-Roman narratives and silences
the voices of the other groups of language speakers in Italy whose voice is recorded in the
vibrant multi-lingual inscriptional record.

46 / 48



Conclusions

Roman conquest does explain some changes in alphabet competition, but colonization
efforts and migration by several other actors (including Punics, Greeks, Syracusans, Oscans,
Etruscans, etc.) are also essential for understanding alphabet dynamics in 1st millennium
bce.

Classics as a discipline privileges the Greco-Roman literary record, essentially setting the
clock for studying ancient Italy to the third century bce.

Indo-European linguistics privileges the Indo-European languages at the expense of other
languages in direct contact with these languages (e.g., Rix 2002; Crawford et al. 2011).

Both disciplines largely exclude studies of Etruscan, the largest corpus of epigraphy and a
primary driver of epigraphic culture in ancient Italy.

The privileging of literary texts perpetuates ancient Greco-Roman narratives and silences
the voices of the other groups of language speakers in Italy whose voice is recorded in the
vibrant multi-lingual inscriptional record.

46 / 48



Conclusions

Roman conquest does explain some changes in alphabet competition, but colonization
efforts and migration by several other actors (including Punics, Greeks, Syracusans, Oscans,
Etruscans, etc.) are also essential for understanding alphabet dynamics in 1st millennium
bce.

Classics as a discipline privileges the Greco-Roman literary record, essentially setting the
clock for studying ancient Italy to the third century bce.

Indo-European linguistics privileges the Indo-European languages at the expense of other
languages in direct contact with these languages (e.g., Rix 2002; Crawford et al. 2011).

Both disciplines largely exclude studies of Etruscan, the largest corpus of epigraphy and a
primary driver of epigraphic culture in ancient Italy.

The privileging of literary texts perpetuates ancient Greco-Roman narratives and silences
the voices of the other groups of language speakers in Italy whose voice is recorded in the
vibrant multi-lingual inscriptional record.

46 / 48



Conclusions

Roman conquest does explain some changes in alphabet competition, but colonization
efforts and migration by several other actors (including Punics, Greeks, Syracusans, Oscans,
Etruscans, etc.) are also essential for understanding alphabet dynamics in 1st millennium
bce.

Classics as a discipline privileges the Greco-Roman literary record, essentially setting the
clock for studying ancient Italy to the third century bce.

Indo-European linguistics privileges the Indo-European languages at the expense of other
languages in direct contact with these languages (e.g., Rix 2002; Crawford et al. 2011).

Both disciplines largely exclude studies of Etruscan, the largest corpus of epigraphy and a
primary driver of epigraphic culture in ancient Italy.

The privileging of literary texts perpetuates ancient Greco-Roman narratives and silences
the voices of the other groups of language speakers in Italy whose voice is recorded in the
vibrant multi-lingual inscriptional record.

46 / 48



Conclusions

Roman conquest does explain some changes in alphabet competition, but colonization
efforts and migration by several other actors (including Punics, Greeks, Syracusans, Oscans,
Etruscans, etc.) are also essential for understanding alphabet dynamics in 1st millennium
bce.

Classics as a discipline privileges the Greco-Roman literary record, essentially setting the
clock for studying ancient Italy to the third century bce.

Indo-European linguistics privileges the Indo-European languages at the expense of other
languages in direct contact with these languages (e.g., Rix 2002; Crawford et al. 2011).

Both disciplines largely exclude studies of Etruscan, the largest corpus of epigraphy and a
primary driver of epigraphic culture in ancient Italy.

The privileging of literary texts perpetuates ancient Greco-Roman narratives and silences
the voices of the other groups of language speakers in Italy whose voice is recorded in the
vibrant multi-lingual inscriptional record.

46 / 48



Future work

Date-uncertainty in the kernel. In contrast to the spatiotemporal effects, the competition
kernel uses midpoint t . We could instead use an n-node Gauss–Legendre quadrature over
Uniform(ai , bi) or some other prior distribution.

Periodized B(p). The competition parameters might be different across time periods. This
could be modeled using smooth random-walk priors or smoothing over spatiotemporal
GMRFs.
Genre as a covariate vs. as a multiplier. Right now Zg is an additive log-odds shift.
Testing whether object types, inscription types, and alphabet direction interact with B (i.e.,
different genres permit different kinds of script borrowing) would be a desideratum.
Archaeological context. When controlling for objects with no findspot context or only
secondary context (Marlowe 2013), are there significant changes in the modelling results?
Can data with secure findspot contexts be used as training data to confirm/revise
hypotheses of provenance for inscriptions with no findspot data?
North Africa and Phoenician/Punic. Languages from Italy end up in the North African
inscriptional record: what interactions can be observed there?
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Thank you for listening!
Comments? Questions?
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