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Probabilistic Modeling of Chronolo-
gical Datesto Serve Machines and
Scholars

We present an approach for modeling dates of creation of docu-
ments which allows scholars to express uncertainty when annota-
ting data, acts as a differentiable loss function for training models
and enables unbiased interpretable performance evaluation under
uncertainty.

Finding an appropriate date to a historical document is atask of
digital diplomatics (Gervers, 2000; Gervers and Margolin, 2003;
Feuerverger et a., 2005; Tilahun et al., 2012; Tilahun et a., 2014).
Specifically Stokes, 2015 provides an analysis of theintricaciesin
modeling datesin the case of medieval documents. In thiscontext,
the time of creation and its uncertainty can be suggested by scho-
larsaswell as machine learning models. A framework that allows
to compare two different estimates over timing a document in a
way that agreement between two opinions can be meaningfully
quantified is needed in order to train neural networks that esti-
mate dates, eval uate the performance of such >neural networks, or
even analyse quantitatively the consensus among scholars. On top
of that, from a machine learning perspective, timing documents
can be approached in very different ways: choosing from a set of
time periods (classification) (Cloppet et a., 2016), predicting a
time span (regression) (Seuret et al., 2021), etc. These approaches
produce incomparable outputs and in order to decide which one
performs best, a method of quantitatively comparing them is ne-
cessary. The core problem is how uncertainty in >a prediction is
expressed, whether it is by humans or algorithms. The most strai-
ght forward way for an expert to describe an ambiguous date is a
pair of "not before" and "not after” limits. Whilethisalso allowsto
express exact time-points by setting "not before" and "not after" to
be identical, it is not clear whether this format is optimal for ma-
chinelearning aswell. Furthermore, defining an objective simila-
rity measurement between pairs of "not before" and "not after” is
not trivial especidly if the ranges are interpreted as plausibility.
Moreover, even more delicate formats may occur, such as kno-
wing only a day without the corresponding year (Thaller, 2020).

We propose to model all forms of expressing an opinion on a
documents date as Probability Density Functions (PDF) over time.
Figuratively speaking, each pointintimeis

Figure 1. Intersection of closed form PDF' s as a quantification of agreement

assigned a probability of being the time of writing of the given
document. This probability can be 100% on a specific day and 0%
at any other day, in the case of knowing the exact day of writing,
it can be evenly spread across an interval, in the case of knowing



only atime span, or it can be any other distribution, e.g., normally
distributed around a certain time point. We a so propose to quan-
tify agreement between two options by asuitabl e distance measure
between the PDF's. One possibility to achieve thisis the Wasser-
steindistance (Frogner et a., 2015). Asan alternative, one can also
measure the surface where the PDF' s overlap. While both possi-
bilities can accommodate any kind of PDF over time, the two ma-
jor ways of expressing ambiguity is "not before, not after" which
we model as a uniform distribution and "around then" which we
model as a Gaussian distribution. In Figure 1 these two ways of
expressing ambiguity are illustrated. Both can be represented by
apair of numbers, start and end point in the case of a time span
and mean and standard deviation in the Gaussian case, and both
can also accommodate a fixed point in time as long as there is
aminimum meaningful time-interval (dt) defined. In order to ob-
tain a differentiable loss function for training a machine learning
method, any form of PDF can be convolved with a Gaussian ker-
nel while introducing negligible distortions from an information
theory perspective. In the context of performance evaluation for
point predictions, it makes more sense to define any moment in
the interval defined by scholars as 100% plausible. One way to
achieve this (which is also applicable for "around then" intervals
from scholars) isto integrate a delta peak (modeling the point pre-
diction), or any other PDF modeling a more nuanced prediction,
against adensity function renormalized to have at least one maxi-
mum of 100%.
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