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Abstract:

Recent advances in neural networks have brought about new opportunities for their application in archaeological research.
Stone tools, due to their longevity and prevalence across most of prehistory, are a valuable source of evidence for
archaeologists. For most of prehistory, stone tools were made by striking a core — often with a stone hammer — to produce
flakes with sharp cutting edges. Modern experimental replication of such stone tools, as well as the refitting of prehistoric
lithic material are both important methods for understanding in greater detail how prehistoric stone tools were manufactured,
and by extension, what insights they can bring to our knowledge of human evolution. However, replication experiments can
require considerable time and raw materials. Lithic experiments themselves are also difficult to control and replicate; e.g. as
it is difficult to control many knapping variables. Refitting can be an even more time-consuming task, as archaeologists must
find two matching pieces of stone amongst an entire assemblage of them. Here we discuss the development of a toy model
and a recently published proof of concept for a virtual knapping framework capable of accurately predicting the shape of
computer-generated flake removals from the surface information of the intact core. In addition, we present an early prototype
for a virtual refitter as an extension of our virtual knapping framework. Both models, after additional development and
validation, could become important tools for lithic experimentation and analysis, and provide more robust results with which

to understand prehistoric stone tool production, and thus, human evolution.
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1. Introduction

Stone tools have been manufactured for
least 2.6 million years (Braun et al. 2019;
Semaw et al. 1997; Semaw et al. 2003), and
their antiquity, the likelihood of their
preservation for millennia, as well as their
commonality across so much of human
prehistory make lithic technology one of the
main sources of evidence available for the
study of human evolution.

These stone tools are in many cases marked
by one attribute: sharp edges. Stone tool
manufacture creates cutting edges on the
stones that could then be used for tasks such
as carcass and plant accessing and
processing (Schick and Toth 2006a: 18—19).
Making stone tools could be done through
many different means, but for the earliest
tools (i.e. Oldowan tools), it was generally
accomplished by striking a stone (the core)
with another stone (the hammer), a process
also known as knapping; done for the

earliest (i.e. Oldowan) stone tools mainly
with the core and hammer held one in each
hand (freehand percussion) (Schick and
Toth 2006b: 4).

The act of repeatedly knapping a core is
called ‘core reduction’ or ‘lithic reduction’,
and it is in this way that stone tool forms
were brought about, and assemblages of
lithic products and by-products created.

One of the primary methods archaeologists
use for understanding the history of human
evolution is the experimental replication of
prehistoric tool shapes by modern knappers
(Eren et al. 2016). Researchers use the
results of stone tool replication experiments,
as well as the specifics of their experimental
set-up to draw inferences about the various
factors that influenced the shape of the lithic
record. Some factors under analysis include
past human culture and behaviour (Putt,
Woods and Franciscus 2014; Snyder,
Reeves and Tennie 2021; Tennie et al.
2017), cognition (Putt et al. 2017; Putt,
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Wijeakumar and Spencer 2019), biology
(Kivell 2015; Susman 1988), and landscape
use (Braun et al. 2008).

However, replication experiments can
require considerable time and raw materials,
and are susceptible to human biases
stemming from the difference across

(e.g. skill) and within (e.g. fatigue,
motivation) knappers. Thus, lithic
experiments are also difficult to reproduce
completely, as it is difficult to control many
of the variables that affect the results of
knapping. Some researchers have tried to
address these issues by using standardized
core shapes or by using a computer-
controlled machine to knap (Dibble and
Rezek 2009; Magnani et al. 2014; Rezek et
al. 2011), exploring the effects of individual
variables during flaking, but these methods
then also require even more resources; i.¢ it
is costly to exert experimental control.

In addition, many unknowns in our
understanding of lithic production become
obstacles for studying human evolution
through the lens of lithic replication, and
stone tools in general. For example, we do
not know what the possible range of
variability of even the earliest stone tools
was (Braun et al. 2008, 2009; Braun and
Hovers 2009), which makes it difficult to
determine how strong the influence of
ecological and stochastic variables (e.g. raw
material availability, reduction intensity,
cobble size) was on the lithics we observe in
the archaeological record (Braun et al. 2008,
2009; Schick and Toth 2006a: 27-28, 30—
31; Toth 1985).

Furthermore, various site formation
processes (e.g. different sedimentation rates)
as well as time and space averaging (e.g. the
mixing of material days apart in a layer
spanning 10 ka) affect every archaeological
site, and they can obscure the actual
processes and hominin behaviours that led
to a certain lithic assemblage (Dibble et al.
2017; Perreault 2019; Schick and Toth
2006a: 27-28, 33-34).

Yet some of these unknowns can still be
addressed, if perhaps only to examine how
difficult it would be to untangle the
individual effects of the many factors that
shaped the lithic record in general (e.g.
Braun et al. 2008; Moore and Perston 2016).

In addition, although the preservation of
lithic material is indispensable for the study
of human evolution, any possible early
Palaeolithic technologies made out of
organic material, like human (Allington-
Jones 2015; Thieme 1997; Warren 1922)
and non-human primate wood tools
(McGrew 2010; Musgrave and Sanz 2018;
Pruetz and Bertolani 2007) are likely lost, as
are any additional insights that could have
been gained from their study.

Even with the easier preservation of bone,
the earliest definitive evidence of bone tools
does not reach nearly as far back as stone
tools do (Backwell and d’Errico 2001;
d’Errico and Backwell 2003; Stammers,
Caruana and Herries 2018), rendering early
stone tools all the more important for our
understanding of human evolution, and the
limits of what they can tell us about hominin
prehistory even more impactful.

Both high costs and large time investments
make large-scale lithic experimentation
difficult to undertake, let alone reproduce,
such as with studies similar to that of Moore
and Perston (2016) — one example of a
larger-scale experiment which showed how
more complex patterns of core reduction
could appear stochastically. A lack of
reproducibility, as in other fields, and the
many requirements for carrying out
replication experiments are an important
limitation to stone tool research, and
indirectly, the study of human evolution.
Without the possibility of feasibly
addressing broader questions, such as the
stochastic appearance of complex knapping
sequences, or the equifinality of different
tool forms, our insights will necessarily be
sparse, and will be based for some time on
only a handful of experiments. To tackle the
constraints of lithic experimentation, it



would therefore be beneficial to find an
alternative that could be considerably faster,
but still be a suitable — i.e. valid — substitute
for real-life knapping.

One possible solution that we ourselves
pursued was to simulate the process of
knapping in a computer environment, where
the process of raw material collection and
storage, and the measurement and analysis
of lithics, could all be accomplished
virtually — and thus, cheaply — in a matter of
minutes.

Moreover, since the data used in the
program would be already digital, making
copies and sharing entire datasets, even one
containing tens of thousands of lithics,
would be comparatively effortless, and
would allow researchers to feasibly
reproduce lithic experiments with little cost
involved, as researchers could digitally
make a perfect copy of any and all unique
cores used in an experiment. In addition,
knapping software would not suffer from
fatigue, lack of motivation, or require rest
(or even sleep), unlike a real-life knapper,
rendering it capable of continuously
knapping for hours and days, if necessary.
Depending on underlying programming, the
program could also remain at a constant
skill level, which is not the case in human
knappers, who will likely learn over time.
Furthermore, whilst different human
knappers will inevitably all have varying
levels of skill as well, a computer program
could be perfectly identical to its copies
instead.

In summary, a computer-based model for
fast and accurate virtual knapping
simulation (externally validated against an
archaeological or experimental dataset)
could allow lithic experiments at a fraction
of the time and resources, and also
eschewing the issue of various real-life
knapper biases. In addition, a virtual
knapping program would permit
experiments to be more easily reproduced,
allow more effective data sharing, and
provide the possibility of generating large

virtual lithic assemblages that could be
studied and compared with additional
archaeological and experimental data.

Recent advances in machine learning — and
especially artificial neural networks — have
allowed for researchers to explore a wide
range of applications across numerous fields
of science and technology (Kumar et al.
2012; e.g. Schwarting, Alonso-Mora and
Rus 2018; van Ginneken et al. 2015). In the
last few years, machine learning methods
have also been applied to archaeological
research (Grove and Blinkhorn 2020;
Lambers, Verschoof-van der Vaart and
Bourgeois 2019; Orengo et al. 2020).
Neural networks are useful for problems
where the data is highly dimensional, where
there are a large number of variables, and
where these variables have complex
interactions that render modelling the data
using more traditional methods difficult.
The primary goal of a virtual knapping
program (i.e. the prediction of the shape of a
flake from that of an intact core) is one such
problem.

We sought to explore the capabilities of
neural networks to serve as the basis for a
proof of concept for a virtual knapper
program.

2. A Computer-Based Alternative
2.a Proposed framework

Machine learning models to predict one 3D
shape from another 3D shape are still
limited in scope, as common applications of
machine learning using 3D data include
object recognition, segmentation (Ahmed et
al. 2019), human pose estimation (e.g.
Marin-Jimenez et al. 2018), shape
reconstruction (e.g. Soltani et al. 2017), and
inpainting (Wang et al. 2017).

The lack of established methods for
predicting a 3D object from another remains
a limitation in how straightforward a virtual
knapper framework could be, as it would
require a workaround that allowed both



machine learning and 3D data to work
together. In this case, the workaround was
to first consider the problem in the realm of
predicting one 2D image from another.

The first candidate for 2D image prediction
was an encoder-decoder network, also
known as an autoencoder (Nguyen et al.
2019).

In order to be able to use this architecture
specifically for simulating knapping,
however, we needed to encode the 3D
surface of the core into a 2D image. Images
which perform this function are already
common in the field of GIS, wherein 2D
rasters can encode terrain elevation
information, which can then be re-projected
into three dimensions, and serve as the basis
for digital elevation models, sometimes
known as heightmaps.

The surface morphology of our 3D cores
and flakes could therefore theoretically be
mapped to 2D images in a manner similar to
heightmaps, with what are known in the
field of computer graphics as depth maps, as
they encode the depth of the object’s surface
in three-dimensional space.

We would align the core so the point of
percussion would be in the same location
for every core: at the centre of the image, at
the exact same height, and at the exact same
depth for every core. Depth maps could be
clipped, or be set-up to have a maximum
depth, beyond which any object or part of
any object would not be visible in the depth
map image, and we would use the platform
depth to define the maximum depth value
for each core. We also envisioned that the
depth map would be captured with the
platform surface perpendicular to the image,
and as horizontal as possible.

In order to test the feasibility of this
framework, we developed a simplified toy
model. The goal of the model was to
generate input data that would be
comparable to the ideal processed input data
of a virtual knapper program; i.e. the depth
maps of cores in a standard orientation.

With these data, it would train and evaluate
a simple autoencoder machine learning
architecture to predict the resulting flake
shape from the input core depth map alone.

2.b Initial Toy Model (Krakatau Deepfake)

Our toy model was conceptualized as an
explosive volcanic eruption model in order
to describe its functionality in less technical
terms. The model was thus named
Krakatau, in reference to the explosive 1883
eruption of the volcano of the same name,
which radically altered the topography of
the area.

Following the depth map-heightmap
analogy, we could then imagine a
heightmap for the landscape of a volcano,
and the goal would be to predict how the
volcanic eruption would affect the
landscape; i.e. to predict the heightmap of
the post-eruption landscape. This would
give us the information of the volume and
distribution of the lost material of volcano,
as the difference between the pre- and post-
eruption landscape (i.e. the amount of
volume of material that was lost), so that
when superimposing the lost material on top
of the post-eruption volcano, we would
obtain once more the shape of the pre-
eruption volcano. Therefore, any one data
point could be re-created with the remaining
two (see Fig. 1).

A set of twenty thousand heightmaps
consisting of volcanoes, post-eruption
volcanoes, and material lost from eruption
were generated using Python 3 (Van
Rossum and Drake 2009), as well as the
NumPy (Oliphant 2006) and Matplotlib
(Hunter 2007) libraries. The heightmaps of
the volcanoes were generated to resemble
idealized depth maps of standardized cores
from Dibble and Rezek (2009), and the
process used to obtain the remaining two
images of the set was to generate the
heightmaps for the lost material, and
subtract it from the volcano heightmaps,



obtaining the post-eruption volcano
heightmaps.

The method used for generating the
heightmaps was to plot from two probability
distributions to create a 2D surface, with
one distribution providing the shape of the
x-axis, and the other, the shape of the y-
axis. When combining two probabilities in
two-dimensional space, a 2D probability
distribution surface emerges, which could
then be used as a heightmap (see Fig. 2).

The x-axis distribution shape was based on
a normal distribution, and the y-axis shape
on a non-central chi-squared distribution.
The standard deviation of the former and the
A value of the latter were randomized for
every heightmap. In addition, the maximum
height of each volcano was also
randomized, to simulate knapping different
platform depths for each core.

The mean of the normal distribution was set
to the horizontal centre of the image, whilst
the y-axis distribution was shifted down a
few pixels to leave a small gap at the top of
the image.

In more technical terms, the data generation
program took 2400000 random samples
from each distribution and plotted them in a
2D histogram with 256x256 bins (see Fig.
3).

To build and train the neural network, we
used the Tensorflow library (Abadi et al.
2016) with Python 3 (Van Rossum and
Drake 2009), as well as the NumPy
(Oliphant 2006) and Matplotlib (Hunter
2007) libraries. The neural network
architecture used was a shallow autoencoder
network.

The autoencoder was trained with 15000
heightmaps from our dataset (75%). The
model was trained for a total of 150 epochs,
and subsequently tested with the remaining
5000 volcano heightmaps, obtaining
predictions of their respective material lost
heightmaps. We used the predicted
heightmaps to predict the post-eruption
volcano heightmaps. Finally, the predicted
post-eruption volcano heightmaps were

compared to their matching actual
heightmaps to measure the model’s
accuracy using the mean root-mean-square
error (RMSE) across all predictions.

We obtained an RMSE of less than 0.1,
which indicated a high accuracy of
prediction of the post-eruption — as well as
the material removed — heightmaps. As the
range of the data was [0, 1], the RMSE was
less than 10% of the range of the data. The
error was considerably small, which was a
promising sign that a similar framework
could be applicable to the prediction of
flakes using 3D data.

Nevertheless, this dataset lacked
considerable amounts of variability, as all
the cores and flakes had very similar shape,
with the primary difference being how
stretched this basic topography was. The
use of a very simple RMSE loss function
during training affected prediction results,
as it led to a smoothing and averaging of the
reconstructed images, rendering each
prediction more of a slightly varying
average of all material lost heightmaps,
rather than individual predictions of each
eruption.

It was clear that despite the promising
results, a more robust machine learning
algorithm would be necessary for more
accurate results.

To overcome the limitations of the toy
model, we proceeded to build a system that
could more robustly test our framework by
building a more complex model that would
use 3D computer-generated cores and
flakes, rather than the more abstract 2D data
generated for Krakatau.

2.c A Proof of Concept with Computer-
Generated 3D Cores and Flakes

For the virtual knapping proof of concept,
we used a conditional generative adversarial
(neural) network (CGAN) architecture for
the machine learning model, and generated



a dataset of 3D cores and flakes (n = 2010)
from 3D models of glass cores similar to
those used in Dibble and Rezek (2009), as
described in our main publication (Orellana
Figueroa et al. 2021). Note that all the
details on the methods used and results
obtained can be found in the main
publication; below we will merely
summarize the main aspects of the proof of
concept.

With the generated 3D cores and flakes, we
applied the depth map generation
methodology we had conceptualized for our
toy model’s data generation, including a
standardized location for the point of
percussion, and making platform surface
perpendicular to the image. Since, however,
our 3D data only consisted of modified
cores and their refitting flakes, we had to
capture the depth maps of the dorsal flake
surfaces and superimpose them on the depth
maps of the modified cores to calculate
those of the core surface prior to knapping.

Using the depth maps of the intact cores we
trained our CGAN to predict the depth maps
of the volume removed, which could
together be used to calculate the modified
core surface (i.e. the flake scar), as we did
for the Krakatau model. With the intact and
the predicted modified core surfaces, we
could then create 3D models of the
predicted flake removals, which we could
visually compare to the original cores in our
dataset.

More statistical analyses were also
undertaken. We calculated the mean RMSE
and mean Normalized RMSE (NRMSE) for
the prediction of the shape of the flake
removals, as well as the R? of the predicted
vs. actual flake length, width, and the cube
root of the flake volumes.

We trained our CGAN with 70% (n = 1801)
of our total dataset for 150 epochs (with a
total training time of approximately 150
minutes), reserving the remaining 30% (n =
603) for holdout testing. The prediction of
the 603 flake removals, as well as the
analyses, and the generation of the 3D
models of the predicted flakes took less than

10 minutes in total; a clear signal of how
fast and efficient a virtual knapping program
could be for performing lithic replication
experiments.

The trained model had a high prediction
accuracy in flake length (R? = 0.85), volume
(R?=0.77), and was reasonably accurate
when predicting flake width (R = 0.58);
with an R? value of 1.00 implying perfect
prediction. For the prediction of overall
flake shape, we obtained a mean RMSE of
0.028 and a mean NRMSE of 3.7%; with
RMSE and NRMSE values of 0.00 implying
perfect prediction (Orellana Figueroa et al.
2021).

In addition, the predicted 3D flakes were in
many cases remarkably similar to the
original flakes in the testing dataset (see Fig.
4), though the visual comparison should
remain only a crude exercise for now, due to
the manual resizing required to make the
predicted flake match the scale of the
original one (see Orellana Figueroa et al.
2021: 10).

Overall, the results suggest our virtual
knapping framework was successful in
accurately predicting the shape of flake
removals by observing only the depth maps
encoding the information of the intact core
surface.

3. Future Applications: A Virtual
Refitter?

Refitting flakes to their matching core scars
1s yet another important tool for lithic
studies, as it allows archaeologists to
reconstruct the reduction sequence of the
lithic material in an archaeological site,
allowing them to make inferences regarding
the methods of flake reduction used, the
transport of material, and site formation
processes of archaeological sites (Schick
and Toth 2006a: 30-31). Refitting, however,
is a time-consuming task, as archaeologists
must sift through possibly large amounts of
lithic material in an attempt to find two
matching pieces. Furthermore, a flake may
refit to a core, but only once the



intermediate refits have been found;
however, it is possible that those
intermediate refits are not present in the site,
and that cortical pieces, which are very
useful guides for refitting, may also not
present, making the refitting process far
more difficult and time-consuming (Schick,
Toth and Semaw 2006: 212).

The success of our proof of concept could
thus open still more possibilities. The
concept behind the virtual knapping
framework could be applied in a different
manner, attempting to predict the possible
matching flake from the flake scar of a
modified core. We developed the idea into
another proof of concept (see below); a very
early and still very limited prototype for a
program capable of pairing matching flakes
and cores to aid in the refitting process,
which could ultimately pave the way for the
development of a virtual refitting program.

With the depth maps of the dorsal surfaces
of the flakes from the computer-generated
dataset — already captured for the virtual
knapping framework — and using the same
modified core depth maps captured earlier,
we trained another CGAN to predict the
flake dorsal surface. After training the
model with 70% (n = 2020) of the modified
core and dorsal flake depth map dataset, we
used the remaining 30% (n = 606) of cores
as the testing dataset. Importantly, our
testing input included only the depth maps
of the modified cores, and none of the
flakes; whilst the model provided the
predicted depth map of the dorsal flake
surface as output. However, the dataset used
still contained some core and flake pairs that
were later removed for the reported runs of
the virtual knapping proof of concept,
explaining the minor discrepancy in dataset
size between the two results.

After the predicted flake depth maps were
obtained, we compared them with every
depth map in our testing dataset, and ranked
the latter by how similar they were to the
predicted depth map.

The model was able to nevertheless provide
accurate results, predicting the matching
flake well enough that for 34.16% of the
testing dataset (207/606) the most closely-
matching flake was the actual refitting flake
(see Fig. 5 for a visualization).

The model was able to put the matching
refit within the predicted top three most
likely refit for 56.11% of the testing dataset
(340/606). For the top five, this increased to
64.19% of the dataset (389/606). For the top
10 results, it was further increased to
73.43% (445/606).

For comparison, the probability of randomly
placing the matching refit in the top 10 is
only 1.65%, whilst placing it as the
matching refit (i.e. most likely match) is ten
times lower.

The results suggest that our prototype
virtual refitter is able to narrow the list of
possible flakes that would fit the flake scar
on a modified core from an entire
assemblage down to a short list of ten with a
high degree of accuracy; suggesting also
that the broader problem of automated
refitting could be solvable using machine
learning methods. A full virtual refitter, if
similarly able to narrow down the search
space of possible flakes, could become a
very useful tool to reduce the time and
difficulty of real-life refitting.

However, we must emphasize that our
virtual refitter is currently still extremely
limited in both scope and functionality.
Firstly, the program does not address the
issue of fragmentary flakes, nor does it
make use of colour and texture information
in the lithics, an important aspect for
refitting. The flakes and cores must also
follow an extremely strict alignment
paradigm, rendering the program as it stands
right now impossible to use without 3D
scanning and aligning every piece perfectly,
a difficult and time-consuming task when
building a training dataset for the virtual
knapping model, but prohibitive for the
single purpose of matching a core and a
flake in an archaeological assemblage.



In addition, attempts at finding a matching
flake would likely be hindered by the fact
that the intermediate stages of the flake may
no longer exist. Any flake scar that was
partially or fully occluded by a subsequent
flake removal (and its flake scar) could not
be used with our current prototype, as the
partiality of the scar would cause the model
to predict a partial flake to match with,
which would not be accurate. In essence, as
of this stage, this prototype can only work
with intact flake scars, which will
necessarily only come from the last flakes
removed from the cores, and partial flake
scars could only be used if the core is refit,
and if the refit is able to restore the full flake
scar. If even one flake of the core reduction
sequence were not present in the
assemblage, as is common with
archaeological assemblages, the system
could likely become impossible to use.

Moreover, there are use cases where
predicting a core from a flake is much more
desirable than the reverse, thus likely
requiring many more data for training than
the simpler prediction of the dorsal surface
of a flake from a modified core we used
here. Trying to arrive at a true virtual refitter
from this prototype requires important
additions and improvements so as to have a
more practical process that is able to fulfil
the same all-important goal as our virtual
knapping program; namely, a faster and
easier process than its real-life equivalent.

4. Discussion

We have shown that machine learning, and
more specifically, neural networks, have the
potential to become important building
blocks in new tools for archaeological
research. We conceived a machine learning-
based framework for virtual knapping and
tested its suitability for future exploration —
initially — with a toy model using computer-
generated 2D data as idealized depth maps
of 3D cores and flakes, and after obtaining
promising results, subsequently with a more

developed proof of concept using computer-
generated 3D cores and flakes and their
respective depth maps.

The results from the virtual knapping proof
of concept allowed us to consider additional
applications for the framework. This led to
the conceptualization for the possible
development of an automated virtual
refitting tool capable of finding — from a
flake scar on a core — the most likely
matches for a refitting flake from an entire
dataset of them (a virtual refitter). Although
still rather basic in methodology, we
nevertheless obtained results that showed
that the model was quite accurate at finding
the matching refit within the 10 most likely
flakes it suggested.

However, there are important limitations for
all the proofs of concept presented here.
Firstly, none of our approaches assumed
differences in raw materials; in fact, neither
the data generation nor the neural networks
took raw material into account at all, though
it could be theoretically possible to encode
raw material information into our depth
maps (e.g. by using false-colour, rather than
monochrome images).

One important limitation with the current
approach for virtual knapping (both for the
initial toy model and the more robust proof
of concept) is the assumption made that all
flake removals would be successful. Failed
flake removals are common, especially with
novices (Pargeter et al. 2020), and are thus
important to include in a future virtual
knapping framework.

One possible approach would be to use all-
black depth maps to signal that no flake
mass has been removed from the core.
Implementing additional knapping variables
could also be encoded into depth maps in a
similar manner to the platform depth and
exterior platform angle. Other knapping
variables, such as hammer hardness, could
also be integrated into a virtual knapper
through the training of different models for
hard and soft hammers.

These limitations, although important, could
likely be solved with additional



development on the virtual knapping
framework presented here, and should not
wholly detract from the success obtained
with its proof of concept.

We have shown that neural networks could
be used to simulate flake removal, and we
can begin evaluating our model’s
performance on actual core and flake pairs.
The creation of such a dataset will require
considerable effort, but will provide the
model with additional validity (Lin, Rezek
and Dibble 2018).

Furthermore, transfer learning could be
applied to the currently trained model by
allowing it to take advantage of the training
already performed with the large generated
training data, but also made more accurate
to real-world data by training it once again
on a smaller — more valid — dataset of actual
cores and flakes, eschewing the need of
creating very large training datasets of 3D-
scanned lithics.

It must be stressed, however, that the
approach taken for virtual knapping is not a
replacement for other approaches, but rather
has been — and must be — complemented by
work from other groups, such as those
working with machine knapping (Dibble
and Rezek 2009; Dogandzi¢ et al. 2020;
Magnani et al. 2014; Rezek et al. 2011), and
vice-versa.

Experimental stone tool replication remains
an important part of lithic studies, as they
allow modern archaeologists to study the
influence of different variables during the
knapping process, such as technique or raw
materials.

However, the substantial raw material and
time requirements, as well as the biases
from across and within knappers, make

traditional lithic experiments difficult to
reproduce. A tool that could allow for fast,
inexpensive, digital, and singularly-biased
lithic reduction could not only provide more
robust results, but also be able to generate
large and easily-shareable virtual
assemblages that could be used as a
comparison with archaeological or
experimental assemblages, as well as
explore how differences across knappers
affect the products of lithic reduction.

Our virtual knapping framework, trained on
a larger — and more valid — dataset could
serve as a very important tool for lithic
studies, helping researchers better address
questions of prehistoric stone tool
production.

Furthermore, our idea for a virtual refitter,
although more limited in the scope of
application compared to a virtual knapper,
would nevertheless also serve as an
important tool for archaeologists, especially
those that must analyse archaeological lithic
assemblages.

Refitting can be highly time-consuming
(more so than knapping), and could be well-
served by an automated computerized tool
to assist the work. A program capable of not
only finding a flake matching a flake scar,
but also to piece it back together in 3D,
recreating also the original core digitally
(and finding new refits in turn), could
become indispensable for lithic analysis in
the field or in the lab.

The initial virtual refitting model presented
here, although still very simple and very
limited, shows both the potential and
challenges of applying computational
models such as neural networks for
archaeological research.



List of Figures

Figure 1. Diagram showing an overview of the Krakatoa model data concept. A: Original
volcano heightmap. B: Post-eruption volcano heightmap. C: Heightmap of the volume of
material removed from the original volcano during eruption. 1: Process of eruption turns 4
into B, the latter is what we wish to predict from the former. 2: When we subtract the lost
material from the original volcano surface (essentially, what the eruption does), we obtain the
modified volcano surface (red arrows). 3. When we perform the inverse operation, and add
the lost material back on to the volcano post-eruption, we reconstruct the original surface of
the volcano landscape (green arrows). 4: The heightmap of C can be obtained by subtracting
B from A (blue arrows). Note that, in practice, all the heightmaps are images with the same
dimensions.

Figure 2. Diagram depicting the generation of the heightmaps through the use of two
probability distributions. A: Normal distribution used for the shape of the x-axis. B: Non-
central chi-squared distribution used for the shape of the y-axis. C: Combination of both
distributions in two dimensions, generating a surface resembling an idealized depth map of a
core.

Figure 3. Example of a normalized volcano heightmap. Note that the maximum height of the
volcano was set during generation to a random value — in this case, slightly above 0.9.



ACTUAL PREDICTED
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Figure 4. Side-by-side comparison of two predicted flakes with their counterparts in the
testing dataset.

Possible refits from testing dataset {top 5)

CGAMN Actual

Figure 5. Visualization of the output of the virtual refitter prototype. On the left (CGAN
output) is the predicted shape of the flake. In the middle are shown the top five possible refits
selected by the program. On the right (Actual refit) is the actual refitting flake being sought.
The refitter placed the correct refit as the second most likely match for A and B, and in the
most likely match for C. The refitter could not place the actual refit in any of the top five
positions for D.
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