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A crypto asset is an intangible digital asset whose issuance, sale or transfer are 
secured by cryptography and shared electronically via a distributed ledger.


A distributed ledger (blockchain) is a database of issuance and transaction records.


Each crypto asset has its own blockchain supported by its own network of nodes.


Some definitions!



A crypto asset is an intangible digital asset as it is 



without physical substance (intangible),



but is digitally-identifiable (digital) 



and held in expectation of future economic benefits (asset).


An intangible digital asset, but not a 
liability!

Under the current standards, a crypto asset does not meet the definition of either cash 
or a financial instrument because it does not represent a claim or contractual 
relationship that results in a monetary or financial liability on any identifiable entity.




Many assets!



Many features, protocols and uses!



Only a few will be adopted!
Successful adoption of crypto assets hinges on network effects. 

 

Varian (2017): “ [A] good exhibits network effects if the value to a new user from 
adopting the good is increasing in the number of users who have already adopted it. 



This generates a positive feedback loop: the more users who adopt the good, the more 
valuable it becomes to potential adopters. This positive feedback loop also works in 
reverse: if adoption fails to reach a critical mass of users, the good or service may fall 
into a “death spiral” and ultimately disappear.”




Benedetti, H., & Kostovetsky, L. (2018). Digital tulips? 
Returns to investors in initial coin offerings. 

The majority of crypto assets will become worthless.


Some could end up being adopted widely enough to ensure 
their survival.


A very small number of them could become preferred assets 
to store and transfer wealth to the future.




Network effects come from demand side!
Network effects are a demand-side rather than a supply-side, transactions costs or 
learning phenomena.


Varian (2017): “Network effects are due to value 
increasing with the number of units sold, while 
increasing returns to scale have to do with the 
cost declining or the quality improving with the 
number of units produced.”


Buterin (2014): “Network effects are actually split 
up into several categories: blockchain-specific 
network effects, platform-specific network 
effects, currency-specific network effects, and 
general network effects.”




Questions!
  How are investors going to be making selection decisions over many available crypto assets?



 
 
Possibilities:  A. Same as over the existing (not digitally-native) assets – 


 
 
 
 
 
 
stocks, bonds, derivatives, commodities.


 
 
 
 
 
   B. Differently. 
 




  Which features of these intangible digital assets would drive investment (demand) choices? 



 
 
Possibilities:  A. Same as for the existing (not digitally-native) assets, 


 
 
 
 
 
 
e.g., correlation with future consumption.


 
 
 
 
 
   B. Plus or only digitally-native asset features. 
 




  Which types of (supplied) assets will survive and which will go extinct?



 
 
Possibilities:  A. Same as for the existing (not digitally-native) assets, e.g., how well 

 
 
 
 
 
 
is an investment governed.


 
 
 
 
 
   B. Plus or only digitally-native governance features. 
 







We propose a unifying framework 
where crypto assets can be classified 
according to two main intrinsic 
features:


Security: technological vulnerability to 
risks of fraud, manipulation, abuse, 
and attack.


Stability: vulnerability to risks related 
to potentially faulty governance.


 Our framework: Supply of crypto assets!

Security is a cross-sectional attribute of a crypto asset.

It reflects its ability to retain value relative to other crypto assets at a point in time. 


Stability is a time series attribute of a crypto asset that reflects its ability to retain value across time for 
a given level of security.




Security: technological vulnerability to risks 
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Our framework: Demand for crypto assets!
  The demand for and adoption of crypto assets is inherently different from that of 
standard financial assets due to low frictions.




  We assume that investors “interact” with crypto assets over a digital platform: the 
crypto app.




  The crypto app:




  Stores info about available crypto assets.

  Collects data about users’ adoption preferences and the global market 

state.

  Provides investors-specific recommendations.
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The crypto app: Cinder?!



Expected returns and adoption!
   Crypto assets generation and initialisation of adoption and returns   


  Each investor compares two assets and proposes a change in adoption


Features


Global quantity 


Acceptance 

Probability


Beta-parameters represent the investors’ attitudes towards both the global state of the system and 
asset-specific features.


Increase adoption

Decrease adoption


  The app calculates the probability of accepting the change based on the (i) assets’ 
essential features, (ii) information about the adoption choices of all other investors, 
and (iii) expected future economic benefits of adoption 


2.3 The Crypto App

Investors “interact” with crypto assets over a digital platform, that we define as “crypto app”. The crypto app
essentially serves as an optimising recommendation tool for investors. It stores information about available crypto
assets, which are provided to its users wishing to make investment decisions over those assets. The app collects data
about all users adoption preferences, which are then processed and used to provide investor-specific suggestions. It
calculates aggregate information about the overall state of the “market”, and it provides optimal recommendations
to agents in the space [a, r], i.e. for assets probabilities of adoption and for their expected returns, given the values
of adoption probabilities, as we will show in the following sections.

2.3.1 Specifications

As a standard procedure, upon signing up to the service, users are provided with specifications describing (i) the
type of data collected and provided and (ii) how those data will be used to provide investment recommendations.

The app stores information about theN available assets together with their associated features s
i

, ⇠

i

8i = 1, . . . , N ,
as well as their position in the adoption-expected return space at each point in time. The app also computes a
global parameter, the total expected return, R

tot

(t) 2 �(t), defined as

R

tot

(t) =
NX

i=1

a

i

(t)r
i

(t) , (3)

where a

i

(t) represents the i-th asset adoption at time t and the quantity r

i

(t) is its expected return. This global
parameter will be used by the app to evaluate whether an investor’s choice to decrease (or increase) their propensity
towards adopting a given asset will induce an overall decrease or increase in total expected return.

Once an investor proposes a change in adoption, as described in Eq. (2), the app calculates the total expected return
R

tot

(t) if the proposed changes were adopted. The app also calculates the di↵erence �R

tot

(t) = R

tot

(t�1)�R

tot

(t)
in total expected return, which is used to provide a recommendation to investors on whether or not they should
proceed with the suggested choice.

We assume that the probability of accepting the changes proposed in Eq. 2, P
i,j

(�R

tot

, f), directly depends on the
di↵erence between the total expected returns, �R

tot

(t), before and after modifying the adoptions a
i

(t), as well as
on the intrinsic features of the crypto assets being compared, f , i.e. their stability and security parameters.

We assume that the app uses the following functional form to calculate the probability of recommending the changes
in adoption between assets i, j and thus transitioning from the old states a

i

, a

j

to the new proposed ones ã

i

, ã

j

(according to the update in Eq. (2)):

P

i,j

(�R

tot

, f) = P (a
i

! ã

i

, a

j

! ã

j

) =
1

(1 + e�R

tot)(1 + e�s)(1 + e�⇠)
, (4)

where �R

tot

(t) = R

tot

(t� 1)�R

tot

(t) is the di↵erence in total returns before and after the proposed move is made,
�s = s(i)� s(j) is the di↵erence between the security parameter of asset i and j and analogously �⇠ = ⇠(i)� ⇠(j)
is the di↵erence between the stability parameters of the two assets. Under this functional specification, which is
reminiscent of the standard Glauber dynamics in statistical physics [32], there is a higher chance of transitioning
to the new state if �R

tot

(t) < 0, i.e. if there is a gain in total return by changing the weights, or if the asset’s
adoption chances are increased by more desirable security and stability configurations, i.e. if �s < 0, �⇠ < 0.5

5
The app may also require a fee for providing suggestions to investors and processing calculations using proprietary data stored on

their servers. A fixed transaction cost c may be subtracted from the calculation of the total expected return. This cost will indeed

a↵ect �R

tot

and the probability of accepting the proposed change in adoption 4 :

�R

0
tot

= R

tot

(t� 1)�R

tot

(t)� c . (5)

If the costs associated to the proposed change exceed the potential increase in expected returns, the investor may be less inclined to

make the change e↵ective. Adding a transaction cost has essentially no other e↵ects than inducing a friction term that slows down the

adoption dynamics.
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Table 1: Crypto assets classification according to their security (s 2 [0, 1]) and stability (⇠ 2 [0, 1]) parameters.

2.2 Demand for Crypto Assets

Demand for crypto assets is specified below. At each point in time, t, a set of K = N

2 investors access the crypto
app (described in detail in Sec. 2.3) to search for and select crypto assets. The app provides each investor with
a pair of crypto assets, i and j selected at random from the total pool. Each asset i has known values of r

i

(t),
representing its expected return4 and a

i

(t), representing its probability of adoption.

At time t, the adoption process for crypto asset i is a Bernoulli process: an investor can either adopt asset i or
not, giving rise to a probabilistic outcome that can be described by a binary variable k = {0, 1}, which indicates
that asset i has not been (k = 0) or has been (k = 1) adopted (invested in), respectively. The probability that an
investor adopts or does not adopt a given crypto asset i can be described as

f(k, a
i

(t)) = a

k

i

(t)(1� a

i

(t))1�k

, (1)

where a

i

(t) is the probability of adoption for asset i at time t.

The probability of adoption of asset i, a
i

(t), i = 1, . . . , N is updated in time. The updating is executed by the
crypto app, based on both local (investor-specific) and global parameters. At the local level, proposed binary choices
of individual investors over all possible pairs of crypto assets are fed into the crypto app as follows: if an investor
proposes to choose asset j over asset i, the probability of adoption of asset i goes down by a known quantity �

and the probability of adoption of asset j goes up by � (the probability adjustment is made symmetric to save on
notation, without loss of generality).

Thus, for each pair of assets (i, j), the proposed update for the probabilities of adoption reads:

a

i

(t+ 1) = max(a
i

(t)� �, 0) ,

a

j

(t+ 1) = min(a
j

(t) + �, 1) . (2)

After collecting proposed adjustments from all investors over all possible pairs of crypto assets, the app presents
each investor with a recommendation (which may include investor-specific settings, see Sec. 2.3.3) to select j over
i or not. Investors may choose the app’s recommendation at face value or may make their own choices depending
on their trust in the app (the trust is not explicitly modelled in this paper). After investors made their choices, the
app [sequentially] calculates the new vector of probabilities of adoption for each asset. Then, the app also updates
expected returns based on the new probabilities of adoption and global parameters, as detailed below.

4
In general, the expected return of an asset i at time t is defined as r

i

(t) = E[x] =

P
n

j=1 xj

(t)p

j

(t), and is a weighted sum of payo↵s

or returns x

j

(t) by the probability that the given return is achieved. Note that in this paper, we will model only the dynamics at the

level of the r

i

’s.
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A schematic representation of the crypto assets dynamics is presented in Fig. 2.

Figure 2: Schematic representation of the crypto assets dynamics.

In Fig. 2, we schematically describe how assets may move in the adoption-expected return space starting from the
initial configuration as their values are updated. As users start interacting with the app and taking advantage of its
recommendations, the local knowledge on the assets, namely their adoption probabilities a

i

(t) and their expected
returns r

i

(t), as well as the global state are updated. Di↵erent colours represent assets belonging to di↵erent classes,
depending on their attributes.

2.3.3 Settings

The app can accommodate user-specific settings. Each user can define the weights it places on assets features and
global variables so that the acceptance probability in Eq. (4) can reflect investors’ preferences, for example as
follows:

P (a
i

! ã

i

, a

j

! ã

j

) =
1

(1 + e�0�R

tot)(1 + e�1�s)(1 + e�2�⇠)
, (10)

where the �s parameters represent investors’ attitudes towards security, stability of individual assets as well as a
global state of the system. Those parameters are used to tune (e.g. increasing or decreasing) the importance of
individual assets attributes.

3 Simulations results

In this section, we simulate K investors interacting with N crypto assets via a crypto app and we analyse possible
outcomes for the crypto assets market in terms of adoption and expected returns. We consider di↵erent scenarios in
terms of investors’ attitudes towards assets’ attributes. In Sec. 3.1, we analyse the case of homogeneous investors,
all characterised by the same parameters �

i

, i = 0, 1, 2. In the context of the crypto app setting, this means that all
users decide to utilise parameters set up by the app itself, or that the app calculates average �s using the input of
all users. In Sec. 3.2, we extend the model to consider heterogeneous investors with parameters �s extracted from
di↵erent probability distributions. In the app context, each investor sets up its own level of preferences.

We initialise the dynamics by creating N di↵erent crypto assets 

i

, i = 1, . . . , N , where each asset i is defined by
a vector of intrinsic features f

i

. Features for each asset s

i

, ⇠

i

, i = 1, . . . , N can assume a value in [0, 1], and will
be randomly generated from ⇡(s), ⇡̂(⇠) respectively, the probability density functions of the security and stability
parameters. Features can be extracted from di↵erent distributions, yielding a di↵erent set of assets investors can
buy or sell. In this way, we generate di↵erent types of assets, belonging to the four main subfamilies.
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A choice between security, stability, and total returns given preference (beta parameters).




Expected returns and adoption!

with


  Updating the expected returns


Change in 
adoption


Noise


  Optimal recommendations per asset class 𝜅 to minimise expected returns volatility


At each time t, each one of the K investors proposing a change in adoption, as explained in Sec. 2.2, may decide
to make this change e↵ective or not based on the information calculated by the app, namely the probability in Eq.
(4). Each investor generates a uniform random threshold p

K

2 [0, 1]: the change will be made e↵ective if P
i,j

> p

K

and discarded otherwise.

The K investors will sequentially been asked to cast their preferences (i.e. change adoption probabilities of assets
i, j or not). Once all K investors have submitted their choices, the app will update and store the new vector
a0 = {a01, a02, . . . , a0

N

} of crypto assets adoption.

Changes in adoption a↵ect the expected returns of assets: at each step the app recalculates and updates the expected
return for every crypto asset i. Here, we assume that changes in expected returns for each asset are driven by two
main factors: (i) changes in the adoption rate and (ii) intrinsic features of the asset. Specifically, we assume that
the app updates the expected return of crypto asset i according to the following rule:

r
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(t) = r
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(t� 1) +�a

i

(t) + ⌘

i

(t) . (6)

�a

i

(t) = a

i

(t� 1)� a

i

(t) represents the change in adoption of asset time i from the previous steps of the dynamics
t � 1 to the current one t. The term ⌘

i

(t) represents a random component or noise generated from a Gaussian
distribution with mean µ = 0 and variance �

i

= f(⇠
i

), which is a function of the stability parameter ⇠
i

of asset i.
In the following we will define f(⇠

i

) = 1
⇠

i

: the higher is the stability of the asset, the smaller will the fluctuations in
expected returns be.

2.3.2 Optimal recommendations

The dynamics over the adoption probabilities equilibrates at a time t

?, when a

i

(t?) = a

i

(t? � 1) = a

?

i

, 8i =
1, . . . , N . This corresponds to having a small chance of accepting any new proposed state in probability of adoption
for all the investors over all assets pairs i, j:

P

i,j

� p

K

< ✏ 8i, j . (7)

According to Eq. (6), even when the adoption probabilities have stabilised, i.e. at t?, the expected returns would
still be randomly fluctuating, due to the random noise ⌘

i

(t?):
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:= r

i

(t?) = r

i

(t? � 1) + ⌘
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(t?) . (8)

The app will then need to provide optimal recommendation for the volatility of the expected returns. We assume
that this recommendation is computed over the di↵erent  = 1, . . . , 4 classes of assets we considered in this model.
The way this is done is by attempting to maximise the total expected return of each sub-class while simultaneously
keeping its volatility bounded by minimising the distances of each asset from the “centre of mass” of their respective
clusters.

At t

? the app computes the mean adoption probability ā
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. (9)

All these steps can be interpreted as part of an optimal selection process of crypto assets performed by the investors
using information and recommendation provided by the crypto app. At the end of the selection crypto assets will
naturally cluster in di↵erent regions of the adoption-return space, depending on their features and the investors’
preferences.
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Expected returns and adoption!
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Changing investors’ preferences!
Probability distribution of the 

average adoption per asset class


High 
adoption


Low 
adoption




Changes in the ecosystem!
A different composition of the crypto-ecosystem (e.g. number of assets per class) may affect 
investment decisions.



We can show that changes in the composition of the crypto-market can be rebalanced by modifying 
the investors’ β parameters.




Heterogeneous investors!
Introducing misaligned investors with opposite strategies determines a non-trivial behaviour in the 
system together with the emergence of new stable configurations, but may also destabilise the 
system.


Homogeneous!Heterogeneous!



Summary!


  Investors interact with crypto assets over a crypto app providing optimal 
adoption recommendations.




  We characterise the dynamics of crypto assets adoption and observe the 
emergence of multiple stable configurations.


  The composition of the ecosystem affects investors’ decisions and final optimal 
configurations.




  Heterogeneous investors: disseminating contrasting views, which may affect 
investors’ opinions on the assets and the associated risks, may destabilise the 
ecosystem.




Thank you!!
A Model of the Optimal Selection of Crypto Assets
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