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Abstract—We describe Facebook’s development of WW, its
cyber-cyber digital twin, and, in particular, the way it uses hybrid
artificial intelligence techniques for behavioural and structural
imitation. WW is a simulation of Facebook user behaviour on
the real Facebook platform, which Facebook uses to test and
optimise its products. There are inherently many foundational
scientific challenges that come to the fore when attempting to
safely, reliably and effectively simulate user behaviours at scale.
This paper outlines some existing practical and scientific work
at Facebook, together with open problems and challenges for
this research agenda, which lies at the intersection of artificial
intelligence and software engineering.

Index Terms—Artificial Intelligence, Software Engineering,
Imitation Learning, Simulation, Multi Agent Systems, Synthetic
Graph Generation, Social Media

I. INTRODUCTION

WW is Facebook’s digital twin simulation of its WWW
platform [1]. WW is a web-enabled simulation [2], that
simulates Facebook user community behaviour. Although it
simulates users, WW executes on the real Facebook platform
[1], making it highly realistic and more actionable than tradi-
tional simulation. Facebook uses WW to help test its platforms
at the highest level of test abstraction; simulation-based testing
assesses the impact of a change on entire communities of
users. We are also exploring the use of simulation to help
us find product improvements that tend to reduce the impact
of users who exhibit harmful behaviour online. Ultimately, we
believe that simulation can, should, and will inform the daily
activity of every engineer at Facebook.

In order for simulation to scale to tackle the kinds of
challenges we face at Facebook, we need extremely fast simu-
lations, which maintain high fidelity to the real world problems
they simulate. This is a scientific and engineering challenge,
because increased fidelity typically requires a concomitant
increase in execution time. To tackle this problem, WW
deploys as a hierarchy of simulations, each of which balances
the trade-off between fidelity and execution time [1]. In this
paper we describe our approach to faithfully simulating both
user behaviour and the community structure, outlining some
of our approaches to assessing the fidelity of the simulations.
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Scientific problems associated with simulation have at-
tracted a great deal of interest and have acquired significant
importance. For example, simulation is increasingly used for
prediction and decision-making in economics [3], climate
change and weather prediction [4], traffic safety [5], and, most
recently, with significant immediate impact, the global re-
sponse to the COVID19 pandemic [6]. While some of the work
reported here is specific to Facebook, we believe that much of
it generalises to other simulation problems, especially those
that involve modelling user behaviour, which is increasingly
important to test and optimise software engineering products.

II. MECHANISM DESIGN: SEARCHING THE DESIGN SPACE

We have used an approach reminiscent of genetic improve-
ment [7] that we call ‘mechanism design’ [2], to explore
simulated changes to Facebook products, together with their
simulated impact on reducing harmful behaviour online. In our
experiments we simulate both the product changes themselves,
and their impact on user communities, using WW. The product
changes are simulated as interventions that impact each bot’s
actions and observations. The impact on user communities is
assessed by simulating both normal users and users that engage
in harmful behaviour online.

The goal of this work is to identify product changes that
simultaneously tend to reduce harmful behaviour, while not
impacting normal behaviour. As can be imagined, this is
naturally a multi-objective optimisation problem, in which
the two objectives are conflicting. Therefore, the problem is
ideal for computational search. We plan to develop and extend
mechanism design to use computational search [8] over the
space of product changes, guided by fitness functions that
capture the impact of the product changes on normal and
harmful behaviour.

Currently, we use heat maps to visualise the impact of
changes denoted by parameters that define the product inter-
vention being simulated. The heat map allows us to sweep
over parameter choices showing, in a single visualisation, the
impact of various choices of parameter on bots’ behaviour.
In each cell of the heat map, we compute the ability of
normal users to achieve their normal goals, such as making and
visiting friends, and of harmful users to achieve their harmful
intentions. The visualisation helps to identify the sweet spot
among the parameters that simultaneously inhibits the harmful
behaviour while allowing the normal behaviour.



However, the heat maps also allow us to assess the fidelity
of our overall simulation, as we use more abstract versions
of the simulation, moving up the cyber cyber twin simulation
hierarchy [1]. The base case for the hierarchy is execution
on the real platform, which produces the most high fidelity
simulation. As we move up the hierarchy, we increasingly
trade fidelity for speed of simulation execution. However, we
want to ensure that this trade-off still affords us acceptable
fidelity for the simulation task in hand. Therefore, we compare
results achieved for the base case with those achieved using
(potentially) lower fidelity (but faster) simulations from higher
up the hierarchy. We give an example in Section III-C.

III. SYNTHETIC GRAPH GENERATION

The graph structure of the social network underlying the
simulation is important because the graph’s structural prop-
erties affect the fidelity of the simulation. We designed a
privacy-safe social graph generation approach. Our approach
generates synthetic graphs that are representative of the social
network node features and friendship edges. Because the
graph is synthetic, it abstracts away from details irrelevant
to the simulation, while retaining those relevant details. This
abstraction yields orders of magnitude faster simulation ex-
ecution. Synthetic graphs are thus abstractions of the social
graph that we use in simulations to speed up simulation
time. Naturally, we do find ourselves necessarily trading some
loss in simulation outcome fidelity for such dramatic speed
ups. Overall, as explained elsewhere [1], we implemented a
hierarchy of different simulations, allowing us to choose the
overall trade off between fidelity and speed.

The generated graphs inherit a set of statistical properties
of interest from the real social network’s graph structure and
user feature distributions. This approach allows us to create
many possible social graph worlds with the same underlying
statistical properties. Namely, it is possible to sample multiple
graphs of different sizes. For example, for a true social graph
sub-network of approximately one million users, we construct
a reduced, but representative, graph of approximately 10,000
nodes, sampled in order to retain relevant sets of statistical
properties inherited from the true sub-network.

Synthetic graphs support faster simulation, and also allow
us to experiment with counterfactual scenarios in which we
permute the structure of the underlying graph, or properties of
its nodes. In a counterfactual world, some properties resemble
those of the real world, while others are mutated. In this way
we can understand the influence of coarse-grained structural
properties of the social graph on behaviour and optimise
products accordingly.

A. Graph Generation Algorithms

A graph consists of a set of vertices (also called nodes)
which are connected by edges (also called links). Friendship
relationships can be represented by undirected edges, while
other types of social network interactions, such as messaging
a friend or posting on a friend’s timeline, are directed.

In this section we focus on generative models for undirected
graphs which model the friendship relationships in a social
network. There exist many algorithms to generate synthetic
undirected graphs that inherit one or more properties from a
given graph. We cover only that small subset of the literature
on graph generators in this section, upon which we have based
our current implementations. A more detailed survey of graph
generation algorithms can be found elsewhere [9].

1) Erdös-Rényi-Gilbert model [10], [11]: A graph is
constructed by connecting nodes randomly. Each edge is
included in the graph with probability p, independently
from every other edge.

2) Baranasi-Albert [12]: A scale free graph is generated
using a preferential attachment mechanism. This model
leads to power law edge distributions in the large n
regime. Such a power law distribution resembles the
coarse-grained distribution of friendships in the real
Facebook social graph, which also exhibits a power law.

3) Configuration model [13]: Given a degree sequence,
the configuration model generates a random graph. The
degree sequence can be recovered from the node’s
degree distribution for the friendship graph, after spec-
ifying the size of the generated graph. The degree se-
quence allows us to encode both power law and Poisson
distributions in the large n regimes, which makes this
model a useful general framework for graph generation.

The majority of graph generation algorithms reproduce
only the structural properties of the graph, without taking
into account node-specific attributes. Node specific attributes
often exhibit correlations which may be hard to replicate;
the number of possible feature set combinations grows ex-
ponentially with feature vector dimension. Nevertheless, for
simulation we clearly need to include these. If we do not
preserve such properties, then important attributes of the
social graph will not be retained and may lead to unreliable
simulation outcomes. For example, in order to accurately
simulate crawling behaviours, we need to take account of
properties such as demographic homophilia [14], a property
we test using our metamorphic testing for structure [15].
Fortunately, the literature does include work that incorporates
feature correlations [16].

Most current graph generation approaches also tend to
ignore the clustering present in a graph, focusing instead,
on preserving other network statistics. However, the small
world phenomenon is present in many real world networks
[17]. Watts and Strogatz [18] have shown that social networks
are characterised by a short path lengths and large clustering
coefficients. These clustering properties must also be taken
into account, when constructing synthetic graphs for social
media simulation. Space does not permit a detailed description
of our algorithm for synthetic graph generation here, but it
will be made available in a subsequent publication [19], that
describes our persona-based generative graph model.



B. Synthetic Graph Properties

For different applications of simulation, we need to con-
struct different kinds of synthetic graph. In this section we
briefly review the properties of synthetic graphs we have
currently found to be useful. This list is merely indicative,
and intended to illustrate the kinds of property of concern for
social media simulation. As the number of WW use cases
increases, we expect this list to grow.

WW synthetic graphs currently preserve many structural
properties, including:

1) Node degree distribution: the number of connections
(friends) the users have.

2) Clustering coefficients: This is one particular measure
of community structure that has been widely used in
the literature. It measures the degree of transitivity of a
graph: higher values imply that ‘friends of friends’ are
themselves likely to be friends, leading to a ‘clumpy’
overall graph structure. Interestingly, these clustering
properties also have profound impact on other non-
social graph properties. For example, program depen-
dence clusters [20] tend to lead to large program slices
[21], and have implications for bug prevalence [22]; the
‘friends of friends clumpiness’ property also applies to
program graphs.

3) Assortativity coefficient: This is a measure of the pref-
erence to attach to nodes that share similar properties.
This preference is a form of demographic homophilia
[14], [15] that our synthetic graphs need to reflect.

4) Mixing matrix: the tendency of a node type to connect
to another node type (a bot persona).

5) Average shortest path between two nodes: A measure
of reachability, related to small world models [23].

C. Assessing Fidelity at Different Levels of the Simulation
Hierarchy with Mechanism Design Heat Maps

One way to assess the fidelity of a synthetic graph is
to compare the results obtained using this graph with those
obtained using a more high fidelity simulation approach. We
do this using mechanism design, described in Section II.

Specifically, we simulate harmful user behaviours, using
techniques for imitation learning of human user behaviour
described in Section IV. We use mechanism design to sim-
ulate the effect of possible product changes on this harmful
behaviour, hoping to find changes that will tend to inhibit
harmful behaviour online.

From different demographics of harmful behaviours, and
different kinds of harmful behaviour, we obtain a heat map
that depicts the impact of the possible product change on
this harmful behaviour. The heat map is used to identify and
recommend product changes.

By comparing the heat map obtained from a synthetic graph,
with that obtained from an online graph, we also obtain a
visualisation that helps us assess the fidelity of the synthetic
graph. Figure 1 presents an example, in which we were able
to construct a high fidelity synthetic graph.

With this synthetic graph we were able to explore product
changes to inhibit a particular kind of harmful behaviour with
two orders of magnitude greater speed of execution, while
remaining very faithful to the simulation behaviour observed
in the online social graph.

D. Assessing Fidelity By Comparison with Real World Data

We use real-world data to benchmark and calibrate our
simulations, assessing the fidelity of all layers of the simu-
lation hierarchy including synthetic graphs. Figure 2 gives an
example of age preferential attachment in synthetic graphs we
generated to respect demographic homophilia [14], using the
assortativity coefficient. We can see that these results closely
resemble those from the real world social graph [24].

We also compare predictions from simulations with those
observed in real-world scenarios. For example, we have used
WW to simulate various forms of ‘infection spread’ in the
social graph, using information diffusion models.

This is a problem that has been widely studied in simulation
frameworks. The shape of the graph is of great importance for
reliable simulations of diffusion models of any kind. For in-
stance, the lower the node degree, the slower the infection will
tend to spread. We created such synthetic graphs, applied them
to diffusion model simulation, and found that we were able
to reproduce real diffusion behaviours, observed in practice,
with high Fidelity, as Figure 3 shows.

IV. LEARNING AND IMITATING USER BEHAVIOUR

For any social media simulation to be effective, it is
clearly important for the bots to imitate real users’ different
behavioural patters. We cluster users that behave similarly
to create archetypes of behaviour. We never imitate any
individual user’s behaviour, but rather imitate the gross sta-
tistical properties of whole classes of users. We refer to these
behavioural archetypes as personas.

Through the use of personas we are able to realistically
simulate the behaviour of different sub-populations interacting
with each other, as well as imitating the naturally occurring
variance within each group. Gathering statistics from tens of
thousands of users to create our personas also helps us avoid
over-fitting, which might otherwise reduce the fidelity of the
simulation. Basing our models on personas, interpolated over
tens of thousands of users, also ensures that our simulations
are privacy safe.

Simulating different bot personas has a number of natural
applications, including
• Analysis and testing of how platform and environment

changes will affect different user demographics, thereby
applying social testing [2] to improve the quality of our
products, and the services they offer to our customers.

• Observation of the emergent properties of behaviour
across graphs with different percentages of connections
amongst personas. This can help us to identify and head
off challenges to the integrity of the social network, and
to identify possible emergent harmful behaviours we need
to tackle.



Fig. 1. Assessing the fidelity of synthetic graphs using mechanism design. Both heat maps show impact of different limits on maximum friends visible to
the bot at each step (vertical axis) with different levels of propensity for the bot to engage in harmful behaviour (horizontal axis). This intervention is not in
production and shown here for illustrative purposes only. The heat map on the left results from simulating on the high fidelity (but computationally expensive),
online graph. The heat map on the right is result of simulating on a synthetic graph. There is a scaling factor due to the difference in the graph sizes, but the
overall trends are very similar in both heat maps. In this way, we gain confidence that we retain simulation fidelity while using the (offline) synthetic graph.
This fidelity confidence is important, because the synthetic graph scales up, by two orders of magnitude, the speed of exploration of product interventions.

Fig. 2. The frequency distribution of ages for the neighbours (friends)
of bots in a synthetic WW graph. Frequency of neighbour ages is plotted
for four different age-based personas. Each of the four has peek frequency
corresponding to the age demographic of the corresponding persona plotted.
These distributions closely resemble those observed in the real social graph
[24].

A. Identifying behavioural archetypes

We adopted several different approaches to identify per-
sonas, including

• Demographic: Identifying and gathering behavioural pat-
terns based on the demographic properties of whole
classes of user.

• Unsupervised Clustering: Behavioural patterns are em-
bedded into a multi-dimensional space, so that k-means
clustering can be used to separate the groups. Examples
of groups that result from this method include groups
from similar geographic regions that perform actions at
similar times during the day.

Fig. 3. Comparing real infection spread with the results of a WW synthetic
graph simulation. Real data in blue (darker grey when viewed in black and
white); simulated data in mauve. Although the real data is slightly left shifted,
the peaks and overall periodicity are faithfully replicated in the simulation.

• Ad-hoc: We also model groups of users that might be of
particular interest for the exploration of a particular prod-
uct improvement or intervention. For example, harmful
online behaviours that we hope the product improvement
will tend to reduce.

B. Imitation Learning Through Simple Statistical Similarity

We gather the frequencies and high-level characteristics of
actions from all demographics at an hourly granularity. We
use this data to build probability distributions for each action
and demographic group.

Each demographic group has its own statistical model. The
statistical model contains a probability distribution for each
action for each hour and day, where each action frequency
maps to its corresponding probability.



This level of granularity allows us to replicate behaviour
with high fidelity. We can build bots that model particular
kinds of demographic, taking account of seasonal and other
time-based variability, and at different levels of granularity.
For instance, one group of fine-grained bots could be deployed
to model Japanese women in their 30s at 10AM PST, while
another more coarse-grained group of bots might represent
Australians on a Monday.

For WW’s simplest settings, probability distributions are in-
dependent. However, this is unrealistic, because it fails to take
account of joint probability distributions. The frequencies and
characteristics of different actions are not independent, but are
typically correlated in subtle ways. Sadly, it is computationally
intractable to compute the full joint probability distribution
with large numbers of actions involved, and at Facebook scale.
Therefore, we need to make approximations. Once again this
raises interesting scientific questions about how to assess and
optimise fidelity and computational effort. Fortunately, there is
a rich scientific literature on taming the inherent combinatorial
explosion, both within the context of machine learning [25]
and also software testing [26].

In order to identify the likely stakeholders participating
in a particular action, we leverage existing machine learning
classifiers. Facebook has many such classifiers that predict,
for example, the likelihood of a user interacting with a certain
piece of content. We re-use these classifiers to allow bot
personas to accurately and realistically imitate a class of users.

C. Imitation Learning through Machine Learning

The statistical model, although sufficiently accurate for
some simulations, presents two principle shortcomings:
• Order: The statistical model does not capture action

execution order. Users might be more likely to like a
post before commenting on it, yet this is not captured by
a purely ‘action prevalence’ statistical model.

• Environmental Clues: Our computed probability distri-
butions are fixed, thereby failing account for environ-
mental factors that might influence the bots’ decision
making. For example, from our statistical model, we
might predict that a bot has a high probability of sending
a friend request. However, that likelihood is increased
when friends move to the same location, or when one
of them receives a recommendation. Currently, these
contextual characteristics are not modelled. More work is
needed to determine environment characteristics, thereby
imbuing WW bots with greater context sensitivity.

To address this we also used simple Machine Learning (ML)
for imitation. For the first iteration of our ML models, we
treated the problem as a classification problem. The labels
from which the model can choose represent the available
actions that the bot can execute. To train the model, a database
was created from sequences of user actions, processed so they
would be cut at random intervals. This allowed our model to
predict a generic ‘next action’ in the sequence of actions, but
left it unable to predict answers to related questions, such as
‘what is the most likely final action in the sequence?’.

Our cutting algorithm can be described as follows: given a
sequence s of length n, a sub-sequence s′ is selected where
s′ = s[0 : r] and r = random(1, n− 1). s′ will be of length
[2, n − 1]. We then pick our action label y to be s[r]. This
is the action we want to predict. We repeat this process for
our whole data set of action sequences, ending up with many
sequences of variable length.

We used a simple feed forward neural network, because
this is a simple and well-understood architecture. The best
performing network was the feed forward network with 3
hidden layers, 0.3 dropout [27] and batch normalization [28].

The neural network is used to predict the next action from an
arbitrary sequence of previous actions. The arbitrary sequences
used for training were produced using our cutting approach.
In order to provide a fixed length action sequence encoding
for the neural net, we use Dual-FOFE, which has recently
been demonstrated to perform optimally (with two forgetting
factors) [29] when transforming variable length sequences to
fixed length sequences.

The feed forward networks were trained using a super
convergent [30] scheduler and tested using 10-fold cross val-
idation to assess accuracy using negative-log likelihood. This
yielded an average accuracy of 56%. We also experimented
with the TabNet tabular learner which raised accuracy to an
average of 64%. In future work we plan to experiment with
other neural net architectures.

These results compare to a baseline with random guessing
of 6.25%. However, the most prevalent action is ‘like’, which
occurs 34% of the time. Therefore, a more realistic baseline
would be to always predict that the next action will be
‘like’. That approach would clearly yield superior accuracy
outcomes compared to random guessing, but also considerably
poorer accuracy outcomes than those we obtained from all the
learners with which we have, hitherto, experimented.

D. De-identification and Privacy-safe Simulation

Simulation is an inherently privacy safe technology, for
companies to test and explore improvements their products.
All experiments are performed in an artificial world, created
specifically to avoid reliance on any real user data. In order to
ensure privacy safety, we also take careful steps to de-identify
users before any bot training takes place.

E. Imitation Learning through Hybrid Rule Based Approaches

We have also experimented with simple rule-based algo-
rithms to capture particular kinds of simulated behaviour,
such as crawling behaviours. One approach with which we
experimented consisted of modeling crawling behaviours using
a depth-first traversal of the social graph. On its own this
behaviour is of little value, but when combined with simple
machine learning techniques it provides a technique that offers
the technical advantage of balancing interpretability and real-
ism. We combine simple rule based behaviours with machine-
learning-defined decision procedures to predict next actions,
such as those outlined in Section IV-C.



Figure 1 shows the outcome of this approach in simulating
classes of users by bots that exhibit harmful behaviours in the
simulation. Naturally, all harmful behaviour is confined to the
WW simulation environment, and involves only bots, thereby
providing engineers and data scientists with a safe environment
in which to experiment with product improvements that tackle
these harmful behaviours.

In these WW experiments, we combined a depth first traver-
sal algorithm with a decision procedure that was informed by
simple logistic regression. At each point in the graph traversal
at which the bot has a choice of candidate nodes to visit,
the bot makes that choice using the logistic regression. The
regression procedure trains the bot to make decisions similar to
classes of users they have exhibited particular kinds of harmful
behaviour.

In this way, the bot is trying to behave similarly to a
whole class of users, without modelling any particular one.
Furthermore, the behaviour of the bot is comparatively more
explainable than the behaviour of bots trained purely with
machine learning. The approach allows us to control the
degree of harmful intention, by regulating how often the bot
uses logistic regression trained on harmful behaviours, and
how often it uses alternative approaches trained on normal
behaviour.

V. CONCLUSION

We have outlined how we model user behaviour and social
structure to support simulations in WW. We explain some of
the approaches that were found useful in assessing the fidelity
of the simulations. This has allowed us to execute simula-
tions two orders of magnitude faster, without notably trading
simulation fidelity. We are excited to work with the scientific
community on this social media simulation research agenda.
We hope this paper helps outline some of the open problems
and challenges, thereby facilitating future collaboration.
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