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ABSTRACT

Social norms are complex rules which govern human interaction.
Despite being essential elements of social theory, the quantitative
identification of social norms has proven to be an elusive task.
Increasing availability of large social datasets, coupled with ad-
vances in the field of artificial neural networks and in scientific
computation are revolutionizing fields as diverse as computer vi-
sion, machine translation, or robotics. Because of their ability to
capture complex relationships between many variables, artificial
neural networks appear particularly well-suited for the problem
of social norm extraction. This paper provides an example of how
graph and text embeddings could be used to investigate the complex
rules that dictate how people behave.
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1 PRIOR WORK

A norm is a socially-standardized rule that dictates how an agent
in a particular setting should respond to a set of social inputs [see
2, 26].! The study of social norms is complicated immensely by
their distributed nature however. Every individual has their own
understanding of how they are supposed to act in a particular social
setting. In the theoretical sense of the concept, we can think of a
social norm as a computer program [e.g. 11], although each indi-
vidual carries their own slightly different version of that program.
Further complicating things is the fact that individuals oftentimes
have multiple programs available from which to choose [e.g. 4].
For instance, the same person may alternatively respond to a beg-
gar’s entreaties following the norm of pious charity, or that of firm
civic spirit, resulting in widely different outcomes for the beggar.
To make things even more complex, norms aggregate into larger
institutions which impose a set of rules on a multitude of social

!This section is a heavily reworked version of the postdoctoral application which
formed the basis for this project, as detailed in my project proposal and submission.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.

(CS230, February 2018, Stanford, California USA

© 2018 Association for Computing Machinery.

ACM ISBN 123-4567-24-567/08/06...$15.00

https://doi.org/10.475/123_4

situations. How norms and institutions function, emerge and evolve
is arguably the question for social scientists to answer in the quest
for a science of society as a system, rather than a sum of individuals.

Documenting social norms remains an effectively inductive task
at this point, a problem which can be approached mostly through
ethnography, surveys, or social psychology experiments. Living
with a group of people for a year and methodically observing them
through ethnography is arguably the best means for the researcher
to acquire detailed information about their system of norms, but is
also an inherently limited task given the amount of time investment
required. Additionally, surveys can be used to probe attitudes about
broad subjects, and social psychology experiments can provide
behavioral data on particularly important questions. But none of
these methods offers a scalable way to summarize the norms of a
group, organization, or society. Having a general-purpose way to
extract social norms from empirical data would be a very important
step in articulating a science of norms and institutions, itself the
likeliest answer to the still-unsolved micro-to-macro problem long
identified by [5].

Until recently data from which social norms could be extracted
quantitatively was extremely rare, and collecting extensive records
of organizations or societies was but a happy accident. This has
changed with the data revolution, spurred by the ubiquitous avail-
ability of very large datasets related to computer-mediated commu-
nication. A second development has been the emergence of cloud
computing to provide the infrastructure for the large-scale process-
ing of very large datasets. These two evolutions have allowed for
the extraction of a number of simple linguistic norms, for instance
around power and status differentials [6, 7, 28]. Computational
social science tools have also allowed for the extraction broad do-
mains of social interaction — usable as the coarse building blocks
of social norms — from user wall postings [1]. A novel, keystone
development has been the progress made in the development of
machine learning algorithms, particularly the emergence of pow-
erful, scalable neural network algorithms — especially in the deep
learning sub-discipline [17] — and the creation of multiple toolkits
to build them (e.g. TensorFlow, Torch or Theano).

The extraction of social norms may ultimately aid in the under-
standing of large-scale social interaction as a form of computation.
The analytical potential of this idea is already visible in [8-10],
who shows the likely existence of non-finite-state computation
in human social systems. And even though a quantitative under-
standing of norms has immense theoretical merits, awareness of
the rules of social interaction may also help with multiple practical
problems. Normative awareness could help build better virtual assis-
tants, by making them more attuned to their human conversational
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partners’ behavioral expectations. Or normative awareness could
improve recommendation and matching algorithms: it would likely
be a helpful thing to understanding when a “five-star” rating really
equals excellent service or is just the result of the rater conforming
to a behavioral expectation as a matter of course (e.g., in North
America, giving anything less than 5 stars on Uber is generally not
considered to be justified, unless the customer is truly dissatisfied
with the service).

The algorithms presented in this paper focus on a common set
of norms related to status, a concept often operationalized as either
esteem [30] or competence [25]. Status norms are ubiquitous in
social life, and often shape communication decisions ranging from
the choice of communication medium to phonetic or stylistic as-
pects of communication. The algorithm presented here deals with
the extraction of status norms from textual interactions in online
communities, an increasingly common setting in which social life

takes place in the digital age.

2 DATA AND METHODS

To investigate social norms in a quantitative manner I focus on the
Ubuntu Dialogue Corpus [19], a dataset comprising many years of
Internet Relay Chat (IRC) dialogue between users and developers of
Ubuntu, a popular Linux distribution. I downloaded A dataset of 22
million Internet Relay Chat (IRC) exchanges containing 326 million
words in total and covering 8 years of activity (from 2004 to 2012)
in the main Ubuntu chat room. The dataset has been previously
used successfully for Natural Language Applications, particularly
dialog prediction [e.g. 15, 20].

The Ubuntu dialog corpus also captures a rich history of an
active and extremely successful open-source community which
has coalesced around what is arguably (as of 2018) the most pop-
ular Linux distribution. Because they create real economic goods
without tangible, immediate compensation for contributors, open
source communities pose a fundamental free-rider problem where
strict economic logic would seem to exclude their existence [18].
Social norms around the conferral of status have been advanced
as an explanation for the continuing vitality of communities based
on the logic of gift exchange, as is the case with the Ubuntu user
community [31]. Because the Ubuntu Dialog Corpus captures not
just a simple collection of speech acts, but the life of an online com-
munity, we can expect the normative aspects that have provided
the deep structure to social interaction in the chat room to emerge
over time.

2.1 Pre-Processing

1.96 million dyads were extracted from the 22 million IRC exchanges
which were downloaded. Each message was assigned an ego (person
speaking) and an alter (recipient of message), using the following
heuristics

e “Ego” was extracted from the IRC user name.

e User names followed by underscores were all assigned to
the same Ego.

o “Alter” was extracted from the first word in the chat mes-
sage, where available. Because the main Ubuntu chat room
is high traffic, users often prefixed their references to other
conversation partners with their names.
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Figure 1: Interactions on Ubuntu IRC, 2004-2012.
Note: Color gradient indicates time of first contribution (for users) or
time of first interactions (for edges). Only pairs of users interacting
on more than 10 distinct days included in plot.

e If no information was available in the message for a user’s
current conversation partner, I assigned the user’s prior con-
versation partner in the chat room on the day (if existing) as
Alter.

e Opening messages (usually questions addressed to no one in
particular, e.g. “Hey everyone, I have a question about driver
X”) were assigned to all subsequent conversations involving
Ego.

2.2 Overview of Social Structure

Figure 1 shows a plot of the 323,237 dyads (between 1,681 total
users), which recorded interactions on more than 10 calendar days
during the observation window. The graph’s nodes and edges are
colored according to the first time of interaction (for dyads) and the
first time of contribution to the IRC (for users). The graph’s coloring
evinces multiple “cohorts” of users, as new heavy contributors
appear to join and leave the community constantly throughout
its life. The individuals displayed in this graph are also likely to
be the repository of the community’s social norms, the stalwart
contributors who, like virtually any cohesive group of individuals
are likely to have developed a set of rules of interaction.

2.3 Socio-Liguistic Aspects of Textual
Embeddings

?? To facilitate conversation modeling, embedding vectors of 100
real numbers were obtained for 287,346 tokens occurring more
than 5 times in the text. The embeddings were trained using fast-
Text [14], using word unigrams and size 3-5 character skipgrams
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Figure 2: 2-d t-SNE decomposition of fastText embeddings.
Note: Color gradient indicates average age of user posting a token.

(different parametrizations were attempted without substantial im-
provements to the model fit). Figure 2 shows the 2-dimensional
t-SNE embeddings [22] of the size-100 fastText vectors associated
with the most common 10,000 tokens. The average user age at the
time of usage was computed for each token, and 300 words were
selected at random to obtain a roughly-balanced mix of tokens used
by new and old users. The visualization shows a detailed view of
the technical complexities of the Ubuntu world, but also captures a
set of words relevant to social interaction in particular. These words
are found in the upper-middle part of the graph, where newcomer
(green) tokens such as “n00b” or “thx” cluster together with words
usually employed by seasoned users, such as “attitude” or “offtopic.”

2.4 Graph Embeddings

To facilitate the simultaneous modeling of social and textual data, a
simpler representation was obtained for the social graph of 1.96m
interactions (dyads) extracted from IRC conversations. Specifically,
the graph was embedded into a 100-dimensional latent space by
solving an edge reconstruction problem [3]. Negative samples of
random edges were obtained through two strategies: sampling
completely at random, and randomly rewiring the social network.
Completely random negative edges were selected to be 3 times
as numerous as randomly-rewired edges. The embeddings were
trained using the Adam optimization algorithm ([16]), under L2
regularization using the ‘EmbeddingsBag’ module in PyTorch. Us-
ing the analytical setup described above, the edge reconstruction
model achieved ROC/AUC of .818 against a held-out validation set.

Figure 3 shows a t-SNE visualization of the computed embed-
dings, colored according to the total time spent on the website by
each user. The plot shows an interesting linear pattern, likely a
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Figure 3: t-SNE decomposition of social graph embeddings.
Note: Color gradient indicates average age of user posting.

result of training under L2 regularization, which revealed multiple
communities of users, many of whom tended to ask questions solely
in one area (e.g. NVIDIA graphics drivers, etc.). But one particu-
larly interesting set of users emerges in the upper left corner of
the graph. These are users who have spent large numbers of days
contributing to the site, a group colored in red in Figure 3. This
emergent clustering hints at the feasibility of using number of days
spent on the site as proxy for status in the community.

2.5 Status Score from Shrunken Graph
Embeddings

Having spent a large number of time in the chat room is likely to be
correlated with high status in the Ubuntu IRC community, though
this assumption is not without its problems. For one, coming back
solely to ask more questions (or worse, to troll) is not likely to be
perceived as valuable by the community as returning to provide
answers. But Figure 1 reveals another important problem: some
“core” users only joined the community years after its founding.
Even though their contributions may become as valuable as older
users’, they will not be active for as many days as older users, given
the issue of right-censoring in the data (i.e., we do not observe as
much of the lifespan of new users as we do in the case of older users).
There are multiple remedies to this problem, but one particularly
convenient one emerges from the plot in Figure 3 — we can fit a
model to predict the number of days a user would spend in the
chat room, using the graph embeddings derived in the previous
section as features. Indeed, fitting a multi-layer perceptron? yields

2The model used first- and second-order polynomials of the graph embeddings, using
the following sequence of layers: Linear(200, 200), LeakyReLU(0.5), Linear(200, 200),
LeakyReLU(0.5), Linear(200, 1), followed by a softplus activation.
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Figure 4: Social network plot, colored by status score
Note: Edges defined as repeated interactions over more than 5 calendar days during the observation window. Edges

and nodes colored to reflect the fitted status score from a regression model trained on the social graph embeddings to
predict days on the site. Edge colored according to the lowest-scoring node.

a reasonably good fit to the data (R? = .62).3 Figure 4 shows what
the fitted data resulting from the model looks like when plotted
against the social network extracted between individuals who have
interacted for more than five distinct calendar days. Despite the
graph’s multicohort generative process evident from Figure 1, the
use of a regression model to predict graph embeddings does well at
evidencing what is effectively the core of the Ubuntu IRC network.

2.6 A Status Sequence Model for Textual
Interaction

The foregoing discussion demonstrates how we can expect to en-
counter instantiations of social norms associated both with status
giving (i.e., gratitude for help) and status seeking (i.e., appeal to chat
room rules). One’s prior amount of involvement in the community
can thus be expected to be a major factor influencing behavior in
the chat room. Specifically, we can expect both interaction partners’
age on the site and level of contribution to play a major role in
their responses to each other. One difficulty in operationalizing
this observation is that status norms operate at a very deep level in
the structure of communication, and their presence may not neces-
sarily be detectable without additional context. For instance, the
mundane decision to express gratitude as “Thanks.”, “Thank You!”
or “Thank You SO Much!!!” could connote status norm (where the
speaker asserts higher, equal, and lower status, respectively), but it
could also be the result of random idiosyncratic circumstances.
This dependency on context is not unlike the one seen in ma-
chine translation, query understanding or question-and-answering.

31t bears emphasizing that the goal of this model fit is not a perfect fit but denoising
the data.
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Recurrent neural networks (RNNs) have had a transformative effect
on all these fields enabling researchers to break countless perfor-
mance records, most notably for this problem in the area of dialog
generation [29]. One particularly expressive model is the Long
Short-Term Memory (LSTM) [13]. Much like Hidden Markov Mod-
els (HMMs), LSTMs also rely on a hidden state vector to encode
latent features that are updated as a sequence is read. An innovation
of the LSTM architecture is the addition of a “forget gate” which ef-
fectively removes from the hidden state vector information that the
model comes to consider superfluous to the optimization problem.
This feature has made LSTMs particularly effective in problems
with long-range dependencies within sequences, a common feature
of text modeling. LSTMs have also shown promising results in the
modeling of affect and emotion in in-person dyadic interaction [23],
another problem closely related to that of status detection. The
bidirectional LSTM (BLSTM) architecture has proven to be partic-
ularly useful for sequence classification problems [12], because it
allows for gradients to flow in both directions when processing the
sequence.

Model Architecture. A BLSTM model was designed to predict the
status score? of both ego (the speaker) and alter (their partner), a
BLSTM model was thus trained on the 22m utterances extracted
from the Ubuntu IRC corpus. The model uses as its input the se-
quence of pre-trained embeddings (of size 100) at the token level
obtained from fastText (as described in Section ??). After each se-
quence is consumed, the BLSTM model’s last hidden layers (from
the left-to-right and right-to-left passes) are both averaged into a
single input vector, which is then fed into a fully-connected multi-
layer perceptron, which includes a Dropout layer [27]%, followed
by a linear layer with 30 outputs, a LeakyReLU [21] activation, and
a final linear layer with two outputs.

Model Training. The multi-objective regression model thus ob-
tained was trained under Mean-Squared Error loss using the Adam
[16] optimization algorithm. The model training also allowed for
gradient updates on the embedding layer, a modeling choice which
was observed to significantly improve performance. The use of a
fully-connected MLP on the hidden layer of the LSTM was inspired
by similar open-source implementations of LSTM classifications®.
The model was implemented and trained using PyTorch” with the
help of an NVIDIA 1080Ti GPU unit. Given the large size of the
dataset (22m rows), the model was observed to yield the best perfor-
mance after only two epochs of training, which completed in under
30 minutes. When evaluated against a held-out dataset the model
achieved coefficients of determination (R?) of .25 for ego’s status
score and .19 for alter’s status score. This was a significant improve-
ment compared to a naive bag-of-words model, which achieved
maximum R? of .22 for ego and .12 for alter.

Qualitative Evaluation. The multiple models presented in this
paper have shown progressively worse fits when evaluated in a
classic supervised learning framework. It bears repeating, however,

“This score was extracted from graph embeddings as per the previous section.

5The intuition for Dropout came from promising results for its use in LSTMs, e.g. [24],
as well as empirically-observed improvements in model fit.

%e.g. https://github.com/jiangqy/LSTM-Classification-Pytorch.

"The implementation is available at https://github.com/bogdanstate/social-norms/
model.
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ank you so much! From all my noob heart!] (T yas trying to compile the kernel the other day|

-
[Frak Linux] Hello friends, I am having a lot of problems with my Linux]

[eixt] j e [our Lord and Savior, Richard Stallman.f question has been asked before a hundred times
d e

I am having problems with the NVIDIA drivers|

[I am a neob]|
[Ubuntu]
— 4 - -

n6ob I an) [sudo rm —rf /]

=
1ol wut?|

2
[BSD rules||C++12 is so much worse than €99. |
e .

[Whatever works.

- I wish new users would respect the rules. |
This is a great idea for the comsfunity-y

We're all a bunch of n@@bs, lol

[Back in the old days we wrote FORTRAN.
- L

[T know Linus personally

alter_status

Windows users are terrible people
.

—
I have no idea

——t

I am just as clueless as you are|

|Please watch your language, this is a PG-13 environment

Are you sure you want to do that?
—

-—
[Not too sure about what you should do here. |

\Have you even searched the forum\

-
Could you please clarify your question?]

[This is not the appropriate place to ask this questionle

ego_status

Figure 5: Example Statements and their ratings by Status Model

that understanding status norms is not a task that is easily amenable
to the classic train / validation / test supervised learning setup that
has proven so effective in countless machine learning problems.
Status norms are ultimately latent concepts that are difficult even
for humans to adjudicate properly. Additional validation work is
thus called upon to validate the model’s performance.

Figure 5 plots the predicted scores for a sample of example state-
ments which were designed by the author to be potentially indica-
tive of status norms asserted in IRC conversation on the Ubuntu
forums. The model identifies offensive statements such as “F**k
Linux” or misspellings of IRC commands (“eixt”) as indicators of
ego’s inexperience and thus low status, as are self-identification
statements (“I am a n00b”) or general questions (“Should I choose
Ubuntu or Fedora?”).® Utterances typically made by high-status
individuals, directed at lower-status ones typically focus on rule
enforcement (e.g. “Please watch your language”” or “This is not the
appropriate place to ask this question”). Statements that contain
more insider references to the Linux community (e.g. references
to Linus Torvaalds or Richard Stallman, prominent personalities
of the open source community, or to variants of C++ or the Linux
kernel) are likely to be exchanged between mid-status peers. Fi-
nally, a statement like “Back in the old days we wrote FORTRAN”
is indicative of an exchange between a very high status ego and a
slightly lower-status alter — this is the sort of assertion that could
serve to enforce a more fine-grained hierarchy among the already-
established individuals in the community.

8In the context of the IRC chat rooms most interactions of low status individuals
(“noobs”) tend to be with established individuals who enjoy higher status. This serves
to explain why all typical newcomer statements are identified as being directed at a
higher-status individual.

3 CONCLUSIONS

“Better than human” performance has become an almost mundane
feature of the steady stream of breakthroughs coming from artificial
neural network research. But there is an entire class of problems
for which the very notion of exceeding human performance of
ill-defined or even nonsensical. These are the problems that call on
artificial intelligence to understand humans as social beings. Their
resolution may turn out to be even trickier than the hardest prob-
lems in computer vision or speech recognition. But as technology
continues to evolve and computers become ever more embedded
in the everyday, developing an understanding of the subtle rules
that govern human lives is crucial for building humane Als.

The algorithms presented in this paper represent an exercise
in the extraction of meaning from a complex and noisy dataset. It
is certainly neither the most theoretically satisfying nor the best
practical implementation of the concepts presented here. For one,
modeling entire dyads (rather than individual utterances) would
likely improve the performance of the model. And taking into ac-
count the multiple temporal dimensions of the data, as well as the
sparsity of certain kinds of interactions (e.g. noob-noob) would
certainly make for a more expressive model. Finally, truly learning
status norms would require even more in-depth investigation into
the extraction of conditional rules from the sea of parameters avail-
able in a neural network. All of these tasks are promising extensions
that may lead us just a bit closer to building a robust methodology
for the practical identification of basic sociological concepts.
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4 PROJECT REPOSITORY

Implementation available at:
https://github.com/bogdanstate/social-norms/
Main model is in encoder_Istm.py.
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