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Abstract

The level of food insecurity in a region is a complex function
of economic, political, and environmental factors, whose temporal
evolution can be modeled using a dynamic Bayesian network. The
transition probabilities associated with the latent states in such a
network can in principle be inferred from sentences extracted from
relevant literature through machine reading. However, the inter-
pretation of these sentences involves a great deal of uncertainty. In
this paper, we present a principled approach for dealing with this
uncertainty. The transition model itself is taken to be a random
variable, and we construct its distribution empirically using evi-
dence sentences and crowdsourced responses about the magnitude
of gradable adjectives.
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1model construction

1.1 introduction

Food insecurity, defined in [1] as the ‘limited or uncertain availability of
nutritionally adequate and safe foods or limited or uncertain ability to
to acquire acceptable foods in socially acceptable ways’, is affected by
many factors that interact in complex ways. For example, basic microe-
conomic theory implies an inverse relationship between crop yields and
crop prices. Crop yields can in turn be affected by precipitation levels,
fertilizer usage, pollution and technological advances, while crop prices
can be affected by subsidies.

The complexity of these interactions makes it challenging to make
predictions about food insecurity in the near future. The current state
of the art for making such predictions involves comprehensive analyses
prepared by domain experts. Typically, there is a tradeoff between
making an analysis comprehensive (i.e., considering all the relevant
factors), quantitative, and timely. Analyses that are both quantitative
and comprehensive can take on the order of two years to complete [6].
However, the time scale of fluctuations in the state of food security is
much shorter, on the order of months. There is therefore an urgent need
for tools that reduce the time it takes to prepare these analyses so that
timely recommendations can be made and appropriate interventions
performed. The development of these tools is the goal of darpa’s World
Modelers program [9].

1 .2 causal dynamic bayes networks

Causal Analysis Graphs

The first step in the automation of these analyses is the extraction of
information from relevant text sources, such as reports and news arti-
cles. Within these sources, we are particularly interested in identifying
sentences that describe causal relationships between entities, of the form

Crop yield
Crop price

SubsidiesFertilizer

Pollution

TechnologyRainfall

Figure 1.1: An example of a causal analysis graph
that could potentially model some of the factors that
affect food security.

A small increase in 𝑋 causes a large decrease in 𝑌. (𝑒1)

Here, 𝑋 and 𝑌 are factors affecting food insecurity. In this sentence, for
example, 𝑋 might represent the yield of a certain crop yield, while Y
might represent its price.

Collecting multiple sentences like 𝑒1 will allow us to build a causal
analysis graph - a graph where the nodes represent entities and the
directed edges represent the causal relationships between them. For
example, the evidence sentence above might map to a directed edge in



causal dynamic bayes networks | 3

a causal analysis graph going from node X to node Y, and the factors
and relationships mentioned in § 1.1 could potentially be encoded in
the causal analysis graph in figure 1.1.

Bayes Networks

A natural way to obtain a quantitative model from a causal influence
network is to map it to a Bayes network. A Bayes network is a graphical
representation of a probability model, with the nodes representing
random variables 1 and the link structure representing how the joint 1However, it is important to note that Bayes net-

works are constructs that are general enough to in-
corporate deterministic relations as well, such as
systems of partial differential equations.

probability can be factored into a product of conditional probabilities.
The process of inferring the link structure of such a Bayes net from a

collection of evidence sentences is distinct from the process of specifying
the conditional probability distributions it represents. In this paper, we
will focus on the latter. The notation that we use in the rest of the
document is as follows.

• Lowercase bold letters represent vectors (e.g. 𝐯).
• Uppercase bold letters represent matrices (e.g. 𝐌).
• Subscripts indicate the discrete time slice corresponding to a quan-

tity (e.g. 𝐯𝑛 is 𝐯 at time slice 𝑛.)
• Factors that affect food insecurity, such as crop yields, subsidies,

etc, are denoted by italicized capital letters (e.g. X)
• A dot above a factor represents its partial derivative with respect

to time:

�̇� =
𝜕𝑋
𝜕𝑡 . (1.1)

• A vertical line with a subscript, placed to the right of a derivative,
denotes that the derivative is evaluated at the time slice corre-
sponding to that subscript. For example,

𝜕𝑋
𝜕𝑡 ∣

𝑛
(1.2)

denotes 𝜕𝑋
𝜕𝑡 evaluated at time slice 𝑛.

Dynamic Bayes Networks

While the example in figure 1.1 captures the causal relationships between
the factors, it does not include the temporal dynamics needed to make
predictions about them. The temporal evolution of the factors can be
modeled by treating each observation of a random variable associated
with a factor as a distinct random variable indexed by a discrete time in-
dex and conditioned on one or more latent variables. This kind of model
is generally known as a state space model or dynamic Bayesian network2. 2At this point it bears emphasizing that the structure

of the causal analysis graph is not the same as the
structure of the Bayes network constructed from it.
The former can have cycles, while the latter cannot.

Some well-known examples of such models include Hidden Markov
Models (HMMs) for discrete latent variables and Linear Dynamical
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Systems (LDSs) for continuous latent variables with linear-Gaussian dis-
tributions. At first glance, our problem seems like a good fit for an LDS,
since many of our factors (prices, precipitation, etc.) are continuous
quantities.

Review of Linear Dynamical Systems

Figure 1.2 shows an example of an LDS (example taken from [2]). A
node labeled 𝐬𝑛 represents the latent state of the system at time slice 𝑛,
and a node labeled 𝐨𝑛 represents an observation in the same time slice,
conditioned on 𝐬𝑛. The conditional probability distributions governing
this system are defined by the relations:

𝐬1 𝐬2

...
𝐬𝑛

𝐨1 𝐨2 𝐨𝑛

Figure 1.2: A Bayes network representing a linear
dynamical system.𝑝 (𝐬𝑛|𝐬𝑛−1) = 𝒩(𝐬𝑛|𝐀𝐬𝑛−1, 𝚪) (Transition probability) (1.3)

𝑝 (𝐨𝑛|𝐬𝑛) = 𝒩(𝐨𝑛|𝐂𝐬𝑛, 𝚺) (Emission probability) (1.4)
𝑝 (𝐬1) = 𝒩 (𝐬1|𝝁0, 𝐕0) (Initial value) (1.5)

where the following notation has been used:
• 𝒩 (𝐱|𝝁, 𝚺) denotes a multivariate normal distribution with mean

vector 𝝁 and covariance matrix 𝚺.

• 𝐀 represents the linear transition model.

• 𝐂 represents the linear emission (sometimes referred to as obser-
vation) model.

• 𝝁0 and 𝐕0 denote the mean vector and covariance matrix for the
distribution of the initial latent variable, 𝐬1.

The parameters of the model are collectively denoted by 𝜽:

𝜽 = {𝐀, 𝚪, 𝐂, 𝚺, 𝝁0, 𝐕0} (1.6)

As indicated above, all the probability distributions in an LDS are Gaus-
sian. Linear dynamical systems are often used to describe physical
processes where the transition model is well understood. For example,
the transition model that describes the evolution of the latent state of an
object (comprised of its position and momentum vectors) that is moving
at nonrelativistic speeds is fixed by Newton’s laws of motion, modulo
noise that arises from environmental factors (such as Brownian motion)
and the limitations of the measurement apparatus.

In contrast, there are no models that describe abstract concepts like
food security or conflict that are well understood and have undergone
over three hundred years of testing. There are a number of sources of
uncertainty inherent in constructing a model from textual evidence -
for example, it is unclear which particular linear transition model 𝐀
we should use, or whether a linear dynamical system is even a good
choice for modeling the system in the first place. Furthermore, we have
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no a priori reason to assume that the emission probabilities (1.4) are
Gaussian.

Finally, for explanatory causal modeling, we do not necessarily want
to absorb model uncertainty into stochastic state change (the stochastic
part of (1.3)), since we will also be interested in inferring the model itself
[5].

Below, we discuss potential sources of uncertainty involved in con-
structing models from text in more detail.

• The writer of a phrase such as: “A small increase in X” likely has a
range of increases in X that they would describe as ‘small’, not to
mention the possibility that this range might overlap with ranges
corresponding to similar adjectives, such as ‘little’, or ‘weak’.

• Different writers will disagree about the range of values that qual-
ify as small.

• If we have only one sentence about the relationship between two
quantities X and Y, such as “A small increase in X causes a large
decrease in Y”, there is some uncertainty involved in extrapolat-
ing from this sentence to making predictions about things like
the effect of a small decrease in X (which the sentence does not
mention).

• Given multiple sentences about the same pair of quantities that
can differ in their assessment of

– the magnitude, e.g.:
∗ A small increase in X causes a large increase in Y.
∗ A tiny increase in X causes a huge increase in Y.

– and the polarity, e.g.:
∗ A small increase in X causes a large decrease in Y of the

change in the quantities,
∗ A small increase in X causes a large increase in Y of the

change in the quantities,

of the changes, it is uncertain how to combine and reconcile these
differences.

Thus, instead of assuming Gaussian transition probabilities (we will
elide the details of the emission probabilities for now, returning to
them in § 1.9), we will take the transition model itself to be a random
variable, 𝜽𝑇 (similar to the definition in in (1.6), but now incorporating
the distributions in addition to the parameters). This can be represented
by the Bayes net in figure 1.3. In addition to the model 𝜽𝑇, we also depict
the text data (the collection of evidence sentences) by a shaded node
labeled 𝐷.

𝐷

𝜽

𝐬1 𝐬2

...
𝐬𝑛

𝐨1 𝐨2 𝐨𝑛

Figure 1.3: A Bayes network representing a dynami-
cal system, but now with the transition probabilities
sampled from a distribution.

In the next section, we will examine a simplified system with only two
factors and a single evidence sentence about the relationship between
them. We will begin by first treating the model as a known linear model,
and then integrate some of the uncertainties from the list above.
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1.3 a simple causal linear dynamical model

Consider two quantities X and Y that form a dynamical system, i.e. they
are functions of each other and of time. A first approximation towards
modeling this system involves treating the functions that describe their
time evolutions as linear in the quantities and their partial derivatives
w.r.t time:

𝐬𝑛 = 𝐀𝐬𝑛−1. (1.7)

where 𝐬𝑇 = (𝑋, �̇�, 𝑌, �̇�). Now, let us treat the sequence 𝐬1, ..., 𝐬𝑛 as a
sequence of latent variables in a dynamical Bayes net with the same
structure as the one depicted in figure 1.2. The entries of the matrix 𝐀
define the behavior of the dynamical system, and so we expect to fill
them in based on the evidence sentences that we read. In the absence
of any evidence sentences relating X and Y, we expect 𝐀 to have the
following structure:

𝐀 =
⎛⎜⎜⎜⎜⎜⎜⎜
⎝

1 Δ𝑡 0 0
0 1 0 0
0 0 1 Δ𝑡
0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟
⎠

(In the absence of any evidence sentences).

(1.8)

Now, however, suppose we run our machine reader over our corpus
of literature and obtain exactly one sentence relating X and Y - the
sentence 𝑒1 introduced in § 1.2. Sentences such as this one suggest a
causal relation between changes (or the rates thereof) in the quantities
X and Y. Let us examine this sentence and what it might imply for 𝐀.

Suppose we are given 𝑋𝑛, 𝑌𝑛, and �̇�𝑛, with discrete time slices sepa-
rated by Δ𝑡. We are interested in predicting 𝑌𝑛+1. For a small enough
time step Δ𝑡, we can approximate 𝑌𝑛+1 as follows:

𝑌𝑛+1 ≅ 𝑌𝑛 +
𝑑𝑌
𝑑𝑡 ∣

𝑛

Δ𝑡

= 𝑌𝑛 + ⎛⎜
⎝

𝜕𝑌
𝜕𝑡 ∣

𝑛

+
𝜕𝑌
𝜕𝑋

𝜕𝑋
𝜕𝑡 ∣

𝑛

⎞⎟
⎠

Δ𝑡

= 𝑌𝑛 + ⎛⎜
⎝

�̇�𝑛 +
𝜕𝑌
𝜕𝑋 ∣

𝑛

�̇�𝑛
⎞⎟
⎠

Δ𝑡

(1.9)

The term �̇� represents the intrinsic tendency of Y to change with time,
that is, due to factors that are not explicitly specified elsewhere in our
model. For example, the price of crops might have a natural upward
trend over time due to inflation, but inflation may not be explicitly
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represented as a factor for a particular model. For the purpose of this
illustration, however, we will assume that

𝜕𝑌
𝜕𝑡 = 0. (1.10)

which leaves us with

𝑌𝑛+1 = 𝑌𝑛 +
𝜕𝑌
𝜕𝑋 ∣

𝑛

�̇�𝑛Δ𝑡 (1.11)

We can interpret the evidence sentence as telling us something about
the form of 𝜕𝑌/𝜕𝑋. The simplest possible approach would be to take
this quantity to be independent of X and t:

𝜕𝑌
𝜕𝑋 = 𝛽𝑋𝑌 (1.12)

which changes (1.11) to:

𝑌𝑛+1 = 𝑌
𝑛

+ 𝛽𝑋𝑌�̇�
𝑛
Δ𝑡 (1.13)

Thus, given some Δ𝑋, we would predict Δ𝑌 = 𝛽𝑋𝑌Δ𝑋. Given the nature
of the evidence sentence (an increase in X causes a decrease in Y), 𝛽𝑋𝑌
must be negative. Using (1.11) and (1.12), we can fill in some of the
off-diagonal entries of 𝐀:

𝐗1 𝐗2

...
𝐗𝑛−1 𝐗𝑛

𝐘1 𝐘2

...
𝐘𝑛−1 𝐘𝑛

Figure 1.4: A DBN representing the latent state
transitions for our example sentence. The box with
the double-line border represents the fact that the
model describes a distribution over sequences.

𝐀 =
⎛⎜⎜⎜⎜⎜⎜⎜
⎝

1 Δ𝑡 0 0
0 1 0 0
0 𝛽𝑋𝑌Δ𝑡 1 Δ𝑡
0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟
⎠

(With evidence sentence, (1.11), and (1.12))

(1.14)

So far, we have been treating our model 𝜽𝑇 (consisting of the update
rule in (1.7) and the parameter 𝐀) as a deterministic parameter. Now,
we will treat it as a random variable instead.

1 .4 going beyond two nodes X Y Z

Figure 1.5: A 3-node causal analysis graph, with a
chain-like structure.

Consider the causal analysis graph depicted in figure 1.5. Suppose we
wish to model the time evolution of the random variable Z. Similar to
our expression in (1.9), we would have

𝑍𝑛+1 ≅ 𝑍𝑛 +
𝑑𝑍
𝑑𝑡 ∣

𝑛
Δ𝑡 (1.15)
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If we interpret the cag structure to mean that Z is a function of Y,
which is in turn a function of X, the total derivative 𝑑𝑍

𝑑𝑡 further simplifies
as follows:

𝑑𝑍
𝑑𝑡 =

𝜕𝑍
𝜕𝑡 +

𝜕𝑍
𝜕𝑌

𝑑𝑌
𝑑𝑡

= �̇� + 𝛽𝑌𝑍 (
𝜕𝑌
𝜕𝑡 +

𝜕𝑌
𝜕𝑋

𝑑𝑋
𝑑𝑡 )

= �̇� + 𝛽𝑌𝑍 (�̇� + 𝛽𝑋𝑌
𝜕𝑋
𝜕𝑡 )

= �̇� + 𝛽𝑌𝑍 (�̇� + 𝛽𝑋𝑌�̇�)

(1.16)

Intuitively, a desirable feature of our model would be to have changes
in X cause changes in Z, by inducing changes in Y. If we naively imple-
ment a version of (1.13), we would not get this behaviour, but we do by
implementing (1.16).

𝑋

𝑌

𝑍

Figure 1.6: A 3-node cag with two nodes influenc-
ing a third, but not each other.

In the same vein, consider the cag in figure 1.6, where nodes 𝑋 and 𝑌
influence a third node, 𝑍, but not each other. In this case, the influences
of 𝑋 and 𝑌 upon 𝑍 can be written out as follows:

𝑑𝑍
𝑑𝑡 =

𝜕𝑍
𝜕𝑡 +

𝜕𝑍
𝜕𝑋

𝑑𝑋
𝑑𝑡 +

𝜕𝑍
𝜕𝑌

𝑑𝑌
𝑑𝑡

= �̇� + 𝛽𝑋𝑍
𝜕𝑋
𝜕𝑡 + 𝛽𝑌𝑍

𝜕𝑌
𝜕𝑡

= �̇� + 𝛽𝑋𝑍�̇� + 𝛽𝑌𝑍�̇�

(1.17)

Next, consider the Y-shaped cag in figure 1.7. Similar to the previous
two cases, we can write out the total derivative of Z w.r.t time as:

𝑋

𝑊

𝑌 𝑍

Figure 1.7: A 4-node Y-shaped cag.𝑑𝑍
𝑑𝑡 = �̇� + 𝛽𝑌𝑍(�̇� + 𝛽𝑋𝑌�̇� + 𝛽𝑊𝑌�̇�) (1.18)

Finally, consider a causal analysis graph that contains a cycle.

𝑋 𝑌

𝑍

Figure 1.8: A 3-node cag with two nodes influenc-
ing a third, but not each other.

𝑑𝑍
𝑑𝑡 = �̇� + 𝛽𝑌𝑍 (�̇� + 𝛽𝑋𝑌�̇�)

𝑑𝑋
𝑑𝑡 = �̇� + 𝛽𝑍𝑋 (�̇� + 𝛽𝑌𝑍�̇�)

𝑑𝑌
𝑑𝑡 = �̇� + 𝛽𝑋𝑌 (�̇� + 𝛽𝑍𝑋�̇�)

(1.19)

In this case, each of the nodes would influence the others. The reason
we do not infinitely recurse in a loop is because of the implicit temporal
separation of the influence. That is, the value of Z at time step n will
be affected by the values of the partial derivatives of the variables with
respect to each other and w.r.t time, evaluated at the previous time step
(𝑛 − 1).
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1.5 implications of the simple linear model

Note that the evidence sentence 𝑒1 only talks about the case �̇� > 0.
However, in using 𝛽𝑋𝑌 as we did above (independent of the sign of �̇�),
we have implicitly implemented the following assumption:

If there exists only one evidence sentence that relates two quantities
X and Y, then the following assumption holds:

Assumption 1 (Implication of the dual): the evidence sentence im-
plies its ‘dual’ constructed by reversing the ‘polarity’ of the changes
described in the sentence, i.e, if we change ‘increase’ to ‘decrease’
and vice-versa.

Example:
A small increase in X causes a large decrease in Y.

⇕
A small decrease in X causes a large increase in Y.

This also implies ‘isotropic’ sensitivity, i.e. if Y is sensitive to
changes in X, then the adjective describing |Δ𝑌| depends only on
the adjective describing |Δ𝑋|, as can be seen in the example above
(the adjectives small and large remain unchanged upon reversing
the ‘polarity’).

The magnitude of 𝛽𝑋𝑌 represents the sensitivity of 𝑌 to fluctuations
in 𝑋 and depends on some notion of the ‘ratio’ of the two adjectives
‘small’ and ‘large’. As mentioned in § 1.2, there is some level of un-
certainty involved in interpreting these adjectives - thus, there is some
uncertainty in 𝛽𝑋𝑌, which leads to uncertainty in 𝐀, which in turn leads
to uncertainty in 𝜽𝑇 (nicely motivating our treatment of 𝜽𝑇 as a random
variable). Since the shape of the distribution of 𝛽𝑋𝑌 is not known to us
a priori, we propose to estimate it empirically, using evidence sentences
and data gathered about human intuitions about adjectives such as small
and large, known collectively as gradable adjectives.

Gradable adjectives are often used to qualitatively describe magni-
tudes of changes in the literature on food insecurity. However, a small
change in one domain can mean something very different from a small
change in another. For example, a 15% drop in the average global tem-
perature within a year would plunge the world into a little ice age [3],
while a 15% change in precipitation in Hawaii over the same time period
is hardly remarkable [4].

Thus, describing a change in some quantity with a gradable adjective
requires some knowledge of the typical distribution of that quantity. In
§ 1.6, we provide a brief review of the clulab’s approach to quantifying
the effect of gradable adjectives through crowdsourcing.
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1.6 grounding gradable adjectives

To quantify the size of the changes implied by different gradable adjec-
tives, the clulab crowdsourced responses from a number of Amazon
Mechanical Turk workers (henceforth referred to as Turkers) [8].

The turkers were provided with the name of a quantity (a nonword),
its value for a particular group, (corresponding to the mean), and the
typical range of values (corresponding to two standard deviations, as-
suming the data is normally distributed, to capture the intuitive sense of
the word ‘most’ 3) of some quantity and an adjective that described the 3This assumption can be adjusted - for example, if

we take ‘most’ to mean three standard deviations
instead of two, the points in figure 1.9 would be
more spread out.

magnitude of some change to that quantity. They were then tasked to
give their best estimate of what that adjective implied for the magnitude
of change in the quantity. For example, a task might look like this (taken
verbatim from [8]):

Most groups contain between 1470 to 2770 mards A particular group
has 2120 mards. There is a prominent increase in this group. How
many mards are there? (Please enter a number response).

From the response r given by the turker, the normalized quantity 𝑟 was
calculated:

𝑟 =
∣𝑟 − 𝜇∣

𝜎 , (1.20)

where 𝜇 is the mean and 𝜎 is the standard deviation (in the above exam-
ple, 2120 and 325 respectively). This was then used as the dependent
variable of the model.

Collecting the responses of multiple turkers for multiple adjectives,
we obtain the distributions shown in table 1.1.
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above-average 0 3
abundant 0 3

acceptable 0 3
acute 0 3

additional 0 3
adequate 0 3

aggressive 0 3
alarming 0 3

appropriate 0 3
average 0 3

basic 0 3
bearish 0 3

big 0 3
bold 0 3

broad 0 3
bullish 0 3

clear 0 3
comfortable 0 3
competitive 0 3

conservative 0 3
considerable 0 3

consistent 0 3
conventional 0 3

critical 0 3
crucial 0 3

dangerous 0 3
decent 0 3

deep 0 3
desirable 0 3

devastating 0 3
disappointing 0 3

dramatic 0 3
encouraging 0 3

essential 0 3
evident 0 3

excellent 0 3
exceptional 0 3

excessive 0 3
extensive 0 3

extra 0 3
extraordinary 0 3

extreme 0 3
fair 0 3

familiar 0 3
favorable 0 3

feasible 0 3
fine 0 3
firm 0 3
full 0 3

fundamental 0 3
generous 0 3

giant 0 3
good 0 3

grand 0 3
great 0 3

healthy 0 3
heavy 0 3
hefty 0 3
high 0 3
huge 0 3

immense 0 3
important 0 3

impressive 0 3
inadequate 0 3

insignificant 0 3
insufficient 0 3

intense 0 3
large 0 3

large-scale 0 3
legitimate 0 3

less 0 3
liberal 0 3

light 0 3
likely 0 3

limited 0 3
little 0 3
low 0 3

major 0 3
marginal 0 3

marked 0 3
massive 0 3

meaningful 0 3
medium 0 3

micro 0 3
mild 0 3

minor 0 3
moderate 0 3

modest 0 3
narrow 0 3

nice 0 3
nominal 0 3
normal 0 3
notable 0 3

noteworthy 0 3
noticeable 0 3

obvious 0 3
optimal 0 3

ordinary 0 3
outstanding 0 3

partial 0 3
persistent 0 3

poor 0 3
positive 0 3
possible 0 3

powerful 0 3
precarious 0 3
profound 0 3

prominent 0 3
promising 0 3

proper 0 3
radical 0 3

rapid 0 3
rare 0 3
real 0 3

reasonable 0 3
record 0 3

regular 0 3
relative 0 3

remarkable 0 3
rich 0 3

routine 0 3

satisfactory 0 3
sensitive 0 3

serious 0 3
severe 0 3
sharp 0 3
short 0 3

significant 0 3
similar 0 3
sizable 0 3

slight 0 3
small 0 3
solid 0 3

sound 0 3
stable 0 3
steep 0 3

striking 0 3
strong 0 3

substantial 0 3
sufficient 0 3
superior 0 3

surprising 0 3
thin 0 3

tight 0 3
tiny 0 3

traditional 0 3
tremendous 0 3

typical 0 3
unexpected 0 3

unprecedented 0 3
unpredictable 0 3

unusual 0 3
useful 0 3
usual 0 3

valuable 0 3
vast 0 3

viable 0 3
vital 0 3

weak 0 3
wide 0 3

Table 1.1: Distributions of responses by adjective (as multiples of the standard deviation 𝜎).
For clarity, we set a common range of 0-3.
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Figure 1.9: Figure showing the cartesian product
of the distributions of 𝑟 for the adjectives small and
large, the kernel density estimate, and the best fit
line to the data.

We can also visualize the joint distribution of 𝑟 for two adjectives
simultaneously. For example, figure 1.9 shows the cartesian product of
the distributions of 𝑟 for the adjectives small and large (assuming a small
increase and large decrease, and the assumptions described in § 1.3),
and a kernel density estimate. In visualizing this joint distribution, we
implicitly make the following assumption:

Assumption 2 (Symmetry under polarity reversal): The magnitude
of a change described by a gradable adjective is independent of
whether the change is an increase or a decrease.

This assumption is supported by a pilot study conducted by the
clulab, where it was found that there was no significant difference in
the magnitude of changes for a gradable adjective when an decrease was
specified as opposed to an increase. This observation also influenced the
design of the task in [8] - turkers were only asked to estimate increases
and not decreases associated with gradable adjectives. The effect of this
assumption, along with Assumption 1, is that the data in the second
quadrant is ‘reflected’ into the fourth.

1 .7 constructing empirical probability densities

If all the respondents agreed on the value of 𝑟small and 𝑟large, we would
be certain of the value of 𝛽𝑋𝑌 in (1.12) - it would simply be given by:

𝛽𝑋𝑌 =
Δ𝑌
Δ𝑋 =

𝜎𝑌𝑟large

𝜎𝑋𝑟small
(1.21)
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Figure 1.10: ̃𝛽𝑋𝑌 distribution (values are restricted
to ̃𝛽𝑋𝑌 ∈ [−30, 0] for clarity).

However, as can be seen in figure 1.9, we have a distribution of values of
𝛽𝑋𝑌, with 𝜎𝑌/𝜎𝑋 = 1, each corresponding to the slope of a line through
the origin. The distribution is shown in figure 1.10, which is constructed
using the following procedure:

1. Take the cartesian product of the crowdsourced values of 𝑟𝑠𝑚𝑎𝑙𝑙 and
𝑟𝑙𝑎𝑟𝑔𝑒. This gives us a collection of points in the second quadrant
of the 𝑟𝑠𝑚𝑎𝑙𝑙 − 𝑟𝑙𝑎𝑟𝑔𝑒 plane.

2. Since there is only one evidence sentence in this example, reflect
the points into the opposite quadrant.

3. Calculate the kernel density estimate (kde) using Gaussian ker-
nels, and bandwidth chosen using Scott’s Rule [7]. This is done
using the scipy.stats.gaussian_kde class from the scipy
Python package.

4. Sample a dataset from the kde.
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5. For each point in the sampled dataset, treat it as if it lies on a line
through the origin, then calculate the slope of this line:

̃𝛽𝑋𝑌 = 𝑟𝑙𝑎𝑟𝑔𝑒/𝑟𝑠𝑚𝑎𝑙𝑙 (1.22)

(The tilde over the 𝛽 indicates that this slope must be rescaled by
𝜎𝑌/𝜎𝑋 when it is actually used in the transition matrix 𝐀. In the
examples in the rest of the document, we take 𝜎𝑌/𝜎𝑋 = 1.)

6. Plot a histogram of these values of ̃𝛽𝑋𝑌.

This distribution is clustered around the slopes of the lines passing
through the yellow regions. A point estimate of 𝛽𝑋𝑌 can be obtained
by taking the best-fit line through the data. While appealing in its
simplicity, this approach will fail to capture the salient features of the
distribution. For example, a best-fit line through the origin will not be
able to pass through the regions with high probability densities (yellow).
For this reason, we treat 𝛽𝑋𝑌 as a random variable.

A compact reparameterization
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Figure 1.11: The distribution of 𝜃𝑋𝑌.

In practice, it will be more convenient to work with 𝜃𝑋𝑌, defined by

𝜃𝑋𝑌 = arctan2(𝜎𝑌𝑟large, 𝜎𝑋𝑟small) (1.23)

where arctan2(𝑥1, 𝑥2) is the elementwise tangent4 of 𝑥1/𝑥2, instead of

4https://docs.scipy.org/doc/numpy/
reference/generated/numpy.arctan2.
html

𝛽𝑋𝑌. The advantage of this reparameterization is that it allows the
conditional probability density to have compact support. Substituting
(1.23) in (1.13), we obtain a rule to update 𝑌𝑡 once we sample �̇�𝑡 and
𝜃𝑋𝑌:

𝑌𝑛+1 = 𝑌𝑛 + tan 𝜃𝑋𝑌�̇�𝑛Δ𝑡. (1.24)

The distribution of 𝜃𝑋𝑌 resulting from 𝑒1 is shown in figure 1.11.

Combining multiple sentences

In the previous section, we saw what the distribution of 𝜃𝑋𝑌 looks like
given a single evidence sentence. In this section, we will provide a
method to construct the probability distribution function of 𝜃𝑋𝑌 from
multiple evidence sentences relating a pair of quantities.

1. For each evidence sentence implying that X causally influences Y:

(a) Take the cartesian product of the responses corresponding to
the pair of gradable adjectives in the sentence, and place the
collection of points in the appropriate quadrant based on the
polarity of the changes described in the sentence.

(b) Calculate the kernel density estimate5 for the data and nor- 5Gaussian kernel, with bandwidth chosen using
Scott’s Rule.

https://docs.scipy.org/doc/numpy/reference/generated/numpy.arctan2.html
https://docs.scipy.org/doc/numpy/reference/generated/numpy.arctan2.html
https://docs.scipy.org/doc/numpy/reference/generated/numpy.arctan2.html
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malize it so that it is only supported within that quadrant.

2. If the kernel density is restricted to either side of the y-axis, perform
a ‘reflection’ such that the first and third quadrants are symmetric
about the line 𝑦 = 𝑥 and the second and fourth quadrant are
symmetric about 𝑦 = −𝑥.

3. Normalize the sum of the kernel densities so that it forms a valid
probability distribution.

We would then ‘plug-in’ this probability distribution into the Bayes
network in figure 1.3.

1 .8 prior
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Figure 1.12: Distribution of (𝑆 × 𝑆) ∪ (−𝑆 × −𝑆).
This depicts the distribution of all combinations of
responses 𝑟, across all gradable adjectives studied
in [8].
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Figure 1.13: Distribution of 𝜃 generated using em-
pirical data, for a positive correlation.

At this stage, we are working on formulating a sensible prior as well,
which will help when we have a paucity of evidence sentences, gradable
adjectives, crowdsourced responses for the gradable adjectives, or any
combination of these. Consider the following collection of evidence
sentences, which forms a representative agricultural pathway (rap).

The government promotes improved cultivar to boost agricul-
tural production for ensuring food security. However, the policy to
seriously cut down the use of inorganic fertilizer and phase out the
fertilizer subsidy results in deteriorating biophysical conditions,
low use of inorganic fertilizer, less water, significantly reduced farm
sizes which lead to low benefit from the improved cultivar.

The first sentence implies a positive correlation between the quality of
the cultivar and agricultural production. However, it does not describe
the extent of the improvement in the cultivar, or the amount that the
agricultural production is boosted. To deal with this case, we introduce
a prior over the distribution of 𝜃cultivar, agricultural production (abbreviated
as 𝜃 below). We can construct the prior from empirical data, using the
following procedure.

1. For each adjective:
a) Calculate the kernel density estimator for the collection of

responses 𝑟 corresponding to that adjective.
b) Sample 𝑛 points from the kde. The reason for doing this

is that different adjectives might have different numbers of
valid crowdsourced responses, and we wish to account for
that 6. 6Implicit in this step is the assumption that the col-

lection of gradable adjectives studied in [8] is not
inherently biased towards adjectives with particular
distributions of 𝑟.

2. Collect all the sampled points into a set S. Also construct a set −𝑆
containing the negative of the points in S.

3. Construct the set of points (𝑆 × 𝑆) ∪ (−𝑆 × −𝑆). The distribution
of this set of points is shown in figure 1.12, for 𝑛 = 30, using a 2-D
histogram, with hexagonal bins. The marginal distributions are
also shown.
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4. Take the inverse tangent (restricted to (−𝜋, 𝜋)) of each point in
the set constructed in the previous step. The distribution of the
resulting angles 𝜃 is shown in figure 1.13, for 𝑛 = 80.

The shape of the prior over 𝜃 in figure 1.13 is also supported by our
intuition that in the absence of any knowledge about the magnitudes of
the changes in the factors, we expect that the sensitivity of the influenced
factor to changes in the influencing factor will not be arbitrarily large.
For a sentence that implies a positive correlation, we would simply
replace (𝑆 × 𝑆) ∪ (−𝑆 × −𝑆) with (𝑆 × −𝑆) ∪ (−𝑆 × 𝑆) in steps 3 and 4
above.

1 .9 emission model

We now return to the emission model, briefly mentioned in § 1.2. Ab-
stract concepts like food security and conflict are not directly measurable
quantities like mass, length, time, etc. However, there are certain mea-
surable quantities that can often act as proxies for the abstract concepts.
For example, intuitively, we would expect to see the number of people
displaced by violence, as well as the number of battle-related fatalities in-
crease as conflict increases. We term these measurable, proxy quantities
as indicators, and use them as a starting point for briding the semantic
gap between qualitative causal analysis graphs and quantitative models
built on those analysis graphs.

Abstract concepts and indicators fit in nicely in a state-space modeling
framework, since they can readily be associated with latent and observed
variables. Our emission model, then, is as follows. Let 𝑛𝑖𝑗 be the value of
the 𝑗𝑡ℎ indicator for the 𝑖𝑡ℎ component of a latent state vector 𝐬, denoted
𝑠𝑖. Then

𝑛𝑖𝑗 ∼ 𝒩(𝑠𝑖𝜇𝑖𝑗, 𝜎𝑖𝑗) (1.25)

where 𝜇𝑖𝑗, 𝜎𝑖𝑗 are the mean and standard deviation of the indicator vari-
able. In principle, this amounts to a systematic rescaling of a given value
for an indicator variable according to the change in the corresponding
latent variable. Two caveats must be kept in mind for this model.

The first is that this model implicitly assumes that the ‘polarity’ of the
indicator is the same as the polarity of the abstract concept that it acts as a
proxy for. That is, the natural language interpretation of an ‘increase’ in
the abstract concept corresponds to an increase in the indicator variable,
and vice versa, as in the example with conflict and battle-related fatalities
described earlier. The case where the indicator and the abstract concept
it represents have opposite polarities (for example, food insecurity and
average number of kCal consumed per day) would require either an
extension to this model or linguistic normalization of the causal analysis
graph (i.e. replacing food insecurity with food security).
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The second is that this simple model does not address the case of
‘shared’ indicators, that is, when an indicator can act as a proxy for mul-
tiple abstract concepts. Intuitively, we would tend to disfavor this kind
of model, since if an indicator represents two concepts simultaneously,
we think that the two concepts are linked by polarity reversal (like food
security and food insecurity), or by a causal relation. For example, the
average number of kCal consumed per day could be an indicator for
both the abstract concepts drought and food security. However, drought
influences food security, thus if both concepts are in the causal analysis
graph, the indicator variable should ideally represent only food security
and not drought. These kinds of ‘global hints’ can be implemented
in an ensemble modeling framework, in which we marginalize over a
distribution of causal analysis graph link structures instead of a single
one.

Indicators with polarities opposite to the concept

Often we will encounter indicators that have a polarity opposite to the
concept that they are associated with. For example, drought and rainfall.

1 .10 relaxing our assumptions

As we gain more knowledge about the domain, we could replace the
simple transition model we have described here with more complex
versions, informed by subject matter experts.



2inference

𝑥 ← 𝑦



3software contribution

In this section, we document the design of our open-source framework
for assembling causal dynamic bayes networks from reading evidence,
parameterizing the models with real-world data, and ‘executing’ the
models, i.e. running sampling and inference to determine probability
distributions for the random variables in the model.

The framework is named Delphi, since one of the primary intended
capabilities of the software is to be able to make quantitative, proba-
bilistic predictions. Delphi can be found at https://github.com/
ml4ai/delphi.

Delphi implements algorithms to compute the probability distribu-
tions over 𝜃𝑋𝑌 between pairs of quantities X and Y given a collection
of evidence sentences relating them. These distributions can then be
plugged into dynamical Bayesian networks such as the one depicted
in figure 1.3 to perform inference and make predictions. In addition,
Delphi provides functionality to analyze the structure of FORTRAN pro-
grams, convert them into causal analysis graphs, and perform sensitivity
analysis on them.

Delphi is implemented in Python, to provide a user-friendly and
easily extensible interface. In the future, we plan to extend Delphi using
C/C++ in the backend to be able to perform inference at scale with large
causal analysis graphs. The main data structure is the AnalysisGraph
class, which are acted upon by functions for visualization, inspection,
manipulation, and ‘execution’, i.e. sampling and inference, that reside
in eponymous modules. The API reference can be found at http:
//delphi.readthedocs.io.

https://github.com/ml4ai/delphi
https://github.com/ml4ai/delphi
http://delphi.readthedocs.io
http://delphi.readthedocs.io
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