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Fianl Report for Human-in-the-Loop Statistical

Relational Learners

We have made progress in several directions for Human-in-the-Loop learning
including 1) building algorithms capable of incorporating human advice [4, 7, 5,
12, 6], and 2) allowing algorithms to actively acquire useful advice by querying
human domain experts [9, 10, 8, 11]. Our algorithms are more robust to noisy or
missing training data, where standard machine learning algorithms may strug-
gle. We have developed and applied advice-based methods to different learning
formalisms including inverse reinforcement learning [4] and statistical relational
learning [7, 5, 8]. We have also applied our algorithms in complex tasks such as
natural language processing for extracting adverse drugs events from text [5].

First we will describe the advice-based methods that we have developed.
Then we talk about how advice-based learning can be extended for actively
seeking advice, allowing the learning algorithm to acquire targeted advice.

1 Key Research Accomplishments

1.1 Advice-based Learning

We have developed two different methods for receiving advice from the domain
expert including label preferences and privileged features. Label preferences
allow the expert to describe some of the characteristics that make one prediction
more likely than another, e.g., “Yellow traffic signals mean slow down and not
speed up”. Privileged features allow the expert to give additional information
to the learning algorithm about the training examples.

1.1.1 Advice as Label Preferences

The goal of our human advice as label preferences [7, 5] is to target (and correct)
any errors in the training data. In this way, our framework allows for the learn-
ing of a more accurate and robust model. The advice is specified by the expert
naturally in first-order logic. This allows for non-machine learning experts to
provide valuable advice. The form of our advice is inspired by preference elic-
itation [1] where the expert can provide information on what labels the model
should prefer for a set of examples. The expert provides label preferences in the
form of first-order logic horn clauses.

Formally, our advice is defined as,

Definition 1 Relational advice set (RAS), R is specified as a set of relational
advice rules (RAR), r1, r2, . . . , rA. Each RAR, ra is defined using the triple
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Figure 1: Our advice-based boosting framework.

〈F, l+, l−〉 where F is the relational advice constraint (RAC) clause specifying
the subset of examples, l+ is the preferred label and l− is the avoided label.

Definition 2 A relational advice constraint (RAC), F is defined using a Horn
clause ∧ifi(xi) ⇒ label(xe), where ∧ifi(xi) specifies the conjunction of condi-
tions under which the advice applies on the example arguments xe.

Intuitively, the goal of learning with label preferences is to learn a model that
predicts a higher chance of preferred labels than avoided labels. If s represents
the set of training examples for which the advice is applicable, then the learned
model should have a higher probability of the preferred target than the proba-
bility of the avoided target in the training examples, i.e., ∀si ∈ s, P (l + (si)) ≥
P (l − (si)).

Our overall approach is shown in Figure 1. Inspired by prior work of Gimpel
and Smith [2], we introduce a cost function in the denominator of the log-
likelihood function. While they employ the use of a regularization term for
a log-linear model, we employ this as a penalty term for violating the advice
provided by the expert. This modified log-likelihood (MLL) function using the
functional representation is given as,

MLL(x,y) =
∑
xi∈x

log
exp

(
ψ(xi; yi)

)∑
y′ exp

(
ψ(xi; y′) + cost(yi, y′, ψ)

) (1)

Our cost function is used to penalize the model that does not fit to the
advice. Since the cost function penalty depends only on the advice and the
current model, and not on the example labels y and y’; we can redefine it as
cost(xi, ψ). We define the cost function as

cost(xi, ψ) = −λ× ψ(xi)× [nt(xi)− nf (xi)] (2)

We use nt to indicate the number of advice rules that prefer the example to be
true and nf to be the number of rules that prefer it to be false. We use λ to
scale the cost function and ψ(xi) is the current value of the ψ function for the
xi.
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We now use functional-gradient boosting to maximize our modified objective
function (MLL). The cost function in Equation 1 can be replaced with Equation
2 and it becomes:

MLL(x) =
∑
i

logP (yi, xi;ψ) + λ · ψ(xi) · [nt(xi)− nf (xi)]

The gradients for the MLL can be similarly defined:

∆(xi) = I(yi = 1)− P (yi = 1;ψ) + λ · [nt(xi)− nf (xi)]

Intuitively when the example label is the preferred target in more advice
models than the avoided target, nt(xi) − nf (xi) is set to be positive. This
will result in pushing the gradient of these examples in the positive direction
(towards +∞). Conversely when the example label should be avoided in more
advice models, nt(xi)−nf (xi) is set to be negative which will result in pushing
the gradient of this example in the negative direction (towards −∞). Examples
where the advice does not apply or has equally contradictory advice, nt(xi) −
nf (xi) is 0. Hence, our approach can also handle conflicting advice for the same
example.

The strength of our approach not only comes from the concise way that our
method is able to handle advice, but also that this advice is used to improve the
model throughout the learning process. This framework is versatile and can be
applied to classification, policy learning and used to transfer information across
domains (the advice captures the difference between the domains).

1.1.2 Advice as Privileged Information

The key idea behind advice as privileged information is to use the privileged
features – available only at training time – to guide the search in the normal
features in order to learn a better model [14, 15]. Privileged information pro-
vides an alternate method for human domain experts to express their knowledge.
The intuition of our approach for learning with privileged information is to bias
the learning algorithm to make similar predictions in both features spaces [12].
Thus, making it more likely that similar examples in the privileged space will
have similar predictions over the normal features, potentially improving gener-
alization. More formally, the problem is defined as:

Given: A set of training examples [〈yi,xCF
i ,xPF

i 〉] and a set of test examples
[〈yi,xCF

i 〉], where F = CF ∪PF & CF ∩PF = ∅
To do: Learn a classifier that employs only the classifier features CF for

classifying the test data and can utilize the privileged features PF effectively in
learning a better model.

F is the set of all features, CF is the set of features that are available at
both training and test time (classifier or normal features), PF are the privileged
features, yi is the label and xi are the features of the ith example. [] denotes
sets. The input to the algorithm is the set of all examples [〈yi,xCF

i ,xPF
i 〉].

While we explored several different assumptions about quality of human
expertise, we describe the setting where the expert is not assumed to be optimal.
Thus, the goal is to learn a model that minimizes the error of the model over
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the training labels and the margin between the distributions PD(y|xPF) and
P (y|xCF),

min
∑
i

[− log(P (yi|xCF
i )) + α ·KL(PD(yi|xPF

i )||P (yi|xCF
i ))]

where −
∑

i log(P (yi|xCF
i ), the negative log-likelihood of the training data,

is used to model the error and KL denotes the KL-divergence between PD and

P given by
∑

i PD(i) log PD(i)
P (i) . We use α to model the trade-off between fitting

to the labeled data versus fitting to the distribution learned over PF. We can
now use gradient boosting w.r.t ψ(xCF).

The standard gradient is combined with the gradient from the KL-divergence
to compute the final gradient for each example:

∆(xCF
i ) = I(yi = 1)− P (yi = 1|xCF

i )− α ·
(
P (yi = 1|xCF

i )− PD(yi = 1|xPF
i )

)
Intuitively, if the learned distribution has a higher probability of an exam-
ple belonging to the positive class compared to the PF distribution, P (yi =
1|xCF

i )− PD(yi = 1|xPF
i ) would be positive and the gradient would be pushed

lower. Hence the additional term would push the gradient (weighted by α) to-
wards the true distribution as predicted by PF. Note that gradients for the
privileged model can be found by switching P and PD.

The parameter1, α controls the influence of the privileged data on the learned
distribution. In the extreme case of α = 0, PF are completely ignored, i.e., PF
is obtained from a noisy expert and we end up with the standard functional gra-
dient. While it is potentially possible to choose α via some experimental method
such as cross-validation, given the intuition that it represents the importance of
privileged information, we define α for the classifier model as,

α ∝
∑

i I(PD(yi = y∗i |PF) >= P (yi = y∗i |CF))

N

which is proportional to the fraction of the number of examples where the
privileged features yield a better distribution over the observed labels (y∗) than
the classifier features. As a better classifier model is learned, the value of α goes
down giving more importance to the data.

Unlike label preferences which may focus on explanations for general trends
or special exceptions, privileged information can provide additional context for
the algorithm to utilize during learning. Our α selection also allows the algo-
rithm to adapt to the varying levels of expertise of the human advice-giver.

1.2 Active Advice Seeking

The goal of active advice seeking is to generate queries to the expert. This is
similar to active learning [13] which solicits examples for an expert to label. In
this way active learning builds up a useful dataset while having as few examples
labeled as possible. The key difference between active learning and active advice
seeking is that active advice seeking provides a much more expressive medium
for communication. A single piece of advice could cover many ground examples.
There are many more possible advice than ground states so the key challenge in

1Note that this α fulfills a similar purpose as the one introduced for label preferences.
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Figure 2: Active Advice Seeking for Inverse Reinforcement Learning.

active advice seeking is in selecting the appropriate advice at each step. We will
now briefly discuss active advice seeking in the context of sequential decision-
making problems and relational learning tasks.

1.2.1 Sequential Decision-Making

Our previous work on advice for inverse reinforcement learning (IRL) defined
advice as action preferences [4]. Experts could specify rules like “Brake when
approaching red lights (brake lights or stoplights), do not accelerate”. Internally,
the learned policy should penalize the model for accelerating in these states and
ensure that braking is more likely. Therefore, advice consists of 1) a cluster of
states, 2) a set of actions which are preferred and 3) a set of actions which are
avoided. We previously showed that advice in this form can be useful when
learning [4]. Note that the propositional representation has no explicit way of
representing “approaching red lights”, but the algorithm could cluster all such
states together.

The overall goal of ADVice SEeking (ADVISE) is to define the cluster of
states of interest. Once this cluster is known, the expert can be queried to pro-
vide both the set of preferred as well as avoided labels. Our approach, shown
in Figure 2, takes as input a description of the state space, the demonstrations
(training examples) and query budget. It selects the advice clusters in two steps.
First, we perform clustering on the state space based on both the action distri-
bution specified by the demonstrations and the description of the state space.
This should cluster states for which the demonstrations suggest similar actions
and which have similar state descriptions. The clusters generated represent po-
tential queries. In the second step, the algorithm ranks the clusters based on
their uncertainty.

IRL has two sources of uncertainty. (1) The inputs (demonstrations) can
be ambiguous in some states about the correct actions due to either too few
demonstrations in those states or through mistakes– incorrect actions. (2) The
other source of uncertainty is that the output (final policy) may not clearly
delineate an action for the agent. Therefore, we define the uncertainty of a
state as a combination of these two types of uncertainty.
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We define demonstration uncertainty (F (si)) to be the entropy of the distri-
bution of actions selected by the expert at state si. This uncertainty is fixed as
we typically assume that the set of demonstrations do not change. IRL learns
a reward function which we use to generate a distribution over action for every
state. Uncertainty with respect to the current policy (G(si)) is the entropy of
the action distribution for each state.

Definition 3 State-level uncertainty Us(si) is given by U(si) = wpF (si) + (1−
wp)G(si) where F (si) is the uncertainty w.r.t the number of demonstrations
provided for state si, wp is the corresponding weight and G(si) is the uncertainty
w.r.t the policy learned for state si.

Uncertainty at the cluster level is a function of the uncertainty of each state
assigned to that cluster.

Definition 4 The cluster-level uncertainty Uc is given by Uc(cj) =

∑
si∈cj

Us(si)

|cj | .

The iterative algorithm queries advice from the expert, updates its score
for the rest of the clusters and repeats until it has exhausted its query bud-
get. We have achieved impressive results in many standard reinforcement learn-
ing tasks [9]. While comparing favorably to standard active learning, the key
drawback of this approach is that the advice is restricted to a propositional
representation. We extend this work to the relational setting.

1.2.2 Relational Learning

Advice in relational tasks is specified as label preference similar to those used
for inverse reinforcement learning. However, the sets of states to which the
advice is applied can be described by a clause in first-order logic. Formalizing
the advice in this way makes queries more interpretable as the clause represents
a compact description of the examples.

The query in active advice seeking for relational domains is a relational
advice constraint (RAC), Definition 2, which describes the area of the state space
about which the algorithm is requesting knowledge. We define the uncertainty
of an example to be the entropy of the current prediction of that example. The
key insight to our work is that we can learn a tree that captures both the query
as well as the estimated uncertainty. We fit a relational regression tree to the
uncertainty values of the current model. This tree can be written as a weighted
list of first-order logic clauses. The clause represents the query while the weight
represents the estimated uncertainty of that cluster. Our active advice seeking
algorithm for relational domains is shown in Figure 3.

Active advice seeking increases the impact and usability of our advice-based
algorithm by discovering and correcting uncertainties in the current model.
While we do not explicitly minimize the number of queries, our algorithm in-
creases the impact of each interaction with the expert by pointing them towards
particular regions of the state space. We have successfully applied our approach
to standard relational tasks [10].

1.2.3 Advice-Seeking via Transfer Learning

In our previous work, queries were generated based on the current model learned
from the training data. While effective, this ignores any knowledge that may
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Figure 3: Active Advice Seeking for Relational Models.

Figure 4: Research Timeline from YIP Award.

exists about other domains. Transfer learning aims to use knowledge in one
domain to improve performance in another task. Such transferred knowledge
could be effective advice in the domain of interest.

We utilize Language-bias Transfer Learning [3] to transfer first-order logic
Horn clauses from a different domain. It constructs clauses in a target domain
that have similar relational structure as clauses given in the target domain.
These clauses can be used directly by our active advice seeking algorithm de-
scribed earlier. We were able to show that this transfer procedure was capable
of generating reasonable advice across several different relational datasets [8].

2 Research Timeline

Figure 4 presents the progress of the research in the grant. We have organize
this timeline into three specific aspects - the research direction, the evaluation
platforms and data sets and finally the papers/books that are the result of the
research. Our initial focus was on sequential decision making models and then

7



we moved on to the probabilistic logic models. We closed the loop by making the
agent learn to know what it knows and solicit information about what it does
not know. We performed rigorous evaluations on several datasets some of which
were synthetic and created by us. But our evaluations also included several
real data sets such as microscopic images of fruit flies, mining information from
PubMed abstracts, citation matching from large citeseer data sets, the Never
Ending Language Learner (NELL) from CMU and flying a drone. The resulting
papers appeared in a variety of conferences and journals including International
Conference on AI (AAAI), International Conference on Data Mining (ICDM),
European Conference on Machine Learning (ECML), AI in Medicine (AIME),
International Conference on Inductive Logic Programing (ILP), Machine Learn-
ing Journal (MLJ) and finally as two books - Springer series and Morgan and
Claypool book series.

3 Next Steps

Research in human-in-the-loop learning has primarily focused on a single expert
as the source of knowledge. In many domains such as healthcare, there is a large
body of experts which may have differing levels of expertise or areas of specialty.
Similarly, learners should be able to utilize knowledge from multiple experts and
seek advice based on the level of expertise or specialization. This may involve
explicitly reasoning about the quality of the available experts.

Furthermore, human experts may not be the only relevant source of infor-
mation. Many knowledge sources exist on the internet such as Wikipedia or
PubMed where information extraction techniques could generate useful knowl-
edge. While this knowledge noisy depending on the source of information, we
can reason about it explicitly. Another potential source of information could be
related tasks. Transfer learning focuses on using knowledge from one domain
to improve performance in another. If HIL algorithms are able to incorporate
knowledge from other sources directly in areas where it is available, it would al-
low for more effective use the human expert. HIL algorithms require continuous
interaction with human experts and would benefit from a more refined interface
and more expressive interactions with expert. Incorporating more expressive
interaction, effective methods of providing useful information and suggesting
feedback to the human expert would strengthen the impact of human-in-the-
loop systems.
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