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ABSTRACT
Distant supervision is an efficient way to generate large-scale train-
ing data for relation extraction without human efforts. However, a
coin has two sides. The automatically annotated labels for training
data are problematic, which can be summarized as multi-instance
multi-label problem and coarse-grained (bag-level) supervised sig-
nal. To address these problems, we propose two reasonable assump-
tions and craft reinforcement learning to capture the expressive
sentence for each relation mentioned in a bag. More specifically, we
extend the original expressed-at-least-once assumption to multi-
label level, and introduce a novel express-at-most-one assumption.
Besides, we design a fine-grained reward function, and model the
sentence selection process as an auction where different relations
for a bag need to compete together to achieve the possession of
a specific sentence based on its expressiveness. In this way, our
model can be dynamically self-adapted, and eventually implements
the accurate one-to-one mapping from a relation label to its chosen
expressive sentence, which serves as training instances for the ex-
tractor. The experimental results on a public dataset demonstrate
that our model constantly and substantially outperforms current
state-of-the-art methods for relation extraction.

CCS CONCEPTS
• Information systems → Information extraction.
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1 INTRODUCTION
Knowledge graph (KG), which stores relational facts in a graph
format, has exhibited its indispensable effect in question-answering
(QA) [27, 28] and information retrieval (IR) [5]. In the era of knowl-
edge explosion, a great deal of new information appears with un-
structured format on newswire and web pages. To automatically
structure the information and improve the completeness of KG,
researchers pay more attention to the task of relation extraction.

Relation extraction intends to identify relationships between
two entities of interest with reference to plain texts mentioning
them. Take the following sentence with two target entities, “Donald
Trump” and “United States”, as an example:

Donald Trump is the 45th President of the United States.
A well-trained relation extractor should be able to identify the

triple President_of (Donald Trump, United States) in which Presi-
dent_of is the relationship between the entity pair (Donald Trump,
United States). Supervised relation extraction heavily relies on
human-annotated data in order to achieve outstanding performance
[6]. Manually labelled datasets are limited in size and domain-
specific, preventing large-scale supervised relation extraction.

One way to circumvent this issue is distant supervision proposed
by [14], which automatically generates training data through heuris-
tic alignment between a knowledge base (e.g., Freebase) and plain
texts (e.g., New York Times). Specifically, the alignment is based
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Table 1: The alignment process between KB and texts

Relations Place_of_birth (Donald Trump, United States)
in KB President_of (Donald Trump, United States)

S1: Donald Trump is the 45th President of the
United States. (President_of)

Sentences in S2: Donald Trump was born in the United States.
plain texts (Place_of_birth)

S3: Donald Trump believes the United States has
incredible potential.(-)

on a strong assumption: if an entity pair participates in a relation
in the knowledge base (KB), then all the sentences mentioning these
two entities should express that relation between them. Table 1 shows
an example of the alignment process. According to the assump-
tion, S1, S2 and S3 can be treated as training evidence for relations
Place_of_birth and President_of, and hence all these sentences con-
stitute a training bag for this entity pair with Place_of_birth and
President_of as the relation labels.

Obviously, distant supervision strategy is dubious, leading to
noise label problem and coarse-grained signal problem in training
instances:

Challenge 1:Noise data can be summarized as multi-instance
multi-label problem (MIML) [25]. Multi-instance denotes that
some sentences do not express any relation between the target en-
tities (e.g., S3) while multi-label indicates that an entity pair might
be involved in multiple relations in the KB (e.g., Place_of_birth and
President_of for (Donald Trump, United States)). Alleviating both
multi-instance and multi-label problems together poses a great
challenge in distant supervision. Existing neural relation extraction
models [4, 13, 30, 32] only treat noise as multi-instance problem,
ignoring that multi-label problem is also grievous in distant super-
vision. [25] reports that 7.5% of training bags contain more than
one relation when aligning Freebase with New York Times.

Challenge 2: There is no fine-grained sentence-level super-
vised signal to train an accurate relation extractor in distant super-
vision. The assigned relation labels are annotated at bag-level (a set
of sentences) instead of sentence-level. In other words, the mapping
is from a set of sentences to a label. This type of mapping, however,
is vague and cannot specifically point out which sentence in the
set explicitly describes the relation label corresponding to the set.
Consequently, excessive fuzzy information submerges clear infor-
mation in the sentence set, misleading the extractor and making
the extraction ineffective.

Contributions: To address these challenges, in this paper, we
take advantage of reinforcement learning paradigm [23], and craft
it based on our demands so as to train an effective relation extractor.

Before constructing the reinforcement learning model, we pro-
pose two reasonable assumptions for every training bag to obtain
sentence-level evidence:

• Expressed-at-least-once for each relation of the bag, which
means at least one sentence in the bag mentions a particular
relation of the bag. This assumption is similar to [21] but we
extend it to multiple labels.

• Express-at-most-one for each sentence in the bag, which
means one sentence expresses at most one relation of the
bag.

Given a training bag, our model intends to discover the most
informative sentence from candidates for every relation label (i.e., the
first assumption). Additionally, different relations need to compete
with each other (auction mechanism) if they choose the same sentence
as training evidence (i.e., the second assumption).

To this end, we develop a value-based reinforcement learn-
ing framework for distantly supervised relation extraction. Specif-
ically, we devise the main components in reinforcement learning,
namely state, action and reward, to address the aforementioned
challenges. An agent needs to decide for each relation whether
to select a sentence as its training evidence (multi-label problem)
or discard it due to limited correlation (multi-instance problem).
We combine entity information, sentence information and confi-
dence information, and encode them into each state to provide
diverse evidence for the agent to make decisions. The action in
our model consists of two parts, taking into account accuracy and
efficiency. Moreover, we propose a fine-grained sentence-level
reward function to provide intensive feedbacks to the agent, so
that the model can eventually achieve the maximum accumula-
tive rewards. In this way, our model is able to simultaneously solve
multi-instance and multi-label problem without prior knowledge, and
generates the one-to-one mapping from a relation to an expressive sen-
tence for each training bag (i.e., fine-grained supervised signal). It is
worth noting that we jointly train the reinforcement learning and
the relation extractor, making our model dynamically self-adapted
and optimal.

In summary, we make the following major contributions in this
work:
• We develop value-based reinforcement learning to simul-
taneously solve multi-instance and multi-label problem in
neural relation extraction.
• We craft state, reward and action in the model to automati-
cally capture fine-grained sentence-level signal which can
be regarded as high-quality evidence to train an effective
relation extractor.
• Our model constantly and substantially outperforms the
current state-of-the-art methods for relation extraction on
the widely-used dataset.

The remainder of this paper is organized as follows:We introduce
preliminaries and the technical details of our proposed model in
Section 2 and Section 3 respectively; Experimental results on the
public dataset are presented in Section 4, followed by a discussion
of related work in Section 5 and a brief conclusion in Section 6.

2 PRELIMINARIES
Definition 2.1 (Relation Extractor). Given a sentence S that men-

tions the target entities ⟨e1, e2⟩, as well as a collection of predefined
relations (r1, · · · , rl ), a relation extractor is a trained model that
calculates, for each relation ri , a confidence scorep(ri |S) to estimate
whether S can reflect the relation ri between e1 and e2.

There are two fundamental aspects we need to consider in order
to build an effective relation extractor:
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• How to encode the sentence in a format that can be under-
stood by the extractor?
• How to construct an accurate and large-scale dataset to train
the extractor?

We adopt one of the most effective neural models for sentence
encoding, i.e., convolutional neural networks (CNN) [31]. We briefly
summarize the workflow of CNN in this section. Actually, the most
important contribution in this work is to automatically eliminate
noise in the training data with reinforcement learning.We elaborate
on the technical details in Section 3.

2.1 Sentence Encoding with CNN
Let S = {w1,w2,w3, · · · ,wn } be a sentence of length n, wherewi
is the i-th token in the sentence. We first transform each word
into low-dimensional real-valued vectors. Follow [13, 30], the em-
bedding representation for a word consists of two parts: word em-
beddings and position embeddings. Specifically, word embeddings
are obtained by using word2vec tool1. As for position embeddings,
it is defined by the relative distance between two target entities
and randomly initialized for each specific number. Then S can be
denoted as a matrix Rn×d in which d = dw + 2 ∗ dp, dw and dp
are the dimension of word embeddings and position embeddings,
respectively.

As the evidence used to predict relations might appear anywhere
in the sentence, we employ convolutional filters to extract every
local feature. For a matrix Rn×d , a filter W ∈ Rl×d slides over
the matrix to get every part features by dot product withwi−l+1:i ,
where l is the size of convolutional window andwi−l+1:i is a con-
catenation fromwi−l+1 towi (1 ≤ i ≤ n+l −1). We will pad all-zero
values for out-of-ranegewi (i.e., i < 1 or i > n). Finally, similar to
[9, 13], we utilize max pooling layer to take the maximum value
of each filter and use the Symbol S to indicate the convolutional
encoding for S .

Given S , we can define a naive extractor using softmax function:

p(ri |S ;θ )=
exp(ori )

|r |∑
k=1

exp(ork )

where |r | is the total number of relations in the dataset and o =
Wr (S⊙D)+br .Wr is a transformmatrix from features to relations
and each value inWr represents the weight of the corresponding
feature for predicting a specific relation. D is the dropout layer for
generalization and br is the bias vector.

In the remainder of this article, we use “the extractor” to rep-
resent the combination of CNN encoding for sentences and the
softmax layer.

3 MODEL
As discussed in Section 1, distant supervision is an efficient way to
construct large-scale training data for relation extraction. However,
it always encounters noise problem in the training instances and
hence impairs the effectiveness of learned extractor. Let B ={⟨e1, e2⟩,
(r1, · · · , rl ), {S1, · · · , Sn }} be a training bag, where ⟨e1, e2⟩ is an en-
tity pair, (r1, · · · , rl ) are the relations that link the entity pair in
the KB, and {S1, · · · , Sn } are the sentences from plain texts which
1https://code.google.com/p/word2vec/

Agent
Candidate 
sentences

r1

r2

rl

...

Discard Sp 

Rj

Rp

Figure 1: Framework of the RL model

mention this entity pair. Our objective in this work is to automati-
cally eliminate noise in the training data by figuring out the most
expressive sentence Sv for each relation ri in B, which can serve as
a positive training instance and promote the extractor’s ability to
recognize relation ri .

In particularly, we build a value-based reinforcement learning
algorithm [26] and craft it to meet our demand. Figure 1 shows
the framework of the reinforcement learning model. Actually, the
discovery process can be cast as an auction process. We regard each
relation as a bidder who seeks for a specific sentence that can accu-
rately express the desired relation, while an agent (i.e., auctioneer)
will continuously allocate candidate sentences in the bag to the
bidder who will give the higher reward (multi-label problem) or just
discard it (multi-instance problem). In this way, we hope that the
agent in reinforcement learning could make sequential actions with
the advent of sentences in a training bag, and eventually picks out
one representative sentence for each relation (expressed-at-least-
once). Also, there are no overlapping sentences between different
relations (express-at-most-one).

Next, we introduce the main components of our value-based
reinforcement learning: state, action, and reward.

3.1 State
In reinforcement learning, the state is designed to provide abundant
evidence for the agent to take optimal actions. To this end, here,
our state is constituted by: target entity pair, encoding for the
previously chosen sentence Spre , confidence scores of Spre w.r.t all
the relations (not only restrict to the anchored relations of the bag),
encoding for the currently processing sentence Scur , confidence
scores of Scur w.r.t all the relations. We describe these elements
below:
• target entity pair : embedding representation for entities im-
plicitly contains clues about the relations between them. In
the task of knowledge graph completion, a relation r be-
tween an entity pair of interest is formulated as a translation
from the head entity e1 to the tail entity e2: e1 + r = e2
[2, 8, 12, 18]. These works have sufficiently proved this se-
mantic information embedded in word embeddings. Inspired
by their works, we concatenate e1 and e2: [e1; e2], where
the embedding representation for entities is acquired by a
pre-trained word2vec tool, to serve as entity clues for the
agent.
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• encoding for Spre : neural networks exhibit outstanding abil-
ity in automatic encoding for sentences [1, 24, 31]. Since it
is not the focus of this paper, we directly adopt one of the
state-of-the-art encodings: CNN (detailed in Preliminaries).
Let Spr e be the convolutional encoding for Spre . Certainly,
the model is of enough capacity to use any existing sen-
tence encodings, including piecewise convolutional neural
networks(PCNN) [30], long short-term memory(LSTM) [15].
For conciseness, we don’t integrate them all into our model.
• confidence scores for Spre : for this part, we utilize the current
extractor (softmax function)2 to get the confidence scores
on all possible relations. In the experiment, the total num-
ber of relations in the widely used dataset is 53, including
52 positive relations and NA (no relation between entities
of interest). The confidence information is able to provide
straightforward information from the current extractor and
facilitate the process of action decision, especially when the
processing sentence is too long. We will demonstrate this
utility in the experiment part (Case Study).
• encoding for Scur : similar to Spre , we employ convolutional
encoding for currently processing sentence, denoted as Scur .
• confidence scores for Scur : the confidence scores are acquired
by the current relation extractor when Scur serves as the
sentence feature.

On the basis of these analyses, we represent the state as St =
[e1; e2; Spr e ; p(r |Spre ,θ ); Scur ; p(r |Scur ,θ )], where the symbol
[x ;y] means the concatenation operation and p(r |S,θ ) ∈ R53 indi-
cates the confidence scores of all relations with reference to the
sentence S using the current parameter θ .

3.2 Action
Given a training bag B = {⟨e1, e2⟩ , (r1, · · · , rl ), {S1, · · · , Sn }}, the
sentences in the bag will be fetched out one by one as a candidate
description of the relation ri between the target entities. In order to
address multi-label problem, our model creates l episodes, and each
of them represents one specific relation. In this way, the agent only
needs to make decision that whether to adopt the current sentence
to replace the previously chosen one for its anchored relation. We
denote the first part of the action controlled by our agent as U ,
which takes value in {0, 1} and “1” indicates update action of the
chosen sentence using the current one while “0” means insistence
on the previously chosen sentence. Generally, one single sentence
expresses at most one existing relation among {r1, r2, · · · , rl }3. H-
ence, the agents in different episodes for one bag have to compete
together to earn the possession of their confident sentences (detailed
analysis of this circumstance is conducted later).

Another observation is that the quantities of sentences in some
training bags are greatly redundant. Some bags have aligned more
than 500 sentences that mention their entity pairs (e.g., (China, Bei-
jing), (Fort Green, Brooklyn)). To improve the efficiency of the entire
model, we build the second part of the action, which is denoted
as P ∈ {0, 1}, determining whether to stop the search action. In
2The word “current extractor” denotes the current values of the parameters used for
the extractor. During training iterations, the parameter will be continuously updated.
3KB often suffers from incompleteness, that is, some entity pairs may have other rela-
tions but not included in the KB. We regard all these relations that are not considered
in this paper as NA.

one episode, there are two cases that result in the termination of
the episode: (1) all sentences in the bag have been processed by
the agent; (2) the agent decides to take the stop action (i.e., P = 1),
which is expected to occur when the agent has adequate confidence
that it has picked out the expressive sentence for its target relation.

In summary, the action of our agent consists of two parts: A =
{U , P}. In our model, since we utilize value-based reinforcement
learning, the agent determines the optimal action according to
Q(St ,A) [26], including Q(St ,U ) and Q(St , P), and takes the action
A∗ that equals arдmaxAQ(St ,A) (Q-function serves as a navigator,
guiding the agent to achieve higher accumulate reward). And we
define Q-function using a multilayer perceptron (MLP) as:

Q(St ,A;η) =


Q(St ,U ) = f (Wu (f (W · St)) + bu )

Q(St , P) = f (Wp (f (W · St)) + bp )

where f ( ) is a non-linear function, such as Tanh and Relu,W is an
intermediate matrix that further encodes state features,Wu and
Wp serve as mapping matrix from state to action, and bu and bp
are the bias vectors.

3.3 Reward
The objective of the entire model is to seek the relatively effective
sentence for each relation in a bag so that the chosen sentence’s
features can boost the extractor’s ability to recognize the specific
relation. Therefore, we are more concerned about sentence-level
rewards instead of bag-level rewards [4, 32], and carefully design
the reward function to subtly reflect the changes that each action
brings with respect to the target relation.

Particularly, we resort to the current extractor to compute the
fine-grained rewards. When sentences in the bag come one after
another, the agent should make consequential actions. The reward
for each action is mainly based on the degree of deviation for the
updated sentence to the requirement of the target relation with
reference to the already chosen sentence. Eventually, the goal of
the agent in one episode is to maximize the total reward which is
composed of all the received rewards during the active period.

Let T be the terminal of an episode that can be triggered by two
situations (described in Action part) and rt is the target relation
anchored in this episode. According to the above analysis, we define
the reward function Re(St ,A) as above.

In this equation, we carefully produce the impact of changes
brought by the specific action in each case with reference to the
target relation. For example, in the second case (i.e., the episode
continues to run, the agent reserves the previously chosen sentence
and the most confident relation of Scur is the target one), the reward
equals the difference in confidence between the previously selected
sentence and the currently processing sentence for the target re-
lation. In the fifth case (i.e., the episode stops, the agent chooses
the current sentence and the most confident relation of Scur is not
the target one), the reward equals that the confidence score of Scur
for the target relation subtracts the score for the most confident
relation. Obviously, the calculated reward is negative, which will
make the agent aware of its unwise decisions. For conciseness, we
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Re(St ,A) =



p(rt |Scur ;θ ) − p(rt |Spre ;θ ) (¬T ) ∧ (U = 1)
p(rt |Spre ;θ ) − p(rt |Scur ;θ ) (¬T ) ∧ (U = 0) ∧ (argmaxrp(r |Scur ;θ ) = rt )

0 (¬T ) ∧ (U = 0) ∧ (argmaxrp(r |Scur ;θ ) , rt)
p(rt |Scur ;θ ) (T ) ∧ (U = 1) ∧ (argmaxrp(r |Scur ;θ ) = rt)

p(rt |Scur ;θ ) −max(p(r |Scur ;θ )) (T ) ∧ (U = 1) ∧ (argmaxrp(r |Scur ;θ ) , rt )
p(rt |Spre ;θ ) (T ) ∧ (U = 0) ∧ (argmaxrp(r |Spre ;θ ) = rt)

p(rt |Spre ;θ ) −max(p(r |Spre ;θ )) (T ) ∧ (U = 0) ∧ (argmaxrp(r |Spre ;θ ) , rt )

don’t explain every case here. Actually, they are all designed to
encourage the beneficial action while discouraging inadvisable one.

Additionally, considering the excessive number of sentences in
some bags, we adopt the penalty factor γ to penalize the search
action (i.e., P = 0) so that the model can get rid of exorbitant search
and improve efficiency.

3.4 Reinforcement Learning for MIML problem
For a bagB = {⟨e1, e2⟩ , (r1, · · · , rl ), {S1, · · · , Sn }}, we start l episodes,
denoted as Ep1,Ep2, · · · ,Epl , with the initial state St0i , where i ∈
{1, 2, · · · , l}, and then St0i = [e1; e2; 0; 0; S1; p(r |S1,θ )] in which
the first 0 means no previous sentence features while the second 0
indicates no confidence scores.

As aforementioned (i.e., in Section 3.2), the agent determines
the optimal action according to Q(St ,A), including Q(St ,U ) and
Q(St , P), and takes the action A∗ that equals arдmaxAQ(St ,A).

Here, our model meets two challenges:

• According to express-at-most-one, one sentence can at most
express one single relational fact between entities of interest.
When two or more episodes simultaneously intend to update
the previous sentence with the current one (i.e., Q(St ,U =
1) > Q(St ,U = 0)), how to decide that which episode should
be permitted the update action?
• The initial states St0i for all episodes of a bag are exactly the
same (including entity information, sentence information
and confidence scores). Obviously, given the same states
(i.e., inputs), the agent in all episodes will generate the same
output values of Q-function. How to initially separate these
episodes and equip them with the ability to be aware of the
relation represented by them, respectively (like a cold-start
problem)?

To solve the first challenge, we treat the assignment of each
sentence from a bag as an auction. The auctioneer (i.e., the agent in
reinforcement learning) permits the update action of whose bidder
produces the highest Q(St ,U = 1) among these episodes, while
the update action of the rest episodes is forbidden. More formally,
U
j
k ← 1, where the subscript k ← arдmaxiQ(St

j
i ,U = 1) is the k-th

episode and the superscript j means the j-th step of the episode,
andU j

t ← 0 in which t ∈ [1,k − 1] ∪ [k + 1, l].
To resolve the second challenge, we design a heuristic initial-

ization. Specifically, we fetch out l sentences from the bag. For
the first sentence, we calculate the confidence scores p(r |S1;θ ) for
each relation in the candidate relations of the bag (i.e., {r1, · · · , rl }).
Then choose the relation with the maximum value r∗ ← arдmaxrp
(r |S1;θ ) and replace its anchored episode’s initial state with St0i =
[e1; e2; S1; p(r |S1,θ ); Sl+1; p(r |Sl+1,θ )]. After that, process the

second sentence according to the rest relation of the bag (i.e., {r1,
· · · , rl } − {r

∗}). Repeat the above procedures until all the sentences
(i.e., {S1, · · · , Sl }) are processed. The initial states for different epis-
odes are then clearly distinct.

According to the above analysis and preprocessing, we define
the procedure of reinforcement learning for MIML in Alдorithm 1.

In the algorithm, line 6-12 is intended to discover the episode
that gives the maximum value of Q(St ,U = 1) and updates the
episode’s chosen sentence. Line 13-16 is to check whether the bag
has unprocessed sentences. Line 17-29 describes the the transition
from the current states (e.g., St j−l−1i ) to the new states (e.g., St j−li )
of all the running episodes in Ep according to the actions generated
by the agent (involving some changes to the actions selected by the
agent, for only one update action can be permitted). Additionally,
put the transition into the replay memory Rm. Line 30-31 checks
whether there still exist running episodes. The output of the algo-
rithm consists of two components:TrainR andRm, in whichTrainR
is the collection of chosen sentences and used to feed the training
of the extractor while Rm is the replay memory (store transitions)
for the training of value-based reinforcement learning.

It worth noting that the algorithm also utilizes ε-greedy explo-
ration to get rid of the local optimal solution. In particularly, we
generate a random value ρ ∈ [0, 1]. If ρ < ε , the action A = {U , P}
is randomly determined. Otherwise, we select the action A by
arдmaxAQ(St

j−l−1
i ,A) (i.e., in line 18 of Alдorithm 1). As ε de-

creases, the probability of the exploration will be reduced and the
model will gradually converge to the optimal solution.

3.5 Joint training process of the extractor and
reinforcement learning

The joint training phases of the extractor and reinforcement learn-
ing are shown in Alдorithm 2. We first select expressive sentences
for each relation of a bag, and then feed these selected sentences in
TS to train the extractor while using the transitions inD to train the
agent. Next, we elaborate on the optimization of these two models
(i.e., line 10 and line 13).

3.5.1 Optimization of the extractor. We define the objective func-
tion for the extractor using cross-entropy at sentence-level as fol-
lows:

J (θ ) =

|S |∑
i=1

logp(yi |xi ;θ )

where xi is a sentence inTS with relationyi and |S | is the total num-
ber of all the chosen training sentences from the original training
data. To implement optimization, we employ stochastic gradient
descent (SGD) over the batch size bs1 with the learning rate λ1.
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Algorithm 1 Reinforcement learning for MIML
Input:
(1) a training bag B = {⟨e1, e2⟩ , (r1, · · · , rl ), {S1, · · · , Sn }};
(2) the current agent Ge;
(3) the current extractor Ex
1: initialize episodes Ep = {Ep1, · · · ,Epl } and TrainRi , where

Epi for ri with the initial state St0i (i ∈ [1, l]), and TrainRi
records the sentence that will be finally chosen to serve as the
training instance for the relation ri

2: replay memory Rm ← ϕ
3: for j = l + 1, · · · ,n do
4: Q ← ϕ
5: i∗ ← 0
6: for each Epi ∈ Ep do
7: compute Q(St j−l−1i ,U ) by Ge
8: if arдmaxUQ(St

j−l−1
i ,U ) = 1 then

9: put Q(St j−l−1i ,U = 1) into Q
10: if Q , ϕ then
11: get i∗ ← arдmaxiQ(St

j−l−1
i ,U = 1) from Q

12: TrainRi∗ ← Sj

13: if j + 1 <= n then
14: get Sj+1 and p(r |Sj+1;θ ) by Ex
15: else
16: break
17: for each Epi ∈ Ep do
18: A← arдmaxAQ(St

j−l−1
i ,A)

19: if arдmaxPQ(St
j−l−1
i , P) = 0 then

20: if i = i∗ then
21: St

j−l
i (S j−lpr e←S

j−l−1
cur ;p(r |S j−lpre ;θ )←p(r |S

j−l−1
cur ;θ ))

22: else
23: St

j−l
i (S j−lpr e←S

j−l−1
pr e ;p(r |S j−lpre ;θ )←p(r |S

j−l−1
pre ;θ ))

24: U ← 0
25: Reward = Re(St

j−l−1
i ,A)

26: St
j−l
i (S j−lcur←Sj−l ;p(r |S

j−l
cur ;θ )←p(r |Sj−l ;θ ))

27: put (St j−l−1i , A, Reward, St
j−l
i ) into Rm

28: else
29: delete Epi from Ep

30: if Ep = ϕ then
31: break
32: return TrainR, Rm

3.5.2 Optimization of reinforcement learning. Follow [16], we adopt
DeepQ-learning to optimizeQ(St ,A). Given a transition (St i ,A,Re-
ward, St i+1), we can obtain the value zi using Bellman equation:

zi =

{
Reward St i+1 ∈ terminal

Reward + α maxA′ Q(St i+1,A′) St i+1 < terminal

where zi is regarded as the accurate value of Q(St i ,A) and α is the
decay factor. Then the loss function of reinforcement learning is
denoted by the sum-squared error:

Loss =

|Z |∑
i=1
(zi −Q(Sti ,Ai ;η))2

Algorithm 2 Joint training for the extractor and reinforcement
learning
Input:
(1) A set of training bags B = {B1,B2, · · · ,Bb }
(2) Untrained extractor and untrained Q-function
1: initialize the parameter θ for the extractor and the parameter

η for Q-function
2: for t = 1, · · · ,T do
3: replay memory D ← ϕ
4: while B , ϕ do
5: sample random batch Bs from B with batch size bs1
6: chosen training sentences TS ← ϕ
7: for each Bi ∈ Bs do
8: TrainR, Rm← execute Algorithm 1
9: put TrainR into TS , and Rm into D
10: update θ using TS
11: if size(D)>Ω then
12: sample random batch Br from D with batch size

bs2
13: update η using Br
14: return θ , η

where |Z | is the total number of all the transitions used for training,
and we utilize SGD over the batch size bs2 with the learning rate
λ2.

4 EXPERIMENTS
In this section, we empirically conduct comparative experiments to
demonstrate the effectiveness of the proposed method. To this end,
we first introduce the dataset and the evaluation metrics used in
the experiments. Then we describe some details about the model
implementation. Finally, we present the experimental results along
with some discussions.

4.1 Dataset and evaluation metrics
We evaluate our model on a widely used dataset 4, which is devel-
oped by [21] and has also been used by [4, 13, 21, 30, 32]. The data
is generated by aligning Freebase with New York Times corpus
(NYT). To find entities mentioned in texts, they use Stanford named
entity recognizer 5 and treat consecutive mentions which share the
same category as a single entity mention. The association between
Freebase and NYT is built by performing a string match between
entity mention phrases and canonical names of entities in Freebase.
The relations in Freebase are divided into two parts, one for training
and the other for testing. Then the former is aligned to NYT in the
year 2005-2006 and the later to NYT in the year 2007.

Following [4, 13, 30, 32], we adopt held-out evaluation. In testing
phase, the precision and recall are calculated by comparing the
predictions with the relational facts in Freebase. To sufficiently
demonstrate the performance of each model, we evaluate them
using various aspects of metrics, including precision/recall curves,
the highest F1 value and P@N metrics.

4Available at http://iesl.cs.umass.edu/riedel/ecml/
5Available at http://nlp.stanford.edu/software/CRF-NER.shtml
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4.2 Implementation details
In this paper, we train word embeddings on NYT corpus by using
word2vec6 tool in advance, and we concatenate consecutive words
to represent an entity when the entity has multiple words.

For our model, we tune all the parameters using three-fold vali-
dation. In detail, we utilize a grid search to determine the optimal
parameters. The parameter settings are listed as follows:

parameters in the extractor:
• dimension of word embeddings: dw = 50
• dimension of position embeddings: dp = 5
• size of convolutional window: l = 3
• number of convolutional filter: nc = 230
• size of mini batch: bs1 = 2000
• probability of dropout: p = 0.5
• learning rate: λ1 = 0.01

parameters in reinforcement learning:
• size of mini batch: bs2 = 1000
• size of replay memory: Ω = 2, 5000
• decay factor: α = 1.0
• learning rate: λ2 = 0.01
• penalty factor: γ = −0.02
• ε-greedy exploration is from 1.0 to 0.1, including 10,000 tran-
sitions
• the hidden units inW are 50

Additionally, the training iterations of the entire model: T=10

4.3 Baselines
To evaluate the effectiveness of our model, we use the following
state-of-the-art baselines:

feature-based methods
• Mintz is a traditional feature-based method and is the first
to develop distant supervision for relation extraction[14].
• Hoffmann is a probabilistic graphic model that intends to
resolve multi-instance problem with overlapping relations
in distant supervision[7].
• Surdeanu utilizes latent variables to alleviate MIML prob-
lem and employs Expectation-Maximization(EM) algorithm
to optimize the model[25].

neural network methods
• CNN applies CNN to automatically encode sentences for
relation extraction, without considering noise problem[31].
• CNN+ONE follows expressed-at-least-once assumption and
simply selects the sentence with the maximum confidence
in each bag to serve as a training instance[30].
• CNN+ATT resolves multi-instance problem using atten-
tion mechanism and achieves the current state-of-the-art
performance[13].
• Feng attempts to use policy-based reinforcement learning
to alleviate multi-instance problem in noisy data[4].

To implement above baselines, we use their public released codes
and follow the parameter settings reported in their papers7.

6Available https://code.google.com/p/word2vec/
7The codes for Mintz, Hoffmann and Surdeanu are available at
http://nlp.stanford.edu/software/mimlre.shtml; The codes for CNN, CNN+ONE

Table 2: P@N for relation extraction

P@N(%) 100 200 300 500 mean
CNN 59.00 53.00 47.67 46.20 51.47

CNN+ONE 69.00 61.00 61.33 56.80 62.03
CNN+ATT 76.00 70.50 66.67 59.40 68.14

Feng 57.00 59.50 60.67 56.00 58.29
CNN+RL 82.00 76.50 72.00 64.40 73.73

Our model is named as: CNN+RL and develops value-based
reinforcement learning to deal with MIML problem.

4.4 Result and discussion
4.4.1 Held-out evaluation. PR curves with neural networks
methods

Figure 2(a) shows the PR curves of our model together with other
neural models. All of these models adopt CNN to encode sentences,
the difference between them lies in the solutions to noisy data.
From Fig.2(a), we have the following observations: (1) CNN+RL
consistently and substantially outperforms all the baselines, includ-
ing CNN+ATT (the current state-of-the art method). The result
indicates that our model can effectively solve MIML problem and
promote the performance of the extractor. (2) CNN often gets the
lowest precision with the same point of recall among these methods,
which demonstrates that noise problem is indeed grievous in distant
supervision. (3) CNN+RL achieves higher precision and recall than
Feng. We believe that it verifies the effectiveness of fine-grained
reward function and considering multi-label problem in noisy data.
Specifically, Feng designs reward function at bag-level and the agent
cannot obtain the reward values until it completes selection of sen-
tences for each bag. In contrast, our model develops sentence-level
reward function, resulting in a well-trained Q-function that acts as
a guider to supervise every actionA(U , P). In this way, our model is
able to better capture the most expressive sentence for each relation
of a bag, and get rid of the influence of noisy data. (4) CNN+ONE
and CNN+ATT only alleviate multi-instance problem in distant
supervision regardless of multi-label problem, degrading the per-
formance of their models.
PR curves with feature-based methods

We depict the comparison of CNN+RL with feature-based meth-
ods in Figure 2(b). In this figure, as recall increases, CNN+RL per-
forms much better than all these methods, especially, when the
recall is larger than 0.15, the improvement of precision is over 20%.
We believe that feature-based methods (Mintz, Hoffmann, Surdeanu)
utilize features derived from NLP tools, which inevitably suffer
from error propagation and accumulation. Unlike them, CNN+RL
applies CNN to implement automatic feature engineering and au-
tomatically learn a better semantic representation of sentences.

P@N scores Now we rank the predictions in decreasing order
of confidence scores. Then fetch out the top N predictions and check
their accuracy. The results are shown in Table 2.

In Table 2, we can see that: (1) In P@100, P@200, P@300 and
P@500, as expected, CNN+RL always achieves higher precision than

and CNN+ATT are available at https://github.com/thunlp/NRE; The code for Feng is
available at https://github.com/JuneFeng/RelationClassification-RL
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Figure 2: Effectiveness of the proposed model

all the previous models. Eventually, CNN+RL gets the highest aver-
age precision score among them (5.59% higher than CNN+ATT and
15.44% higher than Feng). We conclude that CNN+RL can choose
informative sentences amongmixed data (well-labeled andwrongly-
labeled data are mixed together) to serve as training instances that
are beneficial to generating precise predictions in testing phase. (2)
Feng performs merely better than CNN and worse than the rest of
methods, especially CNN+RL. The result illustrates that coarse re-
ward function is unable to guide the agent to make ideal actions and
the ignorance of multi-label problem will do harm to the extractor.

4.4.2 Reasonability of the model design. To comprehensively eval-
uate the reasonability of our model, we develop several variants of
CNN+RL:
• CNN+RL(MI) only treats distant supervision as multi-insta-
nce learning. For a training bag with multiple labels (i.e., B =
{⟨e1, e2⟩ , (r1, · · · , rl ), {S1, · · · , Sn }}), we simply generate l
bags, where l is the number of relations linking the entity pair
of interest. Then all the original candidate sentences will be
put into these new bags (i.e., B1 = {⟨e1, e2⟩ , (r1), {S1, S2, · · · ,
Sn }}, · · · , Bl = {⟨e1, e2⟩ , (rl ), {S1, · · · , Sn }}). Given one of
these bags Bi , the model assigns an episode for it and con-
ducts reinforcement learning to choose the most suitable
sentence describing ri .
• CNN+RL(Random) solves the second challenge (mentioned
in Section 3.4) through randomly initializing the initial states
of l episodes with the first l sentences, instead of the heuristic
initialization.
• CNN+Confident is similar to CNN+ONE, straightforwardly
select the sentence with the maximum confidence value
given by the current extractor for each bag. Moreover, the
model neglects multi-label problem.

Figure 2(c) shows the overall performance of these methods us-
ing PR curves. According to Fig.2(c), we conclude that: (1) CNN+RL
outperforms CNN+RL (random) in most range of the curves. When
the recall rate is low (from 0.025 to 0.15), the gap between them is
more pronounced. The main reason for this phenomenon is that
with random initialization, the episodes cannot grasp the relations
that they represent at the beginning. Then they gradually under-
stand their relations through the continuous competition with other
episodes and the feedback from reward function. If the initial states

are given incorrect sentences, the process will be tougher. Conse-
quently, random initialization confuses CNN+RL(Random), and the
model cannot give particularly high confidence even when faced
with explicitly-expressed sentences. In contrast, CNN+RL starts
each episode with heuristic information that facilitates the discrim-
ination of multiple relations for one single bag. (2) Compared with
CNN+RL(MI), CNN+RL always achieves higher precision with the
same recall. We believe that it is necessary to pay attention to multi-
label problem in distant supervision. Because distant supervision
utilizes a large-scale KB to generate training data and the case that
two entities participate more than one relation is very common in
reality. Under this circumstance, CNN+RL exploits auction mecha-
nism to reach self-adaption, and significantly solves noise problem.
(3) The performance of CNN+Confident is far less than CNN+RL.
In fact, these two methods both adopt expressed-at-least-once as-
sumption, so the number of chosen sentences used for training
extractors is the same. CNN+Confident selects sentences with the
highest confidence while our model develops reinforcement learn-
ing to explore accurate sentences. We argue that CNN+Confident is
a naive strategy and is unable to reach the complexity of the prob-
lem. On the contrary, to discover informative sentences, our model
builds reinforcement learning and takes advantage of various in-
formation, including entity information, sentence information and
confidence scores. In this way, CNN+RL excellently accomplishes
the task of screening sentences.

4.4.3 Case study. To further check the effectiveness of the pro-
posed model, we give a deeper inspection on training instances.
Table 3 shows two examples of the entity pairs with multiple rela-
tions. In the first example, Feng selects both of the sentences (S1,
S2) as the training sentences for relation “/location/contain” and
“/country/capital”. However, the actual relation for S1 is “/coun-
try/capital” while S2 expresses “/location/contain”. Unfortunately,
none relation information embedded in the state and ignorance
of multi-label problem results in wrongly-labeled problem in their
model. In contrast, with the help of heuristic initialization and auc-
tion mechanism, our model identifies the actual relation for each
of them and makes the ideal selection. In the second example, Feng
doesn’t find that S4 explicitly describes the relational fact: Jane
Jacobs died in Toronto. The reason for this, we believe, is that their
model doesn’t utilize confidence scores as evidence for selection

Session: Long - Knowledge Graph I CIKM ’19, November 3–7, 2019, Beijing, China

666



Table 3: Choose sentences from the dataset for training the extractor

Method Sentences /location/contains /country/capital

Feng
S1: according to local legend , recounted by the Africa scholar
Stephen Ellis in his book “ the mask of anarchy , ” a baby born choose choose

CNN+RL
in Monrovia , Liberia ’s capital , miraculously spoke english

straight from the womb not choose choose

Feng
S2: my sister was living in the Monrovia suburb of

Paynesville , Liberia , with her family and a handful of choose choose

CNN+RL
orphans and other refugees from the liberian civil war. choose not choose

/person/place_lived /deceased_person
/place_of_death

Feng S3: Jane Jacobs , the activist who took him on , now lives choose choose
CNN+RL in Toronto . choose not choose

Feng
S4: Jane Jacobs , the writer and thinker who brought

penetrating eyes and ingenious insight to the sidewalk ballet of
her own greenwich village street and came up with a book that

not choose not choose

CNN+RL
challenged and changed the way people view cities , died

yesterday in Toronto , where she moved in 1968 . not choose choose

and sentence information may be noneffective when sentences are
relatively long (the sentence may contain various information, and
we randomly examine 600 sentences in original training data and
over 70% has more than 30 words.). Additionally, the coarse reward
function is not of enough capacity to lead the agent to determine
precise sentence-level action. Compared with them, our model em-
beds confidence scores in state and develops a fine-grained reward
function, making up for these deficiencies. Therefore, as expected,
CNN+RL chooses S3 to serve as the training instance for “/per-
son/place_lived” and S4 for “/deceased_person/place_of_death”.

5 RELATEDWORKS
Supervised relation extraction

Relation extraction is one of the most important research tasks
in NLP. Many efforts based on supervised learning have been in-
vested to boost the performance of relation extractors. [33] employs
kernel methods for relation extraction. Other classifiers, such as
maximum entropy model [10] and conditional random fields [3],
have also demonstrated the ability to achieve outstanding perfor-
mance on domain-specific data. Recently, neural networks have
been successfully applied to many NLP tasks [19]. To avoid hand-
designed features, researchers have investigated the possibility of
using neural networks to automatically learn features for relation
extraction: recursive neural networks (RNNs) [24], convolutional
neural network (CNN) [31] and long short-term memory (LSTM)
[15]. However, supervised methods entirely rely on manually an-
notated data, and cannot meet the demand of big data era.
Distantly supervised relation extraction

Distant supervision for relation extraction, firstly introduced
by [14], automatically generates training data through heuristic
alignment between a knowledge base and plain texts. Although
distant supervision is an efficient way to scale relation extraction to
a large number of relations, the basic assumption used in the align-
ment is so strong that will inevitably bring wrong labelling problem.
To alleviate noise, [7, 21] build multi-instance learning paradigms.

Specifically, [21] applies constraint-driven semi-supervision to train
their model. [7] builds a probabilistic graphic model and intends to
resolve multi-instance with overlapping relations in distant super-
vision. [25] further extends multi-instance to MIML and trains a
Bayesian framework by expectation maximization (EM) algorithm.

Later, considering automatic feature engineering, [13, 30] inte-
gratemulti-instance learningmodel with PCNNs to extract relations
on distantly supervised data. Between them, [30] simply selects
the sentence with the highest confidence scores in each bag, while
[13] establishes sentence-level attention to select valid sentences,
achieving the current state-of-the-art performance.
Reinforcement learning in NLP

Recently, reinforcement learning has exhibited prominent achieve-
ments in many NLP tasks, including semantic parsing[11], ab-
stractive summarization[22], sentiment analysis[20] and question
answering[29]. [17] employs reinforcement learning to retrieve
incidents with reference to external evidence. In relation extraction,
[4] tackles noise problem with the help of policy-based reinforce-
ment learning . Although these two works are more related to our
model, the substantial difference between our model and theirs can
be listed as follows: (1) they design reward function at bag-level,
and the agent in their model can only get reward after finishing
the selection of all the sentence in a bag (zero-value reward within
an episode). In contrast, our model offers a fine-grained (sentence-
level) reward function, refining every action’s reward and resulting
in a well-trained agent. (2) they arbitrarily regard noise problem as
multi-instance learning and ignore that multi-label problem also
exists in distant supervision. However, as [7, 25] mentioned, multi-
label problem is very common and severe in distant supervision
due to the usage of a large-scale knowledge base. Hence, we simul-
taneously consider multi-instance with multi-label and develop an
auction mechanism. Different relations for a bag have to compete
with each other to acquire the most expressive sentence for each
of them. (3) the state in their models only contains sentence in-
formation and entity information while our model employs entity
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information, sentence information and confidence scores to con-
stitute the state so that the agent makes decision with reference
to abundant information. We argue that with various information,
the model is able to be more stable and reliable, avoiding unilateral
information that leads to miscarriage of judgement. In particular,
we show that the confidence information takes crucial effect when
sentences are relatively long (i.e., express various information). (4)
the search action P can early terminate the episode when the agent
has adequate confidence with the chosen sentence, improving the
efficiency of the proposed model. However, their models have to
process all the sentences in each training bag.

6 CONCLUSION
In this paper, we extend expressed-at-least-once to multi-label level
and develop express-at-most-one assumption. On the basis of these
assumptions, we craft reinforcement learning to solve MIML prob-
lem, and generate the sentence-level annotated signal in distantly
supervised relation extraction. Then these chosen expressive sen-
tences serve as training instances to feed the extractor. We conduct
extensive experiments and the experimental results demonstrate
that our model can effectively alleviate MIML problem and achieve
the new state-of-the-art performance.
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