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Cross-situational learning and social pragmatic theorieare prominent mechanisms for
learning word meanings (i.e., word-object pairs). In thisgper, the role of reinforcement
is investigated for early word-learning by an arti cial ag&. When exposed to a group of
speakers, the agent comes to understand an initial set of vagbulary items belonging to
the language used by the group. Both cross-situational learing and social pragmatic
theory are taken into account. As social cues, joint attermin and prosodic cues in
caregiver's speech are considered. During agent-caregiventeraction, the agent selects
a word from the caregiver's utterance and learns the relatios between that word and the
objects in its visual environment. The “novel words to novelbjects” language-speci ¢
constraint is assumed for computing rewards. The models aréearned by maximizing the
expected reward using reinforcement learning algorithmd.g., table-based algorithms:
Q-learning, SARSA, SARSA-, and neural network-based algorithms: Q-learning for
neural network (Q-NN), neural- tted Q-network (NFQ), and eep Q-network (DQN)].
Neural network-based reinforcement learning models are atsen over table-based
models for better generalization and quicker convergenceSimulations are carried
out using mother-infant interaction CHILDES dataset for &ning word-object pairings.
Reinforcement is modeled in two cross-situational learngncases: (1) with joint attention
(Attentional models), and (2) with joint attention and praslic cues (Attentional-prosodic
models). Attentional-prosodic models manifest superior @rformance to Attentional
ones for the task of word-learning. The Attentional-prosoit DQN outperforms existing
word-learning models for the same task.

Keywords: cross-situational learning, deep reinforcement | earning, Q-learning, neural network, joint attention,

prosodic cue

1. INTRODUCTION

Infants face many complex learning problems, one of the moslexging of which is learning
a language. It is nothing short of a scienti c miracle how ckly and e ortlessly they learn a
language. The process of language acquisition is multisgribat involves hearing utterances,
seeing objects in the environment, and touching and pointioggard them. The ability to map
words onto concepts/referents/objects is at the core ofllagg acquisition. The mapping between
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words and their referents is fundamentally ambiguous asognitive capabilitied (ngarellaetal., 2003; Cangelosi and Riga,
illustrated by Quine using the “Gavagai” proble@iine et al., 200§. Several computational models of word-learning have been
2013. In this problem, the word “Gavagai” is uttered while proposed, a taxonomy tree of which is showrFigure 1
pointing toward a rabbit in a eld; therefore, corresponding One of the rst models for learning word meanings is rule-
referents can be the rabbit, the eld or the color of the rabbi based Giskind, 199F It is capable of learning word meanings
Solving this problem involves a number of challenging taskdrom multiple words and multiple meanings in ambiguous
segmenting continuous speech into words, determining a seontext, as in the real world. A synthetic dataset of utteesnc
of objects/referents/concepts that are present in the imiewtedi paired with conceptual expressions are generated where the
environment, and nding a way to correlate the heard wordstwi concepts are considered as utterance meanings. In this model
the seen objects. In reality, solving the problem becomeddnar synthetic representation of utterances and meanings doeg no
because: (1) the infants hear continuous speech consisfiag othe distributional properties of the input received by a chilthis
train of words instead of an isolated word, (2) an object migh model does not revise the meaning of a word once it is learned
be mentioned that is absent in the immediate environmen}, (3which makes the model incapable of handling highly noisy or
not all words refer to objects, such as verbs and functiondspr ambiguous data.
and (4) the referent object is not always touched or pointed to In Yu and Ballard (2007)a uni ed model is proposed for
Thus, there are multiple possibilities in both spaces, langaagl  learning words-referent pairs by integrating cross-sitomal
referent, and learning the mapping between them is a nondtivi evidence and social cues. The speakers visual attention and
problem. prosodic cues in infant-directed speech are considered as
One of the prominent solutions to this problem is cross-social cues. The input data (or observation) consists of
situational learning Gleitman, 1990; Plunkett, 1997; Akhtar utterances (mother's speech) represented as bags of words and
and Montague, 1999; Bloom, 2000; Saran, 2003; Smith et ameanings represented by manually identifying objects prtesen
2011; Pinker, 20)3which hypothesizes that co-occurrencesin the immediate environment. The model uses expectation
of spoken words and their possible referents/objects/eventaaximization (EM) to learn correct mappings. Four models
help the infants to learn word meanings across multipleare trained: (1) the baseline model using the cross-sitnatio
communicative contexts. Each individual interactive attan  information, (2) the model integrating visual attentionalies
may be referentially ambiguous. Co-occurrence statisiies  with statistical information, (3) the model integrating modic
many such situations gradually resolve the ambiguityiganen cues with statistical information, and (4) the model intating
and Rasilo, 2005 Developmental researchers claim that socialboth kinds of social cues with statistical information. It is
interaction cues play a major role in guiding infants' leargiand  found that the model using both visual attention and prosodic
in developing the link between words and objects in the worlctues outperforms the other three models. But it lacks cogmitiv
(Baldwin, 1993; Tomasello and Akhtar, 1998 is suggested plausibility because of its non-incremental and intensivicba
that attention on objects does not necessarily establiswibrd-  processing learning procedure.
referent link unless it is within a task to achieve a géablfl ng In Frank et al. (2008)a Bayesian framework for modeling
et al., 2015 When both the child and caregiver, involved in an word-learning is proposed. Using the mother-infant inteiiact
interaction, attend to an event to accomplish a goal (such as t6HILDES dataset the speaker's intent is modeled as a subset
learn the name of an object), the situation is caledgmatically- of the objects observed when an utterance is formed. Certain
framed The social-pragmatic account of language acquisitioproperties of word-learning in children, such as the mutual
hypothesizes that social-cognitive skill (i.e., the apild infer  exclusivity bias and fast mapping, are observed in the model.
the speaker's intention during an interaction) is the key toThe choice of prior enforces smaller lexicon learning; l@agn
language acquisitionBaldwin, 1993; Bloom, 2000; Bowermanall existing word-object pairs is not a priority. Equally-like
and Levinson, 2001 In support of this theory, it has been assumption on all intentions indicates that the framework
shown that 9—10 month old infants failed to learn phonetiaafr  is not incorporating a fully elaborate model of the speaker's
digital videos due to the absence of a live person who couldommunicative intentions.
provide social cues and referential informatidgtuhl et al., 2008 An incremental, associative model that learns words from
Behavioral experiments on 18 month old show that they traek th context is proposed ifKachergis et al. (2012aJhe association
speaker's attention and infer the speaker's intention tohelee  score of a word-object pair increases if the pair has co-oeclurr
the novel word-referent pairsB@ldwin, 1993; Bowerman and before or if the referent object is not associated with other
Levinson, 20011 words. Empirical evaluations show that associative modatsim
human behavior more closeliKéchergis et al., 2012b; Kachergis
. . and Yu, 2013t One of the drawbacks of the associative model
1.1. Review of Computational Models of in Kachergis et al. (2012#8 that it uses several parameters with
Word-Learning di erent values without explaining the intuition behind them
Computational modeling of word-learning has been a powerful In Kievit-Kylar et al. (2013)a combination of semantic space
tool for unraveling the underlying factors and mechanisnis omodels is used to learn word-concept pairings. A generalized
word-learning in infants. It helps to examine psycholingigst technique transforms a semantic space model into a word-
theories of word-learning. In developmental robotics, ityda concept learning model. There are two phases: learning and
an important role in the design of a robots behavioral andprediction. In the learning phase, the model is applied to
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Word-learning models |

| Symbolic audio-visual |

—{ Cross-situational learning |

Associative (Kachergis et al., 2012b) |
Neural Modeling Fields (Fontanari et al., 2009) |

—{ Cross-situational learning + social cues |
Probalistic (Yu and Ballard, 2007; Frank et al., 2008) I
Semantic space (Kievit-Kylar et al., 2013) |

Reinforcement (Proposed model) |

—{ Symbolic audio-subsymbolic visual |

Cross-situational learning + social cues |

LIMSG (Lazaridou et al., 2016) |

—{ Subsymbolic audio-symbolic visual |

Cross-situational learning + social cues |
Probalistic (Yu and Ballard, 2007) I

Reinforcement (Proposed model) |

—{ Subsymbolic audio-visual |

\—{ Cross-situational learning I
Probalistic (Roy and Pentland (2002); Résidnen and Rasilo (2015)
NMF (Mangin and Oudeyer (2013); Chen and Filliat (2015)) |

FIGURE 1 | A taxonomy tree of existing word-learning models, includimthe models proposed in this paper.

utterances consisting of words. The word tokens and conceptetection, allow the neural modeling elds to infer correabrd-
tokens are concatenated into a single concept sensory episode object pairings. However, the model assumes that the speech is
the prediction phase, an object/concept token is assigneddio easegmented and the words are represented symbolically.
word token. Hybrid models that combine some of the existing The continuous nature of speech and visual data are taken
semantic models outperform each of them. In this model, ndnto accountinRoy and Pentland (2002ndRéasanen and Rasilo
social cues are considered. (2015) The CELL model Roy and Pentland, 20)Zonsiders

In Lazaridou et al. (2016a distributed word-learning model the shape of single objects as the visual input which bypasses
is proposed that works with realistic visual scenes. Distetu referential uncertainty. IfiRoy and Pentland (200&nd Rasanen
linguistic and visual information is used with Multimodal Bk  and Rasilo (2015the contextual noise and ambiguity in visual
Gram (MSG) modell(azaridou et al., 20)%or cross-situational data is considerably less than that experienced by childC&hL
learning. Social cues, such as eye gaze, gestures, and Bagepo was later followed by the model ofu and Ballard (2004)
are used in multimodal learning. Besides learning wordeobj Phoneme sequences co-occurring with the same objects are
mapping, the model simultaneously learns word representationgrouped together. The common structure of these phoneme
that help to infer the appearance of the objects, group conceptequences across multiple occurrences of the same context ar
into categories, and represent both abstract and concretdsvo taken as word candidates. Expectation-maximization is ueed t
in the same space. Their visual perception is sensory while thearn word meanings. It is found that word segmentation can b
audio perception is symbolic. Thus, it ignores the e ect of non-facilitated by analyzing the acoustic input across communieat
linguistic aspects of the caregiver's speech. contexts instead of modeling speech patterns in isolation

In Fontanari et al. (2009) biologically-plausible Neural (Roy and Pentland, 2002; Yu and Ballard, 20¢owever, to
Modeling Fields is proposed to solve the word-learning problermake the learning problem simpler, the speech is converted
on a synthetic dataset. The original problem is that of onlinanto phoneme-like sequences using pre-trained neural network
learning which is relaxed to a batch learning problem. Ineatr classi ers before further processing. Though the model uses
associations are removed automatically by a clutter-dietec realistic representation of audio and visual data, none ehth
model. The two mechanisms, batch learning and clutteconsider social cues.
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In Mangin and Oudeyer (2013)it is hypothesized that integration of emerging language-learning mechanismsh wit
word meanings are learned through multimodal correlation.phylogenetically older subcortical reward systems reiforc
For nding multimodal association, two types of dataset arehuman motivation to learn a new languag&y@l and Finlay,
used: motion and audio. A non-negative matrix factorizatio 2011; Ripollés et al., 20114t is suggested from behavioral and
(NMF)-based multimodal unsupervised learning approach ismaging experiments that the anticipation of reward can have
proposed that is able to discover elementary gestures pertbrma bene cial e ect on word-learning based on reward-induced
by a human and their names in subsymbolic audio and motioranxiety Callan and Schweighofer, 200t Longano and Greer
streams. InChen and Filliat (2015)NMF is utilized to learn (2015) behavioral data analysis suggests that acquisition of
noun and adjective in cross-situational scenario. In thisdel, conditioned reinforcers for both visual and auditory stithu
a statistical Itering is used to remove noise from speech, @rovide the foundation for the naming capability. They proposed
phoneme recognizer is used to convert continuous speech that visual and auditory stimuli may have reinforcing propest
symbolic representation, and nally NMF is used to discoverindependently. But to learn naming, both stimuli must act at
word meanings in the visual domain. the same time to select the observing reactions of lookirdy an

The model inFrank et al. (2008, 200®xhibits language- listening. fMRI studies inRipollés et al. (2014, 2016ound
learning phenomena with mutual exclusivity and fast-mappinghat adult participants exhibited robust fMRI activation in the
as consequences of the structure of the molekhergis et al. core brain region [ventral striatum (VS)] for reward prociegs
(2012a)considers mutual exclusivity as a built-in bias in theirwhile learning new words. Similar activation is observed\8
single-hypothesis model. An associative memory noisilyesto recruitment when participants are engaged in an independent
everything the model seeslishahi (2010)observes, some other reward task. From these results it can be demonstrated that
associative model®(unkett et al., 1992; Schafer and Mareschalself-monitoring of correct performance triggers intrinsic
2001; Regier, 20Dshow a pattern of vocabulary spurt, similar reward-related signals. These reward signals help to store
to that observed in children, where the input data consists ofiew information into long-term memory of the midbrain
distributed representation of both words and referert§shahi  (Ripollés et al., 20)4 From a computational viewpoint,
(2010) further observes that the incremental clustering-basedeinforcement learning provides an alternative solution to
associative model in_( et al., 2004, 20Q&imulate vocabulary supervised learning models. An agent can discover the ground
spurt. Other competition-based model$/1écWhinney, 1989, truth through reward and punishment in an interactive
1999 determine the activation of a feature set of the referensetting.
for each chosen word. The activation is computed as the sum The e ort of an agent for obtaining a reward can be measured
of the associations of the individual features previouslynseeas a value using a value systeftlfultz, 2000 Value system
with each word. These competition-based models exhibit mutuas one of the important components of developmental cognitive
exclusivity. All these models, both associative and cortipeti  systems which promotes the “brain” to establish a link betwee
based, use toy datasets. Other models neither incorporatseth behavioral responses and external eveiedqum and Karray,
phenomena nor exhibit any of them which makes them les&009; Merrick, 201)7 Value system is de ned iiVierrick (2017)
biologically-plausible. as followsA value system permits a biological brain to increase

Social cues and cross-situational learning play a crucidhe likelihood of neural responses to selected extermalpéea
role in learning word meaningsJleitman, 1990; Baldwin, A number of machine learning algorithms capture the necgssit
1993; Tomasello and Akhtar, 1995; Pinker, 20T® the best of this learning process. Computational value systems ireclud
of our knowledge, no model that uses subsymbolic sensomginforcement-based arti cial neural network&/érrick, 2017j
representation of audio and visual data (eRpy and Pentland, where each environmental state-action pair is associatddavi
2002; Yu and Ballard, 2004; Mangin and Oudeyer, 2013; Chamlue. InNajnin and Banerjee (2016, 201 @)value system based
and Filliat, 2015; Rasanen and Rasilo, J(rtegrates social cues on internal reinforcement is used for motor skill acquisttin
with cross-situational learning. Among symbolic audicew@l speech production. Unfortunately, such systems have never been
models (e.g.Yu and Ballard, 2007; Frank et al., 2008; Fontanansed for the speech perception task of word-learning.
et al., 2009; Kachergis et al., 2012a; Kievit-Kylar etGl32only In this paper, we extend the reinforcement learning framework
Yu and Ballard (2007has taken social pragmatic theory into for word-learning. Both table-based algorithms (Q-leagi
account. The model inLazaridou et al. (20163onsiders visual SARSA, SARSA)} and neural network-based algorithms (Q-NN,
attention and ignores prosodic information asituses subisgiic ~ NFQ, DQN) (Sutton and Barto, 1998; Riedmiller, 2005; Mnih
visual but symbolic audio representation. The symbolic dataet al., 201p are experimented with. Cross-situational learning
based hybrid model irkievit-Kylar et al. (2013provides state- and social cues are taken into account. The advantage of using
of-the-art F-score for object-referent learning; howevedoes neural networks over table-based methods is that the former
not consider any language-learning mechanism or socias.cueregulates reinforcement learning with superior generéitira
Word-referent learning is still considered an open problem.  and convergence in real-world applicatiorSuton and Barto,

1998; Shiraga et al., 2Q08ocial cues are extracted from joint
1.2. Contributions attention and prosodic cues from the caregiver's speech. When
The strong connection between reinforcement and the brainpnly joint attention is used, the models are named as Attardi
particularly memory, is widely knownSchultz, 1998; Kirsch Q-learning, SARSA, SARSA-Q-NN, NFQ, DQN. When both
et al., 200%8 It is proposed in recent theoretical models thatjoint attention and prosodic cues are taken into accountythe
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are named as Attentional-prosodic Q-learning, etc. The neoth its immediate environment. In this paper, each state consists
infant interaction-based CHILDES datasétgc\Whinney, 2000 of spoken utterance and attended object in a situation. At
is used for experimentation. Evaluation of the proposed modelsurrent situation §), the agent perceives the current state of
follow similar procedures as iRrank et al. (2008Kievit-Kylar  the environment §) and selects an actiorg) that chooses a
et al. (2013)andLazaridou et al. (2016) word from the utterance for the attended objea ) in the
Our experimental results show that reinforcement learningenvironment. In standard reinforcement learning, the agacts
models are well-suited for word-learning. In particular, sleow  externally on the environment, observes the next state and
that: receives an external reward based on the state transitibe. T
caregiver's utterances in any situation is independentethent's
external action. Thatis, the agent's external action isahainging
the environment. Choosing a word is the internal action oéth
agent that generates an internal reward for the agent.
Computation of the internal reward is a non-trivial problem.
The intuition behind this reward function is borrowed from
qanguage-speci C constraints to restrict large hypothep&css;
this facilitates cross-situational learning. These lagguspeci ¢
constraints help the infant to learn word-object mappingsidgr
early language developmenti§rkman, 199). According to the
The rest of this paper is organized as follows. Section 2 cheers principle of mutual exclusivity larkman and Wachtel, 1993
reinforcement learning can be extended for word-learnifie  every object has only one label. Principle of contrast stdias t
dataset and its complexity are described in Section 3. $edtio infants resort to Il-the-gap bias whereby they nd a word
details the experimental results. Finally, the paper ends witfor an object with no known word Clark, 198). Moreover,
concluding remarks. the novel name-nameless category principle states that novel
words link to novel objectsolinko et al., 1994. In Tilles and

Fontanari (2013)an adaptive learning algorithm is proposed
2. LEARNING WORD-OBJECT PAIRS that contains two parameters: (1) to regulate the assoeiativ

THROUGH REINFORCEMENT reinforcement between concurrent words and referents thase
on con dence values of past trials, and (2) to regulate the non-
The proposed solution to the computational problem of learningassociative inference process that handles mutual exclusivit
word meanings rests on recent advances in reinforcememias and information of past learning events. In the proposed
learning algorithms. An agent interacts with its environmeia  computational agent, reward computation follows the novel
perception and action, as shown Figure 2 (Kaelbling et al., name-nameless category principle. If an object is changed fro
1999. At any instant, it receives a stimulug(some indication  gne situation to the next, the agent will receive a reward if i
of the current state’" ) of the environment. It then chooses an chooses di erent words for the two objects. In the same vdia, t
action (@) to change the state of the environment. It receives ggent will be rewarded if it chooses the same word for the same
reward ¢) based on the state transition. The agent is required t¢pjects in two consecutive situations.
learn a policy ( ) in order to choose a sequence of actions thatis Based on the above principle, the proposed agent perceives
expected to maximize long-term sum of rewards. the next situation 8¢1), selects actiora{"1) and receives reward
Let X D fxg,X2,...XnQg be a word set that constitutes a (ric1) based on state transition and action. The reward funct®n i
vocabulary, andD D fos,0,...,0ng be a object/meaning set,
whereN is the number of acoustic words arM is the number 1, if (o, DoC*~ d DaC)_ (o 600t~ d 6DHCY)
of objects. In a caregiver-agent interactive scenarid) spoken €1 D 1, otherwise @
utterance and the corresponding visual context formed one
learning situation {'u and Ballard, 2007Extra-linguistic context  The agent's objective is to compute a policy,that maps from
includes objects present in the scene and social cues. The entsiate €) to action @) by maximizing some long-term measure of
dataset contains multiple instances of such learning sitaat  rejnforcement. The following example illustrates the intéiGT

LetSbe the set of learning situations. In théh learning situation,  petween the agent and its environment using two consecutive
the utterancel' consists ofi acoustic wordsfuy, U, ...uyg the  gjtyations St and .

meaning can be any of thepresented objects in the sceleD  SjtuationSt:

fo',d,...0,g j2f1,2,..Mg§. The attended object in the Utterance“ahhah look we can read books david”

scenario iso,, k 2 f 1, 2,..., 1@ j 2 f1,2,.Mgwhere ;  Objects present in the immediate environmestook>, <bird>,

is the index of the object. So all word-object pairs are in a setrattle>, <faceg

SD fU',dg and all word-attended-object pairs areinaS&D  Attended object in the immediate environmetiook>

fUi,oLg i2f1,2,...Pg Pis the number of learning situations.  Environment The caregiver utters a sentence consisting of seven
For learning word meanings, the proposed agent is assumemords. So the agent has seven possible actions to choose a word

to be embedded in an environment consisting of audio andhat corresponds to the attended object.

visual stimuli. In any situation, the agent hears the caregs  Agent Takes action 6 (which is choosing the word “book”) as the

utterance (consisting of words) and sees the objects présent meaning of the attended object.

Word-object pairs can be learned using reinforcement.
Attentional Q-NN, NFQ, DQN and their attentional-prosodic
counterparts can select referent objects with high accui@cy
given target words.

Attentional-prosodic Q-NN, NFQ, and DQN outperform their
attentional counterparts in terms of F-score, precision an
recall.

Attentional-prosodic DQN outperforms some of the
prominent existing models in terms of F-score.
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Environment
a
Agent
RPr
FIGURE 2 | Agent-environment interaction in reinforcement learningHere, fP" indicate environment state §2"V) is perceived by the agent ass through some
process fP' and RP' represents the process of reward computation.

SituationS: de ned asKaelbling et al. (1996)

Utterance“its a look and see book”

Objects present in the immediate environmesitook>, <bird>, Q (sayDmax E[RjsDsaDa, ] 3)
<rattle>, <facey

Attended object in the immediate environmegiiook> whereQ (s a) is the maximum expected reward achievable by

Environment The caregiver utters a sentence (state) consisting @y strategy on perceiving situatismnd then taking actiom.
six words. So the agent has six possible actions to choose fronis a policy mapping states to actions.
Agent Let us consider two possible cases. Case 1: Takes actionThe optimal action-value function obeys Bellman equatidn. |
6 (“book”) as the meaning of the attended object. Case 2:sTakéhe optimal valueQ (£, a9 of the sequence’ at the next time-
action 2 (“a”) as the meaning of the attended object. step is known for all possible actios$ the optimal strategy is to
Reward Case 1: Receives a reward of 1 unit. Case 2: Receivesetect the action that maximizes the expected valu€qf (£, a9
reward of 1 unit. (Kaelbling et al., 1996That is,
The above formulation reduces the problem to a nite Markov
decision process (MDP) where each situation is a distincestat Q (sa)DE[rC maxQ (£ adsa 4)
Hence, standard reinforcement learning methods for MDPs can
be deployed by assumirsyas the state representation at thln ~ Such action-value function can be estimated iteratively as
situation. The goal of the agent is to select actions in a \Wway t Watkins and Dayan (1992)
maximizes future rewards. Future rewards are discountea by
factor of per situation. The future discounted reward at ik Qica(sa) D E[r C  maxaQi(s” a)js a] 5)
situation is de ned assutton and Barto (1998)
Convergence of such value iteration algorithms leads to the
N optimal action-value function; ! Q asi!1l (Sutton and
R D i irj @) Barto, 199% In classical Q-learning, the update rule is given by
iDi Sutton and Barto (1998Kaelbling et al. (1996andWatkins and
Dayan (1992)

For the task of learning word-object pairs, both table-based c c X 6
and neural network-based reinforcement learning methodbs w Asa)  QAs3y (r maxQ(sa) QAsa) ()

be investigated in this paper. Table-based methods include Qguere  is a learning rate that decreases with iterations for
learning, SARSA, and SARSA-The neural network-based convergence and is a discounting factor. It can be shown

methods, namely Q-NN, NFQ, and DQN, will be extended fory, o myitiple updates of every state-action pair lead Q-leagn
the V\{ord-lear.nlng.task. Ourformulaﬂop of these methodstfee converge for nite state-action spaceSitton and Barto,
task is described in the following sections. 1998; Even-Dar and Mansour, 200Fhen, it results in optimal
Q-function. Generally, the update is performed online in a
2.1. Q-Learning sample-by-sample manner. That is, the value function is updated
A number of reinforcement learning methods estimate theafter every new transition. Q-learning is an o -policy algiwin
action-value function using the Bellman equatioBufton and (Even-Dar and Mansour, 2003The current state consists of
Barto, 1998 The optimal action-value functiorQ (sa) is the utterance ) and objects present in the agents immediate
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environment in the current situation. Each utterance is aagfe Algorithm 2 SARSA Algorithm for Word-Learning

wordsw 2 <N Since the number of situations®s the Q-table is 1: Input: StatesS

of size<” N. TheQ-value for each word-object pair is computed . Initialize action-value functionQ table randomly

as the running average of Q-values when an object is vidited. 3. |nitialize Q-matrix for word-object pairsQW as zeros

this way, a Q-matrixQW 2 <M N is constructed for word-object  4: for eachEpisod® 1 to Maxepisodeo

pairs. The Q-learning steps are shown in Algorithm 1. 5 Observe current stats,D fw, og

6: for eachsituatiod 1to Pdo

7 Choose actiona with probability using -greedy

Algorithm 1 Q-learning Algorithm for Word-Learning

1: Input: s is the current state, a is the current actiofisshe 8: policy Observe next statd), select actiorg®with probability
next stater is the immediate reward received ' using -greedy policy ’
2: Initialize action-value functionQ table as randomly o if (0D o®anda D a9 or (0 6D0°anda 6089 then
3: Initialize Q-matrix for word-object pairsQW as zeros 10 rD 100
4; for eachEpisode 1 to Maxepisodeo 11: else
5: Observe current statg,D fw, og 12: D 1
6: for eachsituatiorD 1to Pdo 13: end if
7: Choose actiona with probability using -greedy 14 Update Qtable:
policy 15: Qsa QacC (rCc fad Qsa
8 Observe next states) select a actiona® D maxg 16: ans?[ruct Q(-m{)altrix f(or Word(-objzct pa(irs,)()QW:
Qs a(). 17: for eachobjeci D 1to M do
9 if (0D o®anda D a9 or (0 6Dx°anda 69 then 18 if labe(o) D j then
1(1)1 elsé D 100 19: count countC 1 "
12: rD 1 20: QW QW C Q(s:gurg :
s ond if 21: end if
: 22: end for
14: Update Qtable 03 s da &
15: Qsa) QsaC (rC maeQad) Qsa) . qfor
16: Construct Q-matrix for word-object pairs, QW: 25: end for
17: for eachobje¢i D 1to M do .
18: if labe(o) D j then
19: count countCQ(lsa) w determines the value of An eligibility trace acts as an additional
20: QW QW C ot memory variable for every state-action paufton and Barto,
21 end if 1999. Q-matrix for word-object pairsQW, is constructed in the
22: end for same way as in Q-learning. The SARSAteps are shown in
23: s ¢ Algorithm 3.
24: end for
25: end for

2.4. Q-Learning Using Neural Networks
2.2. SARSA In this paper, the state of the environment in the word-
State-Action-Reward-State-Action (SARSA) is an on_poncjearning case is de ned as a situation consisting of utterance
algorithm for temporal di erence learning and is more reaiist and objects presented at that time. In the real world, chitdre
than Q-learning. According toRussell and Norvig (2002)f below three years of age hear at least 240 utterances per
the overall policy is even partly controlled by other agirigss hour (Grabe and Stoller, 20)-70. In a year, they encounter
better to learn a Q-function for what will actually happen eath @pproximately 21 million utterances. So there will be 21 wnilli
than what the agent would like to happéfhe key dierence Fows in our imaginary Q-table in the table-based method
from Q-learning is that Q-values are updated with new actionWhich is computationally ine cient for the Q-table to conveeg
and reward instead of using the maximum reward of the nexideally, a good prediction foQ-values is required for unseen
state Gutton and Barto, 1998 The Q-matrix for word-object States. Neural networks are good at learning useful features
pairs,QW, is constructed in the same way as in Q-learning. Thdor highly-structured data. Therefore, Q-function could be

SARSA steps are shown in Algorithm 2. represented by a neural network where state is the input
and Q-value for each possible action are the outputs. The
2.3. SARSA- advantage of this approach is that, performing Gvalue

The SARSA- algorithm was experimented with to observe theupdate or choosing the action with highe&-value requires

e ectof memory in word-learning. Adding eligibility traces the  only one forward pass through the network. Table-based Q-
SARSA algorithm forms SARSAalgorithm (Loch and Singh, learning is not practical because of separate action-vahsifin
1999. In this algorithm, n-steps backup are carried out insteadestimation process for each situation without any geneasiin

of one step backup in SARSA or Q-learning. The value of capability.
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Algorithm 3 SARSA- Algorithm for Word-Learning Algorithm 4 Q-learning with Neural Network for Word-
1: Input: StatesS Learning
2: Initialize action-value function, Q(sa) randomly and 1: Initialize Q-matrix for word-object pairsQW as zeros

eligibility trace,g(s @) D O for alls a 2: Initialize action-value function) with random weight,
3: Initialize Q-matrix for word-object pairsQW as zeros 3: Learning rate, D 0.001, discount rate, D 0.99
4; for eachEpisode 1 to Maxepisodeo 4: Initialize D 0.99 for  greedyaction selection.
5: Observe current statg,D fw, og 5: for eachEpisodP 1to Maxepisodeo
6: for eachsituatiorD 1to Pdo 6: Observe current state,D fw, og
7: Choose actiona D max;Q(s a) 7 for eachsituatiord 1to Pdo
8: Observe next staté, select actiorg®with probability 8: Calculate Q using perceptron network with two
using -greedy policy hidden layersQ D nef(s )
9 if (0D o%anda D a9 or (o 6D0°ando 6009 then 9: Choose actiona using -greedypolicy.
10: r D 100 10: Observe choose’based on maximun®-value.
11: else 11: Calculate reward as described in Algorithm.1.
12: rb 1 12: SetQy D1 C Q&% )
13: end if 13: Perform gradient descent step o®f Q(sa, ))?
14: DrCc QLa) Q(sa) with respect to the network parameter
15: gsa) 1 14 CalculateQ valuefor stateswith Qup D net(s )
16: Update Q-table and eligibility traces: 15: Construct Q-matrix for word-object pairs, QW:
17: Qsa) Q(sa)C €sa) 16: for eachobje¢i D 1to M do
18: s a) gsa) 17: if labe(o) D j then
19: Construct Q-matrix for word-object pairs, QW: 18: count countC 1
20: for eachobject D 1to M do 19: QwW, Qw,C ngou(ﬁl/\/j
21: if labe(0) D j then 20: end if
22: count countC 1 21: end for
23: QW Qwjc Y2 oW 22: Sets &
24: end if 23: end for
25: end for 24: Decrease linearly.
26: s La & 25: end for
27: end for
28: end for

(Riedmiller, 1999 NFQ is an example of the Fitted-Q Iteration
family of algorithms Ernst et al., 2005where multilayer

In neural network-based method, an error function isperceptron network is used for regression. The steps are shown
introduced that measures the di erence between the cur@nt in Algorithm 5. It consists of two major steps: generating the
value and the new value that should be assigned. For examplaining setD and training a multilayer perceptron using these
a squared-error function may be usestror D (Q(sa) (r C  patterns.

maxoQ( a%))?2 (Riedmiller, 1999 The Q-learning rule in

Equation (6) can be directly implemented as a neural networil.6. Deep-Q Learning
minimizing this squared-error. A neural network function In deep-Q learning, an agent's experience at each situation
approximator with weights will be referred to as a Q-network is stored in a replay memory, termed a@xperience replay
(Sutton and Barto, 1998Gradient descent techniques, such agMnih et al., 201% This is an important trick for training
the backpropagation learning rule, can be applied to update theeural networks where random mini-batches are drawn from
weights of a neural network by minimizing the erroBgird replay memory instead of most recent experience for updating
and Moore, 1999 The Q-matrix, QW, for word-object pairs the Q-network. This random choice breaks similarity betwee
is computed using running average in the same way as iaubsequent situations which reduces the variance of thetepda

Q-learning. The steps are shown in Algorithm 4. (Mnih et al., 201» Moreover, during training, multiple weight
updates in each situation lead to higher data e ciency in
2.5. Neural-Fitted Q-Network DON over Q-NN (Van Hasselt et al., 20).6The agent selects

Q-learning for neural network is an online algorithm where @1d €xecutes an action according to amgreedy policy after

Q-network parameters ( are typically updated after each perforrr_nng experience replayipnih et al., 201% The steps are

new situation. The problem with the online update rule ShOWn in Algorithm 6.

is that, typically a large number of iterations is required

to compute an optimal or near-optimal policyR(edmiller, 3. DATASET

1999. If weights are tuned for a state-action pair, undesirable

changes might occur at other state-action pair which, inTwo transcribed video clips (me03 and di06)
our experience, is the primary reason behind slow learningf  mother-infant  interaction from the CHILDES
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Algorithm 5 NFQ-Algorithm for Word-Learning

Algorithm 6 Double deep Q learning for optimal control

=

© O N UOA WN

- Initialize Q-matrix for word-object pairsQW as zeros
. Initialize a set of transition sampleB,to capacityd

. Initialize action-value functionQ) with random weight,
: Learning rate, D 0.001, discount rate, D 0.99

- Initialize D 0.99 for -greedyaction selection.

: for eachEpisodP 1 to Maxepisodeo

Observe current statg,D fw, og
for eachsituatiorD 1to Pdo
Calculate Q using perceptron network with two
hidden layersQ D net(s )

1:
2:
3:

Initialize experience replay memoBto capacityJ
Initialize action-value functionQ) with random weight,
Initialize target action value functionQ), with random
weights, P D

: Learning rate, D 0.001, discount rate, D 0.99
: Initialize D 0.99 for -greedyaction selection.
. for eachEpisode 1to Maxepisodeo

Observe current stats,D fw, og
for eachsituatiorD 1to Pdo
Calculate Q using perceptron network with two

10: Choose actiomausing  greedypolicy. hidden layersQ D nef(s a, )
11: Observe, choose®based on maximun®-value. 10: With probability select random acrioa
12: Calculate reward as described in Algorithm.1. 11 otherwise selea D argmaxQ
13: Store transition§ a, <, &% r) as §, §,Sc1.8c1 1) in - 12 Observes’ choosea’ based on maximun@value,
D wherejis 1toJ 1. QD net(Lal ).
14: Set the target Q-value for current state &y D 13: Calculate reward as described in Algorithm.1.
rC Q(sc1,dc1 ) 14: Store transition § a, £, &% r) in D.
15: Perform gradient descent step o@¢  Q(s, g, ))*> 15 Sample minibatch of transitions( &, Sc1.gjc1, I,
with respect to the network parameter from D
16: CalculateQ  valuefor stateswith Qup D nef(s ) 16: SetQy D1 C arg ma>(s,c1,a°, P)
17: Construct Q-matrix for word-object pairs, QW: ) a ’
18: for eachobjeclj D 1to M do 17: Perform gradient descent step 0@  Q(S,, ))
19: if labe(0) D jj then with respect to the network parameter
20: count countC 1 18: After C step resetQy network with Q by setting
21 Wi Wi C =P QWjj P D
. eninf i QW count 19: CalculateQ valuefor statesand chosen actiora
23: end for with Qup D net(s a, )
oa- Sets L 20: Construct Q-matrix for word-object pairs, QW:
25 end for 21: for eachobjecjj D 1to M do
26:  Decrease linearly. 22 if labe(o) D jj then
27: end for 23: count countC1 ow;
4. QVVIJ QW C ~oor
25: end if
dataset lacWhinney, 200Dis used in this study, as itvu 26 end for
and Ballard (2007)Frank et al. (2008Kievit-Kylar et al. (2013) 27 Sets <)
and Lazaridou et al. (2016)Each recording is approximately 28 end for

of 10 min duration. These clips represent an environment29%:  Decrease linearly.
where a mother introduces a pre-verbal infant to a set of30: end for
toys. Each utterance is annotated manually in the transsript

Transcriptions consist of a list of object labels (e.g., N9y here for each utterance up to seven objects are presentbé in t

hat,_ cow) correspongling to ObjeCtS present in the immediat%cene_ Mother uttered the name an attended object expliaitly o
environm ent of the |nf_ant while the utterance _tOOK place. Ain 23% of utterances. Putting these facts together, thereramy
bidirectional relationship between mother and infant inves

. . . - . ) frequent but irrelevant pairs consisting of function words and
seeing, hearing, touching, and pointing. Social cues enttode q P g

multimodal interaction help young language learners toriea a small set of referent objects. Thus, learning word-te@nexft
. . object mappings by computing co-occurrence frequencies leads
word-object relations Yu and Ballard, 2007 In Frank et al. ) ppings by buting 4

2008 al from infant! hands. mouth. touch nté) incorrect associations. Considering the smoothness and
Enothe)r'zor?ai d(;ue: eg touc6;1 asrsieosr;si(?eresoi\(mo;n d, BC)alil|(;r£ja ciency in word-learning, itis highly probably that infaistuse a

> €yes, fol . . .more smart and e ective strategy to learn relevant word-rexf
(2007) two social cues, visual joint-attention cues and prosodi

cues in infant-directed speech, are taken into account. %bjeCt pairs.
Several aspects make the CHILDES dataset challenging for
learning word-object relations. In this type of bidirect@n 4 EXPERIMENTS
natural multimodal interaction, the vocabulary is largedathe
number of object labels are very less in comparison to the mo.1. Experimental Setup
frequent words. In these videos, only 2.4 and 2.7% co-oowurr 4.1.1. Data Representation
word-object pairs are relevant while rest are irrelevant. &ser, Each of the models discussed in section 2 is trained using a
this dataset contains a large amount of referential unéetya subset of CHILDES dataseiac\Whinney, 200Q) The results
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are compared to the models ifrank et al. (2008)Kievit- indicates that joint visual attention is an important factor
Kylar et al. (2013)and Lazaridou et al. (2016)The dataset has development and learning. Based on this observation, jpintl
two streams: audio and video. The video stream is representedtended objects are manually identi ed from the video.Yn

as symbolic channels and consists of a list of object labelsnd Ballard (2007)two categories of extra-linguistic contextual
While an utterance is occurring, all mid-size objects inwie information for each learning situation are described. One
are labeled and included in the list. The list grows from emptycategory consists of objects jointly attended by the child a
to a set of object labels. For audio stream, two cases ailee caregiver. The second represents all the other objedtsin
considered: visual eld. A few examples of jointly-attended objects are as

. . . follows:
1. The audio stream is represented as a symbolic channel ©V®

containing the words that occurred in a sentence, a¥'in  Example 1:
and Ballard (2007)Frank et al. (2008)and Chen and Filliat  Utterance: The kitty-cat go meow meow.
(2015) Using the transcriptions, the word-occurrence is codedyisual context: baby, big-bird, rattle, book
as a binary vector of the size of the vocabulary of all knowmttended object: kitty-cat
words. The vocabulary is created incrementally, startioghf
an empty set and including each new word encountered ifExample 2:
sentences at the end. Utterance: Yeah, | see those hands.
2. The caregiver's speech is segmented into utterances basedvisual context: hand, big-bird
speech silence. Each utterance is aligned with transcriptiomttended object: hand
using Sphinx speech recognition systehed et al., 1990
The time-stamps of the beginning and end of each spoke#.1.3. Prosodic Cues
word are extracted. The prosodic features are computed fdn Snedeker and Trueswell (2003} is shown that speakers
each word, as ifvu and Ballard (2007)The prosodic feature produce and listeners use prosodic cues to distinguish between
for each word in an utterance is computed as the di erencealternative meanings of a word in a referential interaction
between 75 percentile pitclof the word and the utterance. It suggests that not only linguistic information (what is dai
75 percentile pitclof an utterance means the 75th percentileetc.) but also non-linguistic aspects of speech contain decisiv
pitch of the utterance. So, this allows each word to be predenténformation. Here, the linguistic information refers to whthe
as a scalar prosodic feature value. speaker said and the non-linguistic information refers to hois i

In this paper. two sets of experiments are done usin sociSFid' One role of prosodic cues in word-learning is to helprygpu
) E P "t ttention-b z inf t : genth "flearnersidentifykeywordsfrom the speech stream. It is shiow
cues: (1) joint attention-based reinforcement learning Yu and Ballard (2007that prosodically-salient words in infant-

]: :&t tit;er:lfj?oOgtrg;;Oibsjegt?'ng;ﬁc;ﬁnslze:deﬁtseds-o?ze;l .Zliﬁirected maternal speech contain the most important lingaisti
y y rep ’ 19 fformation that the caregiver intends to convey. Wu and

attention and prosodic cue-based reinforcement learning@reh Ballard (2007)it is shown through data analysis on CHILDES

both jointly a“er?“"e object a_nd prosedy in the CaregIVersSyataset that the word corresponding to the referrent/objeas
speech are considered as social cues. In the latter case, aL\gﬁ

stream is represented as prosodic feature. For both experimen gher pitch than any other word in the infant-directed utterce.
. pre: P L . Persn f\/loreover, pitch enhancement of the target word related to
video stream is represented as a list of object labels. Th

dataset consists of 624 utterances with 2,533 words in.tot %JeCt helps to learn word-object pairSi(ppi et al,, 201}t This

o . otivates us to extract the values of 75percentile pitctover
Th_e vocabulary size is 419. The r_1umber of objects an_d retferegoth an utterance and the words within the utterance to obtai
objects are 22 and 17 respectively. The dataset includes

gold-standard lexicon consisting of 37 words paired with 1‘}h% prosodically-highlighted words in each spoken utterafice

. S . th dw; in th k tt is f d the feature:
objects Frank et al., 2008; Kievit-Kylar et al., 2013; Lazaridou We wor ujw' in the sp(? enu erar-1ce, we ormg € lea u.re
' p;s. When using symbolic representation of auditory

et al., 2015 The models have to discover word-referent objecP75 X .
pairs. stream, the word-occurrence is coded as a binary vector @f th

size of the vocabulary of all known words. When considering
4.1.2. Joint Attention prosody, instead of binary representation, word occurrerge i

To nd the object jointly attended by both caregiver and inta c_odeq by the above feature of the words in the utterance dt tha
we follow the same methodology as Yu and Ballard (2007) Situation.

based_ on body moyement cues that |nd_|cate the speaker's| ViSYA;1 4 Evaluation Metrics

attention. In Baldwin et al. (1996)experiments are performed

on children of age 18-20 months under two cases: (Case rIj]:
a word is uttered by a caregiver who is within the infant's
view and concurrently directed attention toward the target
toy, and (Case 2) a word is uttered by a caregiver who is Word-referent Matrix: If all 37 words are assigned an ohject

outside of the infants view. Infants can establish a stéible the proportion of pairings matching with the golden standard

between the novel word and target object only in case 1. can be calculated from the confusion matrix representing the
Same observation is found ibeak and Triesch (2006yhich Word-referent Matrix Kievit-Kylar et al., 201)3 According to

e performance of proposed models for the task of word-
erent object pair learning are evaluated using the folhawi
criteria:
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the gold standard, each word is associated with exactly one word
object except for “bird” which can refer to <bird>or <duck>.

(Wgoig),  the  referent can be

found as:

object @)

Based on this hypothesis, a winner-take-all Iter has been
applied for each gold-standard word to compute the confusion

matrix in Kievit-Kylar et al. (2013)In the current paper,
confusion matrix is determined by extracting Q-values aftea
gold-standard word for all the objects from Q-matr@W. To
have the same scaling for all the obje@®V is rst normalized

and then normalized Q-matrix is used to compute confusion

matrix. For each objecD;, normalized Q-matrix QWhorm)
and confusion matrix are computed as follows:

QWnorm(Oi) D QW(Oi):maX(QW(Oi )) (7)

confusion matriXD QWhorm(Wgoi: Oi)

(8)

where wgqqis the set of gold-standard words anid the index
of the object. So, for a givgrth target word/gold-standard

4
26 *x10
25 —
2.4
23
2
222
)
o
2.1
2
— Q-learning
1.9 —SARSA
— SARSA-)A
18 . . , . )
0 2000 4000 6000 8000 10000
No of iterations
FIGURE 3 | For each iteration, reward is computed and plotted for
Q-learning, SARSA, and SARSA-, respectively.

O D argmaxQWhorm(Wgolq Oi) ©)

Quality of learned word-referent lexicony( and Ballard,
2007; Frank etal., 2008; Lazaridou et al., 20Mliree measures
are used to evaluate the quality of lexicon learned using the
proposed models. They are: (1) Precision (the percentage of
words spotted by the model which are actually correct), (2)
Recall (the percentage of correct words that the model learned
among all the relevant words that are expected to be learnt),
and (3) F-score (the harmonic mean of precision and recall).

Performance of the proposed models is compared to that of
the existing models irFrank et al. (2008)Kievit-Kylar et al.
(2013) andLazaridou et al. (201&nd the baseline association
model based on co-occurrence called COOC. Bayesian CSL is
the original Bayesian cross-situational modelgnk et al., 2008

also including social cues. BEAGLE+PMI is the best semantic-
space model across a range of distributional models and word-
object matching methods which produces state-of-the-astbre

in learning word-object pairsKievit-Kylar et al., 20133

4.2. Simulation Results

4.2.1. Training Parameters

We investigated the word-learning performance in a virtuggat
using models based on six reinforcement learning algorith@is
learning, SARSA, SARSANFQ, and DON. For all the cases, the
learning rate (), discount rate () and are chosen empirically
as 0.001, 0.99, and 0.99, respectively. For Q-learning, SAREA
SARSA-, Q-tables are initialized randomly. is chosen as 0.9
empirically for SARSA-.

For each neural network model for word-learning, the Q-
network has four-layers with the rst layer being the input &y
second and third layers are hidden, while the fourth is thepotit
layer representing th@-value of each word. So input and output
layers are of dimension 419 each. The activation function in

A 43<104

—6—Q-NN
1 —e—NFQ
—e—DQN

200 300 400
No of hidden units

0 100 500

B 0

Reward

FIGURE 4 | For Q-NN, NFQ, and DQN:(A) obtained maximum rewards for different number of hidden uts are plotted to nd the optimal structure of Q-network;
(B) for each iteration, with optimal number of hidden unit (200 nits) reward is computed and plotted.

4

oy
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——NFQ
——DaN

1000 1500 2000 2500 3000

No of iterations

0 500

Frontiers in Psychology | www.frontiersin.org

11

January 2018 | Volume 9 | Article 5


https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org
https://www.frontiersin.org/journals/psychology#articles

Najnin and Banerjee Word-Learning

the two hidden layers is sigmoid. In the output layer, aciwat algorithms, the behavior policy during training wasgreedy
function is chosen as softmax which leads the agentto hareehi  with annealed linearly from 0.99 to 0.0001 and xed at 0.0001
Q-value for one word per utterance. thereafter. The capacity of storageD in NFQ network is set

The neural network weights are initialized randomly in empirically to 50 for the result reported in this paper. For DQN,
[10 2,1(F]. In this paper we have used online gradient decenthe capacityl of experience replaR is set to 50 of most recent
algorithm for learning QNN and stochastic gradient descimt  experienced situations, mini-batch size is 10 @0 4 (the target
learning NFQ and DQN. For all three neural network-basednetwork is updated every four steps) in Algorithm 6.

FIGURE 5 | Confusion Matrix for(A) Attentional Q-learning,(B) Attentional SARSA,(C) Attentional SARSA-, (D) Attentional Q-NN, (E) Attentional NFQ, and(F)
Attentional DQN respectively.
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4.2.2. Word-Learning Using Joint Attention-Based TABLE 1 | Gold-standard words incorrectly associated with gold-obgcts using
Reinforcement Learning Q-learning, SARSA, SARSA-, Q-NN, NFQ, and DQN.

The input to each model is the auditory stream represented aS@caming  sarsA SARSA- QNN NFQ  DON
binary vector. The reward for each situation is computed Hase

on jointly attended object transition. Each table-basedigldQ-  “bunny’ “bighirds” “moocows”  “bird” “bird”  “bird”
learning, SARSA, SARSA:-is run for 10,000 iterations. Rewards “cows” “bunnyrabbit’  “duck”

computed in each iteration are shown Figure 3. Q-learning  “moocows” “cows” “duckie”

and SARSA converge after 5,000 iterations whereas SARSAgyck’ “moocows” “kittycats”

converges sooner after 2,000 iterations. Total rewardgheéri  «quckie” “duckie” “ambie”

in SARSA- than Q-learning or SARSA. In order to estimate «;xy “Kitty” “bird”

the optimal structure of each neural network-based model, theiror “ittycats® “hiphop”

number of hidden units is varied from 10 to 500, and rewards ar «iggies” “amb”

computed for each cagéigure 4Ashows the reward with respect «,q» “lambie”

to di erent number of hidden units for QNN, NFQ, and DON. .« nnies’ “bunnies”

For any network, reward did not increase beyond 200 hidden,; - “bird”

units. So the neural network consists of 200 units in eacldéid “hiphop” “oink”

layer for QNN, NFQ, and DQN. Reward in DQN is greater than., . .-

NFQ and Q-NN at convergence with the optimal neural network,

structure (ref.Figure 4B).
The result of word-referent pairs learning can be visualized

using a color confusion matrix. The confusion matrix ShOWSTABLE 2| F—§core, precision, a'and recall values using the learned l@on from

the similarity between word-object pairings as gradientarfr “entiondl reinforcement learning models.

oink”

yellow to blue color lling each grid cell where yellow starfds F-score Precision Recall
higher Q-value and blue stands for lower. The cells outlined in

red represent the correct word-object pairings in gold stadda Attentional Q-learning 0.5667 0.7391 0.4595
lexicon. The confusion matrix is computed using Equation (8)Attentional SARSA 0.5205 0.5278 0.5135
which consists of-values of all objects for each gold standardAttentional SARSA- 0.5763 0.7727 0.4595
word for Attentional Q-learing, SARSA, SARSAQ-NN, NFQ,  Attentional Q-NN 0.6667 0.95 0.5135
DON and depicted inFigures 5A-F The object that has the Attentional NFQ 0.7097 0.88 0.5946
highest association is assigned the higli@wvalue (colored Attentional DQN 0.7213 0.9167 0.5946

yellow). The color gradually moves from yellow to blue@s
value decreases. Tt@-values returned by the reinforcement The bold values in each column indicate highest score over the algorithms.
learning algorithms cannot be directly interpreted as prabtbs
for pairing selections. Hence, only relative similarity rsaaes
are used here. For each reinforcement model and each golthodels, the best F-score, precision and recall are tabulated
standard word, Equation (9) is applied on confusion matrix toin Table 2 For word-learning, neural network-based models
get the associated object related with the gold-standardvildne ~ (Attentional Q-NN, NFQ, DQN) have comparatively higher F-
results are shown iffable 1where the gold-standard words that score and precision than table-based models (Attentional Q-
are associated with wrong objects are mentiorksthle 1shows learning, SARSA, SARSA: Though the precision is highest for
that table-based methods, Q-learning, SARSA, and SARSA-Attentional Q-NN, highest F-score is achieved by Attentibn
identi ed 14, 12, and 7 word-object pairs incorrectly givenDQN due to higher recall than Attentional Q-NN.
the target words. In comparison, all the neural network-lthse
methods correctly identi ed 36 word-object pairs out of 37omé ~ 4.2.3. Word-Learning Using Joint
of the methods was able to relate two words to one object. Afhttention-Prosody-Based Reinforcement Learning
of them chose “bird” to refer to <bird>only when it can also beAs neural network-based reinforcement learning models
associated with the object <duck>. outperform table-based models, simulations were run on the
It is important to note which word/object pairs are more or former for word-referent learning considering audio anduas

less likely to be discovered by the model. A lexicon is createsocial cues: prosody and joint attention. The input to each elod
from the Q-value matrix based on a threshold, asArank et al. isthe audio stream represented by prosodic feature vectaaiist
(2008) Figure 6shows the precision and recall for lexicons acros®f binary vector. The reward for each situation is computed
the full range of threshold values for Q-learning, SARSA, SRS based on jointly attended object transition as describegkiction

, @-NN, NFQ, and DQN for the task of word-learning. Unlike 2. The same optimal structure of the Q-network from the last
standard receiver operating characteristic (ROC) curves fagection is retained.
classi cation tasks, the precision and recall of a lexicopedls In Figures 7A-C confusion matrix is depicted for gold
on the entire lexicon. The irregularities in the curvesFigure 6 standard word-object pairs using Equation (8) for Attentibna
re ect the small size of the lexicons. For each of the learnegrosodic Q-NN, NFQ, and DQN. As before, the association
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models' capacity in terms of having better trade-o between
precision and recall. Attentional-prosodic DQN has better F-
score, precision and recall than Attentional-prosodic NFQ.
Among all the reinforcement learning models considered iis th
paper, Attentional-prosodic DQN produces best performance for
the task of word-learning.

When compared to the existing models, Attentional DQN
exhibits higher F-score than COOC, Bayesian CSL, BEAGLE,
MSG, and AttentiveMSG models. It is noted that existing
models mentioned here ignore prosodic cues. AttentiveMSG and
Attentivesocial MSG models integrate social cues with eross
situational learning where infants attend to objects hefdhem
instead of following eye gaze. State-of-the-art BEAGLE+PMI
model also ignores prosodic cues in the infant-directed dpeec
For a fair comparison, we have tested BEAGLE model with
prosodic vector instead of using random vectors. The BEAGLE
model yields an F-score of 0.55 which increases to 0.6628 whe
it is integrated with prosodic cues. Integration of PMI model
with prosodic cues is yet to be researched. No experiment with
Attentional-prosodic BEAGLE+PMI model is performed in this
paper due to availability of limited information regardingeh
between words and objects are shown as gradient of colams froexact procedure. Since the F-score of BEAGLE+PMI is very
yellow to blueFigures 7A-Cshows that Attentional-prosodic Q- close to that of Attentional-prosodic DQN, it is unclear how
NN, NFQ, and DQN correctly identify 36 word-object pairs out the performance of the former would compare to reinforcement
of 37 given target words. However, the algorithms chosel"tir  learning models. However, only joint attention could not make
refer to <bird>only when it can also be associated with theab DQN's performance better than AttentiveSocial MSG. When
<duck>. So adding prosodic feature does not resolve the pmobleprosody is combined with joint attention, DQN produces higher
of discovering one word referring to multiple objects. Thés i F-score than AttentiveSocialMSG and BEAGLE integrated with
expected because of the language constraints (“novel words prosodic cue models. It is noteworthy that Attentional-prosodic
novel objects”) chosen in the proposed models for computingPQN and BEAGLE+PMI would have been more comparable if
rewards. the latter incorporated prosodic information as the formeher

To compare the performance of the proposed models wittbest lexicon learned by Attentional-prosodic DQN is shown in
exiting models in the task of learning word meaning, we focudable 4
on precision, recall and F-score computed from each model. We
have analyzed the e ect of integrating prosodic cues withsros 5. DISCUSSION
situational learning in the proposed model and then compared
it with the state-of-the-art models. To investigate the e @  In this paper, an agent is developed that can learn word-object
addition of prosodic features, a lexicon is created from @e pairings from ambiguous environments using reinforcement.
value matrix using a threshold, in the same way as was done fdoint attention and prosodic cues are integrated in caregiver
joint attention only. In order to compare the proposed modelsspeech with cross-situational learning. Prosodic cues are
(Attentional Q-NN, NFQ, DQN, Attentional-prosodic Q-NN, extracted from audio stream. Joint attention is utilized to
NFQ, DQN) with existing ones (BEAGLE, hybrid BEAGLE+PMI,compute the reward for the agent. Among the proposed Q-NN,
Bayesian CSL, COOC), the precision and recall for lexicamsac NFQ, and DQN algorithms for word-learning, Q-NN is online
the full range of threshold values is shownRigure 8 Recall is whereas the other two use batch processing. According to
higher for Attentional-prosodic models than Attentional mels. the behavioral studies in/ouloumanos (2008)and Yu and
Thus, integration of prosodic cues with joint attention helpsSmith (2007)the human brain follows an incremental learning
the models to learn correct words among all the relevant wordalgorithm for the task of word-learning. Moreover, it is clah
expected to be learnt. that only memory-limited models can truly mimic human

The best F-score, precision and recall for Attentional Q-performance frank et al., 2000 In Medina et al. (2011)it is
NN, NFQ, DQN, Attentional-prosodic Q-NN, NFQ, DQN, found that cross-situational word-learning is sensitiveitiput
and existing Bayesian CSL, BEAGLE, hybrid (BEAGLE+PMIprder which is incompatible with the prediction of ideal learse
MSG, and baseline COOC models are tabulatedTable 3  assuming full access to statistical regularities in dataofgn
Attentional Q-NN and Attentional-prosodic Q-NN has highest neural network-based word-learning models used in this paper,
precision of 95 and 96%, respectively. However, both hav@-NN requires the memory that contains the information only
much lower recall than Attentional NFQ, DQN, Attentional- from the last trial which can be called memory-limited. Insea
prosodic NFQ, DQN, and existing state-of-the-art Beagle+PMbf NFQ and DQN, both models have an episodic memory for
model. On the other hand, fusion of prosody with joint storing transition data samples and corresponding rewards of
attention in Attentional-prosodic NFQ and DQN enhances thethe most recent 50 experiences. In Q-NN, learning update rule

FIGURE 6 | ROC for Q-learning, SARSA, SARSA- Q-NN, NFQ, and DQN,
respectively.
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FIGURE 7 | Confusion Matrix for(A) Attentional-prosodic Q-NN, (B) Attentional-prosodic NFQ, and(C) Attentional-prosodic DQN, respectively.

FIGURE 8 | ROC for Attentional Q-NN, NFQ, DQN, Attentional-prosodic
Q-NN, NFQ, DQN, existing Beagle, Beagle+PMI model, COOC, an
Bayesian CSL.

is online/incremental and follows the input order of the dséd

time a mini-batch of size 10 is randomly selected from episodic
memory to update the neural network parameters. So, Q-NN
has higher delity to human performance than the other two
models, NFQ and DQN, though it provides lower F-score than
NFQ and DQN.

Some research (e.g¥u, 2008; Kachergis et al., 2012a;
Vlach and Sandhofer, 20)L8uggests that episodic memory, a
basic human cognitive ability, likely supports languageraay.
According to this hypothesis, objects are stored in memorpglo
with words and other stimuli we encounter in every situation
(i.e., in a language-learning class or while eating breakfHst)
the word-object pair is con rmed by being consistent with the
succeeding observation, the learner will further solidlifg word
meaning in memory [(ledina et al., 2011; Trueswell et al., 2013
According to this hypothesis, episodic memory can play an
important role in word-referent pair learning. This hypothssi
is supported by our proposed models, NFQ and DQN, where
both have storage capability. However, from a computational
perspective, DQN provides the best F-score compared to other
models.

It is found through behavioral studies ikstes and Bowen
(2013)that the increased pitch and variation in pitch contours

On the other hand, for NFQ the update is performed throughof infant-directed speech attract attention and enhanceuaad
batch processing of the batch size of the storage. In DQN, eadfr word-learning and infants in the infant-directed speech
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TABLE 3 | Comparison of proposed attentional and Attentional-prosdic learning e ects of typical pitch emphasis in infant-directed sple
reinforcement learning madels with existing madels. with those of other visual and acoustic attentional cues. It
F-score Precision Recall is found that word-object pair learning performance is better
when consistent high pitch of the target word is integrated
Attentional Q-NN 0.6667 0.95 05135  With co-occurrence as compared to co-occurrence alone or
Attentional NFQ 0.7097 0.88 05046 CO-Occurrence integrated with visual cues. Simulatioruliss
Attentional DON 0.7213 0.9167 05946 USING @ mother-infant interaction d_ataset show that, fovegi
Attentional-prosodic Q-NN 0.77419 0.96 0.6486 gold-stand_ard words, _bOth Attentional Q-NN, NFQ, DQN,
Attentional-prosodic NFQ 0.78378 0.7838 o7gas  2nd Attentional-prosodic Q-NN, NFQ, DQN models can learn
correct associations with 97.29% accuracy (36 out of 37eWh
Auentional-prosodic DQN 0.85333 0.8421 08641 prosodic cues are included along with joint attention, thegrh
cooc 053 0.7578 04012 higher number of correct word-object pairs in comparison to
Bayesian CSL model 0.54 0.64 047 using only joint attention, which is consistent with experintah
Beagle model 0.55 0.58 0525  studies Filippi et al., 201%and computational modelsY{u and
Beagle+prosodic cue model 0.6629 0.71 0.525 Ballard, 200Y.
Beagle+PMI model 0.83 0.86 0.81 From a machine learning perspective, the proposed
MSG model 064 NA na  Attentional-prosodic DQN model outperforms some of the
Attentive MSG 07 NA NA eX|st.|n'g models in word-learning tasks in .terms qf F-score,
, , precision and recall. However, our models failed to discakier
AttentiveSocial MSG 0.73 NA NA

association if one word is assigned to multiple objects due to
assuming the “novel words to novel objects” language-speci
constraint for computing rewards. A future goal is to model
reinforcement by relaxing the language constraint. It iSebedd

The bold values in each column indicate highest score over the algoriths.

TABLE 4 | Learned best lexicon (word-object pairs) using Attentiorlgprosodic that the word-learning process in children is incremental.
DQN. Though the proposed Attentional-prosodic Q-NN model-based
Words  Objects Words Objects Words ~ Objects Words ~ Objects agent learned incrementally, our best performing agent is
based on Attentional-prosodic DQN model which learns in
“ahhah” eyes  “bunnies”  bunny “hiphop” bunny = “pig”  pig mini-batches. In the proposed approach, joint attention was
“ahhah” rattle  “bunny” bunny “david”  mirror  “piggie” pig manually selected from the video. Recently a number of neural
‘baby” baby  “bunnyrabbit’ bunny “kitty"  kitty  “piggies” pg network-based reinforcement learning models have matates
“bear” bear  “cow’ cow  “kittycat” kitty  ‘“rattle” rattle strong performance in computing visual joint attentiob@niec
“big”  bunny “duck’ duck  “kittycats” kitty ~ “ring”  ring et al., 2006; da Silva and Romero, 2011; Da Silva and Romero,
“bigbird” bird “duckie” duck  “lamb”  lamb  “rings”  ring 2012. In future, it would be interesting to integrate automatic
“bird”  bird  “eyes” eyes  ‘“lambie” lamb  “sheep” sheep detection of joint attention with the proposed approach to make
“birdie” duck  “hand” hand  “meow” kitty  “through” bunny the proposed word-learning model more general.
“book”  book “hat” hat “mirror”  mirror
“books” book  “he” duck “moocow” cow AUTHOR CONTRIBUTIONS

SN: Conducted the research on the algorithms, implemented an
learn the associations successfull?yaluated them, and wrote the paper; BB: Played an advisory
role, helped in framing the problem and writing the paper, and
acquired funding for conducting this research.

condition were able to
Another study Zangl and Mills, 200)/proposed that prosodic
characteristics in infant-directed speech allows infaot$arm
stronger associations between words and their refererdause
of increase in brain activation for prosodic words. In thesesFUNDING

behavioral prosodic studies, joint attention is ignored Hifippi

et al. (2014) behavioral studies are performed to compare therhis research was partially supported by NSF grant 11IS-1231620.
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