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Abstract 

 Word learning occurs primarily through hippocampal activity or cortical activity. While 

hippocampal learning is characterized as capable of supporting rapid one-trial learning, a special 

form of cortical learning, fast-mapping, allows for rapid one-trial learning through inference by 

exclusion. The use of these hippocampal-independent forms of learning and their development 

are poorly understood. 19 2.5 year olds and 24 3 year olds participated in both a hippocampal 

learning, explicit encoding, word learning task and a cortical learning, fast mapping, word 

learning task. A computational model performed similarly to child participants’ fast-mapping 

learning performance and memory retention. There were no noticeable differences of age, though 

2.5 year olds showed task-ordering effects suggestive of proactive interference, whereas 3 year 

olds did not. 

Introduction 

Background:  

Memories are perhaps the most vital component of an individual’s identity. Memories create 

a link connecting events that occur in vastly different locations across long periods of time. The 

ability to learn new skills and create new memories governs who we can become. Currently, 

memory is classified into two different systems, long-term memory and short-term memory 

(equivalent to working memory), with long-term memory having two major divisions as well 

(Bartsch and Butler 2013) (See Figure 1). Long-term memory can be divided along a line of 

consciousness; memories that can explicitly be declared (e.g. Paris is the capital of France) are 

grouped together as Declarative Memory. Whereas memories that are implicit and therefore 

cannot be declared are grouped as Non-Declarative Memory (e.g. the memory of how to ride a 

bike). 
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Figure 1: A schematic illustration of the major divisions of human memory (shown with a white 

background) as well as the brain regions involved in supporting its function (shown with a beige 

background). Adapted from Bartsch and Butler 2013. 

Although tremendous grounds have been made in understanding the complex phenomena 

of human memory, even tasks as “simple” as a child learning a new word are not fully 

understood. Word learning in children involves several different steps such as extracting the 

target word from the rest of the speech, finding the referent of the novel word in a scene that may 

contain many other referent objects, encoding the new word form and details of the referent 

(location, color, shape, etc.) and storing this information in a way that each of these separate 

pieces are linked and retrievable at a later point in time (Horst and Samuelson 2008). 

One popular theory of declarative memory proposes two complementary learning 

systems, a hippocampal system capable of rapid one-trial learning (i.e. Episodic memory), and a 

slower-learning cortical system (i.e. Semantic memory) (McClelland et al., 1995) (See Figure 

2a). Accordingly, semantic memory represented cortically must be acquired through slow 

cortical consolidation or transformation processes through interactions with the hippocampal 

formation (Merhav et al., 2015). Essentially, the hippocampal memory system is required for the 
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initial acquisition of episodic memories. After many such exposures the memory becomes 

semanticized through slow cortical consolidation processes (McClelland et al., 1995). However, 

recent research has indicated that if new information is associated with well-established 

knowledge, rapid consolidation can occur (Sharon, Moscovitch, & Gilboa, 2011; Merhav et al., 

2015).  

Figure 2: Adapted from- Axmacher et al. 2008 (a) and Bonner and Price 2013 (b) 
(a)                                                                       (b)  

    

Figure 2: A schemantic illustration of the two stages of memory formation (a) and the structure 

of the anterior temporal lobe (b). (a)During initial encoding, the hippocampal network receives 

primarily from the Neocortex, and rapidly stores the information. However, during consolidation 

this process is reversed, and the Neocortex receives information from the hippocampus enabling 

both rapid learning of the hippocampal network and slow gradual cortical learning. (b) the major 

structures of the anterior temporal lobe, for simplicity, this paper’s discussion of the ATL will 

focus mostly a part of the parahippocampal gyrus (shown in baby blue), known as the Perirhinal 

Cortex, which is more heavily implicated in object recognition than any other area of the ATL 

(Ho and Burwell, 2015). 

Fast Mapping, one such form of rapid cortical learning, occurs by a process of inference 

through exclusion (e.g. a child is shown a car and a novel object and asked where the “teef” is. 
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By knowing that a car is a “car” the child can infer by exclusion that this novel object must be 

the “teef”) (Sharon, Moscovitch, & Gilboa, 2011). Previous studies have demonstrated fast-

mapping occurs as young as 17 months (Halberta, 2003), supports one-trial learning by 24 

months of age (Kucker & Samuelson 2012) and enables the acquisition of six new objects over 

the course of an experiment by 30 months of age (Golinkoff et al., 1992). Previous studies using 

fMRI have shown that fast-mapping occurs primarily through engaging the anterior temporal 

lobe (See Figure 2b for more detail on the structures of the ATL), bypassing the hippocampal-

cortical communication as well as over-night reorganization (Merhav et al., 2015). Within the 

ATL lies the parahippocampal gyrus (see Figure 2b), which contains a structure thought to be 

where non-spatial or item information converges.  The Perirhinal Cortex (PRC) represents a 

conjunction of features as one unique stimulus, and is important for object recognition memory 

as well as integration of information across visual and tactile modalities (Ho and Burwell, 2015). 

There is a mechanism in PRC centered on differential neuronal activity to item repetition, that 

may underlie object recognition. That is to say, neurons in PRC responded preferentially to 

objects based upon their novelty/familiarity (Ho and Burwell, 2015). In contrast, Explicit 

Encoding, where children learn new words through direct demonstration (e.g. show a child a 

“Zet” and say “Wow, a Zet”), is a form of rapid hippocampal-dependent learning that engages 

both hippocampal and cortical (especially vmPFC, and neocortex) networks (Merhav et al., 

2015) (See Table 1 for a summary of differences between processes and brain structures 

involved in Fast Mapping and Explicit Encoding).  
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Table 1: Outlines major differences between Fast Mapping and Explicit Encoding 

 Fast Mapping (Cortical) Explicit Encoding (Hippocampal) 

Allows learning through: Inference by exclusion Direct demonstration 

Brain regions involved: Anterior Temporal Lobe (see 

Figure 2b) 

Hippocampal and Cortical Networks 

(vmPFC, Neocortex) 

 

Relevance and Purpose:  

Children thus learn words two different ways, Cortically and Hippocampally, however, 

the development of the hippocampus is extremely protracted, with major changes, such as 

myelination, still underway after the first decade of life (Lavenex and Lavenex, 2013). Although 

many changes occur in the hippocampal system by 2.5 years of age leading to the emergence of a 

more complex episodic memory system (Gomez and Edgin, 2016; Lavenex and Lavenex 2013), 

between 1 and 2 years of age children’s productive vocabulary increases by 300% (Fenson et al., 

1994), demonstrating the need for hippocampal-independent mechanisms to explain word-

learning during early development while the hippocampal network is too immature to properly 

function. Fast-Mapping may be one such mechanism due to its reliance on the ATL rather than 

the hippocampal network. Accordingly, fast-mapping should provide unique insights into 

cognitive development.  

The behavioral paradigm I used for my thesis has two different tasks, where toddlers 

learn two novel objects through direct demonstration (Explicit Encoding) and inference by 

exclusion (Fast Mapping), counter-balancing for order. In both sessions, children are familiarized 

with the novel objects for 40s, undergo a learning phase followed by a 5-minute break to allow 

for memory stabilization, and a forced-choice decision test between both novel objects. Although 

I will describe the explicit encoding paradigm children participated in I will report the fast-
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mapping results only. Results of fast-mapping will be analyzed to determine how they change 

across age, as well as offer potential key insights into the the cognitive development of the areas 

of the brain thought to be undergoing tremendous neurophysiological changes (Gomez & Edgin, 

2016; Lavenex & Lavenex 2013).  

Previously, fast mapping and explicit encoding paradigms have been employed to 

understand different aspects of word learning.  My work will contribute to understanding this 

process by collecting behavioral data from 2.5 and 3.0 year-olds in both a fast-mapping and 

explicit encoding tasks, and computationally modeling the behavioral results from the fast 

mapping experiments. Finally, I aim to examine the developmental changes associated with 

cortical learning and hippocampal learning. One such change I will examine is how varying the 

number of object exposures in a fast mapping paradigm effects learning rates.  

Predictions: 

 Based upon previous studies it seems clear that fast-mapping (FM) is an ability that 

develops early in childhood (Halberta, 2003; Kucker & Samuelson 2012; Merhav 2015). 

Accordingly, I predict that 2.5 year-olds and 3.0 year-olds will be capable of memory retention 

rates above chance for FM. Additionally, I predict even with fewer trials, 3.0 year-olds will 

outperform 2.5 year-olds in fast-mapping due to additional neurodevelopment in support 

structures allowing for things such as better cognitive control.  

I predict that there will be a difference between explicit encoding (EE) performance and 

FM performance, such that EE performance is greater and this effect trends with age. This is 

simply because of the efficiency of the hippocampal network to encode new information once it 

is functioning properly (Morkond and O’Reilly, 2013), and in the case of young children, once it 

develops sufficiently 
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We conducted two pilot studies before beginning the studies I discuss here. Therefore, I 

will refer to Experiments 3 and 4 when I discuss the data I have collected. During Experiment 3, 

more learning trials were given for fast-mapping than during Experiment 4 (see Table 2). 

Accordingly, I predict that memory scores will be higher for Experiment 3 than Experiment 4. 

Due to the sheer amount of developmental changes related to cognitive functioning not 

captured by the model at this time (such as attention regulation etc.) that occurs between 2.5-3.0 

years, I predict that the model will more faithfully capture the data of 2.5 year-olds than that of 

3.0 year-olds. 

Methods 

Subjects: 

A total of 19 2.5-year-olds (EXP 3 n=9, EXP 4 n=10), and 24 3-yearolds (EXP 3 n=16, 

EXP 4 n=8) were recruited from the University of Arizona’s Tigger Child Cognition 

Laboratory’s database. All parents/legal guardians provided informed consent according to IRB 

approval process and were debriefed at the study’s end. Subject’s parents/guardians completed a 

basic information sheet and a sleep habit survey adapted from previous studies assessing sleep 

habits and various sleep problems. The questionnaire asked questions such as whether today is a 

typical day for the child. Three 2.5-year-olds and four 3-year-olds were removed due to meeting 

exclusion criteria (e.g. the parent answering that the experiment is occurring on a non-typical 

day, the child’s unwillingness to engage in the experiment, etc.). 

Stimuli  

The toys used were intended to be completely novel to each subject, and were therefore 

constructed out of various animal toys and objects (see Figure 3). Parents were asked if any of 
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the objects looked similar to anything that would be familiar to the child. Any potentially 

familiar objects were replaced with a different novel object. 

 (a) 2.5-year-olds’ novel object:         (b) 3-year-olds’ novel object        

                          

       Tep                        Pab        Zet          Tope                              

Figure 3: Examples of novel objects learned in the experiment by 2.5 (a) and 3 year olds (b).  

Research Design and Procedures 

 Each participant learned two novel objects through a fast-mapping paradigm, and two 

novel objects through an explicit encoding paradigm, counter-balancing for order. The fast-

mapping paradigm began with a 40-second familiarization phase in which the child viewed and 

was encouraged to pick up and play with the novel objects, afterwards the child had to point out 

two familiar objects (e.g. duck, car, spoon, cup) in a forced choice test between the two to ensure 

that children can point correctly to objects they know. The child then began the fast-mapping 

learning phase in which a novel and familiar object were placed next to each other and the child 

had to infer through exclusion the correct referent for the label by pointing to or selecting the 

novel object. Afterwards there was a five-minute break, during which children’s books were 

read, to allow the memory to stabilize. After the break each participant completed a forced-
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choice test that required them to choose between both novel objects (see Figure 4 for more 

detail).  

 

 

Figure 4: A schematic illustration of all steps of both tasks of the experiment. In fast mapping 

(a) the child is familiarized with two novel objects. Then the child practices pointing to identify 

two familiar objects (e.g. a car and a duck). The fast mapping learning through exclusion phase 

takes place followed by a 5-minute break and testing between both novel objects. In Explicit 

Encoding (b) the child is familiarized with two novel objects. Then the child is directly 

demonstrated each object (e.g. “Wow a vode!”) followed by a 5-minute break. Afterwards the 

child practices pointing to identify two familiar objects (e.g. a car and a duck) and testing 

between both novel objects. 

 Two different experiments were conducted. In the first experiment (Experiment 3) there 

were twice as many fast-mapping learning trials as explicit encoding learning trials (input trials). 

In the second experiment (Experiment 4) the number of learning (or input) trials for each task 

was the same for FM and EE (see Table 2). 

Table 2: number of object presentations (input trials) during the learning phase of fast-mapping 
and explicit encoding for both experiments and age ranges. 30 months corresponds to 2.5 years 
of age whereas 36 months corresponds to 3 years of age. 
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Computational Modeling 

 The computational models were built using Emergent computational modeling software 

(Asia et al., 2008). The architectures were connectionist in structure (see Figure 5) and employed 

both error-driven learning and Hebbian learning. The model was designed to have three input 

layers (outlined in green), one for each object and one for the label of the correct referent. Each 

layer has four units (e.g. Vode, Teef, Duck, Car) which represent all possible objects shown in 

the experiment. Each input layer directly projects into an associated hidden layer (shown next to 

each input layer, in blue; i.e. Obj1, Label, Obj2). The Object layers (Obj1, Obj2) were bi-

directionally connected to each other, and received a connection from the label layer. 

Additionally, these three layers projected onto a higher level object processing layer (Hidden; 

shown above the first level, outlined in blue), which then connected to the target output layer. 

The goal of the model was to use the Label layer to guide the correct choice of which referent it 

matches to. After the model was constructed two parameters were adjusted in order to create a 

model for 2.5 years, and 3.0 years. The 3.0-year-old model’s label layer can more quickly 

influence the object layers, and has stronger top-down inhibition. The first parameter, the label 

layer’s ability to influence the object layers results in the outcome of more quickly guiding the 

Obj1 and Obj 2 layer to the target object. Whereas the second parameter is the ability of the 

network to have more influence in bidirectional connectivity by giving “backwards” projections 

more relative influence (e.g., through projection from Hidden onto Obj1 or Obj2).  

 

Age FM&trials&(EXP&3) FM&trials&(EXP&4)

30mos 4'per'object 2'per'object

36mos 2'per'object 1'per'object
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Figure 5. Shows a visual illustration of the models different layers at the end of a testing trial. 
Green layers (Obj1_Input, Obj2_Input, Label_Input) are all input layers, blue layers (Obj1, Obj2, 
Label, Hidden) are hidden layers capable of processing information and modifying weights. The 
red layer (Output) is the target, or output layer where the result of the calculation is transmitted. 
Obj1 and Obj2 have bidirectional connectivity, each trying to influence the other’s activity. The 
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label layer represents the question of the experimenter and projects to all hidden layers 
attempting to bias the choice towards that. In the example above, the model failed to generate the 
correct choice of “Teef” from the label and Obj 1 layers, and instead chose “Vode” from the 
Obj2 layer. This is seen in activity in the Obj2 layer not shifting entirely from its input activity of 
“Vode” to the correct target activity of “teef” in the Obj1 and Label layer. 
 

Results 

Fast mapping: performance during the learning phase 

 The dependent variable was percent correct selection of the novel object during the 

training trials. Mean performance is shown in Figure 6. T tests comparing learning performance 

in Experiments 3 and 4 were conducted to determine whether the number of object exposures 

(input trials) during encoding impacted learning performance. No significant differences were 

found for number of input trials at 2.5 years of age behaviorally (t(22)=.89, p=.38) or 

computationally (t(22)=.42, p=.68); additionally, no significant differences were found between 

the model and behavioral results for Experiment 3 (t(24)=.71, p=.49) or Experiment 4 (t(20)=.84, 

p=.41). No significant differences were found between number of input trials at 3.0 years of age 

behaviorally (t(18)=.47, p=.64) or computationally (t(22)=1, p=.32); additionally no significant 

differences were found between the model and behavioral results for Experiment 3 (t(24)=.24, 

p=.81) or Experiment 4 (t(16)=.23, p=.82). 

Number of input trials per object did not have an effect on learning performance. 

Otherwise human performance and model performance would be statistically higher in the 

conditions where the human or model participated in more input trials (e.g. Exp 3> Exp 4). 
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Figure 6: Behavioral results (shown in blue) and modeling results (shown in red) for the fast-

mapping learning phase of the experiment for 2.5 year-olds (dashed bars) and 3 year-olds (solid 

bars).  

Fast mapping: retention after the 5-minute delay 

 The dependent variable was percent correct selection of the novel object during the 

testing trials. Mean percent retention as measured on the forced-choice test is shown in Figure 7. 

No significant differences were found for fast-mapping retention as a function of the number of 

input trials at 2.5 years of age behaviorally (e.g. 2.5 year-olds in Exp 3 vs Exp 4, t(14)=.38, 

p=.71) or computationally (t(22=.03, p=.98); additionally, no significant differences were found 

between the model and behavioral results for Experiment 3 (t(19)=.88, p=.39) or Experiment 4 

(t(17)=.32, p=.75). No significant differences were found for fast-mapping retention as a 

function of number of input trials at 3.0 years of age behaviorally (e.g. 3 year-old in Exp 3 vs 

Exp 4, t(18)=.23, p=.82) or computationally (t(20)=.8, p=.43); additionally no significant 

differences were found between the model and behavioral results for Experiment 3 (t(24)=.09, 

p=.93) or Experiment 4 (t(14)=.52, p=.61).  Nor did age have a significant effect on retention, 

even when the ages had similar numbers of trials (e.g. Exp. 4 2.5-year-olds (M=78.1, SD=41.1) 

and Exp. 3 3-year-olds (M=71.7, SD=28.1), (t(21)=.45, p=.66)). Differences between the 2.5-
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year-old model on Experiments 3 and 4 were smaller (t(22)=.03, p=.98) than behavioral results 

(t(14)=.38, p=.71), though these differences were not statistically significant. Conversely, 

differences between the 3-year-old model on Experiments 3 and 4 were larger (t(20)=.8, p=.43) 

than behavioral results (t(18)=.23, p=.82), though these differences were not statistically 

significant. 

 

Figure 7: 

 

Figure 7: Behavioral results (shown in blue) and modeling results (shown in red) for the fast-

mapping testing phase of the experiment for 2.5 year-olds (dashed bars) and 3 year-olds (solid 

bars).  

Errors in retention of fast mapping captured by the model 

 Errors were determined by categorizing the types of errors children made and comparing 

error rates of children to errors rates in the model by error type. The models successfully 

captured several errors that children made producing them at similar rates (see Figure 8 for 

examples). Two types of common errors are reversal of mapping (e.g. remembering a “zet” as a 

“tope” and a “tope” as a “zet” scoring 0% at testing; see the left panel in Figure 8) and selecting 

only one object for all four choices (scoring 50% on retention; see the right panel in the figure). 
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Figure 8: Two kinds of errors that occur in both children and the models are shown. Reversed 

mapping occurs when children map a label to the incorrect referent consistently, resulting in an 

error on each trial of testing, whereas same object selection all trials occur if the same object is 

selected across all trials of testing. 

Discussion 

Behavioral Findings:  

Based upon previous research examining both the cognitive and neurological 

development throughout early life we postulated that both 2.5 year-olds and 3.0 year-olds would 

perform above chance at fast-mapping. Indeed, this turned out to be the case for all experiments 

and age ranges. 

Performance at testing did not appear to depend on age, or number of object exposures 

during fast-mapping. This could be a result for several reasons. Developmental changes that 

would result in differences in performance on fast-mapping or explicit encoding could have 

occurred already already in development, or may not occur until after three years of age in most 

children. By this view, we missed testing children in a developmental window that would reflect 

change Additionally, having only half as many learning exposures could offset any 
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developmental advantages that occurs, though this is unlikely to be the case given the similar 

performances between 3-year-olds in Experiment 3 and 2.5-year-olds in Experiment 4 when both 

groups had 2 object exposures. One interesting possibility is that increased hippocampal 

development might lead to poorer object recognition scores. As mentioned previously, the brain 

is composed of multiple different memory systems, and parallel activation of multiple memory 

systems simultaneously could lead to interference, and worse learning (Oliveria et al., 2010). The 

hippocampal formation is where item information (also known as the ventral stream or “What” 

pathway) and spatial/context information (also known as dorsal stream or “Where” pathway) 

converge, allowing for a flexible integration of objects and context (see Figure 9). However, this 

property, could be a source of interference; if the hippocampal formation were active in a novel 

environment (such as the laboratory is for a child) in which novel objects had to be learned, the 

hippocampal formation could serve a inhibitory role on object recognition (e.g. item information) 

due to a focus on heightened spatial/context processing.   

 

Figure 9: The hippocampal formation integrates two converging streams of processing, allowing 

for the flexible integration of objects and context. Notice the bidirectional connectivity between 

the hippocampal formation and its major source of inputs and outputs, the entorhinal cortex. 

 Indeed, it is not simply during encoding when interference between memory systems can 

occur. Previous research has demonstrated that temporarily inactivating the hippocampus 
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immediately following training enhances object recognition memory (Oliveria et al., 2010), 

suggesting a form of competitive interference between multiple memory systems (or more 

simply put, competition between the spatial information and item information). Additionally, this 

effect did not occur after repeated exposure to the training context, suggesting potential future 

directions of looking at performance differences of children in a familiar vs. novel context.  

Computational Findings:  

 The computational model was capable of correctly capturing learning rates, and retention 

rates for fast-mapping at both 2.5 years of age and 3.0 years of age. The initial prediction that 3.0 

years of age would be harder to capture through modeling proved to be wrong as the model 

reflected learning and retentions at 2.5 years of age and 3.0 years of age equally well. 

Additionally, the model captures two different errors that children make and reflects similar error 

rates, suggesting similar failures in the processing of cognition in the model and children.  

 The model has several limitations, first that each feature of an object (e.g. Obj1, Obj2 

layers) is represented as a set of discrete non-overlapping units. Many features of an object, such 

as color, could overlap leading to a potential source of interference not captured by the model. 

Additionally, attentional effects may be simulated by adjust the learning rate of the label layer, 

however, there is no direct attentional modulation apparent in this model, which may be a crucial 

aspect of the task.  

Potential Limitations:  

A potential limitation of this study is that the forced-choice testing phase was only 

between two objects. It could be possible to only learn one novel object and then use that one 

known object to infer the referent of the unlearned label by excluding the learned referent at 

testing. This could mean that when attempting to measure memory retention, for one object the 
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task is truly measuring memory retention but for the other object it is actually a fast-mapping 

learning trial. One possible solution to this limitation is to include a third novel object at testing 

that was never labeled during learning but was still present in the familiarization phase. This 

would decrease the likelihood of being able to fast-map at testing, because there would be two 

unknown referents leading to only a 50% chance of randomly guessing.  

Future Directions 

Going forward I plan to include a younger age group, 2 years, and build a model of FM 

around this age group (keeping parameter increases constant between the six months between 2 

to 2.5 years and 2.5 years to 3 years). Accordingly, the 2-year-old model will have less top-down 

control and less ability to quickly influence the Obj1 and Obj2 layers through the Label Layer. 

I will also investigate cortical interference that may arise as a result of ordering effects. 

Though no significant effect was observed at 3 years of age, performance in 2.5 year-olds who 

had fast-mapping as their first task (M=87.1, SD=30.9) is significantly higher than those who 

had it second (M=45.37, SD=41.3) (t(19)=2.65, p=.02). Why this does not occur at 3 years of age 

but does at 2.5 years may reflect the continued development of a system capable of combating 

interference. 

Third, now that a fast-mapping model is built, the next step is to construct an explicit-

encoding hippocampal model, and add it to the fast-mapping model. This will allow us to make 

novel predictions about when interference is likely to occur based upon the development of both 

systems (e.g. hippocampal and cortical). 
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