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Abstract15

According to the cross-situational learning account, infants aggregate statistical16

information from multiple parent naming events to resolve ambiguous word-referent17

mappings within individual naming events. While previous experimental studies have18

shown that infant and adult learners can build correct mappings based on statistical19

regularities encoded in multiple learning situations in an experiment, other studies that use20

more naturalistic stimuli (e.g., real-world video) reveal poor performance in adults’ ability21

to infer the correct referent. Based on those results derived from more naturalistic stimuli,22

the cross-situational learning solution cannot be useful to solve the mapping problem in the23

real world because cross-situational statistics from the real world are much more24

ambiguous than those created in experimental studies. To examine the feasibility of25

cross-situational learning in everyday contexts, the present study aims to quantify26

visual-audio statistics from one of everyday activities – parent-child toy play. We analyze27

parent naming events in a video corpus of infant-perspective scenes during parent-child toy28

play in a naturalistic lab setting, where we found three distinct properties that characterize29

statistical regularities perceived by young learners: 1) there are a limited number of visual30

scene compositions perceived by young learners at the moments when they hear object31

names; 2) the frequencies of parent naming events are distributed in a skewed, Zipfian32

fashion; and 3) cross-situational statistics in naturalistic toy play are comparable to those33

used in laboratory experiments. Our results underscore the importance of quantifying the34

statistical regularities in the input from the learner’s perspective in order to shed light on35

the mechanisms supporting early word learning.36

Keywords: cross-situational word learning, naturalistic corpus study37

Word count: 575338
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Cross-Situational Statistics Present in an Early Language Learning Context:39

Evidence from Naturalistic Parent-Child Interactions40

1 Introduction41

One of the key challenges in word learning is that of mapping1 words to their42

referents in the world. In an everyday scenario, like a child and parent playing with toys,43

when a parent produces an object label that is new to the child, the correct label-object44

mapping is not necessarily clear from the child’s point of view. Many possible objects,45

parts of objects, events, or states could constitute what the parent is referring to (see Fig.46

1A). Quine (1960) referred to this as the problem of referential uncertainty. Nonetheless,47

human learners, and even infants, are able to solve this problem and eventually learn48

correct word-referent mappings from this ambiguous input.49

Examining how human learners resolve this referential uncertainty has been a focus50

in the literature on early word learning. Some proposed solutions rely on the ways that51

ambiguity is reduced within a single naming event2. Multiple sources of information can be52

brought to bear on a particular naming event to constrain the space of candidate referents53

in consideration. For instance, a set of cognitive biases, such as whole object bias, mutual54

exclusivity, taxonomy, and noun bias (Bloom et al., 1993; Markman, 1989) appear to help55

infants pick out the most likely referent in their environment. These biases are often56

thought to be learned through experience (Jara-Ettinger et al., 2022; Smith et al., 2002).57

Additionally, infants can infer the referential intent of the speaker in order to interpret a58

novel reference correctly (Baldwin et al., 1996; Bohn & Frank, 2019). For example, infants59

were more likely to learn a new label-object mapping when they observed an adult60

1 Not to be confused with mapping as in ‘fast-mapping’ from Trueswell et al. (2013), which will be

discussed later.

2 Within the scope of this paper, we will use ‘naming event’ to refer to an instance when a parent uses a

specific word/label to refer to an object, either on its own (i.e., ‘Car !’) or within an utterance (‘Let’s move

the car over.’). We base this terminology on studies such as Smith and Yu (2008) and Yu et al. (2021)
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producing the label while concurrently looking at the object, as opposed to only hearing61

the label coming from an audio speaker. Object properties might also play a role in the62

learning of word-object mappings, as the perceptual salience of objects has been shown to63

play a role in word learning (Pruden et al., 2006).64

"Dax" "Dax"

...
"Dax"

Situation 1 Situation 1 Situation 2

B.A.

Figure 1

A) Referential ambiguity is often present within a single instance naming. In this example,

there is not enough information to disambiguate what “dax” refers to. B) Given multiple

exposures to learning instances in various situations, if the learner tracks the co-occurrences

across each situation, they would be able to narrow down the potential referents for “dax”.

Another line of work has investigated how learners reduce referential uncertainty by65

aggregating information over longer timescales through domain-general statistical learning66

mechanisms (Plunkett, 1997). Recent computational models for early language learning67

suggest that this type of statistical learning mechanism might underlie early word learning68

for nouns, whereas the cognitive biases or pragmatic factors mentioned previously would69

help to extend learning to different word classes and broader linguistic contexts (Meylan &70

Bergelson, 2022). In particular, one such mechanism for word learning is known as71

cross-situational learning (CSL, e.g., Fitneva & Christiansen, 2011, 2017; Smith & Yu,72

2008; Trueswell et al., 2013; Yu & Smith, 2012). The logic of CSL is as follows: an infant73

learner encounters a to-be-learned label many times in everyday learning situations, and74

across those situations, the label co-occurs with the intended referent more than with other75

potential referents; if the infant learner tracks the co-occurrence statistics among the label76
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and candidate referents in each situation (i.e., what objects are in view during the naming77

event), regardless of the environment or the identity of the objects, then the correct78

label-referent pair should have the strongest aggregate statistical association relative to all79

the other pairings (see Fig. 1B).80

To test this CSL idea, an experimental paradigm has been developed in the lab in81

which participants are presented with a set of ambiguous naming events – multiple82

auditory labels paired with multi-object visual displays – and asked to figure out which83

picture corresponds to each of novel words (e.g., “dax”, see Figure 2A). During training,84

participants hear novel words/labels played in a random order, while they view a visual85

scene containing multiple visual objects in a random configuration (i.e., the temporal order86

of labels doesn’t match the spatial layout of objects). Throughout the experiment, the87

correct label-object co-occurrences are consistent and frequent, such that whenever an88

object is on the screen, the label is always played (but other labels are also played).89

Though, within a given naming event, the mapping between label and referent is90

ambiguous (i.e., all mappings are equally likely), across naming events, the association91

between the label and correct referent is stronger than all other associations for that label.92

The cross-situational co-occurrence statistics have been argued to offer a solution to early93

word learning.94

Empirical evidence from the CSL paradigm described above shows that adults,95

children, and even infants, succeed at learning correct label-object mappings at above96

chance levels across a variety of task configurations (e.g., differing numbers of objects per97

trial, repetitions, etc.; Fitneva & Christiansen, 2011; Smith & Yu, 2008; Yu & Smith,98

2007). Moreover, a range of computational models have been developed to simulate this99

kind of learning (Amatuni & Yu, 2020; Bambach et al., 2018; Bhat et al., 2022; Frank100

et al., 2009; Kachergis et al., 2017; Stevens et al., 2017; Vogt, 2012).101
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1.1 Word learning in the wild102

CSL assumes that infants are continuously tracking multiple word-referent103

associations between audio and visual stimuli, which, though trivial for a computational104

model, may be challenging for infants. In particular, it is unclear that the strong105

co-occurring regularities encoded in the well-controlled experimental paradigm are also106

evidenced in the real world outside of the lab.107

To test CSL in more naturalistic situations, Medina et al. (2011) used third-person108

videos of naming events extracted from parent-child social interaction. Participants were109

shown 40-second short vignettes where parents uttered target words to their infants. The110

videos were muted except for a beep or nonce word where the target word was uttered.111

With these muted videos, the information available to the participants is restricted to just112

when the target word is uttered and the accompanying visual information, allowing the113

participants to ‘simulate’ being an infant learner, who wouldn’t necessarily be able to114

utilize the surrounding linguistic context to guess the target word. Similar to the original115

cross-situational learning experiments, participants were asked to identify the correct116

referent of each word after training. Participants in this “Human Simulation Paradigm”117

(HSP) task performed poorly: learning accuracy was below 33% for 90% of the vignettes118

shown. Medina et al. concluded that there is not enough structured information in the real119

world to support CSL as a useful mechanism for word learning. Instead, infants in the real120

world have to rely on “fast mapping” of labels to referents (Trueswell et al., 2013), learning121

a particular mapping from a single naming event, buttressed by innate biases or pragmatics122

(e.g., Frank et al., 2009), and then potentially revising that mapping if it conflicts with123

downstream input.124

In most CSL experiments, learners perceive two to four objects simultaneously and125

hear the corresponding words played sequentially. The results based on HSP suggested126

that the degrees of uncertainty in those experiments are much lower than those127

encountered by young learners in the real world. However, the HSP results used to support128
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this argument are from adult judgments of child video to estimate the degrees of referential129

uncertainty that young children encounter in early world learning. While the HSP130

approach is useful as a way to estimate child learning environments, it is an indirect way to131

assess referential uncertainty in the real world. Several recent studies reveal statistical132

regularities in the real world differ from the results based on HSP and also from those133

encoded in previous CSL experiments. On the visual side, studies using head-mounted134

cameras and head-mounted eye trackers show that the infant’s view is selective, with the135

named object more likely to be in the center of the first-person view or generally more136

salient, making the referent of a novel label less uncertain (Yu et al., 2021; Yurovsky et al.,137

2013). This is different from the CSL experiments wherein candidate objects to a target138

word have an equal size. In contrast, children and caregivers in the real world typically139

interact with the objects and bring objects of interest close in view (see Fig. 2B). The140

manual actions on objects often create a non-uniform distribution of object sizes in view,141

with the held objects larger than others. Thus, the child’s view is more structured and less142

ambiguous than previously thought.143

On the language side, recent analyses of child-directed speech also show that144

children do not hear large numbers of novel words with equal frequency and at a fixed145

interval. Studies using natural language corpora have found that a small number of146

high-frequency words account for a large portion of tokens in text and speech (Piantadosi,147

2014; G. K. Zipf, 1949; G. Zipf, 1935). This “Zipfian” distribution is characterized by a148

power law relationship between the log of word frequency and the log of the word rank.149

Recent CSL studies indicate that adults and children learn more quickly when exposed to150

Zipfian label-object frequency distributions relative to the uniform distributions that151

characterized earlier studies (Hendrickson & Perfors, 2019; Lavi-Rotbain & Arnon, 2022;152

Wolters et al., 2024).153

In summary, there are contradicting views about real-world learning and the154

lab-based CSL experiment. According to one view, the real world is highly ambiguous, in155
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that the visual learning input is messy. In contrast, another view sees the real world as156

containing more structured learning input, whether through the (restricted) views157

generated by the child’s interactions with objects or through the distributional structure of158

the language input. It remains an open question how the statistical regularities of the real159

world compare to the lab-based CSL experiments.160

1.2 The present research161

To address contradicting views on statistical regularities for cross-situational162

learning, we propose a direct way to measure referential uncertainty from child egocentric163

video. The goals of the present study are to analyze (semi-)naturalistic naming events and164

object presentation from child-perspective scenes3 embedded in toy-play contexts to165

determine: 1) the scene composition from the child’s perspective, 2) distributional166

properties of these naming events, and 3) whether the cross-situational learning statistics167

were present in their learning input. We will only be analyzing noun naming events, when168

a parent uses a specific label to refer to an object, which could be either an explicit naming169

event (i.e., ‘Car !’) or embedded within an utterance (i.e., ‘Can you move the car over170

here?’). In our analyses, we would be treating both types as naming events for car.171

We chose toy play because it is one of everyday activities through which young172

children learn object-word mappings. In the present study, we first quantify the visual173

properties of the infant-perceived scenes that correspond to naming events. We then174

characterize the distributional properties of the learning input (i.e., parent naming, object175

appearance frequency). Lastly, we quantify the co-occurrence statistics present in this176

learning context and compare different ways to aggregate statistical information to build177

object-word mappings. If experimental tasks and assumptions about early word learning178

violate the properties of the audio-visual context of infant learning experiences in the real179

world and artificially increase statistical regularities in lab learning tasks, then the CSL180

mechanism, in its current form, may not be sufficient to explain how infants learn181

3 ‘Scene’ refers to the visual input that is paired with a naming event.
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word-referent mappings in the real world. On the other hand, if there is sufficient structure182

in the child’s first-person input to extract strong object-word associations, such results183

would lend further support to a CSL-based mechanism underlying early word learning.184

2 Methods185

2.1 Data collection186

The data used in the present study were previously collected from free-flowing187

parent-child dyadic toy play sessions. Children (n = 36, age = 15 − 25 months old) were188

recruited from the local community in Monroe County, Indiana (see Yu et al., 2021 for189

more details). Each session lasted an average of 8.11 minutes (range 0.95 − 16.17 min),190

with 291.79 minutes of video data in total. Figure 3-left shows a third-person view of the191

study setup. At the beginning of the study, the 24 toys were randomly spread on the floor.192

The parents were asked to play as they would at home and to keep their child engaged193

with those toys. The same set of 24 toys was used for all parent-child dyads. During the194

play session, the parent and child each wore a head-mounted eye-tracker with a front-facing195

camera capturing what was in their field of view (sampling rate of 30Hz for both). An196

example of the child’s view can be seen in Figure 3-right.197

2.2 Data annotation198

The YOLO object detection model (Redmon & Farhadi, 2018) was used to process199

child-perspective scenes to detect the presence of toy objects in the scenes. This automatic200

data annotation is accomplished by re-training the pre-trained YOLO model with a set of201

object instances of the 24 toys. Coders hand-annotated over 50,000 bounding boxes in202

total by hand (roughly 2000 instances per toy) for this re-training. After re-training, the203

algorithm automatically detected toy objects in view (with a post-training accuracy of204

87%4), providing the sizes and locations of up to twenty-four coordinate sets per frame (x,205

4 The YOLO model performed well with the limited amount of re-training data. Alternative models like

Mask R-CNN (He et al., 2017) could reach higher accuracy with the added benefit of fine-grained object

masks, but would require much more hand-annotated re-training data.



NATURALISTIC EVIDENCE OF CROSS-SITUATIONAL LEARNING 10

y, x-length, y-length) that can be used to draw “bounding boxes” around all of the visible206

toys5.207

Parent speech was manually annotated at the utterance level using Audacity. There208

was no minimum utterance length for annotation, but utterances less than 400 ms apart209

were collapsed into a single utterance. In the present study, we focused on the utterances210

of parent speech containing object names. The object detection data and parent naming211

utterances were all synchronized, which allowed us to measure the composition of212

child-perspective scenes at the moments of parent speech. The current study includes data213

from 106,200 frames of egocentric videos, corresponding to 1,475 parent naming events. For214

each naming event, object detection data was extracted and averaged within a 3s window215

starting at the onset of a given naming event. This temporal window is chosen to include216

both the utterance itself (roughly 1 to 1.5 seconds) and also a brief period of time after the217

naming event. The scripts can be found at the following OSF repository:218

https://osf.io/bd2cs/?view_only=0d5088ae31054daab14a11f8df983d80219

3 Results220

3.1 Visual properties of child-perspective scenes at naming moments221

To quantify the visual scene composition during naming events, YOLO object222

detection was used to generate bounding boxes for the toys in each frame. These bounding223

boxes consist of x-y coordinates with length and width in pixels, such that they indicate224

the area occupied by the toy in the child’s view, based on the head-mounted camera. The225

object size data was averaged over the 3s window of data extraction. During naming226

events, there were an average of 17.05 toys in view (SD = 4.08, range 1 − 24). However,227

when we filtered the data to only include toys in the foreground (toy size > 5% of image),228

there was an average of 4.38 toys in view (SD = 2.29, range 0 − 14).229

5 These bounding boxes capture the absolute size of the objects in the child’s field of view. The relative

object size could be an alternative method, which could be useful for addressing environments where the

objects of interest have a large range of sizes.

https://osf.io/bd2cs/?view_only=0d5088ae31054daab14a11f8df983d80
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Figure 4 shows the overall distribution of the sizes of visible toys in a naming event,230

when sorted by size. Only a few toys occupy a relatively large portion of the child’s field of231

view. The largest toy for a given scene, on average, occupies 15.11% of the child’s field of232

view (range 0.45% − 67.03%), and the second largest toy occupies 9.85% on average (range233

0% − 52.98%), while the sixth largest toy only occupies 4.38% on average (range234

0% − 12.12%).235

We then used mean shift clustering to identify groups of similar scenes in the data236

(Comaniciu & Meer, 2002). Here, scenes were represented as a vector of the top six6 largest237

toy sizes. For example, the scene in Fig. 5 would be coded as238

[0.20, 0.06, 0.05, 0.04, 0.03, 0.02], while a scene with only one toy in view would be239

[0.25, 0, 0, 0, 0, 0]. These 6-object scene vectors on average cover 63.6% of the child’s field of240

view (range 35% − 100%; SD = 12.6%). There were a total of 23 clusters identified. Five241

clusters comprised greater than 30 scenes (range 1194 − 31). The remaining 18 clusters242

comprised 5 or fewer scenes. We chose to focus on the clusters that had more than 30 data243

points, as the remaining clusters represent largely idiosyncratic scenes. For these 5 clusters,244

Fig. 6 shows the centroid of each cluster along with an example scene to illustrate the245

visual composition of the scenes.246

Cluster 1 is the most frequent (n = 1194 scenes) and represents scenes in which247

several toys are approximately equally sized, and none takes up more than 12% of the248

child’s visual field. Cluster 2 (n = 51) represents scenes in which one object takes up a249

large proportion of the visual field (near 40%) with several other toys in the background250

(< 10% of view). Cluster 3 (n = 38) represents scenes in which two toys take up a large251

proportion of the visual field, with another medium-sized object and the rest in the252

6 This number was chosen to capture the general trends in toy sizes per scene. If there were too many toys

included in the scene vectors, then the trends might be too specific or unable to generalize. If there were

too few, then it wouldn’t be able to capture the variation in number of toys per scene. Six was chosen to

balance the two extremes.
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background. Cluster 4 is the second most common (n = 55) and represents scenes in which253

there is more variability in the sizes of toys in the child’s view, most of which are of254

medium size. Finally, cluster 5 (n = 31) represents naming instances with a large, single255

toy in the child’s visual field.256

In summary, the majority of child-perspective scenes show a skewed distribution of257

toy sizes with only a few toys occupy a sizable portion of view. Moreover, the clustering258

results identified five common scene compositions of child-perspective scenes at naming259

moments. Those common scene compositions vary in the number of toys that are large in260

view and the total number of visible toys in the background.261

3.2 Distributional properties of parent naming262

We measured and tracked naming frequencies across the toys and parent-child263

dyads. There were 40.97 naming events on average per parent-child dyad (range 7 − 111),264

with a mean of 3.09 naming events for each toy (range 1 − 19) per parent. However, across265

parents, we see variation in the most frequently named toy. For example, the helmet was266

the most frequently named toy for one parent, whereas the rose was the most frequently267

named for another parent (see Fig. 7).268

As seen in Fig. 7, naming frequency has a right-skewed distribution for all parents.269

Individually, each parent also has a right-skewed distribution, but the toy identities vary270

for each rank (i.e., one parent named ‘helmet’ the most, whereas another named ‘rose’ the271

most). For the following analyses of naming distributions, we calculated the average272

frequency for each rank, regardless of the toy identity. Based on a chi-square test273

comparing naming frequency (averaging across all parents) to a uniform distribution, the274

naming frequency distribution was sufficiently different from a uniform distribution275

(X2(361, N = 22) = 418, p < 0.05).276

Figure 8 shows the overall naming distribution plotted on a log-log scale, where the277

x-axis is the log of the rank and the y-axis is the log of the frequency. To examine how the278

naming frequencies were distributed in this naturalistic corpus, we followed the analyses of279
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Zipfian distributions in child-directed speech from Lavi-Rotbain and Arnon (2023).280

Namely, we fit the equation f(r) ∝ 1
(r+β)α to the parent naming frequency distribution to281

estimate the parameters of the distribution. In the equation, toy rank in the distribution is282

denoted by r and frequency of the corresponding rank is f(r). For the parameters that are283

estimated, α is the exponent of the power law and β is the correction. As with284

Lavi-Rotbain and Arnon (2023), we did not use the binomial distribution split method285

mentioned in Piantadosi (2014) due to our corpus’ greatly reduced size. We used the286

maximum likelihood estimator to estimate the α and β parameters for our distribution,287

using the code implementation from Lavi-Rotbain and Arnon (2023). Lastly, to evaluate288

the model fit, we calculated the Pearson correlation between the original frequency289

distribution in the dataset and the predicted frequency distribution, using the fit290

parameters.291

Even with such a limited frequency distribution (maximum of 22 named toys per292

parent), we were able to find parameter estimates that had a high correlation with the293

original frequency distribution (R = 0.987). While the α and β parameters are quite large294

(37.15 and 196.9 respectively), they are comparable to values estimated from child-directed295

speech corpora in Lavi-Rotbain and Arnon (2023), suggesting that the distribution is296

indeed Zipfian.297

3.3 Cross-situational Statistics298

Building object-name mappings in everyday contexts, like toy play, requires linking299

heard names with seen objects. Here we quantified cross-situational statistics by measuring300

word-object co-occurrences across multiple naming events. To do so, we created association301

matrices that accumulated co-occurrence frequencies of parent naming events with visual302

objects present in the child’s field of view. To capture different ways to cross-situational303

statistics that may be accumulated over time, we developed three different ways to build304

association matrices: 1) basic object-name co-occurrence frequencies, 2) co-occurrence305

frequencies only for objects exceeding a certain size threshold (area > 2%), and 3)306
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co-occurrences weighted by the object’s size in the field of view. For the basic object-name307

co-occurrence matrix (1), we computed the aggregate label-object co-occurrences across308

subjects for each label and toy pairing. For the threshold version (2), we only computed309

the co-occurrences if the visual objects exceeded the threshold. For the weighted version310

(3), the co-occurrences were weighted by the object’s size in the child’s field of view. In311

other words, instead of adding 1 for every co-occurrence (as in the basic version), the312

increment was multiplied by the object size (i.e., increment = 1 ∗ 0.02 = 0.02). Then, all313

the matrices were normalized by naming frequency to focus on the proportional difference314

in naming frequency. Fig. 9 shows an example schematic of how these were calculated.315

3.3.1 Overall Statistics from all naming events316

Figure 10 shows the three versions of association matrices. The diagonal values of317

these association matrices correspond to the correct word-object mappings, while the318

off-diagonal values correspond to spurious incorrect mappings. For the version of basic319

co-occurrences (Fig. 10A), the diagonal elements are more strongly associated than the320

off-diagonal co-occurrences. When the object size threshold (area > 2%) is applied to the321

co-occurrences (Fig. 10B), this seems to strengthen the associations on the diagonal,322

consistent with the fact that parents tend to name the larger objects in view (ρ = 0.419).323

When the co-occurrences are weighted by the object size (Fig. 10C), this reduces the324

overall associative strength for the majority of the object-name mappings, however, the325

correct label-object mapping remains the strongest for a few objects. To quantify the above326

observation, we calculated the average associative strengths, as seen in Figure 11. On327

average, the correct statistics were stronger than the spurious co-occurrences. Based on a328

paired t-test, the mean of the correct object-name co-occurrences was statistically higher329

than the spurious co-occurrences (p < 0.05) across all three versions. Moreover, we also330

trained a binomial logistic regression to test if the associative strengths predict whether a331

label-object pairing is correct (on a per-item, per-subject level). We found that the332

associative strengths, in each of the the three versions, predict the correct label-object333
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pairing (Basic: b = 5.19, SE = 1.28, p < 0.005; Threshold: b = 8.96, SE = 1.34, p < 0.005;334

Weighted: b = 280.5, SE = 13.8, p < 0.005).335

Overall, the weighted version seems to be the most effective way to build strong336

associations between seen objects and heard words. Thus, when hearing an object name, if337

a child learner pays attention to candidate objects relative to their size (i.e., larger in338

view), then the aggregated cross-situational statistics offer the best data for learning,339

compared with the versions of considering all visual objects equally, and the version of340

ignoring objects below a certain threshold.341

In summary, with different ways to aggregate object-name co-occurrences across342

multiple naming events, cross-situational statistics are consistently present in the learning343

input, evidenced by stronger correct object-name associations over incorrect associations.344

3.4 Cross-situational statistics within different visual scenes345

In the above sections, the scene clustering analysis identified distinct scene346

compositions at naming moments. Given that two of the three versions of calculating347

cross-situational statistics are based on individual object sizes in view (i.e., thresholding348

and weighting by object size), the version that worked best at the aggregate level might349

not necessarily transfer to the different scene compositions. Accordingly, here we calculated350

cross-situational statistics in different types of visual scenes. Some of the common scene351

compositions may contain stronger cross-situational statistics than others. Alternatively,352

cross-situational statistics may be similar across different scenes.353

We generated co-occurrence matrices for each of the cluster data subsets and then354

calculated the average associative strengths for correct and incorrect object-name355

mappings. Figure 12 shows the cross-situational statistics (average associative strength,356

etc.) in each of the clusters with the three versions of aggregation. We repeated the logistic357

model analysis to see if the associative strength predicts whether an object-name mapping358

is correct. Namely, we trained fifteen logistic regression models to predict whether a359

label-object mapping was correct based on a given associative strength for each aggregation360
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type and cluster subset. We found that for the main scene type, the correct object-name361

mappings are stronger than the spurious co-occurrences in all of the three versions362

(p < 0.005). For the rest of the less-frequent scene clusters, only the weighed version creates363

stronger association strengths of correct object-name mappings than those of incorrect364

mappings (p < 0.005) while the frequency and threshold versions could not distinguish365

between correct and incorrect mappings (p > 0.05). Table 1 shows the model results.366

This is most likely due to the skewed object size distributions in the smaller scene367

clusters. Thus, when a visual scene in a naming event is composed of a small of objects368

with a similar size, any of the three ways to aggregate cross-situational statistics would369

lead to successful learning. However, when a visual scene is composed of a dominant object370

among others, the learning mechanism that aggregates co-occurrence statistics with a bias371

towards larger objects is the only one that would lead to successful learning.372

Table 1

Estimates from each logistic model for predicting the correctness of mapping (T/F) based

on associative strength values, for each calculation type and cluster.

Basic Threshold Weighted by size

Cluster β SE P-value β SE P-value β SE P-value

1 4.68 1.50 1.75e-3 8.32 1.56 9.12e-8 351.8 18.4 2.33e-81

2 28.2 20.7 0.17 30.4 20.3 0.13 664.6 89.9 1.46e-13

3 8.10 31.5 0.80 2.70 32.1 0.99 589.3 84.7 3.47e-12

4 -5.98 26.2 0.82 -7.27 27.1 0.79 578.3 91.7 2.85e-10

5 13.1 35.8 0.71 19.2 36.5 0.60 1143.9 155.0 1.62e-13

4 Discussion373

In the current study, we quantified the statistical regularities of parent naming in374

naturalistic toy play data in three ways: 1) visual properties: we demonstrated that the375
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majority of naming events are accompanied by visual scenes composed of a small handful376

of similar-size toys; 2) parent naming: we observed that parent naming events appear to be377

distributed in a Zipfian fashion within each parent-child dyad (i.e., some toy names are378

produced much more frequently than others); 3) cross-situational statistics: we found that,379

across multiple methods of aggregating co-occurrences of visual data and naming events,380

cross-situational statistics can discriminate between correct and incorrect word-referent381

mappings. These findings serve as first steps to connect laboratory cross-situational382

experiments with the learning input in the real world and provide new evidence to support383

cross-situational learning as a learning mechanism that underlies early word learning.384

Our clustering analysis identified five common scene compositions, which the most385

frequent cluster likely corresponds to general play when the child is looking around and not386

directly manipulating objects, whereas the other clusters likely correspond to when the387

child is directly manipulating a specific toy (or two). These five are not exhaustive of all388

possible types of scene compositions, but they generally capture potential toy-play scenes,389

such as a scene where one object takes up a majority of the child’s view with others in the390

background.391

4.1 Comparison to lab experiments392

In most cross-situational learning experiments, the visual scenes displayed on a393

computer screen are composed of a small number of visual objects that are equal in size394

and clearly separated in space (2-4 objects per training trial). The naming and appearance395

of toys were linked, since label-object co-occurrences were guaranteed, and both had396

uniform frequency distributions. Most importantly, the correct label-object co-occurrences397

had the highest associative strength, such that statistical learners could identify the correct398

mapping based on the highest associative strength.399

In this naturalistic toy-play dataset, we found that the toy sizes had a right-skewed400

Zipfian distribution and there were a variety of scene compositions (i.e., overall401

organization, number of toys in view). The most common scene consisted of multiple toys402
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taking up similar proportions of the child’s view, whereas the other common scene403

compositions usually had one or two toys taking up the majority of their view.404

Unlike in many previous CSL experiments, in the current dataset, object names405

were not uniformly distributed. Rather, a small number of toys were named much more406

frequently than others for many of the parent-child dyads, in a Zipfian manner. There are407

some caveats about the Zipfian nature of the naming distribution: we focused only on one408

part-of-speech (nouns) during naming events, and the number of tokens was greatly limited409

compared to a typical corpus of adult or child-directed speech (e.g., Lavi-Rotbain & Arnon,410

2023; Piantadosi, 2014). Parents had a relatively restricted vocabulary in the task (i.e.,411

they were given specific, singular names for each of the 24 toys). Even with such a limited412

corpus, we were able to fit the Zipfian equation to our data. The α parameter is higher for413

more skewed distributions, which suggests that our limited distribution is extremely414

skewed, with the most named toy being named much more frequently than the415

second-most named toy. The β parameter is much more variable across corpora416

(Lavi-Rotbain & Arnon, 2023), but both of our parameter estimates (α = 37.15; β = 196.9)417

were within the range of other analyses (0.9 < α < 130; −0.5 < β < 477). It appears that,418

even over the course of a relatively short parent-child interaction with a restricted419

vocabulary, the language input is structured in a way that benefits learning.420

Most importantly, as in lab CSL experiments, we found that there was a421

cross-situational learning signal present in the label-object co-occurrences of these422

naturalistic parent-child interactions, and that the correct associations were stronger than423

the incorrect, spurious co-occurrences. However, the strength of the signal depends on the424

visuo-spatial properties of the scene: for scenes with multiple objects of a similar size, the425

CSL signal was present no matter how associations were computed. For the scenes with426

skewed object size distributions, the CSL was only present when the associations were427

weighted by object size. This suggests that, when learners are in an environment where428

they hear a novel label and are faced with objects of different sizes, it is advantageous for429



NATURALISTIC EVIDENCE OF CROSS-SITUATIONAL LEARNING 19

their word learning if they infer that the label is more likely to refer to the larger objects430

than the smaller ones. Whether children do in fact adopt such a bias is an open question.431

While some aspects of the distributional patterns in these naturalistic parent-child432

interactions differed from those in the lab experiments, the presence of the cross-situational433

learning signal gives credence to CSL as a viable mechanism for word learning. Previous434

studies have demonstrated that Zipfian distributions in language learning input aid in435

learning (Lavi-Rotbain & Arnon, 2022; Wolters et al., 2024), but whether learning in CSL436

studies could be improved by adapting the exposure to more closely match properties of437

the child’s real-world experience (e.g., scene compositions where candidate referents are not438

all equally-sized and targets are more likely to be relatively big) is an open question.439

Moreover, toy play is just one potential context for early language learning. Toy440

play generally happens between a caretaker-child dyad, but it could also occur alone or441

with other children who are also in the process of acquiring language, and therefore might442

not intrinsically provide ‘useful’ statistical regularities. Toy play itself might be more443

common in western industrialized cultures where a caretaker is frequently present and able444

to engage in play with the children (Henrich et al., 2010). Other contexts may contain445

different statistical regularities; storybook reading often has more naming events from the446

parents (i.e., Zhang & Yu, 2022) and has more structured interactions.447

4.2 Cross-situational learning “in the wild”448

Using the Human Simulation Paradigm, which uses scenes from real-world naming449

events, Medina et al. argued that CSL may not be a viable mechanism for word learning in450

naturalistic environments. However, the visual properties of the child’s field of view differ451

from those of other views (e.g. 3rd-person views as in HSP vs unique 1st-person views452

generated by children; Bambach et al., 2018; Suarez-Rivera et al., 2022; Yu & Smith,453

2012). Therefore, the current data set investigates CSL using child view recordings in a454

(semi-)naturalistic play environment. The lab area was decorated to be similar to a home,455

with carpets, furniture, and stuffed animals. Parents and caretakers were instructed to play456
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similarly to how they would at home and allow the child to roam freely around the play457

area. It is possible that the different setting and recording equipment could influence how458

the dyads play, but this would be similar to them playing in a new environment for the459

first time; for example, the dyad might go to a new public library to play, which wouldn’t460

necessarily reflect their home environment, but many aspects of their toy play and the461

caretaker’s language usage statistics should remain consistent.462

Yet, since the current study was conducted in a consistent lab environment, it463

affords the ability to record much more information than would be available at the464

participants’ actual homes through the use of multiple room cams, head cams, and465

eye-trackers, and the ability to aggregate data across dyads. While certain aspects of the466

child’s everyday play context cannot be wholly replicated (i.e., it is not their home) and467

the presence of recording equipment may impact their behavior in some way, these data468

balance ecological validity with dense, high-quality, multi-modal measurements which469

uniquely afford the type of analysis presented here. To the extent that the current data set470

captures naturalistic parent-child interactions, these results indicate that CSL may support471

word learning “in the wild.”472

4.3 Extensions of the current analysis473

To better understand the robustness and generalizability of the patterns observed474

here, these analyses should be extended to similar datasets collected from other475

environments, during other kinds of interactions (e.g., reading). The relationship between476

the timing of parent naming events and the spatial properties of the visual input, as well as477

whether/how parent naming is linked causally to child attention, also remains unclear.478

Based on the current data, we cannot conclude whether it is the parent or the child leading479

the interaction to generate these regularities. For instance, it may be the case that the480

parent chooses to name the object which they think appears largest to the child in that481

moment. In contrast, parents may be more focused on what is in their own field of view482

and the naming instance may draw the child’s attention to particular objects. Future483
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analyses could integrate the parent’s view and explore the relationship between the spatial484

and temporal regularities.485

Our analysis also did not distinguish between the different types of naming events,486

whether the noun was embedded within an utterance (without clear pragmatic labeling487

intent; i.e., ‘Let’s move the car over.’) or as a labeling event with pragmatic purpose (i.e.,488

‘This is a car ’ or just ‘Car.’). This is not an exhaustive list of the types of naming events,489

but future studies could analyze the different types of naming events and explore how they490

could be differentially useful for learning. Related to the point above about the parent’s491

view, the naming events with pragmatic purpose for labeling might potentially have492

different co-occurrence statistics or visuo-spatial properties than regular utterances (lacking493

the pragmatic labeling purpose).494

In our analysis of the cross-situational statistics generated by these toy play495

interactions, object size was shown to be a potential factor that could strengthen the496

correct mapping. Indeed, Pruden et al. (2006) found that perceptual salience to be an497

important factor for learning word-object mapping in infants. Other work has suggested498

that semantic features might play a larger role in attention than object salience (i.e.,499

Henderson et al., 2009, 2019), though it is unclear to what extent these findings would500

extend to infants who are in the process of learning language and semantic features. Future501

studies, therefore, could explore other visual features such as luminance, edge orientation,502

or color, in addition to object size (Wolfe & Horowitz, 2017), to see whether object salience503

predicts infant attention and if it is another signal that could improve the strength of the504

correct mapping in the cross-situational statistics.505

Lastly, when designing CSL experiments, the supporting regularities can be506

informed by this type of analysis, such that they incorporate more variations in the naming507

frequency and toy sizes or scene composition, similar to experiments that have used508

first-person videos as stimuli (Zhang et al., 2020) or those that use Zipfian distributions in509

the stimuli (Hendrickson & Perfors, 2019).510
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5 Conclusion511

In conclusion, we analyzed the statistical regularities of a parent-child toy play in a512

naturalistic lab setting and found that while the distributional properties slightly differ513

from those found in the lab-based cross-situational learning studies, there was a514

cross-situational learning signal present in the learning input that could be used to identify515

the correct label-object mapping. This findings support cross-situational learning, in that516

there is enough of a signal in a quasi-naturalistic environment for CSL to be a valid517

learning mechanism. Future studies can explore other learning environments to see if these518

transfer to other contexts.519
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"Dax" "Blicket" ...  "Blicket" ...

Experiment timeline

Situation 1 Situation 2A.

B.

Figure 2

A) Example diagram of CSL experiment. Each trial consists of a set of novel objects, with

the spoken labels presented in no particular order. Throughout the course of the experiment,

the participant is proposed to track which objects co-occur with the novel labels, such as

“blicket” in this example. B) Actual first-person views generated by a child during toy play.
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Figure 3

Third-person view of the experiment setup (left) and the child egocentric view (right),

showing the gaze cross-hair.
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Figure 4

Mean toy sizes during a given naming event, sorted by size ranks. Error bars represent 95%

confidence interval.
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Figure 5

Example of the object detection data extracted from the child’s first-person view footage

(right) and the corresponding scene vector derived from that scene (left), which includes the

relative toy sizes of the largest six toys.



NATURALISTIC EVIDENCE OF CROSS-SITUATIONAL LEARNING 27

1 2 3 4 5

2 4 6 2 4 6 2 4 6 2 4 6 2 4 6

0.0

0.1

0.2

0.3

0.4

Toy rank (within a scene)

M
ea

n 
ob

je
ct

 s
ize

(%
 o

f v
ie

w
)

Cluster 1 = 1194 / 2 = 51 / 3 = 38 / 4 = 55 / 5 = 31 scenes

Example scenes:

Figure 6

Five common scene compositions as identified using mean shift clustering. Each scene

composition is characterized by the top six largest toys ranked by size. Scene counts for

each cluster are in the bottom right. Example scenes from each of the scene clusters appear

above the respective graph.
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Figure 7

Frequency distribution of parent naming events, where each black line represents an

individual parent. The x-axis is sorted by the frequency rank (regardless of toy identity).

Frequency has been normalized for each parent, to correct for variation in overall naming

frequency. The most frequently named toy has been labeled for a few parents. The LOESS

fit has been added in red, highlighting the general trend across parents.
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Figure 8

Log-log transform plot for the naming frequency distribution (averaged across participants).

Blue represents the distribution from the original data, and red represents the Zipfian model

fit based on the parameter estimates from the data. The corresponding fit parameters and

Pearson-r correlation coefficient appear in the text box.
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Toy 5 3 8 + (1 x 0.06) … 0

… … … … …
Toy 24 4 2 + 0 … 19

Toy 1 Toy 2 … Toy 24

House co-occurs with:

…

Toy 2 Toy 5 Toy 6 Toy 8

Example scene

Figure 9

Schematic showing the different calculation types for creating the association matrices: 1)

basic label-object co-occurrence frequencies, 2) object size threshold, and 3) weighted by size

co-occurrence frequencies.
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Figure 10

Associative matrices generated from the label-object co-occurrences. The three versions

include A) normalized frequencies, B) co-occurrences for objects that surpass an object size

threshold of 2%, and C) co-occurrences weighted by object size. Toy appearance frequencies

are normalized by the naming frequency to reduce the confound of the uneven naming

frequency distribution. The values in each plot have been normalized to the same range.
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Figure 11

Comparison between the correct (diagonal) and spurious (off-diagonal) co-occurrences of

the associative matrices. The colored dots represent the associative strengths averaged

across the whole data set. Subject- and item-level means are in the background. Significance

of difference in means indicated at the bottom of each subplot.
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Figure 12

Average associative strength of correct and incorrect label object mappings across the

different clusters and calculation types. Error bars represent 95% confidence interval.

T-test significance reported below each pair.
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