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Abstract

Early in development, infants learn a range of useful concepts,
which can be challenging from a computational standpoint.
This early learning comes together with an initial understand-
ing of aspects of the meaning of concepts, e.g., their implica-
tions, causality, and using them to predict likely future events.
All this is accomplished in many cases with little or no su-
pervision, and from relatively few examples, compared with
current network models. In learning about objects and human-
object interactions, early acquired concepts are often used in
the process of learning additional, more complex concepts. In
the current work, we model how early-acquired concepts are
used in the learning of subsequent concepts, and compare the
results with standard deep network modeling. We focused in
particular on the use of the concepts of animacy and goal at-
tribution in learning to predict future events. We show that the
use of early concepts in the learning of new concepts leads to
better learning (higher accuracy) and more efficient learning
(requiring less data). We further show that this integration of
early and new concepts shapes the representation of the con-
cepts acquired by the model. The results show that when the
concepts were learned in a human-like manner, the emerging
representation was more useful, as measured in terms of gener-
alization to novel data and tasks. On a more general level, the
results suggest that there are likely to be basic differences in
the conceptual structures acquired by current network models
compared to human learning.
Keywords: Computational Modeling; Infant Learning; Artifi-
cial Intelligence; Social Cognition; Machine Learning

Introduction
Already in early development, infants learn a broad range
of useful concepts and visual tasks, which can be challeng-
ing from a computational standpoint. For example, in the
domains of objects and human-object interactions (on which
we focus), infants learn during the first year of life to recog-
nize hands, their configuration, and their interactions with ob-
jects (Woodward, 1998; Gergely, Bekkering, & Király, 2002;
Saxe, Tenenbaum, & Carey, 2005), a task where significant
and meaningful features can be non-salient and highly vari-
able and therefore difficult to learn.

Infants learn, in an unsupervised manner, to perform
figure-ground segmentation, which took years and a large ef-
fort to develop (Kirillov et al., 2023). In the domain of deal-
ing with other people, starting at 3-6 months of age, infants
learn to detect and follow another person’s gaze and establish
joint attention, on the basis of head orientation, and later, eye
direction (Scaife & Bruner, 1975; Flom, Lee, & Muir, 2017;
D’Entremont, Hains, & Muir, 1997). This task is difficult,
because ‘gaze’ is not a physical entity that appears explicitly

in the image, and cues for gaze direction can be subtle and
difficult to extract and use.

The learning of early concepts comes together with an
initial understanding of aspects of the concepts’ meaning,
in terms of their implications, causality, or use for predict-
ing likely future events. For example, in learning to iden-
tify hands, infants also learn that hands cause other objects
to move and change location (Saxe et al., 2005; Király, Jo-
vanovic, Prinz, Aschersleben, & Gergely, 2003). All this
learning is obtained in many cases with little or no supervi-
sion, and from relatively few examples, compared with cur-
rent models (Ullman, Dorfman, & Harari, 2019). In learning
about objects and human-object interactions, early learned
concepts are often used in acquiring additional related con-
cepts. For example, the relation of in front/behind appears to
be a prerequisite to the subsequent learning of containment
(Ullman et al., 2019). Learning to identify the direction of
gaze is used to predict future actions (Falck-Ytter, Gredebäck,
& Von Hofsten, 2006), and it later plays a role in the devel-
opment of communication and language (Tomasello, 2009).

In the current work, we model how early-acquired concepts
are used in the learning of subsequent concepts. In particular,
we focus on using the concepts of animacy and goal attribu-
tion in learning to predict future events. The main approach
is to compare the learning of new concepts in two similar
networks, where only one of the two uses a decomposition,
similar to what was shown in infant studies, of learning a vi-
sual task by learning a simple concept first and then using
it for learning the new task. For example, we compare the
representation of the concept ‘animate’ and how it is used
by the model, in the two different learning schemes: learn-
ing ‘animate’ first, and then using it to predict future behav-
ior, compared to combined learning of animacy together with
predicting future behavior.

We refer to the version that uses human-like decomposition
of concepts as the ‘cognitive’ model, and the standard, end-
to-end training as the ‘naive’ model. We compare the cogni-
tive and standard approaches along two main directions: one
is the performance of the trained models, and the other is a
comparison of what was learned and represented in the two
types of models. Briefly, in terms of model performance, the
results show that the use of early concepts in the learning of
new concepts leads to better learning (higher accuracy) and
more efficient learning (requiring less data). In terms of the
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learned concept representations, the results show that when
the concepts are learned in a human-like manner, the emerg-
ing representation is more useful, as measured in terms of
generalization to novel data and tasks. In the final discussion,
we examine the possible source of the differences (decom-
position and early concepts) and potential implications of the
findings to the training of artificial models.

The main contributions of this work are as follows:
• Our study is the first (as far as we know) to test the po-

tential computational advantage of a basic characteristic of
infants’ learning in terms of systematically using a range
of early-acquired concepts in the learning of subsequent,
more complex ones.

• We show that the infant-like learning model (in the sense
above) reaches better performance on a test task in terms
of accuracy as well as efficiency (size of the training set).

• We show evidence that the use of early-learned concepts
in the learning of more complex ones plays a role in shap-
ing the final representations produced during the learning
process.

Related Work
Infants’ Understanding of Animacy and Goal
Attribution
An early and influential contribution to understanding in-
fants’ goal encoding is Woodward’s work (Woodward, 1998),
which demonstrated that infants attribute goals to agents or
animate actors, but not to inanimate objects. This finding
has been validated and elaborated through other experiments
and variations (Woodward, 1999; Woodward & Sommerville,
2000; Biro, Verschoor, & Coenen, 2011). A study by Luo
and Baillargeon (Luo & Baillargeon, 2005) extended the un-
derstanding of goal attribution by showing that infants can
attribute goals to self-propelled objects. Further research il-
lustrated that infants can generalize goal attribution to novel
actions when provided with sufficient contextual cues (Király
et al., 2003). Infants also exhibit a significant understanding
of objects and their properties from an early age (Baillargeon,
1987; Spelke, Kestenbaum, Simons, & Wein, 1995; Hespos
& Baillargeon, 2001), expecting objects to follow physical
rules (Spelke, 2022; Lin, Stavans, & Baillargeon, 2022).

Related Computational Models of Infants’ Intuitive
Psychology
A recent study (Stojnić, Gandhi, Yasuda, Lake, & Dillon,
2023) investigated goal attribution in infants, both empiri-
cally and in models. The study found that infants anticipate
agents’ actions to be directed at objects rather than locations.
In contrast, AI models often target locations, highlighting the
need to integrate infants’ understanding into models to better
replicate human behavior. Li’s work (W. Li, Yasuda, Dillon,
& Lake, 2024) introduced additional tasks related to agents
and objects, along with a self-supervised model. This work
demonstrated limitations of current neural network models in
goal attribution tasks.

Several works (Bortoletto, Shi, & Bulling, 2024; Hein
& Diepold, 2023; Zhi-Xuan et al., 2022) have addressed
infant-like tasks, using the Baby Intuitions Benchmark (BIB)
(Gandhi, Stojnic, Lake, & Dillon, 2021), a dataset specifi-
cally designed for evaluating developmental tasks related to
agents. These studies employed various approaches, such
as transformer-based architectures and Bayesian models, to
tackle these tasks.

The main goal of the studies above was to develop models
that replicate infant behavior. In contrast, the current work fo-
cuses on the fundamental differences between human learn-
ing and standard AI models. Specifically, we focus on the
learning process itself: while infants demonstrate an early un-
derstanding of core concepts and progressively build on them,
most AI models rely on end-to-end training without explicit
decomposition of learned concepts. By exploring this differ-
ence, we aim to highlight how integrating infant-like learning
mechanisms could enhance the efficiency and generalization
of AI systems.

Method
In this section, we describe our approach to evaluating learn-
ing about goals and action prediction. Inspired by the empir-
ical methods of Woodward et al. (1998), we created a new
dataset to compare two models: cognitive and naive.

The Cognitive Model is akin to infant-like learning, where
early-acquired concepts are integrated into later learning
stages. In contrast, the Naive Model serves as a baseline, that
does not use such concepts decomposition. This comparison
allows us to explore and highlight the differences between
these two learning approaches.

Goal-Directed Dataset
We designed a dataset inspired by Woodward’s experiments
(Woodward, 1998), extending it to include tasks beyond those
studied in prior research. The dataset consists of sequences
of simple scenes (Figure 1), created using icons from ’flati-
con.com’. Each frame contains three entities: two inanimate
objects and an actor, which can be either animate (e.g., hands,
animals, people) or inanimate (e.g., books, flowers).

The primary task in most experiments was to predict the
future motion of the actor in the next step of the sequence
(which is unseen). For animate actors, the prediction is deter-
mined by goals—meaning they are expected to move toward
the same object they previously interacted with, even if its lo-
cation has changed. In contrast, for non-animate actors, the
prediction is determined by prior locations—meaning they
are expected to return to their prior location, regardless of
whether the object has changed. Figure 1 provides an exam-
ple of the first task. This dataset allows us to test the ability
of network models to predict goals and actions in scenes that
involve both animate and inanimate entities.

The Two Models
We compared two models to evaluate the different types of
learning. Both models follow the same two-step process:
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Figure 1: Input data for Experiment 1: The model receives a
sequence of three images and predicts the location (’left’ or
’right’) of the actor in the next unseen step of the sequence.
Top: animate actors; Bottom: inanimate actors. The person
follows the object, the suitcase goes to the previous location.

(Figure 2) First, frames are processed to create representa-
tions of the scene, encoding the class and location of entities.
Then, using these scene representations, the models predict
the future location of the actor (’left’ or ’right’).

The key difference between the models lies in their treat-
ment of conceptual information: the Cognitive Model incor-
porates additional concepts, e.g. distinguishing between an-
imate and inanimate actors, into its representation, whereas
the Naive Model relies solely on raw scene representations,
excluding such conceptual information. Below, we elaborate
on each of the steps in more detail.

First Step - Scene Representations The objective of the
first step is to create scene representations for the image se-
quences. To achieve this, we fine-tuned the BLIP model
(J. Li, Li, Xiong, & Hoi, 2022) to generate representations
for each frame, encoding the class and location of the three
entities (upper-left, upper-right, bottom). For example, the
representation for the first frame in the top row of Figure 1
would be: ’cake’, ’bag’, ’girl’. The meaning of the words
(e.g., ’cake’) is not used by the model. Instead, the words
only serve as placeholders to encode the entities’ identities.

In the cognitive model, the actor type (animate/inanimate)
is explicitly included during this step. For example, the cog-
nitive model’s representation for the previous scene would be:
’cake’, ’bag’, ’animate girl’.

Second Step - Prediction Generation The prediction task
is framed as a classification problem using the BERT model
(Devlin, 2018). The input to the model is the full sequence
representation of the frames, and the model’s output is a pre-
diction of the actor’s future location (’left’ or ’right’) in the
next step of the sequence. The results in the following sec-
tions correspond to the model’s accuracy in this prediction.

We used large models (BLIP, BERT) in our cognitive
model to reflect the complexity of the infant brain—infants,
too, are born with a sophisticated neural architecture. We
fine-tuned all layers in both models for our specific tasks. To
ensure that the models’ pre-trained linguistic knowledge did
not drive the observed effects, we also ran a version of the ex-

Figure 2: Two-step process of the cognitive and naive models:
First, scene representations are created, and then predictions
are made. Concepts specific only to the cognitive model are
in bold and purple.

periment using binary representations (e.g., 0/1 vectors) in-
stead of natural language and obtained similar results. Fur-
thermore, we confirmed that their prior knowledge did not
bias the results: the models’ initial performance on our tasks
was not significantly different from chance level.

Experiments
Experiment 1: Prediction
Experiment 1 used the three-frame paradigm shown in Fig-
ure 1, where the task was to predict the actor’s location (left
vs. right) following three frames. We compared how the cog-
nitive and naive models learned this task. The only differ-
ence between the models is the inclusion of the animate/non-
animate label in the cognitive model.

The primary question was how the two models compare in
learning the prediction task. Two important points regarding
this comparison are: 1. The naive model could theoretically
learn to distinguish between the two types of actors based
on the data it observes, as the actor type is consistently cor-
related with its behavior in both training and test scenarios.
2. Note that the addition, such as the labels ‘animate’ and
‘non-animate’, is provided in a ’bare’ form, without addi-
tional context about its implications or how it relates to the
model’s predictions. For the model, these labels are arbitrary
markers (just as e.g. ’goo’ vs. ’not goo’).

Data The models were trained using sequences of three
frames (Figure 1), featuring various combinations of icons,
with half of the sequences showing animate actors and half
showing non-animate actors. Two dataset sizes were used:
a small dataset (320 training examples and 80 test exam-
ples) and a large dataset (1280 training, 320 test examples).
The test data used the same actors as the training data but
introduced novel target objects to evaluate generalization.
Both the cognitive and naive networks were trained for 2000
epochs. Each experiment was repeated 15 times with ran-
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Figure 3: Experiment 1: Prediction Results. Average test
accuracy of the naive and cognitive networks for both the
small and large datasets, with the Standard Error of the Mean
(SEM) included.

domly generated sequences, and the results were averaged.

Results The averaged results of Experiment 1 for both
models are shown in Figure 3, comparing their performance
on the small and large datasets. Only the first 1000 epochs are
shown, as the results stabilized within this range. The cogni-
tive network achieved perfect accuracy after 100 epochs with
the smaller dataset and converged to perfect accuracy after 50
epochs with the larger dataset. In contrast, the naive network
achieved approximately 80% accuracy after 1000 epochs with
the smaller dataset and 87% accuracy with the larger dataset.

These results demonstrate that the cognitive network con-
sistently achieves higher accuracy (perfect performance) and
faster convergence, even with a small dataset.

Experiment 2: Generalization
Generalization to new tasks and domains is a crucial aspect
and a useful measure of intelligent behavior (Lake & Baroni,
2018; Chollet, 2019). In the previous experiment, the test
data used the same actors as in training but introduced new
target objects. Here, we extended this to assess the networks’
ability to generalize by evaluating their performance with en-
tirely new actors.

To address generalization, a 5-frame paradigm was intro-
duced (Figure 4). This paradigm first presents the actor’s be-
havior in the initial three frames and then introduces the same
actor with new target objects, requiring the model to pre-
dict the actor’s behavior in the next step. Unlike Experiment
1, this setup includes information about the actor’s behavior
within the data itself, theoretically enabling both networks to
predict behavior from a single example. As a result, it is well
suited for testing generalization to new actors.

Data The 5-frame paradigm incorporates the second and
third frames from Experiment 1 (Prediction task), along with
the frame that features the next step of the sequence, which
was not shown in Experiment 1. It extends this sequence
by adding two new frames presenting the same actor with
new target objects. The prediction task focuses on the actor’s

Figure 4: Input Data for Experiments 2 and 3: The five right-
most frames are used in Experiment 2, while the full seven
frames are used in Experiment 3.

behavior in relation to these new targets. The models were
trained using 5-frame sequences featuring various combina-
tions of icons, with half of the sequences containing animate
actors and the other half containing non-animate actors.

Two task types were generated: Task 1 (T1): A simpler
task where the test data use the same actors as in the training
data but introduce new target objects. Task 2 (T2): A more
challenging task because the test data include entirely new
actors and new target objects.

The networks were first trained on T1 and then further fine-
tuned under one of two conditions: T1-T1: The same simple
task (T1) with additional data. This condition served as a con-
trol to assess the effect of additional data without introducing
new challenges. T1-T2: The more challenging generalization
task (T2). Each task used 640 training examples and 160 test
examples. Both networks were trained for 1000 epochs. Each
experiment was repeated 15 times with randomly generated
sequences, and the results were averaged.

Results Figure 5 shows the performance of both models un-
der the following conditions: 1. Learning the initial task (T1).
2. Retraining on the same task with additional data (T1-T1).
3. Generalization to a new task (T1-T2). Only the first 300
epochs are shown, as there was no significant change after-
ward. The cognitive network outperformed the naive network
in both accuracy and learning speed across all tasks: T1-T1
Condition: The cognitive network achieved near-perfect ac-
curacy in the first run and 100% accuracy almost immediately
in the second run. The naive network stabilized at 56% accu-
racy in the first run and reached 75% accuracy in the second
run. T1-T2 Condition: For the challenging generalization
task, the cognitive network achieved perfect accuracy after
just a few epochs. The naive network, however, reached only
65% accuracy, performing worse than in the T1-T1 condition.

We conclude that in addition to a difference in final per-
formance, there is also a marked difference in the ability to
generalize to a somewhat different, more challenging task.

Experiment 3: Decomposition

We address the following question: How is the additional in-
formation provided to the cognitive model learned? In ear-
lier experiments, the actor’s type (animate/inanimate) was ex-
plicitly provided to the cognitive network. In the current ex-
periment, however, the same information is available to both
models. Inspired by evidence that self-propelled motion is
a strong indicator of animacy in infants (Luo & Baillargeon,
2005), the experiment introduced additional frames to enable
the learning of this concept.
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Figure 5: Experiment 2: Generalization Results. Average test
accuracy of the naive and cognitive networks on Task 1 (T1),
retraining on Task 1 (T1-T1), and retraining on Task 2 (T1-
T2), with SEM included.

The cognitive network emulates infant learning by first ac-
quiring simple concepts (e.g., animacy) and then integrating
this knowledge into downstream tasks. In contrast, the naive
network processes the entire dataset directly, without explic-
itly decomposing the task.

Data The experiment builds on the previous 5-frame
paradigm (Figure 4) by adding two additional frames at the
start of each sequence. These new frames depict the actor’s
movement: If the actor changes location between the first
and second frames, it is classified as self-propelled (indicat-
ing animacy). If no change in position is observed, the ac-
tor is classified as non-self-propelled (indicating inanimacy).
The models were trained using 7-frame sequences with vari-
ous icon combinations, half involving animate actors and half
non-animate.

For the cognitive model, training first focuses on learning
the concept of animacy (animate vs. inanimate), which is
associated with the actor and subsequently used in the five-
frame task. In contrast, the naive network receives all seven
frames concatenated and learns the prediction task directly,
without explicit concept decomposition.

The naive network was tested on the 7-frame paradigm
with progressively larger datasets, starting from 640 training
and 160 test examples, doubling in size at each step. The cog-
nitive network, in contrast, learned actor types using smaller
datasets of 320 training and 80 test examples. For the 5-frame
task, a dataset of 640 training and 160 test examples was used.
Each experiment was repeated 15 times with randomly gener-
ated sequences, and the results were averaged. Both networks
were trained for 300 epochs due to the larger datasets.

Results The cognitive network learned the first task of clas-
sifying the actor’s type within 20 epochs, achieving perfect
accuracy (Figure 6). For the subsequent task, the cognitive
network performs the 5-frame paradigm discussed earlier, so
the results for this stage are identical to those of the 5-frame
test. The performance of the naive network is shown in Figure
7, alongside the cognitive network’s results from the 5-frame

Figure 6: The cognitive network’s performance in the preced-
ing step, where it learned to distinguish between animate and
inanimate entities based on self-propulsion.

Figure 7: Experiment 3: Decomposition Results. Aver-
age test accuracy of the naive network trained with varying
dataset sizes, compared to the cognitive model’s performance
on the 5-frame test with medium dataset size, with SEM in-
cluded.

stage. For the smallest dataset, the naive network achieved
approximately 60% accuracy. When the dataset size was dou-
bled, its accuracy increased to 74%. With the largest dataset,
accuracy improved to 85%. In comparison, the cognitive net-
work achieved near-perfect accuracy on the same 5-frame test
even with the smallest dataset.

The results show that the decomposition of the task into
subtasks, performed by the cognitive network, leads to sub-
stantial improvement in performance.

Experiment 4: Goal Attribution
In this experiment, a related yet distinct concept, ’Goal,’ is
investigated. Similar to the idea of actor type, it is assumed,
based on the empirical literature, that infants can attribute
goals to animate entities, based on cues such as certain types
of contact or gaze direction (Woodward, 1998; Phillips, Well-
man, & Spelke, 2002). Similar to the ’animacy’ concept, the
concept of ’having a goal’ is provided to the cognitive model,
and the results are compared with a naive model that can infer
the goal, but is not directly provided with the concept.

Data The Goal Attribution task uses a one-frame paradigm,
where each frame depicts an actor with two target objects,
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similar to the first frame of the three-frame paradigm intro-
duced earlier. Unlike previous experiments, all actors in this
task are animate, as goal attribution applies only to animate
entities. Each training dataset includes 10 repetitions of an
actor appearing with the same goal object, but with varying
distractor objects across frames. The data demonstrates that
the actor has a global goal, consistently preferred over all dis-
tractors. During testing, the actors and their associated goals
remain the same as in training, but the distractors are new.

For the cognitive model, the goal is provided as part of the
actor’s representation (e.g.: ’girl with goal cake’), but its im-
plications are not specified and must be learned during train-
ing. In contrast, the naive model must infer the goal directly
from the data. The only difference between the models is the
inclusion of the goal representation in the cognitive model.
The training size was 320, and the testing size was 80. Both
models were also evaluated on their ability to generalize to
a more challenging task (T2), involving new actors and new
goals. The experiment ran for 1000 epochs, but only results
from the first 100 epochs are presented, as there was no sig-
nificant change beyond that point. Each experiment was re-
peated 15 times with randomly generated sequences, and the
results were averaged.

Results The results for the Goal Attribution task are shown
in Figure 8. The cognitive network achieved perfect accu-
racy after around 20 epochs on the first task (T1) and main-
tained perfect accuracy almost immediately in the general-
ization task (T2). The naive network, in contrast, reached
approximately 82% accuracy for both tasks after 100 epochs.
Although the learning rate was faster for T2 than T1, the ac-
curacy of the naive network did not improve significantly.

Generalization behavior is assessed by examining the tran-
sition from T1 to T2. In the cognitive model, there is full
transfer: after learning T1, the accuracy of T2 (dashed curve)
starts at the same level that T1 reached at the end of train-
ing. In contrast, the naive model shows limited transfer. The
accuracy of T2 begins at chance level, similar to T1, but ex-
hibits an accelerated learning rate, indicating partial transfer
of knowledge from the first task to the second. These results
demonstrate that the cognitive model learns faster, achieves
higher accuracy, and transfers knowledge seamlessly to the
generalization task (T2). In contrast, the naive model learns
less efficiently and struggles with knowledge transfer.

Discussion
The current study examined a basic characteristic of early
human learning, by modeling some aspects of how early-
acquired concepts are used in the learning of subsequent con-
cepts and comparing the results with standard deep network
modeling. The results show that the use of early concepts in
the learning of new concepts can lead to higher accuracy and
more efficient learning. The results of comparing generaliza-
tion to new tasks also suggest that the integration of early and
new concepts during the learning process can shape the rep-
resentation of the concepts acquired by the model. Although

Figure 8: Experiment 4: Goal Attribution Results. Average
test accuracy of the cognitive and naive networks on the first
and second tasks, with SEM included.

the dataset is simplified compared to natural images, prior
work has shown that infants succeed in tasks with similarly
simplified stimuli (Stojnić et al., 2023).

What can cause the ‘cognitive’ models to learn better than
the ‘naı̈ve’ ones? There is empirical and theoretical evidence
suggesting that the difficulty of learning a function F by a
deep network model depends on the complexity of F: the
learning will require more data, and the probability of finding
F, or a close approximation, starting from a random initializa-
tion, will decrease (Valle-Perez, Camargo, & Louis, 2018). If
this notion is correct, then learning by the cognitive network,
where the learning process is divided into components, may
help the learning by decomposing the overall task into com-
ponents, where the complexity of each component is lower
than the complexity of the full task. The general suggestion
raised by this possibility is that the training of models could
benefit from some form of hierarchical decomposition, where
simple concepts are learned first and can be used in the learn-
ing of more complex concepts.

Current large models are trained on huge data sets, and they
strive to create so-called foundational models, which can deal
with a broad range of tasks. Such models have achieved im-
pressive results. However, multiple studies have shown ex-
amples where the learning by current large models appears to
be different from human leaning; they ‘show failures on sur-
prisingly trivial problems’ (Dziri et al., 2024), or ‘show basic
errors in understanding that would not be expected even in
non-expert humans’ (Oh, Kim, Cha, & Oh, 2024). It is pos-
sible that shortcomings of this kind will be overcome by ad-
ditional data and training. Alternatively, it may prove useful
to combine current large models and human learning in some
manner. For example, it may be possible to learn early con-
cepts by adapting methods similar to self-supervised learning
of early concepts in humans, and use early-learned concepts
in the learning of more complex ones. If such training proves
feasible, it would be of interest to test the effects of making
the model more human-like both on its performance, as well
as its similarity to human behavior in different visual tasks.
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