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Figure 1. Inspired by the development of the infant visual system, CVCL [41] is trained on infant egocentric frames and transcribed parental speech (a)
and demonstrates object recognition ability within the vocabulary provided by parental speech (c¢). However, infant visual development is not limited to
parental guidance. Thus, we hypothesize that a computational model trained on an infant’s daily experiences can similarly acquire visual concepts beyond its
training parental speech. To explore this, we perform neuron labeling (b) to identify visual concept neurons, including concepts that were never mentioned
in the parental speech vocabulary (e.g., “rug”).. Based on discovered neurons, we show that the model can recognize objects beyond the training vocabulary,
akin to early infant visual development (d). Some images are cited from prior work [41] as the original data is not accessible to us.

Abstract

Infants develop complex visual understanding rapidly, even
preceding of the acquisition of linguistic skills. As com-
puter vision seeks to replicate the human vision system,
understanding infant visual development may offer valu-
able insights. In this paper, we present an interdisciplinary
study exploring this question: can a computational model
that imitates the infant learning process develop broader
visual concepts that extend beyond the vocabulary it has
heard, similar to how infants naturally learn? To inves-
tigate this, we analyze a recently published model in Sci-
ence by Vong et al., which is trained on longitudinal, ego-
centric images of a single child paired with transcribed
parental speech. We perform neuron labeling to identify
visual concept neurons hidden in the model’s internal rep-
resentations. We then demonstrate that these neurons can
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recognize objects beyond the model’s original vocabulary.
Furthermore, we compare the differences in representation
between infant models and those in modern computer vision
models, such as CLIP and ImageNet pre-trained model. Ul-
timately, our work bridges cognitive science and computer
vision by analyzing the internal representations of a compu-
tational model trained on an infant visual and linguistic in-
puts. Our code is available at https://github.com/
Kexueyi/discover._infant_vis.

1. Introduction

Infants are remarkable learners, sparking interest across var-
ious academic disciplines. Computer vision is no exception,
with researchers studying infant visual learning from vari-
ous perspectives [1, 31, 32, 35, 41]. A recent milestone is
Child’s View for Contrastive Learning (CVCL) by Vong et
al.[41], which trains a model from scratch on longitudinal
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egocentric videos of a single infant (6—25 months) paired
with transcribed parental speech to learn visual-linguistic
associations, similar to CLIP [34]. The resulting model
develops object recognition abilities, aligning with devel-
opmental psychology findings that infants acquire object
names by linking words to visual referents [3, 17]. In
this paper, we analyze the internal visual representations
of CVCL to better understand its mechanism, similar to
how developmental studies observe infants’ internal neu-
rons [38].

In developmental psychology, research on real infants
suggests that their object recognition is deeply influenced
by their visual experiences with the world. A headcam
study of 8.5 to 10.5-month-old infants [8] showed that the
first nouns infants acquire often correspond to objects they
see most frequently. While infants may also hear the names
of these frequently seen objects, their early visual familiar-
ity plays a critical role in object recognition. Visual under-
standing may develop before the learning of corresponding
names, potentially facilitating the process of word acqui-
sition [33]. For instance, newborn infants have shown an
innate ability to recognize visual patterns [13], and their de-
velopment of visual concepts often precedes the emergence
of verbal thought [27].

Our Hypothesis: Based on these infant studies, we
hypothesize that a computational model trained on an
infant’s daily experiences may similarly acquire visual
concepts extending beyond its linguistic training data.
While CVCL demonstrates visual-linguistic mappings of
objects named in parental speech, its visual recognition ca-
pability should not be limited to parental vocabulary super-
vision. We conjecture that the vision encoder may develop
the ability to recognize concepts beyond these linguistic
training data, similar to how infants form object recognition
before learning object names.

To investigate this, we analyze CVCL’s internal repre-
sentations using network dissection [2, 30], or more in-
tuitively, neuron labeling. Furthermore, we implement a
neuron-based, training-free classification framework (Neu-
ronClassifier) that leverages visual concepts identified via
neuron labeling. Relying solely on these neurons, this ap-
proach not only achieves better recognition performance
than originally reported [41], but also discovers internal vi-
sual concepts extending beyond the model’s training vocab-
ulary, supporting our aligned hypothesis.

From a developmental psychology perspective, the vi-
sual concepts discovered beyond the training vocabulary
tend to have a higher age of acquisition (AoA) [26] values
(Figure 7). This results supports CVCL'’s ability to develop
visual understanding that precedes explicit labeling, mirror-
ing cognitive studies where infants develop pre-verbal vi-
sual concepts [27]. This likely reflects real-world learning
dynamics: children first acquire labels for frequent, con-
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crete concepts (captured in CVCL’s training vocabulary),
while visually grounded representations for unlabeled con-
cepts still form earlier than their eventual linguistic acquisi-
tion.

To further explore CVCL’s internal representations in the
context of computer vision, we compare its visual features
with widely-used representations such as CLIP and Ima-
geNet. While CVCL is trained on a unique infant dataset
with limited exposure to diverse scenes and a much smaller
dataset compared to CLIP, it exhibits similar low-level fea-
tures in its early layers. However, its higher-level features
in the final layer differ significantly. These differences also
extend to the visual concept neurons in the model’s deeper
layers.

Contributions The key contributions of our work are:

We show that infant model have developed understand-
ing beyond linguistic training inputs, by discovering vi-
sual concepts hidden in the model representations, align-
ing with existing infant studies.

We demonstrate that the discovered visual concept neu-
rons can improve object recognition performance by im-
plementing a training-free framework (NeuronClassifier).
We find that the infant model shares similar low-level rep-
resentations with ImageNet or CLIP models but diverges
in deeper layers due to a lack of diverse higher-level vi-
sual concepts.

2. Related Work

Learning from children. Modeling how children learn
has long been a strategy for advancing artificial intelligence.
Instead of directly replicating adult intelligence, Alan Tur-
ing suggested, “why not rather try to produce one which
simulates the child’s?” [40] Training models on egocentric
videos or multimodal data captured from infant perspectives
aligns with this idea. [1, 31, 32, 35, 39, 41], as these videos
approximate the input available to human infants during de-
velopment. Our study established on CVCL [41], which we
explain in Section 2.1.

Interpreting vision model representations. Our goal is
to understand the model internal neurons trained on in-
fant data. In this context, techniques for interpreting in-
termediate representations in deep neural networks are rel-
evant. Beginning with Network Dissection [2], a method
that quantifies alignment between hidden neurons and vi-
sual concepts, numerous studies have aimed to make black-
box models more transparent. These methods enable com-
positional concept discovery [28], assignment of compo-
sitional concepts with statistical quantification [5], open-
vocabulary neuron captioning [21], and the use of CLIP’s
rich embeddings for neuron-concept alignment [22, 30]. In
addition to direct neuron dissection, other approaches an-
alyze component functions by decomposing image repre-



sentations to reveal the role of attention heads within mul-
timodal embedding spaces [15] or identifying neurons with
similar functions across a diverse model zoo [11].

2.1. Preliminary: CVCL

Training data. CVCL is trained on the SAYCam-S
dataset [37], a longitudinal collection of egocentric record-
ings from a child aged 6 to 25 months, containing around
200 hours of video. To create meaningful image-text pairs
for model training, transcripts were pre-processed to retain
only child-directed utterances, excluding the child’s own
vocalizations. Frames were extracted to align with utter-
ance timestamps. The resulting dataset comprises 600,285
frames paired with 37,500 transcribed utterances, forming a
multimodal dataset that simulates the sparse and noisy real-
world experiences from which children learn.

Model architecture. Employing a self-supervised con-
trastive learning approach akin to CLIP [34], CVCL learns
to align egocentric visual frames with transcribed parental
speech. Co-occurring pairs are treated as positive exam-
ples, while non-co-occurring pairs serve as negatives. This
method allows the model to develop multimodal represen-
tations without external labels, imitating a child’s natural
learning process.

Evaluation. For evaluation, CVCL adopts a n-way clas-
sification task (Figure 2) in which the model selects the
most relevant visual reference from a set comprising one
target image and n — 1 foil images. This approach is
inspired by the intermodal preferential looking paradigm
(IPLP) [16, 17], used in infant recognition studies to mea-
sure language comprehension through differential visual
fixation. By aligning its visual and text encoders, CVCL
achieves comparable in-domain test accuracy to models like
CLIP. However, CVCL demonstrates relatively weak test
performance on the Konkle object dataset [23], which in-
cludes naturalistic object categories on a white background,
using only classes available in the training data.

3. Method

In this section, we describe how to explore neuron-level
concepts and leveraging them in n way classification tasks.
We begin by using published neuron labeling techniques to
discover visual concepts hidden within CVCL [41]. Then,
we introduce our framework to utilize these labeled neuron
concepts for n-way classification.

3.1. Neuron Labeling

We follow CLIP-Dissect [30] for internal representation
analysis due to its flexibility in concept sets and input image
dataset.
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Figure 2. CVCL’s n-way evaluation [41] poses a classifica-
tion task of choosing the given target object label (“apple”) from
n = 4 images, where only one of them contains the target object.
The model feeds the target label into the text encoder and com-
putes the pairwise similarities to each of the n images, selecting
the image with the highest similarity to demonstrate object recog-
nition ability. However, this way of recognition limits its ability to
the vocabularies in the text encoder. Our framework in Figure 4
overcomes this limitation.

Preliminary: CILP-dissect. Given a neural network
f(x), where f takes a image x as input and « € Dprope With
|Dprobe| = N, and a concept set S with |S| = M. The algo-
rithm computes the concept-activation matrix P € RN XM

P j=1-Tj, 1

where I; and T are the embeddings of the images and con-
cepts, respectively. For each neuron k € K, where K de-
notes the set of all neurons in the network, we summarize
activations Ay (x;) with a scalar function g, producing an
activation vector:

@k = [9(Ar(21)), ..., g(Ae(zn))] T €RY. ()

The neuron is labeled with the concept that maximizes sim-
ilarity:
3)

I, = argmax sim(t,, qx; P),
m

where sim(-, ) represents the similarity function (e.g. co-

sine similarity or Soft-WPMI [30, 42]), and ¢,,, denotes the

most similar text concept. Collecting the label [;, for each
neuron, we define the label vector £ = [ly,ls,...,lk] to
represent the assigned concepts across the entire model.

During this neuron labeling process, we aim to assign
meaningful concepts to each neuron. We use CLIP-dissect
because:

» Concept set S: Instead of allowing an infinite range of
possible concepts for neuron labeling, using a fixed con-
cept set narrows this process by constraining it to a lim-
ited selection of concepts. Including diverse concepts in
this set enables us to identify neurons corresponding to
these visual concepts. This setup ensures that each neu-
ron is assigned a specific label, though some labels may
be spurious, as illustrated in Figure 3.
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Figure 3. Spurious labeled neurons in infant model CVCL
by CLIP-Dissect, showing top-3 activated Konkle dataset images.
This indicates: (1) not all neurons interpretable with human se-
mantic concepts [12]; (2) neuron-labeling can produce spurious
labels. To further support our hypothesis, we implement Neuron-
Classifier.

Probing dataset Dprope: The probing dataset allows neu-
rons to activate specifically in response to the dataset of
interest. For instance, when analyzing representations
from an infant model, we use images from the Konkle
object dataset, which better aligns with infant recogni-
tion than the ImageNet [10] validation set. Additionally,
for classification tasks, generalization can be achieved by
adaptively selecting the probing dataset to focus on rele-
vant concepts within a given dataset.

Extending beyond vocabulary. The flexibility of the
concept set S allowing us to discover visual concepts that
the infant model has never encountered in its training data.
In this process, CLIP serves as a well-pretrained miner,
utilizing its rich image-text embeddings to identify con-
cepts hidden within CVCL. By aligning the activations
of CVCL’s neurons with CLIP’s embeddings, we discover
meaningful hidden visual concepts within the infant model,
even extending beyond the model’s linguistic training data.
This approach leverages the diverse vocabulary of the con-
cept set and the rich embeddings of CLIP to reveal vi-
sual concepts embedded in CVCL’s internal representa-
tions, each associated with corresponding neurons.

3.2. Neuron-Based Classification

How do we ensure that neurons representing concepts be-
yond the model’s original vocabulary truly exist within the
network? In this section, we propose NeuronClassifier, a
training-free framework that leverages neuron activations to
detect and validate such concepts. By discovering neurons
with specific visual concept, we aim to confirm the presence
of these latent, beyond-vocabulary neurons and use them to
perform n-way classification. The framework, illustrated in
Figure 4, involves three main steps.

Step 1: neuron labeling with concept set. Given an im-
age encoder f(x), we labeled each neuron in the network
using a concept set S that contains (but is not limited to) all
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Figure 4. Our NeuronClassifier Overview. A training-free n-
way framework with three key steps: (1) Label all neurons in the
network using a concept set that includes class labels and com-
mon words; (2) identify neurons associated with the target concept
(e.g., “rug”); (3) Evaluate the activations of visual concept neu-
ron across 1 images (in this example, n = 4) and select the image
with the highest activation as the most relevant to the target label.

class labels relevant to the task. The dissection process can
be expressed as a function:

N; = NeuronLabeling(f, S), )

where N is the set of neurons labeled with concepts from
S. Each neuron k € Nj is associated with a specific con-
cept, such as “rug” or “calculator”, based on its alignment
with concept embeddings obtained during neuron labeling
(e.g. similarity in CLIP-Dissect [30]).

Step 2: identifying visual concept neurons. Given a tar-
get label [, € L, where L represents all neuron labels in
the model, same as label vector in Section 3.1 (e.g., “rug”),
we select the subset of neurons labeled with this concept,
denoted as N . C N.. These neurons are responsible for
encoding the target concept.

To further refine the labeling and reduce spurious assign-
ments, we select the most similar neuron from N , torepre-
sent the target concept. The similarity measure varies based
on the dissection method used. For example, Network Dis-
section [2] employs Intersection over Union (IoU) for simi-
larity, while CLIP-Dissect [30] supports multiple similarity
metrics:

&)

k* = arg max sim(t;, , qx; P),
ngNL (lk dk )

where ¢;, is the embedding of the target label I, gy, is the
neuron activation value, same in Section 3.1. This step en-
sures that the neuron most aligned with the concept is se-
lected, minimizing the possibility of spurious labeling.

For each selected neuron k € N .» its activation value on
an input image x; is computed as

qr (i) = g (Ax()), (6)



where Ay (z;) is the raw activation map, and g(-) is a sum-
mary function (e.g., spatial mean) that reduces it to a scalar
representing the neuron’s response strength.

Step 3: selecting the most relevant image. Given n can-
didate images {x1, 2, ..., T, } in an n-way trial, we com-
pute the activation values gy (z;) for neuron k* with highest
similarity across all images. The image with the highest ac-
tivation is selected as the most relevant to the target concept:

(7

In the example shown in Figure 4, the target concept is
“rug”, and we select the image with the highest activation
from the four candidates as the closest match to the concept.

¥ = arg max qg+ (2;).
z;

4. Neuron-wise Representation Analysis

In this section, we conduct a neuron-wise analysis of in-
fant models and provide implementation details. First, we
perform neuron labeling on the infant CVCL model. Then,
we use our NeuronClassifier framework to leverage visual
concept neurons identified through neuron labeling, result-
ing in better recognition performance than the original ap-
proach [41] while also discovering internal visual concepts
beyond the model’s training vocabulary. These results sup-
port our hypothesis.

4.1. Setup

Datasets. We use the Konkle object dataset [23], as intro-
duced in Section 2.1. This dataset consists of 3,406 images,
each featuring a single object on a clean white background,
including 406 test items across 200 classes. Each trial com-
prises n images: one target image and the remaining as
foils, with foil images randomly sampled from classes other
than the target class. For each class, we generate 5 trials,
each containing n images. Following the previous work on
CVCL, we use n = 4 in our main experiments, with one
target and three foils per trial.

Neuron labeling. We utilize CLIP-Dissect [30] for neu-
ron labeling, which assigns visual concepts to each neuron
in the network. As we aim to perform classification on the
Konkle object dataset, we use the same dataset as a part of
Dprove- Additionally, to avoid limiting the search space only
around class names and ensure comprehensive neuron la-
beling, we employ a combined concept, consisting of three
components:

* SAYCam-S vocabulary: We clean the original vocabu-
lary by removing noisy child speech and retaining mean-
ingful words.

Common English words: We chose the top 30,000 most
common English words based on a 1-gram frequency
analysis by Peter Norvig [29, 30].

Class in Konkle object dataset: All class labels from the
Konkle object dataset are included.
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We combine these three sources, ensuring no duplicates,
resulting in a final concept set containing 30,427 words.

Models. Our primary focus is the CVCL-
ResNeXt50 [41], trained on SAY-Cam-S [37] dataset.
For comprehensive analysis, we apply our framework to
the following models:

Infant models: CVCL is trained on unique infant data,
using both egocentric frames and transcribed parent
speech. We also take DINO-S-ResNeXt50 [31] as ref-
erence model compare recognition ability derived from
same visual experience. It trained with DINO[6] self-
supervised approach on the infant same dataset.
Broadly-trained models: To establish an upper bound,
we include CLIP [34] and ResNeXt50 [43], which are
broadly trained on large scale Internet images. Although
CLIP uses a ResNet50-based vision encoder rather than
ResNeXt, we select CLIP-ResNet50 due to the architec-
tural similarity between ResNeXt [43] and ResNet [20].
Randomized model: As a lower bound, we introduce
a randomized version of the CVCL-ResNeXt50 model.
In this setup, the convolution layer weights in the vision
encoder are initialized using Kaiming Initialization [19].

4.2. Results

In this section, we present our results and findings from ap-
plying neuron labeling and our NeuronClassifier framework
to the infant CVCL model, compared with other reference
models. We define two class types for our analysis:

In-vocabulary classes: Object classes present in the
model’s training linguistic input, which also appear in test
object class and are detectable in internal representations.
Out-of-vocabulary classes: Object classes not included
in the training linguistic input but detected in test object
class and internal representations.

Infant Training
Vocabulary

Discovered
Visual Concepts

In-Vocab

Test

Object Classes Cuizefriotd

Figure 5. In-vocabulary and out-of-vocabulary relationships
visualized using a Venn diagram.

Our results demonstrate that the proposed framework ef-
fectively discovers meaningful neurons that represent con-
cepts beyond the model’s training vocabulary. These find-
ings align with the cognitive perspective of vocabulary ac-
quisition in infant development. We analyze the models’
performance across different n-way classification settings,
showing that our method yields strong out-of-vocabulary
classification performance while simultaneously improving
in-vocabulary classification accuracy.
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Figure 6. Class coverage in visual concept neurons. Per-

centage of Konkle object dataset [23] classes identified through
neuron labeling. Broadly pre-trained models (CLIP, ResNeXt)
achieve over 50% coverage, while developmentally inspired infant
models (CVCL [41], DINO [6]) show lower coverage. CVCL-
Randomized provides a lower-bound comparison.

Class coverage in visual concept neurons. How well
do visual concept neurons identified through neuron label-
ing correspond to specific class names (e.g., “rug”) rather
than general descriptive attributes (e.g., “red”’)? Figure 6
shows the percentage of classes in the Konkle object dataset
that are discovered in visual concept neurons from each
model during the neuron labeling process. The results in-
dicate that well-pretrained models, such as CLIP-ResNet50
and ResNeXt50, demonstrate broader class name coverage.
While CVCL performs slightly weaker, it still maintains
coverage of slightly less than 50%. In contrast, CVCL-
Randomized achieves only around 28% coverage. This
class coverage metric reflects the models’ capacity to form
class-corresponding meaningful representations during the
neuron labeling process.

Age of Acquisition (AoA) ratings. Age of acquisition
(AoA) is used to indicate when, and in what sequence,
words are learned, and it is often assessed through ratings
or observations reported by adults. This indirect method
generally correlates well with other metrics indicating when
children acquire vocabulary. Previous developmental work
has shown that infants’ early visual familiarity with com-
mon objects helps with object recognition, which subse-
quently helps support the process of learning the names of
those objects. We next examined how early words in our
models are learned and whether there is an AoA difference
between in-vocab and out-of-vocab words.

We used AoA ratings from a dataset compiled by Ku-
perman, Stadthagen-Gonzalez, and Brysbaert [25], which
includes norms for over 30,000 English words gathered
via Amazon Mechanical Turk. Each participant estimated
the age in years at which they believed they first under-
stood each word, even if they did not actively use them.
This dataset is comparable to previously reported AoA
norms [36] gathered in laboratory settings.
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Figure 7. Age of acquisition (AoA) ratings for in- and out-
of-vocabulary visual concepts. Comparison of word acquisition
timing [25] between in-vocabulary and out-of-vocabulary con-
cepts. Out-of-vocabulary concepts tend to have a higher estimated
acquisition ages in the infant-inspired CVCL model, indicating de-
velopment of visual understanding beyond explicit linguist inputs.

Using this set of AoA norms, we compared mean AoA
between in-vocab and out-of-vocab words discovered in
CVCL’s internal representations. As shown in Figure 7,
we found a significant difference between in-vocab and out-
of-vocab AoA rating ( #(82) = 4.64, p < 0.0001), in-vocab
words (mean AoA = 4.99) are learned earlier than out-of-
vocab words (mean AoA = 6.82). This pattern suggests
that: (1) both sets of words are learned quite early, around
later preschool and school years, with or without supervised
labeling; (2) the difference in AoA between in-vocabulary
and out-of-vocabulary words indicates that the infant model
has developed a basic visual understanding of concepts
with higher AoA. This foundational knowledge may lay the
groundwork for word learning once corresponding parental
speech is introduced.

Neuron-based classification performance. We evalu-
ated the hidden potential of infant models’ vision encoders
by applying our NeuronClassifier framework, summarized
in Table 1. Despite being trained on infant egocentric
data with limited amount and diversity, CVCL demon-
strates the ability to recognize similarly as nature of in-
fant learning, revealing strong out-of-vocabulary classifi-
cation performance. This result suggests that this infant
model developed broader visual concepts that extend be-
yond linguistic input, similar to how infants naturally learn.
We also applied our method to in-vocabulary classification,
where it outperformed the vanilla method previously used in
CVCL [41], as introduced in Figure 2. “All” representing
the combined performance on both “in-vocab” and “out-of-
vocab”. These results support our hypothesis.

We include additional model comparisons: (1) The
DINO-S-ResNeXt50 infant model [31], trained on the same
dataset without text supervision, achieves comparable per-



Table 1. Neuron-based classification results in 4-way evalua-
tion among models in Section 4.1. “Vanilla” refers to classifica-
tion based on image-text similarity (Figure 2). “[” Henotes cases
where direct classification on the Konkle dataset [23] is not pos-
sible due to missing text encoder or need fine-tuning. By lever-
aging neurons discovered in the representation, NeuronClassifier
enables broader recognition, particularly in CVCL (bolded for em-
phasis), achieving improved recognition in both in-vocabulary and
out-of-vocabulary, supporting our hypothesis. “All” represents the
combined performance on both in- and out-of-vocabulary.

Method Model In-vocab Out-of-vocab All
CLIP-ResNet50 98.81 016 9693, 006 974205
Vanilla ResNeXt50
CVCL-ResNeXt50 36.18_ ,, 1 1
DINO-S-ResNeXt50 1 1
CLIP-ResNet50 91.59, 5, 8866, 89.79,
Clzfeur'on ResNeXt50 8817, 045 93.28,05 9188 s
assifier  CVCL-ResNeXt50 79.50 to7s 7681, 5 77.79.,.,
DINO-S-ResNeXt50 77.53 77.96 77.65

+0.24 +0.27 +0.21

formance in visual representations. This suggests that mod-
els trained on identical data distributions with different self-
supervised methods may yield similar representational out-
comes. (2) Broadly-trained models such as ResNeXt50 and
CLIP establish performance upper bounds. However, CLIP
underperforms in the vanilla setting, relying exclusively on
visual neurons without text encoder guidance. While this
work does not aim to advance zero-shot learning methods,
it reveals visual concepts in infant models that emerge inde-
pendently of linguistic inputs.

In classification on the Konkle object dataset, both
DINO-S and ImageNet ResNeXt50 required fine-tuning for
this task. Our framework enables neuron-based classifi-
cation without downstream fine-tuning, and providing a
training-free qualitative inspection of internal representa-
tions.

Analysis across n-way settings. We evaluate the models
under various n-way classification setups. Figure 8 illus-
trates the performance trends for in- and out-of-vocabulary
class classification accuracy applying our NeuronClassifier.

Our method not only enables out-of-vocabulary classifi-
cation but also significantly improves in-vocab performance
compared to previous results [41], further supporting the
presence of beyond-vocabulary potential in infant models.
However, due to limited class coverage, CVCL with our
method can classify a maximum of 31 classes (see Ap-
pendix A.3). These findings support our hypothesis that the
infant model has acquired visual concepts beyond its initial
vocabulary. These results show that leveraging the model’s
internal representations for classification that go beyond its
vocabulary is not only feasible but also robust across differ-
ent n-way settings. These findings support our hypothesis
that the infant model has acquired visual concepts beyond
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Figure 8. In- and out-of-vocabulary class performance across
n-way settings using NeuronClassifier. (a) For out-of-vocabulary
classification (left), our method enables classification without ad-
ditional training. The infant model CVCL (-e-) maintains ro-
bust performance as n increases. (b) For in-vocabulary classifi-
cation (right), “ours” (NeuronClassifier) enhances CVCL recogni-
tion ability compared to the “vanilla” setting. However, CLIP (-e-)
declines, as it relies solely on neurons without text encoder input.
Random ones serve as lower bounds.

its initial vocabulary.

However, as n increases exponentially, performance
gradually declines. This decline is reasonable, as the task
becomes increasingly difficult by nature as m increases.
It may also be attributed to dimensionality reduction in
activation maps, leading to coarser classification. CLIP-
RN50 and ResNeXt50 perform well with NeuronClassifier,
though not as effectively as their direct or fine-tuned ver-
sions, since our method is designed to reveal latent con-
cepts rather than to perform fully optimized classification.
In in-vocab settings, the “vanilla” approach represents di-
rect classification as shown in Figure 2.

5. Layer-wise Representation Analysis

How does the representation learned from infant data dif-
fer from other representations widely used in the computer
vision community? To explore this, we perform a layer-
wise representation analysis using Centered Kernel Align-
ment (CKA) [24]. We compute the similarity between
the representations of the infant model(CVCL), ImageNet-
pretrained, and CLIP. Additionally, we apply neuron la-
beling techniques from a layer-wise perspective to identify
unique visual concepts discovered at each layer between
ImageNet and infant models.

Layer similarity analysis. CKA [24] applies HSIC [18]
(see Appendix B) over a set of images to provide layer-wise
similarity scores between the representations of different
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Figure 9. CKA layer-wise similarity between CVCL and
common models. Using the ImageNet validation set as input,
CVCL (y-axis) exhibits similarity to CLIP-RN50 (x-axis, left) and
ResNeXt50 (x-axis, right) in the shallow layers (lower-level fea-
tures) but diverges significantly in the final layer (higher-level fea-
tures). Notably, Layer 4 of CVCL shows very low similarity to all
layers of both common models.

neural networks. A higher CKA score indicates more sim-
ilar representations between two models at the given layer.
We use the ImageNet validation set [10] as input for the
networks, and compute the CKA similarity between the in-
fant model (CVCL), the ImageNet-pretrained ResNeXt50,
and CLIP-ResNet50. The results are presented as matri-
ces in Figure 9. The lower layers of CVCL exhibit greater
similarity to larger-scale models than its deeper layers. In
larger-scale models, shallow layers are known to capture
low-complexity features, while deeper layers progressively
specialize in capturing higher-level concepts [7, 14]. There-
fore, CVCL — the model trained on infant data — success-
fully develops lower-level representations comparable to
those in common pre-trained models. However, the diver-
gence in deeper layers suggests a lack of the diverse higher-
level representations typically observed in models trained
on common datasets.

Neuron-based analysis. To investigate the characteristics
of each layer, we apply network dissection to identify neu-
rons that are aligned with specific visual concepts. Essen-
tially, this is an extension of the neuron labeling process,
where the Broden [2] dataset provides category labels for
each visual concept neuron. We count the number of unique
visual concepts discovered in each category and perform
layer-wise comparisons to gain a broader view of the dif-
ferences between models trained from ImageNet and infant
data. In Figure 10, we visualize the number of unique visual
concept neurons across layers for each model. The results
show that early layers in both models predominantly have
neurons of low-level features like color, with minimal dif-
ferences between models. However, as we move to deeper
layers, higher-level concepts such as objects and scenes be-
come more prominent, and the disparities between models
become clearer. CVCL exhibits fewer unique visual con-
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Figure 10. Number of visual concepts in ImageNet and infant
models. Concepts are categorized using Broden dataset [2]. Neu-
rons in deeper model layers capture increasingly complex con-
cepts. Early layers primarily detect lower-level features like color
and texture, while higher-level concepts such as objects and scenes
emerge in deeper layers. CVCL exhibits fewer visual concepts
than the ImageNet model, especially for higher-level visual con-
cepts (e.g., objects and scenes).

cepts in these higher-level categories compared to ImageNet
model. This finding aligns with the layer similarity analysis.

6. Conclusion

In this paper, we explored whether an infant model (CVCL),
trained on infant egocentric video frames and linguistic in-
puts, can acquire broader visual concepts extending be-
yond its initial training vocabulary. By introducing Neu-
ronClassifier, a training-free framework to discover and
leverage visual concepts hidden in representations, we un-
locked the CVCL visual encoder’s ability to recognize out-
of-vocabulary concepts, establishing its potential as a strong
classifier. Our findings also reveal that while CVCL, trained
on a unique infant dataset with limited exposure to diverse
scenes, it representations capture low-level features similar
to those in common pre-trained models, they diverge signif-
icantly in higher-level representations, contributing to the
observed performance differences.

Overall, our approach bridges cognitive science and
computer vision, providing insights into how infant mod-
els develop visual concepts that precede linguistic inputs,
aligning with the natural way infants explore the world
through sight.

Limitations and future work. Our study did not analyze
the infant training data, as we were unable to access it due
to strict access controls. Instead, we analyze models trained
on infant egocentric data, finding developmental alignment
with cognitive studies. However, we did not extend this
analysis to adult egocentric data. While the study focuses on
infant data for developmental process, the framework can
be applied to adult models, which remains a direction for
future research.
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