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Abstract

In this study, we use a developmental approach to
investigate the statistical learning and mental repre-
sentation of neural language models (NLM). A series
of Generative Transformer models are trained on a
synthetic grammar. The model states are saved at
multiple stages in the course of training. Through
analyzing how the internal representations of these
models change in the developmental path, we found
that NLMs acquire the most abstract global statistical
knowledge at the beginning of learning and later ac-
quire the relatively local statistical dependencies. This
learning path contains many over-generalizations from
the very beginning and these over-generalizations are
gradually constrained in the later stage of learning.
Based on this observation, we propose a new frame-
work to explain the statistical learning and language
cognition of NLMs.

1 Introduction

Cognitive science of neural language models (NLM) is
an emerging research field. Studies in this field en-
deavor to provide descriptive theories to the mental
(internal) representation of NLMs in conceptual and
mathematical terms (Kallens et al., 2023; Futrell &
Mahowald, 2025; Hardy et al., 2023; Hofmann et al.,
2025; Linzen et al., 2016; Wei et al., 2021). That is,
what sort of knowledge allows NLMs to have human-
level linguistic competence and even derive reasoning
ability and logic.

To explain the language cognition of NLMs, numer-
ous studies examined how NLMs manage to assem-
ble tokens into meaningful sequences, namely syntax.
Researchers from generative linguistics traditions have
extensively investigated whether NLMs have represen-
tations of syntactic parsing trees (Ahuja et al., 2024;
Futrell et al., 2019; Hewitt & Manning, 2019; Kim
& Smolensky, 2021; Lakretz et al., 2021; Murty et
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al., 2023). These researchers presume that the rep-
resentation allowing NLMs to generate meaningful se-
quences is structured by parts of speech (POS) cat-
egories and the assembly rules over them. Another
line of researchers from functional background instead
postulate representations in terms of grammatical con-
structions (Li et al., 2022; Li & Liu, 2025; Weissweiler
et al., 2023a, 2023b). A construction is a grammati-
cal schema that associates a surface grammatical form
with a meaning (Croft & Cruse, 2004; Goldberg, 1995,
2019; Haspelmath, 2008; Hilpert, 2019; Miiller, 2017).
For example, a ditransitive construction associates a
double-object syntactic structure with the meaning
“transfer of possession”, as in “ Mary gave John a book”.
The mental representation of language then is struc-
tured by a huge amount of surface grammatical schema
like this, rather than a very limited set of atomic global
syntactic categories and the transformational phrase
structure rules over them (Langacker, 2009; Tomasello,
2003).

However, neither theoretical framework in human
language science is sufficient for characterizing the
language cognition of NLMs. Generative linguistics
makes two presumptions about human language cog-
nition. First, syntax and semantics are separate repre-
sentation and processing systems; second, human lan-
guage competence is governed by a set of innate pre-
specified syntactic structures, which is called Universal
Grammar (Chomsky, 1995; Haspelmath, 2008; Levin
& Hovav, 1994). NLMs do not have these inductive
biases from human brains. There is no evidence or
reason that neural language models should store syn-
tactic knowledge and semantic knowledge separately,
since statistical distributions reflect syntax and seman-
tics concurrently. The innate guidance from Univer-
sal grammar is also nothing relevant to the statistical
learning of NLMs .

For the functional theories, the presumption is that
human language is learned in a functional context
(Goldberg, 2019; Langacker, 2009; Tomasello, 2003).
That is, generalization occurs on the mapping from
surface syntactic structures to its semantic content.
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This requires language learners to constantly attend
to the semantic content of linguistic input, rather than
focusing on the assembly rules of words to form purely
syntactic categories. However this is not applicable
to NLMs, which acquire the cognitive core by simply
tracking the distributional statistics in the input cor-
pora. Thus interpreting the statistical mind of NLMs
by purely functional theories is inherently not feasible.

Therefore, interpreting NLM language cognition re-
quires investigations of the basic representation forms
of NLMs, rather than attempting to use theoreti-
cal frameworks in human cognitive science to explain
NLMs. That is, there should be unique units and
structures in the statistical knowledge of NLMs, which
allow them to have human-level linguistic competence.
These units and structures are organized in a way that
might be very alien to the cognitive scientists who are
used to dealing with human cognition.

Unlike these theoretical frameworks on language
representation, statistical learning studies provide
unique insight on the language cognition of NLMs.
This line of research examines how human learners
track statistical patterns in the linguistic input and
how a comprehensive language cognition could be con-
structed by these learning mechanisms (Smith, 1969;
Pelucchi et al., 2009a; Saffran, 2020; Saffran et al.,
1996; Brown et al., 2022; Lany & Saffran, 2010, 2011;
Mintz, 2002; Reeder et al., 2013, 2017; Wonnacott
et al., 2017; Isbilen & Christiansen, 2022; Misyak et
al., 2009; Perek & Goldberg, 2015, 2017; Samara et
al., 2025). These studies design artificial languages
that mirror certain statistical patterns in human lan-
guages. By training humans on these artificial lan-
guages, researchers have gained lots of insight on how
humans track the intertwined statistical patterns dur-
ing language acquisition and store these patterns as
part of the linguistic knowledge. Among this line of
research, many studies focused on how linguistic struc-
tures could be acquired by purely distributional statis-
tics of tokens in the input (Smith, 1969; Mintz, 2002;
Reeder et al., 2013, 2017; Misyak et al., 2009; Morgan
& Newport, 1981; Saffran, 2001; Thompson & New-
port, 2007). Even though this line of studies is wither-
ing in human cognitive science, they are the pioneer in
the investigation of how pure distributional statistics
might result in language cognition.

This also embraces another insight from human cog-
nitive science that empirical studies on learning is key
to the study of language representation (Perek, 2015;
Pinker, 1989; Romberg & Saffran, 2010; Saffran, 2020;
Tomasello, 2003; Wonnacott, 2013). That is, how a
mental representation is constructed from scratch. The
spirit is that all theories on representation form make
predictions on learning path and all theories on learn-
ing correspondingly make presumptions on represen-
tation forms (Pinker, 1989; Tomasello, 2003). Given
that NLM language cognition is purely statistical, we
expect a statistical learning approach could inform us
about the units and structures in NLM language rep-
resentation (Kallens et al., 2023). This means empir-
ical investigations on how the internal representation

of NLMs changes in the course of training.

In this study, we look into the learning path of
NLMs. In the history of language science, two gen-
eral learning paths have been proposed. The first is
an over-generalization learning path. In this learning
path, learners first attend to the most global gram-
matical patterns in the input. In this process, learners
could categorize words into a finite set of atomic cat-
egories based on their global distributional behaviour
(Lany & Saffran, 2010, 2011; Pinker, 1989; Jackend-
off, 1977). These global categories are the atomic de-
vices in the later stage of learning. The core gram-
matical structures in language are all derived from the
assembly rules of these global categories. But these
global categories are highly over-generalized. They
cannot capture the nuance in grammar. Different sub-
categories of these global categories have very differ-
ent grammatical behaviour. For example, different
sub-classes of verbs occur in very different set of syn-
tactic frames (Boas, 2011; Levin, 1993, 2015; Croft,
2015; Levin & Rappaport Hovav, 1995, 2005; Rappa-
port Hovav & Levin, 1998; Kiparsky, 1997). Change of
state verbs occur in transitive and intransitive frames,
change of possession verbs instead occur in dative and
ditransitive syntactic frames. Even inside these sub-
categories, there are systematic differences on distribu-
tional behaviour. For example, some change of state
verbs only occur in the transitive frame or intransi-
tive frame, some other verbs instead alternate between
these syntactic frames (Levin, 1993, 2015; Croft, 2015;
Levin & Rappaport Hovav, 1995, 2005; Rappaport Ho-
vav & Levin, 1998). Therefore in the later stage of
learning, learners need to attend to the relatively local
grammatical patterns in the input to constrain these
over-generalizations.

The other hypothetical learning path is a conser-
vative learning path. In this learning path, learners
are reluctant to make over-generalizations in the early
stage of learning. The early stage generalizations are
mostly under-generalizations. The spirit is grammati-
cal categories and schema are organized in a hierarchi-
cal manner in natural language (Croft, 2003; Goldberg,
2019; Hilpert, 2019; Langacker, 1987, 2009). The lo-
cal grammatical schema are direct generalizations over
concrete language use and are instances of more ab-
stract grammatical schema; the more abstract gram-
matical patterns are higher-order generalizations, they
are highly productive but the productivity is less con-
strained. An example from the transitive structure in
English is given in fig. 1.

In developmental science, some empirical studies
have observed that child learners adopt a bottom-up
learning strategy in an inheritance hierarchy (Bow-
erman & Croft, 2007; Tomasello, 2003, 2007). That
is, local grammatical schema are acquired at the very
early stage of development and more abstract gram-
matical schema are learned at later stages by making
generalizations across the lower-level schema. In the
case of English transitive structure in figure 1, the lex-
ical grammatical schema of transitive kick would be
learned at the early stage of development. This local
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Figure 1: Inheritance hierarchy for English transitive schema.

schema specifies that the constituent before the word
kick is the kicker and the constituent after it is the
kicked. After acquiring multiple frequent and struc-
turally similar lexical transitive schema, higher-order
generalizations could be formed by tracking the struc-
tural alignment among the lexical schema. This rela-
tively abstract grammatical schema specifies that the
constituent before all transitive action verbs are agents
and the constituent after them are patients. At this
level of abstraction, there is already no fixed lexical
units in the generalized grammatical schema but only
lexical categories. After acquiring a set of grammat-
ical schema at this level, further generalization could
be made to form the most abstract transitive schema.
In this learning path, what learners acquire is a huge
collection of grammatical schema at different levels
of abstraction. The lower level schema are steps to-
ward higher order generalizations and are instances of
higher-order generalizations (Goldberg, 2019; Lieven
et al., 1997; Tomasello, 2003). Therefore the scope of
generalizations is gradually increasing in the path of
learning.

The current study investigates the learning of NLMs
in this context. As purely statistical learning models,
NLMs construct their cognitive core by simply tracking
distributional statistics in the input. We thus ask the
question that whether NLMs generalize from the most
local dependency relations in the input and then form
higher-level generalizations by increasing the scope of
generalizations, or they generalize from the most global
statistical patterns and then proceed to the more lo-
cal dependency relations in a manner of constraining
over-generalizations. That is, whether abstract global
statistical knowledge or local statistical knowledge is
acquired earlier by NLMs. As will be discussed in the
last section, this is critical for inferring the basic rep-
resentation forms of NLMs.

2 The synthetic grammar

To investigate how neural language models acquire sta-
tistical knowledge at different levels of abstraction, we

Global level

Middle level

Local level
P12

Figure 2: Inheritance hierarchy in artificial language.
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Figure 3: Dependency relation in the inheritance hierar-
chy.

design a synthetic grammar with dependency relations
nested in hierarchical manner. The grammar is de-
signed to contain three levels of statistical regularity:
global level, middle level, and local level. This allows
us to examine the learning path in a nested inheritance
hierarchy.

The inheritance hierarchy is illustrated in figure 2.
The dependency relations in the inheritance hierarchy
is illustrated in figure 3. At the global level, the ar-
tificial language consists of four core categories: M,
N, P, and Q. These categories are purely distribution-
ally defined. The size of each category is labeled as
k. Every string follows the sequence M-N-P-Q. So
tokens from category M predict tokens from category
N, which then predict tokens from category P, which
further predict tokens from category Q.

Then we split global categories to form middle level
categories. Global category N is split into two middle



level subcategories, N; and N »; global category P is
split into P; and Pj; global category @ is split into
@; and @o. The dependency on the middle level is
that N;, P; and @ categories depend on each other;
N2, Py Qs categories depend on each other. So N
tokens only predict P; tokens, P; tokens only further
predict @ ; tokens. The same applies to No, P and
Q2. So each middle level category contains k/2 tokens.
The middle level grammatical schema introduce a set
of more specified dependency relations.

Then we further split middle level categories to form
local categories. Middle category P; is split into Py,
Py, Pyissplit into Pg;, and Pgy. By the same spirit,
Q@ is split into Q 7, Q12; Q2 is split into @ sy, and
Q22. Each local category thus contains k/4 tokens.
The dependency on the local level is also based on in-
dex. Pj; tokens exclusively predict @ ;; tokens; P ;s
tokens only predict @ ;2 tokens; Pg; tokens only pre-
dict Q27 tokens; Pgp tokens only predict Qg2 tokens.
The whole inheritance hierarchy and dependency rela-
tions are illustrated in Figures 2 and 3.

The possible grammatical forms in this synthetic
grammar is illustrated in (1). Only these four gram-
matical schema are allowed in this hierarchy of depen-
dency relations. We then generate all permutations for
each possible grammatical form as the final dataset.
95% of the full dataset is used for training.

(1) Possible grammatical forms
(a): MN; Py Qi1
(b): MN; P Q12
(c): M Ny Py Qs
(d): M Ng Psp Qo2

Finally, to reduce reliance on absolute position in
sequences, a flanker category U is added. U tokens
are inserted either at the beginning or the end of every
sequence. This produces five-token strings of either U-
M-N-P-@Q or M-N-P-Q-U. The U category is not part
of the core grammar. It has no dependencies against
any other category. Its function is to prevent core cate-
gories to always occur at fixed positions in a sequence,
since the grammatical core may begin at either the first
or second position after adding flankers. So the model
has to learn by attending to the relative dependencies
among the grammatical categories rather than making
categorization based on fixed positions in sequences.

If the model learns by making higher level
over-generalizations and then constrain these over-
generalizations, we would expect the model to learn
global categories at the very early stage of learning.
At this moment, the model would not be able to dis-
tinguish sub-categories. So there would not be sub-
category structures inside global categories. In the
later stage of learning, the model will realize that
global categories are not homogeneous, there are sys-
tematic distributional difference inside global cate-
gories. So middle and local level categories will be
learned at the later stage.

If the model is a very conservative learner, we would
expect the model to learn the most local categories at

the early stage of learning. At this moment, the model
is not aware of the distributional similarity between lo-
cal categories yet. So higher-order categories are not
formed. In the later stage of learning, the model will
increase the scope of generalization and form higher-
order categories by grouping local categories with sim-
ilar distributional profiles.

3 Results

3.1 The learning path

A Generative Transformer model is trained on this syn-
thetic grammar. The model is trained for 150,000 it-
erations and is saved after each 1,000 iterations. The
result is 150 model states in a developmental sequence.
To visualize the learning path, the static embedding of
all P and @ tokens are extracted. Vectors are not only
extracted from the end state of training but from all
saved learning stages. Thus we could look into how
the clustering of these vectors changes in the course of
development. After extracting all the vectors, an auto-
encoder is trained to reduce the dimensions of vectors
to 2D.

Three motion charts are created to visualize the
learning path. Click here to view the motion charts.
Each frame of the motion chart represents the cat-
egorization of the model at a specific developmental
stage. The first frame thus represents the categoriza-
tion of a naive model and the final frame represents the
ultimately learned categorization. The three charts
illustrate the categorization at different levels in the
inheritance hierarchy. They contain the same set of
vectors, vectors for all P and @ tokens. So the three
charts share the same shape of clustering. But the
staining strategy is different across the three motion
charts. The top motion chart visualizes the catego-
rization on the global level. There are two colors here,
each corresponds to one global category. The motion
chart in the middle illustrates the categorization on
the middle level. This time the vectors are stained by
their middle level category identity. So P;, Pg, @1,
()2 categories are given distinct color. By the same
spirit, the motion chart on the bottom illustrates the
categorization of the local level. This chart stains vec-
tors by their local level category identity. It assigns a
distinct color to P]], P]Q, Pg], PQQ, Q]], Q]g, QQJ,
() 22 eight local categories.

Figure 4 shows several critical frames in the motion
chart. At the initial stage, there is no categorization
at either level. At the 24,000 step, the model already
learned the categorization on the global level. Though
at this moment, there is no subcategory structure in-
side each global category. The visualization on middle
and local level dependency does not show any cluster-
ing based on middle or local level category identity.
At 69,000 step, middle level categories are learned. At
this moment, the local categories are still not learned.
So inside each middle category, there is still no sub-
category structure. At 134,000 step, local categories
are all learned ultimately.
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Figure 4: critical stages from motion chart visualization.

The visualization demonstrates a gradience of statis-
tical learning. The dependency schema on the global
level is learned at the very early stage of development
while the dependency on the local level is learned in
the end. That is, the model acquired the most abstract
global statistical knowledge at the beginning and later
gradually acquire relatively local statistical knowledge.
This is an over-generalization learning path.

3.2 Generalizing the result

To test whether this over-generalization learning path
is a solid observation or there is randomness in the
learning path of NLMs, we train one hundred Gener-
ative Transformer models on this artificial language.
The model state is again saved at multiple develop-
mental stages. Rather than looking into the vector
representations, this time we examine the qualitative
predictions made by the models.

NLMs make predictions on upcoming tokens by gen-
erating a probability distribution over the vocabulary.
We expect to see category structures in this probability
distribution. The spirit is that if the target category
for a position is learned, then all tokens in the target
category should be at the very top of the probability
ranking. And if the probability for these tokens are
summed, the value should approach to 1. That means
the model is only assigning probability to tokens from
the target category, not to other categories. This value
of summed probability for the tokens in a category is
called the probability mass of a category. At the initial
stage of learning, the probability mass of all categories
should be at chance, but during learning, the proba-
bility mass for the target category at a position should
gradually increase to 1.

A set of testing strings is created. These strings
are not present in the training set, thus unobserved to
these models. We mask the @ position of these strings,
so models make predictions on this position. The test-
ing strings are of 4 types, which are illustrated in (2).
For each testing string, we calculate the probability
mass of the target global category, target middle cat-
egory and target local category. The corresponding
target categories for each type of testing string is also
illustrated in (2).

(2) testing string types and corresponding target
categories

(a) M—NJ—Pu—mask

Target global category: Q, Target middle category:
Q 1, Target local category: @ ;g

(b) M-N]-P]Q-m(lsk

Target global category: @, Target middle category:
Q 1, Target local category: @ ;o

(C) M—Ng—ng—mask‘

Target global category: Q, Target middle category:
Q 2, Target local category: Qo;

(d) M—Ng-ng—mask

Target global category: @, Target middle category:
Q 2, Target local category: Qoo

This testing is performed for all saved learning
stages. At each learning stage, we average the proba-
bility mass across all testing strings on global, middle,
local categories. This is formulated in (3). In this
formulation, capital letters G, M and L refer to the
global, middle and local target categories. The corre-
sponding lowercase letters g, m and | refer to the indi-
vidual tokens that belong to those categories. A spe-
cific masked testing string is denoted x, t is the index
of learning stage. The probability mass for global cate-
gory for a certain testing string is defined by summing
all P(g|x). The same applies to P(m|x) and P(l|x)
for middle and local categories. The total number of
testing strings is denoted as y. We average the prob-
ability mass PM(G|x), PM(M|x), and PM(L|x) across
the y testing strings at each t. After doing this to each
model, we average the probability mass at each stage
t across the one hundred models.
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Figure 5 illustrates the change of probability mass
for global/middle/local categories in the course of
training. The solid lines are the averaged probability
mass across the one hundred models. The ribbons are
standard deviation. The figure demonstrates the same
pattern. Global categories are formed at the very early
stage of learning, and the learning path follows a gra-
dience from the most global dependencies, to middle
level, then local level.

Behavioural test across 100 models

Global —
Middle =
Local

Mean correct-category probability mass across models

o 100000 200000 300000 400000 500000 600000 700000 800000
Training step

Figure 5: Probability mass increase for 100 models.

When we inspect the probability distribution gen-
erated by a model, a critical property of NLM over-
generalization emerges. At the early stage of learning
when global category tokens are consistently on the top
of the probability ranking, the lower level categories
are not cleanly reflected in this ranking yet. This is
exemplified in Figure 6, which is the probability dis-
tribution generated by a model at 15,000 iterations for
a M-N ;-P;; testing string. At this moment, the top
k positions in the probability list are all occupied by
@ tokens (k=40), but sub-categories of @ are mixed.
Tokens from @77, Q12, @27, and @Qge categories are
interleaved inside the @) category. Some tokens from

Q12, Q21, and Qs categories are ranked higher than
some (@ ;; tokens. The model does not systematically
rank all @ ;; tokens above other subcategories of Q.
This is particularly important because during training,
the model does not see any instance of @ 2, Q27, Q22
tokens going after M-N ;-P;; strings, but only @ ;;
tokens. However at a certain stage of learning, the
model believes some of these unattested combinations
are even more probable than some attested M-N ;-
P1;-Qy; strings. Crucially, this over-generalization is
structured rather than indiscriminate. It is confined to
other sub-categories of @, but never to N or P tokens,
even though these combinations are equally unattested
in training. This demonstrates that there are system-
atic patterns in the over-generalizations during NLM
statistical learning.

7 a @ an 0008665

Figure 6: Example probability ranking at early stage of
learning (15,000 iteration) given prompt M-N ;-P;;

3.3 Permuted order of MNP(Q lan-
guage

To demonstrate that the pattern we observed is not re-
lated to the linear order in this synthetic grammar, we
created six different synthetic grammar dataset with
different order of MNP() categories. () category re-
mains at the final position, while the positions of the
remaining three categories are permuted. We train 10
models for each synthetic grammar and perform the
same probability mass analysis. The result is illus-
trated in Figure 7. The gradient global-to-local pat-
tern is observed for all six dataset. This suggests that
the previous observations are not related to the linear
order in the original synthetic grammar.



Figure 7: Probability mass analysis for models trained on
different synthetic grammar.

4 Discussion

The current investigation provides evidence that the
statistical learning of NLMs is not a random process.
There are systematic patterns in the path of general-
izations. These models generalize from the most global
distributional dependency in the input and later ac-
quire the relatively local dependency schema. This
indicates that over-generalizations are rampant in the
developmental path of NLMs. Remarkably, these mod-
els predict sequences they have never observed in train-
ing in a systematic way at early stages of learning. This
indicates that at the early stage of learning, the mod-
els have acquired over-generalized grammatical schema
that are not further constrained. From the perspective
of categorization, NLMs treat the higher-order cate-
gories as homogeneous categories at the early stage
of learning. The distributional profiles of subordinate
categories are not distinguished. For example, these
models do not first learn the distributional behaviour
of local categories @ ;; and @ ;2, later notice the dis-
tributional similarity of these local categories to form
the relatively higher level category @ ;. Instead, they
acquire the @ ; category relatively earlier and later no-
tice the difference of the local sub-categories @ ;; and
Q12

Natural languages could be described as a huge col-
lection of inheritance hierarchies. Lower level gram-
matical schema are instances of higher level grammat-
ical schema but further constrain the productivity. For
LLMs, each grammatical is defined by one or one set
of dependency relations of lexical categories. These
lexical categories are similarly nested in a hierarchical
manner. The categories define lower level grammati-
cal schema have more nuanced distributional profiles.
They are instances of the categories define higher level
grammatical schema.

One intricacy for LLM is tokenization process, which
only preserves the high frequency word forms in lan-
guage, other infrequent words are decomposed into fre-
quent letter combinations, called byte-pairs. For ex-
ample, GPT 2 has a vocabulary of around 50k unique
tokens, this contains both words in the traditional lin-
guistic sense and byte-pairs that are meaningless on
their own. Extrapolating the LLM language cogni-
tion by the statistical learning patterns observed in
this study along is thus not easy. But it still pro-
vides valuable insights. For example, we are certain

that these models cannot acquire a language by first
learning how to assemble byte-pairs into words, then
learn the grammar. These very local dependency rela-
tions are not in the first round of generalizations NLMs
make.

One very likely scenario is that after acquiring a
dependency relation between two token categories or
two specific tokens, the model will track the distri-
butional behavioural of this dependency relation as
a single unit. This might be essential for both lexi-
cal semantics and grammar representation. For lexi-
cal semantics representation, byte-pairs are inherently
meaningless units. Their distribution in corpus is thus
totally random beside their dependency to other spe-
cific byte-pairs when they assemble into a word. Only
when assembled into a specific word, the unique dis-
tributional profile of this composite structure emerges
and this distributional profile reflects the functions of
the word as a composite unit. For grammar, mod-
els need to form statistical representations on the se-
mantics of grammatical structures. For example, the
model would be confused by the question “Mary killed
John, who is dead?” without a representation to the
interpretation rule of this transitive structure. Even
though the model already learned the dependency re-
lations that define the form of this grammatical struc-
ture, the model would not know whether john is the
killer or Mary is the killer in this causative event. This
relation between linear order in form and causation in
meaning is very likely reflected in the distributional
profile of this grammatical structure as a composite
unit, since distribution is the only way that NLMs ac-
quire semantic information in language.

One insight here is inferring the language cognition
of NLMs trained on natural language corpora requires
a comprehensive investigation to the statistical learn-
ing process of NLMs. Rather than making extrapola-
tions by each individual findings in statistical learning
pattern, the vision of this research field is combining
statistical learning findings to a comprehensive the-
ory. This comprehensive description to NLM statisti-
cal learning would ultimately tell us how NLM intelli-
gence is constructed.

This study lays out an empirical foundation for in-
terpreting the statistical mind of NLMs. It offers a
developmental approach and suggests that there are
indeed systematic patterns in the statistical learning
of these models. On the basis of this, the basic repre-
sentation forms in NLM cognition could be inferred
and further investigated. This study, along with a
myriad of previous empirical studies in NLM cognitive
science, suggests that NLM cognition is empirically in-
terpretable.

5 Method

5.1 Synthetic Grammar Dataset

Each global category contains 40 tokens. Each mid-
dle level category contains 20 tokens. Each local cat-
egory contains 10 tokens. U category contains 10 to-



kens. All possible token-level strings licensed by the
four possible grammatical forms in (1) were gener-
ated by Cartesian product. Fach schema produced
40 x 20 x 10 x 10 = 80,000 strings, giving 320,000 core
strings in total.

For model training, the dataset was encoded with
a model-specific shuffled vocabulary mapping. This
ensured that the numerical token IDs did not preserve
the original category ordering. The data were split into
training and validation sets using a 95/5 split.

5.2 Generative Transformer Models

The models were trained as causal next-token predic-
tors. Each model was a small decoder-only Trans-
former with one Transformer layer, one attention head,
an embedding dimension of 4. The input block size
was 5. For each five-token input string, the model was
trained to predict the next token at each position, with
an end-of-sequence token used as the target after the
final input token.

The developmental probability-mass analysis used
100 independently initialized models. The random
seeds ranged from 42 to 141. Training loss and valida-
tion loss were monitored every 5,000 iterations. Model
checkpoints were saved every 1,000 training iterations.
The models were trained for a fixed number of itera-
tions rather than early-stopped, because the aim was
to examine the developmental trajectory of represen-
tations and predictions across training.

A separate single-model run was used for the em-
bedding visualizations and motion chart. This model
used the same small Transformer architecture and was
trained for 150,000 iterations, with checkpoints saved
every 1,000 iterations.

5.3 Auto encoder

We use a 4-16-2-16-4 fully connected auto-encoder to
compress the embeddings to two dimensions for visu-
alization. Using auto-encoder ensures that all token
vectors are embedded in a single representation space.
This makes a motion chart coherent in displaying the
change of stage in the internal representation.
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