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Abstract

We study whether Universal Grammar syn-
tactic principles can serve as explicit induc-
tive biases for unsupervised grammar induc-
tion. We introduce a neuro-symbolic PCFG
framework that converts hypothesized linguis-
tic universals into rule schemata, and then
learns rule probabilities from child-directed
speech. We investigate three assumptions: 1)
extended projection, 2) prototype theory of
part-of-speech, and 3) the final-over-final con-
straint. Experiments show that with a much
smaller hypothesis space, the universal-priored
model achieves comparable performance to
state-of-the-art neural grammar induction mod-
els, and yields more interpretable functional
category assignment. The full dataset and
code are available at https://github.com/
yuan-w-gao/ug_bias.

1 Introduction

Grammar induction is a fundamental task in natural
language processing and computational linguistics
(Clark, 2002; Clark et al., 2012; Klein and Man-
ning, 2004). Given a corpus of unannotated sen-
tences as input, the goal is to recover the underlying
hierarchical grammatical structure. Computation-
ally, a grammar induction system can be broken
down into two components, as illustrated in Fig-
ure 1. While modern neural approaches do well at
learning distributed parameterizations from large-
scale data (Shen et al., 2017; Kim et al., 2019;
Yang et al., 2021b), they typically operate over
a dense, unconstrained rule space (Figure 1, left
panel). Therefore, their induced structures are often
difficult to interpret and weakly constrained.
When grammar induction is used as a compu-
tational model of language acquisition (Johnson,
2013), however, the learned structures are expected
not only to support prediction, but also to provide
cognitively and linguistically meaningful explana-
tions (Buttery, 2004; Kwiatkowski et al., 2012;

Perfors et al., 2011a). Children acquire highly
complex grammatical systems from limited and
noisy input, which strongly suggests that human
learning relies on prior structural constraints rather
than an unconstrained search over arbitrary gram-
mar rules (Chomsky, 1965; Perfors et al., 2011a;
Berwick et al., 2011). Previous computational mod-
els have attempted to constrain the learner in var-
ious ways. Some works use linguistically struc-
tured formalisms, such as Combinatory Categorial
Grammar (CCG; Steedman, 1996, 2001). Others
impose broader structural constraints motivated pri-
marily by compuational efficiency or mathemati-
cal bounds, such as left-corner parsing constraints
(Noji et al., 2016) and derivational depth bounding
(Jin et al., 2018).

This paper studies whether hypotheses inspired
by Universal Grammar (UG; Chomsky, 1993, 2005,
2014) can be encoded as structural constraints on
the space of grammar available to an unsupervised
machine learner. To separate innate structural
biases from statistical learning, we operational-
ize candidate universal principles as explicit rule
schemata within a grammar induction system. As
illustrated in Figure 1, our model is neither given
a manually specified exact grammar (right panel)
nor left to search a dense, unconstrained space (left
panel). Instead, the UG-inspired schematadefine a
restricted structural superset (middle panel). This
design explicitly dictates which grammatical struc-
tures are permissible before learning begins, and a
neural estimator then maximizes the marginal log-
likelihood of unannotated sentences to learn the
rule probabilities. Within this approach, we oper-
ationalize three specific theoretical principles: the
prototype theory of parts-of-speech (Croft, 2001),
extended projection (EPP; Grimshaw, 2000), and
the Final-over-Final Constraint (FOFC; Biberauer
et al., 2014)

First, we incorporate the prototype theory of
parts-of-speech (PT; Croft, 2001). PT hypothesizes
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Figure 1: Architectural comparison of hypothesis spaces for unsupervised grammar induction. (Left) Standard
neural approaches operate over a dense, unconstrained rule space where any combination of nonterminals is initially
permissible. (Right) An exact, manually specified symbolic grammar. (Middle) Our Universal Grammar-inspired
rule schemata constrain the structural hypothesis space a priori to a permissible superset. A neural estimator then
learns the rule probabilities over this restricted space directly from unannotated strings.

that the fundamental communicative functions of
human language are referentiality, predication, and
modification. By structuring the grammar’s primi-
tive domains around these three cognitive functions
rather than traditional, language-specific lexical cat-
egories, the model avoids relying on grammatical
labels.

Second, we constrain the internal organization
of these domains using extended projection. This
principle proposes that a lexical head is not an
isolated category, but is embedded in a sequence
of increasingly abstract functional layers within
a single grammatical domain (Grimshaw, 2000,
2005; Corver, 2013). Rather than depending on a
specific sequence of part-of-speech tags (Cinque,
1999; Rizzi, 1997), grammatical structure operates
as a layered projection that expands from a base
lexical unit into a fully realized syntactic phrase.
The tree in Figure 1 central panel illustrates this
concept. The lexical item water occupies the base
of the projection (/Ng). As the phrase builds up-
ward, successive layers (/N through N3) introduce
increasingly abstract grammatical functions, sub-
ordinating the lexical head under functional heads
(like glass of, and that). All intermediate projects,
ie. N1 P, N2 P, and N3P, are all noun-y phrases.

Third, to govern how these functional layers
are linearly ordered, we adopt the Final-over-Final
Constraint (Biberauer et al., 2014). Linguistic stud-
ies show that even though human languages of-
ten have ‘disharmonic’ word orders, the structural
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Figure 2: Illustration of the Final-over-Final Constraint
(FOFC) on branching directionality. The constraint per-
mits consistently harmonic structures, including head-
final (a) and head-initial (b) configurations, as well as
initial-over-final structures (c). However, FOFC explic-
itly bans final-over-initial configurations (d).

variation is often not random (Greenberg, 1963;
Biberauer et al., 2008). FOFC acts as a strong syn-
tactic universal that restricts the geometric shape of
phrase structures by enforcing a strict monotonicity
on branching directions. As illustrated in Figure 2,
FOFC allows consistently harmonic structures (a,
b) as well as initial-over-final configurations(c),
while explicitly banning initial-over-head phrases
(d) where a head-initial phrase is embedded as a
non-head within a head-final one. By adopting
this constraint directly into our rule schemata, the
model is prevented from searching trees with head-
over-initial structures, which are unattested in a
wide range of human languages.
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Importantly, these theoretical principles make no
language-specific assumptions. We therefore treat
this work as a foundational pilot study, using un-
supervised grammar induction as a computational
testbed to evaluate the functional consequences of
these priors on naturalistic input. We evaluate on
English child-directed speech from the CHILDES
database (MacWhinney, 2000).

Our empirical evaluation moves beyond ba-
sic parsing accuracy to assess both the structural
and cognitive plausibility of the induced gram-
mar. In terms of structural recovery, unlabelled
F1 scores show that the schema-priored model
achieves highest bracketing accuracy (0.7384) us-
ing an extremely efficient grammar space of only
91 nonterminals, compared to the massive capacity
scaling required by dense neural baselines such as
Compound PCFG (Kim et al., 2019) and TN-PCFG
(Yang et al., 2021b). More importantly, this struc-
tural restriction forces the model to induce linguisti-
cally and developmentally coherent representations.
When evaluated across category purity, construc-
tion recall, and acquisition gradients, the model
achieves near-perfect morpheme attachment (0.99)
and reliably isolates closed-class functional struc-
tures from open-class content words, accurately
mirroring human developmental patterns. Finally,
component ablations validates our theoretical de-
sign, showing that PT drives category purity, cross-
domain composition enables referential structure,
and directionality constraints ensure stable hierar-
chical composition.

2 Related Work

2.1 Unsupervised Grammar Induction

Grammar induction (GI) learns the latent hierarchi-
cal structure of language from unannotated data.
Computationally, this requires defining a hypothe-
sis space of grammatical rules and an inference al-
gorithm to estimate it. There are three main ways to
specify this hypothesis space, as illustrated in Fig-
ure 1: exact symbolic grammars, dense grammars,
and rule supersets. The majority of prior work
falls under the dense grammar paradigm. Take
scalar parameterization as a motivating example
— that is, parameterizing rules as discrete scalars:
assigning N preterminals to M unique tokens in-
duces an N x M parameter matrix for lexical rules,
while for binary phrasal rules, given L phrasal non-
terminals, the number of possible rules grows as
Lx(L+N)x(L+N) (one nonterminal on the left-

hand side combined with any pair of nonterminals
on the right-hand side). A fundamental challenge
for such dense grammars is its search space, if all
the parameters are learned as independent scalars
(Pate and Johnson, 2016).

Modern neural GI bypasses the lexical sparsity
through distributed representations, sharing infor-
mation across the vocabulary. However, struc-
turally, they operate over a fully connected, dense
rule space where any combination of nonterminals
is initially permissible (Kim et al., 2019; Drozdov
et al., 2019; Zhu et al., 2020; Yang et al., 2021Db).
Other approaches include bi-lexicalized grammar
(Yang et al., 2021a), character-based modeling (Jin
et al., 2021a), and discontinuous parsing (Yang
et al., 2022, 2023). While these models achieve
high unlabelled bracketing accuracy, their uncon-
strained structural density comes at the cost of in-
terpretability and high data demand for training.
They often fail to identify cognitively meaningful
syntax, and their lack of explicit control can lead
to ambiguous optimization (Park and Kim, 2024).

Superset Grammars Another line of work treats
grammar induction as a process of inference over
an intentionally restricted rule superset. These mod-
els define a broad but constrained set of permissi-
ble structures, allowing the learning algorithm to
prune unneeded rules (Johnson, 2013). For ex-
ample, CCG-based approaches restrict the gram-
mar space through a bounded linguistically struc-
tured formalism (Bisk and Hockenmaier, 2012b,a,
2015). Other models inject unambiguous structural
biases (Tu et al., 2012), or combine strict catego-
rial constraints with modern neural parameteriza-
tion to process raw lexical emissions efficiently
(Clark and Schuler, 2023). Building on this, our
neuro-symbolic model adopts the superset strat-
egy. We adopt neural parameterization to mitigate
the lexical sparsity issue, but explicitly restrict the
structural hypothesis prior using UG-inspired rule
schemata.

2.2 Modeling Language Acquisition

Gl is a standard computational proxy for syntac-
tic acquisition (Buttery, 2004; Kwiatkowski et al.,
2012). By framing language learning as a process
of statistical inference (Johnson, 2013), it enables
controlled experiments on what types of abstract
structural biases make complex grammars learn-
able from realistic, stimulu-poor linguistic inputs
(Chomsky, 1965; Gold, 1967; Crain, 1991; Pullum
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and Scholz, 2002; Perfors et al., 2011b).

However, standard GI is necessarily an idealiza-
tion. Human language learning is deeply interactive
and multimodal. Models that learn strictly from
strings ignore the semantic, visual, and multimodal
cues (Shi et al., 2019; Jin and Schuler, 2020; Zhang
et al., 2021). Therefore, the computational task of
inducing a static grammar from text should not
be treated as equal to the process of acquiring a
language (Dupre, 2024).

All models are wrong, but some are useful (Box,
1979). We therefore treat GI not as a fine-grained
model of acquisition per se, but as a testbed for the
functional consequences of candidate priors under
naturalistic input.

2.3 Linguistic Universals as Inductive Biases

Computational methods often use linguistic knowl-
edge to regularize language processing, with both
strict architectural universals and language-specific
generalizations (O’Horan et al., 2016; Bender,
2016). While explicitly incorporating typologi-
cal features can result in performance gains (Ponti
et al., 2019), these benefits are not always consis-
tent (Bjerva, 2024). Much of the work treats cross-
linguistic generalizations as information for param-
eter sharing across languages (Naseem et al., 2012;
Ammar et al., 2016; Scholivet et al., 2019). When
universals are used explicitly to constrain a struc-
ture, it typically did so via soft preferences, such
as universal dependency templates (Cohen and
Smith, 2009; Naseem et al., 2010), structural spar-
sity regularization (Ganchev et al., 2010; Gillen-
water et al., 2010), or cognitive bounds (Jin et al.,
2018, 2021b). These methods encode universals
as auxiliary penalties. Very few models enforce
hard structural bounds, such as early Principles-
and-Parameter frameworks (Gibson and Wexler,
1994) or left-corner stack depth restrictions (Noji
et al., 2016). In this work, we operationalize for-
malized syntactic principles directly into our rule
generator. We encode these linguistic universals as
hard structural constraints rather than soft proba-
bilistic penalties, empirically test them for unsuper-
vised induction.

3 Neuro-Symbolic PCFG Induction

Our neuro-symbolic framework consists of two co-
operating components. The symbolic component
is a structurally constrained context-free grammar
generated by applying linguistic universals through

a rule schema, detailed in Section 4. The neural
component then assigns probabilities to these pro-
ductions, as described in Section 3.2

3.1 Probabilistic Context-Free Grammars

A probabilistic context-free grammar is a tuple
G = (S,N,P,%,R,H), with start symbol S, non-
terminals N, preterminals P, vocabulary ¥, pro-
ductions R, and rule probabilities §. A production
takes one of three shapes, a unary rule A — B, a
binary rule A — B, and a lexical rule T" — w
with T € P and w € X. Each entry of 6 is nor-
malized over the productions that share a left-hand
side nonterminal. The probability of a tree is the
product over its productions, and the probability of
an unannotated utterance is the sum over the trees
that yield the observed string.

3.2 Estimating Rule Probabilities

While classical grammar induction updates inde-
pendent scalar parameters using expectation max-
imization from a uniform start, our framework
adopts the Neural PCFG parameterization (Kim
et al., 2019). Under this parameterization, each
left-hand side nonterminal A is associated with a
learned embedding e 4, and each specific produc-
tion r carries a learned vector representation g,.
The probability of a rule is computed by passing
the concatenated representations through a multi-
layer perceptron (MLP) and applying a softmax
across all rules within the left-hand side:

po(r|A) = softmax 4 (MLP([e4; gr]))

With shared embeddings, the neural estimator al-
lows rare productions to borrow statistical strength
from related syntactic structures.

To optimize these distributed parameters, the
model is trained to maximize the marginal log-
likelihood of the unannotated sentences in the train-
ing corpus. For a given sentence x, the marginal
probability is defined as the sum over the probabili-
ties of all valid parse trees ¢ that yield the sentence:

> po(t)

teT (x)

po(x) =

where 7T (x) represents the set of all possible trees
for x permitted by the restricted structural superset
R, and py(t) is the product of its constituent rule
probabilities. Because calculating this sum directly
is intractable over an exponentially large tree space,
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pe(x) and its gradients are computed efficiently
using the inside algorithm.

3.3 Efficient Inference and Training

To optimize the marginal likelihood efficiently, we
decouple the symbolic structural generation from
the neural parameter updates, as summarized in
Algorithm 1. Because our rule schemata strictly
restrict the hypothesis space R prior to learning,
we can parse each unannotated utterance exactly
once before neural training begins.

The symbolic parser processes each utterance
into a packed derivation forest, a compact data
structure that implicitly represents the exponen-
tially large set of valid trees 7 (x). During training,
the estimator scores the rules and runs the inside al-
gorithm directly over these fixed forests to compute
the marginal log-likelihood and its gradients. This
exact recurrence allows gradients to backpropagate
directly into the neural scorer and its embeddings.
At evaluation, a Viterbi pass over the forest extracts
the most probable hierarchical derivation.

Algorithm 1 Neuro-Symbolic PCFG Induction

Require: utterances {w(™ }M_, schema config-
uration ¢
1: R <~ EMITGRAMMAR(Q, ¥)
2: for each w(™) do
3: F(™) < PARSE(R, w(™) > packed forest
4: end for
5: repeat
6: for each parsed w(™ do
7: score rules via grouped softmax
8: 00" « INSIDE(F(™), log py)
9: end for
10: update the scorer by gradient ascent on
5, )
11: until convergence
12: return decoded MAP brackets and weights

4 UG Principles as Rule Schemata

The symbolic prior in this framework is a rule
schema. A schema is a deterministic function that
maps a theoretical configuration and a vocabulary
to a set of context-free productions:

CONFIG(D?,Y) = R (D

where ® holds the structural settings and X is the
observed vocabulary. In practice, CONFIG acts as

a combinatorial engine by taking abstract configu-
rational templates and generates exhaustive set of
permissible rules R. Table 1 summarizes how each
assumptions constrains the rule space.

4.1 Prototypes of Part-of-Speech

The first assumption, derived from the prototype
theory of parts-of-speech (PT), is that grammar
can be organized around three basic functions of
language: referring, predicating, and modifying.
A referential expression introduces an entity. A
predicative expression says something about an en-
tity or event. A modifying expression restricts the
interpretation of another expression. These func-
tions are more abstract than part-of-speech labels,
but they impose more structure than an unlabeled
set of nonterminals. The schema represents these
functions as primitive domains,

D € {R,P,M}.

4.2 Extended Projection

The second assumption is that each functional do-
main is internally organized as a layered projection.

To formalize this, the schema assigns a maxi-
mum depth Np to each domain D. The domain
is populated by a sequence of heads: the lexical
head Dy and the functional heads Dq,...,Dy,,.
Any head within this hierarchy can emit a terminal
word from the vocabulary:

D; —» w,forallw € ¥

To begin building the phrasal spine, the lexical
head first projects into a base phrase via a unary
rule DoP — Dg. Once this base phrase is built, the
schema builds the hierarchy by allowing a higher
functional head D; to take a lower phrase D;P
(where j < 7) as its complement, forming a new ex-
tended phrase D;P. To allow for flexibility in linear
word order, this binary projection rule is emitted in
both head-initial and head-final configurations:
The FOFC constraint in Section 4.4 determines
which of these directions is available at each level.

To constrain the search space while maintain-
ing robustness, the gap between levels (i — j) is
bounded by a predefined skip-window parameter.
This ensures that the model learns a structured func-
tional spine without needing to rigidly enforce ev-
ery single intermediate layer for every utterance.
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Principle Schematic Effect Rules in Example Grammar
Prototype Theory (PT) Creates primitive domains (R, P, M) by defining base RoP — Ro
phrasal rules and open lexical emissions. PoP — Py

Extended Projection

Cross-Domain
modifier attachment.

FOFC Enforces monotonic branching (e.g., final then initial)
and explicitly bans final-over-initial structures.
Start Allows ROOT to rewrite to the projections of domains

at any level.

Builds hierarchical spines within domains, connecting
lower phrases to higher functional heads.

Links domains via predicative saturation and optional

D; — w for all w, (D, 1)

R1P—)R0P R1
RoP — Ry R P

PoP — Py R2P | R2P Py

R1P — RoP R; (head-final)
RoP — Ry Ry P (head-initial)

ROOT — R; P foralli € [0, 2]
ROOT — P, P forall i € [0, 1]

Table 1: UG-inspired principles, their schematic effects, and example rules emitted atdepths R =2, P =1, M =0
with skip window 1. R, P, and M represent the referential, predicative, and modifying domains.

This matters because the same schema should cover
both rich phrases, such as that one glass of water,
and shorter phrases that express only part of the
projected structure.

4.3 Cross-Domain Composition

While extended projection builds the internal hi-
erarchical spine of a single domain, cross-domain
composition defines how the referential, predica-
tive, and modifying domains interact to form com-
plete clauses.

The predicative saturation rule is the main cross-
domain rule,

P;P — P, R;P | R;P Py.

This rule encodes the idea that predication is re-
lational. A predicative base is licensed through
composition with a referential expression. The
skip parameter allows saturation to occur even if
the referential phrase is not maximally projected.

Unlike predicative saturation, a modifying
phrase M, P can attach to any existing phrase X; P
(where X € {R, P, M}) without altering the core
category or projection level of the phrase it modi-
fies. This recursive attachment is defined as:

X;P — X;P My, P | Mg, P X;P,
where X € {R,P}.

4.4 FOFC and Head Directionality

The rules generated by extended projection and
cross-domain composition permit both head-initial
and head-final branching. However, allowing un-
constrained branching at every layer of the hier-
archy expands the hypothesis space and permits

structures that are typologically unattested. To re-
strict this geometric space, the schema applies the
FOFC as a strict structural filter.

For each domain D, the schema sets a split point
along the projection spine. On one side of the split,
the schema emits projection rules in one direction.
On the other side, it emits projection rules in the
other direction. For example, a projection structure
may begin with head-final rules,

D,P — DJP Di,
and then switch to head-initial rules,
DZ'P — Di DjP.

The reverse is also possible. What the schema ex-
cludes is repeated alternation across layers. The
constraint therefore prunes directionally inconsis-
tent projection rules.

4.5 Compositional Construction

The full configuration is

o = (Da {dD}D7 k: {SD}Da {bD}D7 ga RrOOt)v
2)
with D = {R, P, M}, projection depths {dp}p,
skip parameter k, FOFC split points {sp} p, transi-
tion bands {bp } p, embedding set £ fixed by PMR,
and root targets

dp
RRroot C U U{DiP}-

De{R,P}i=0
Example Derivation

To see how the schema’s constraints interact to
form a complete tree, consider an example deriva-
tion for the clause the dog s chase ed, illustrated in
Figure 3.
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Figure 3: Derivation of the clause the dog s chase ed.

First, the schema constructs the referential sub-
ject. The lexical head “dog” (Rp) forms a base
phrase (RyP) and projects upward by taking the
plural functional affix “s” (R;) and the determiner
“the” (R2) to complete the fully saturated referential
spine (R2 P). In parallel, the schema constructs the
predicative spine. The lexical verb “chase” (Fp)
projects into a base phrase (P P) and takes the past
tense affix “ed” (P) as a functional head, forming
P P.

Finally, cross-domain composition unites the
two spines. The resulting structure represents a
typologically sound, hierarchically strict deriva-
tion that perfectly respects the PT, EPP, and FOFC
priors, all without relying on a single language-
specific part-of-speech tag.

5 Experiments

We evaluate on English child-directed speech us-
ing the morpheme-segmented CHILDES subset
from Marcheva et al. (2025) with 100,000 training
utterances and 12,615 test utterances. Our schema-
priored PCFG uses projection depth d = 20, skip
window k = 5, modifier depth of 2, and an FOFC
split at level 2. We compare against state-of-the-
art neural baselines TN-PCFG (Yang et al., 2021b)
and Compound PCFG (Kim et al., 2019). Results
are averaged over three random seeds unless other-
wise stated. Full training and hardware details are
provided in Appendix A.

5.1 Evaluation Metrics

We evaluate the induced trees against gold annota-
tions across four dimensions, measuring both raw
structural accuracy and linguistic interpretability.
To evaluate overall syntactic structure, we mea-
sure unlabelled F1 and recall for constituent bound-
ary recovery. With reference spans GG and induced
spans I, F1 is the harmonic mean of |G N I|/|1|

and recall |G N I|/|G|, computed per sentence and
averaged across the test split. We include a trivial
right-branching baseline as a performance floor and
a binary ceiling as the maximum attainable score
for strictly binary trees against reference trees that
include higher-arity nodes.

Beyond basic bracketing, we evaluate the inter-
pretability of the induced grammars through cate-
gory purity, which measures whether words with
similar syntactic roles map to the same induced
preterminal. Each word is assigned its modal preter-
minal, P(w) = arg maxp p(P | w), from lexical-
rule weights. For each reference POS, top-cluster
concentration is the share of its tokens assigned
to the most common induced preterminal. We
report pooled scores for function POS and con-
tent POS. Acquisition-based scores apply the same
top-cluster concentration measure to nominal-word
slices defined by concreteness ratings (Brysbaert
et al., 2014) and age-of-acquisition ratings (Ku-
perman et al., 2012). Finally, construction recall
evaluates the model’s ability to identify theory-
relevant multi-word spans. We report recall for
determiner plus noun, auxiliary or copula plus verb,
and subject-verb-object constructions.

5.2 Results

System NT F1 Recall
RB floor - 0.66 0.75
Binary ceiling - 0.85 1.00
Schema (ours) 91 0.744+0.00 0.84 +0.00
C PCFG 31 0.43+0.056 0.44+£0.06
C PCFG 61 043+£0.03 0.44+0.04
C PCFG 121 0.64+0.00 0.72+0.00
TN-PCFG 512 0.51£0.06 0.54=£0.07
TN-PCFG 2048 0.53+0.04 0.56 +=0.06

Table 2: English constituency results by symbol count.

We first evaluate whether the UG-inspired
schemata improves induction accuracy compared
to unconstrained dense grammars, reported in Ta-
ble 2. On the English dataset, the schema-priored
model achieves a F1 of 0.74 using a highly re-
stricted set of only 91 nonterminals. The neural
baselines show a heavy reliance on capacity scaling
and fail to match this performance. This extreme
parameter efficiency confirms that the UG-inspired
schemata successfully prune improbable trees from
the search space, allowing the model to learn latent
hierarchical structure.
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Purity Concreteness AoA Morph Construction recall
Family Func  Cont hi lo early late DET+N AUX+V  SVO
Schema 0.84 071 093 074 078 0.77 0.99 0.53 0.87 0.52
C PCFG 0.67 0.67 093 052 0.55 0.75 0.38 0.55 0.64 0.55
TN-PCFG 0.25 0.55 0.22 0.18 0.55 0.70 0.84 0.94 0.25 0.65

Table 3: English category purity, acquisition gradients, morpheme attachment accuracy, and construction recall.

5.3 Category Interpretability and
Developmental Plausibility

Beyond raw bracketing, Table 3 suggests that the
schema’s priors meaningfully shape how the model
organizes the lexicon. The schema-priored gram-
mar is the only model whose induced categories
follow all three expected asymmetries: function
words cluster more tightly than content words (0.84
vs 0.71), concrete nouns more tightly than abstract
nouns (0.93 vs 0.74), and early-acquired words
more tightly than late-acquired words (0.78 vs
0.77). The neural baselines show less coherent
structure. Both models cluster late-acquired words
more cleanly than early-acquired ones, suggesting
that without explicit structural priors to separate
lexical bases from functional layers, purely dis-
tributional learning treat words too uniformly to
capture the developmental reality of the lexicon.

Furthermore, these representational differences
directly affect how the models handle functional
composition. The schema’s near-perfect morpheme
attachment accuracy (0.99) strongly suggests that
it reliably groups the morphemes with their corre-
sponding lexical heads. This extends to multi-word
functional structures, where our model achieves the
highest AUX/COP+V recall (0.87).

In contrast, the neural baselines show a stronger
bias towards local lexical spans. TN-PCFG
achieves the highest recall for DET+N and SVO
constructions, but struggle to organize functional
elements with low AUX+V recall. The Compound
PCFG has a similar difficulty with functional struc-
tures, particularly in its low morpheme attachment
accuracy. This shows that while dense grammar ef-
fectively captures linear lexical dependencies, the
schema’s priors are better suited for identifying
hierarchical functional layers.

5.4 Capacity Scaling

To understand how nonterminal vocabulary size

affects performance, Table 4 compares model per-

formance across different capacity thresholds.
The schema-priored grammar gains most of its

Family NT F1
Schema 67  0.67
Schema 91 0.74
Schema 136  0.74
C-PCFG 31 043
C-PCFG 61 0.43

C-PCFG 121 0.64

TN-PCFG 512 0.51
TN-PCFG 2048 0.52

Table 4: Capacity scaling on English.

bracketing accuracy before the grammar becomes
large. Increasing projection depth beyond the mid-
sized setting gives little return, which suggests that
the useful constraint comes from the organization
of the rule space, not from adding nonterminals.

The neural baselines show the opposite pattern.
Their F1 improves as capacity grows, but the im-
provement requires a much larger nonterminal in-
ventory. Capacity helps the neural baselines ap-
proximate useful structure, while the schema builds
part of that structure into the hypothesis space be-
fore estimation begins.

5.5 Component Ablation

’ Bora PToff | [ EPPoff N BFOFCoft [l +Mod
1
0.8
2 06
o
Q
2 04
0.2
0
F1 Function P DET+N AUX+V

Figure 4: Component ablation.

The ablation study tests which part of the schema
is responsible for each structural effect (Figure 4).
The full model projects the referential and pred-
icative domains by default. In the PT-off condi-
tion, the three-domain functional set is removed.
EPP-off condition removes hierarchical projection
structures. In the FOFC-off condition, projection

56433



direction is no longer constrained. The +Mod con-
dition extends projected layers to the modifier.

The results show a clear division of labor among
the principles.

Prototypes of POS primarily drives category in-
terpretability, as expected. Removing the three-
domain separation collapses function word purity
and AUX+V recall. This shows that the drop in
F1 is primarily from the model losing its ability to
separate functional layers from content words.

Disabling EP hierarchy specifically degrades
DET+N recovery without affecting function purity.
This suggests that the low-level referential con-
stituents heavily relies on argument requirement,
rather than on the three-domain inventory alone.

FOFC enforces stable composition. When pro-
jection direction is left unconstrained, the model
can still identify functional words, but fails to com-
pose it correctly, resulting in a plummeting F1 and
AUX+YV recall. This shows that functional cate-
gories require stable directional rules to form accu-
rate hierarchical structures.

Finally, the +Mod condition shows that adding
projected structure is not always beneficial. Extend-
ing hierarchical projection to the modifying domain
lowers both F1 and construction recall. The added
modifier spine competes destructively with core
functional projections.

5.6 Category-level Recovery

== Closed-class Open-class

0.7
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Figure 5: Category concentration over training.

To further investigate how the schema acquires
different word types, we track how word categories
form during training. Figure 5 shows the learning
curves for closed-class functional words and open-
class content words. Closed-class functional words,
such as determiners and auxiliaries, achieve high
concentration almost immediately, stabilizing by
the first epoch and remaining consistent throughout
training. Open-class content words, on the other

hand, begin with diffuse, low-concentration clus-
ters and converge only gradually, never reaching
the purity levels of the functional words.

The learning curve directly reflects the induc-
tive biases of the schema. Because the grammar
rules require specific functional elements to con-
struct valid hierarchical trees, the model is forced
to rapidly identify these closed-class items to parse
the training data effectively. Open-class words,
which usually occupy flexible positions within
these trees, lack the same structural constraints.

This curve indicates that the schema does not
attempt to solve general POS induction. Instead, it
prioritizes the rapid acquisition of the grammatical
markers necessary for syntactic parsing.

6 Conclusion

This paper investigates whether syntactic theories
can be operationalized as explicit inductive biases
for unsupervised grammar induction. We trans-
lated three Universal Grammar hypothesis, namely
Prototype Theory (PT), Extended Projection (EPP),
and the Final-over-Final Constraint (FOFC), into
rule schema. By using a neural estimator to learn
probabilities over this restricted grammar space,
our design cleanly separates the symbolic prior
from the statistical learning algorithm.

The empirical results demonstrate that explic-
itly constraining the hypothesis space fundamen-
tally changes the nature of what the model learns.
Rather than relying on the massive capacity scaling
required by dense neural baselines, our schema-
priored model achieves superior structural recovery
using a highly efficient set of just 91 nonterminals.
More importantly, the model induces highly in-
terpretable, developmentally plausible categories.
It naturally isolates closed-class functional mate-
rial from open-class content words and achieves
near-perfect morphological attachment, structural
features that purely distributional representations
fail to capture. Furthermore, our ablation studies
show a clear division of labor among the theoretical
principles.

Ultimately, our findings support a strong compu-
tational interpretation of syntactic universals. The
proposed priors do not merely shrink the search
space to make learning faster. Rather, they ac-
tively shape the topology of the space, ensuring
that grammars with layered, linguistically mean-
ingful functional structures are the most natural
representations to recover from naturalistic input.
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7 Limitations

This study is limited in scope. The experiments
use English child-directed speech, which provides
a controlled testbed with reference parses and es-
tablished baselines, but does not establish cross-
linguistic generality. The evaluation also depends
on CTB-derived reference trees, which are useful
for consistent comparison but do not directly en-
code the syntactic theory that motivates the schema.
The model also learns from strings alone and ab-
stracts away from semantic, pragmatic, prosodic,
and interactional cues available to children. The
results show that UG-inspired rule schemata can
improve grammar induction under controlled input
conditions, but they do not show that the proposed
schema is psychologically real or sufficient as a
model of child language acquisition.
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A Experimental Setup and
Reproducibility

A.1 Model Configurations

The primary model evaluated in this work is the
schema-priored Neural PCFG. Across all main ex-
periments, the symbolic rule generator was config-
ured with a maximum projection depth of d = 20
and a skip window of k = 5. The Final-over-Final
Constraint (FOFC) direction switch was permitted
at level 2.

We compare our framework against two state-
of-the-art dense neural baselines: TN-PCFG (Yang
et al., 2021b) and Neural PCFG (Kim et al., 2019).
Both baselines were trained on the exact same
morpheme-segmented corpus until convergence to
ensure a fair comparison.

Computational Efficiency: All neural runs use
Adam with early stopping on a held-out develop-
ment split. The compound PCFG baseline adds
a linear KL warm-up on its encoder over the first
epochs of training. Results are averaged over three
random seeds unless stated otherwise. The schema
runs converge on a single CPU. The neural base-
lines are trained on a single A100 GPU.
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