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Abstract

Encoding Universal Grammar principles (UG)
during pre-pretraining (PPT) has been shown
to produce inductive biases in language mod-
els, which facilitate natural language acquisi-
tion. While UG principles should be language-
agnostic, each language follows different ty-
pological parameters. To empirically validate
this theory, we operationalize three levels of
typological flexibility via PPT: non-typological
k-shuffle Dyck, as well as MP-STRUCT, which
encodes the Minimalist Program operations
MERGE, AGREE, MOVE following fixed typolog-
ical parameters. Additionally, we introduce
MP-STRUCT BCC (BCC), which parameter-
izes typological features following the Borer—
Chomsky Conjecture to allow for a more ty-
pologically flexible parametrization. Through
a multilingual, subtask-level evaluation across
207 grammatical tasks for English, Dutch, and
Chinese, we find that principles-driven PPT
significantly improves average accuracy, but
selectively degrades language-specific phenom-
ena such as wh-island constructions. In con-
trast, structure-only PPT, as well as typologi-
cally flexible PPT eliminate wh-island degra-
dation while preserving overall gains, demon-
strating that typological parameterization of-
fers a path toward multilingual syntactic pri-
ors. Exploratory model-internal analyses are
consistent with these findings at the levels of
output probabilities, attention structure, as well
as cross-lingual representation alignment.

1 Introduction

Language models (LMs) remain far less data-
efficient than human learners, particularly for syn-
tactic phenomena that depend on hierarchical rather
than linear structure (Warstadt et al., 2023). Chil-
dren converge on such knowledge from compara-
tively little linguistic input, whereas LMs typically
require orders of magnitude more text to reach
comparable performance (Warstadt and Bowman,
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MP-STRUCT (linearized):
[CP [C] LTP [DP[Num:pl] [DILNI]
[T(+EPP,uNum:pl)]
[VP V [DP[Num:pl][DI[N]I] [TRCDPII1]]

Figure 1: Example MP-STRUCT derivation, reproduced
from Mita et al. (2026). MERGE builds the hierarchi-
cal vP/TP/CP skeleton; AGREE matches the subject’s
Num feature to T (uNum <— Num:pl); MOVE raises the
subject DP to Spec-TP (EPP), leaving a trace TR[DP]
at its base position. In this work, we parametrize these
operations to be more typologically flexible.

2022). Under the Universal Grammar (UG) hy-
pothesis, human language acquisition is guided by
an innate bias—the Language Acquisition Device
(LAD; Chomsky, 1965), grounded in UG—that
constrains the learner’s hypothesis space toward
natural-language-like structure from the outset. If
a comparable structural bias could be injected into
LMs prior to natural language training, the acquisi-
tion of more complex, hierarchical syntactic struc-
tures should be facilitated.

Pre-pretraining (PPT) instantiates this strategy:
LMs are first trained on formal languages that en-
code abstract hierarchical structure (e.g., “{ (
} [ ) 17), before proceeding to standard natu-
ral language pretraining, where genuine syntactic
structure must be acquired—injecting a structural
inductive bias for subsequent learning (Papadim-
itriou and Jurafsky, 2023; Hu et al., 2025). Extend-
ing prior heuristic approaches, MP-STRUCT (Mita
et al., 2026) provides a PPT paradigm, which in-
corporates the fundamental UG-operations: MERGE
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(hierarchical structure building), AGREE (feature
checking), and MOVE (displacement) as shown in
Figure 1. This added structure has been shown to
improve the efficiency of English language acquisi-
tion. However, prior work has left open the ques-
tions of (1) which specific grammatical phenomena
PPT improves or degrades, and (2) whether PPT is
effective on languages other than English.

By definition, UG should be language-universal,
and its inductive bias should accordingly support
the acquisition of any natural language. Since MP-
STRUCT is designed to operationalize UG’s core
operations, its inductive bias should likewise ex-
tend to languages beyond English. However, the
current implementation of MP-STRUCT contains
English-specific design choices, such as obligatory
wh-fronting (e.g., Chinese instead allows wh-in-
situ), and head-initial word order (e.g., compared
to Dutch’s underlying SOV). Such typological dif-
ferences within UG are characterized by the Princi-
ples and Parameters (P&P) framework (Chomsky,
1981) as parameters, which delimit the range of
variation possible across languages, while princi-
ples must be satisfied by all languages.

In this work, we provide, to the best of our
knowledge, the first subtask-level study on PPT’s
effects across typologically different languages,
complementing prior multilingual PPT work (Pa-
padimitriou and Jurafsky, 2020, 2023) with a fine-
grained phenomenon-level analysis for additional
languages, as well as methods for making PPT it-
self more typologically flexible following the P&P
framework. Towards these goals, we provide the
following contributions:

1. Empirically differentiating P&P. Using PPT
to operationalize different levels of principles
and parameters (§3), we identify that a bal-
ance between the two is crucial to achieve per-
formance gains across BLIMP (Warstadt et al.,
2020) subtasks over the non-PPT baseline,
while avoiding language-specific biases, such
as wh-island degradation (—10.3 pp) driven
by English-centric parametrization (§4).

2. Typologically flexible PPT. By making the
parameters within P&P language-adaptable
and typologically coherent, we introduce the
BCC framework for PPT (§3.3), which elimi-
nates wh-island degradation while maintain-
ing significant overall improvements, better
balancing cross-lingual performance.

3. Exploratory analysis of model-internal
changes driven by PPT. Model-internal
differences suggest how PPT induces
structurally-oriented attention and reshapes
cross-lingual representations. BCC exhibits
balanced cross-lingual convergence, whereas
fixed parametrization over-converges toward
English, and a lack of parametrization
produces low language differentiation (§5).

2 Related Work

2.1 Universal Grammar and Minimalism

Under the UG/LAD hypothesis (Chomsky, 1965),
human language acquisition is constrained by an
innate linguistic bias, grounded in UG. P&P theory
(Chomsky, 1981) decomposes UG into two kinds
of constraints in order to characterize typological
variation: principles, which every language must
satisfy without exception, and parameters, which
delimit the range of variation possible across lan-
guages, with each language fixing its own values.

We treat the core structure-building operations of
the Minimalist Program (Chomsky, 1995)—MERGE,
AGREE, and MOVE—as instantiating the principles
of P&P, since every language is assumed to build
hierarchical phrases, check feature agreement, and
displace constituents in some form, without ex-
ception.! Parameters, in contrast, instantiate ty-
pological variation along dimensions such as wh-
movement, head directionality, and richness of
agreement, each admitting a small set of possi-
ble values that a given language fixes. The Borer—
Chomsky Conjecture (BCC; Borer, 1984; Chom-
sky, 2001) further holds that cross-linguistic vari-
ation reduces to the feature composition of func-
tional heads, providing the theoretical foundation
for our parameterization approach (§3.3).

2.2 Pre-Pretraining

Pre-Pretraining (PPT; Papadimitriou and Jurafsky,
2023) injects a structural inductive bias into LMs
through short-term pretraining on formal languages.
Specifically, k-shuffle Dyck, a context-sensitive re-
laxation of k-Dyck, captures complex dependency

!These operations reformulate, rather than replicate, the
specific principles proposed in earlier P&P work (Chomsky,
1981); we adopt this operational mapping for computational
tractability rather than as a claim about their historical equiv-
alence. Note also that the availability of an operation (e.g.,
AGREE) is considered universal even where its morphologi-
cal realization is minimal or absent in a given language (e.g.,
Chinese); we return to this distinction in §3.2.
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eng nld zho MS

Wh-mvt oblig. oblig. in-situ oblig.
Word order SVO  V2/SOV ~ SVO  head-init.
Agreement  limited rich none limited

Table 1: Target languages and typological contrasts with
MP-STRUCT (MS).

structures within the computational limits of Trans-
formers, providing an effective structural bias (Hu
et al., 2025). MP-STRUCT (Mita et al., 2026) in-
stantiates the principles identified above (MERGE,
AGREE, MOVE; §3.2) as bracketed formal languages
(see Figure 1). Prior work shows that attention head
subnetworks acquired during PPT persist through
pretraining (Hu et al., 2025) and that low depen-
dency resolution ambiguity determines PPT effec-
tiveness (Mita et al., 2026). To extend PPT more
effectively to multilingual settings, this work stud-
ies the gap between PPT without any UG principles
(i.e., Dyck languages), and PPT with fixed English-
type UG parameters (i.e., MP-STRUCT).

3 Methods

We evaluate three PPT paradigms with increas-
ing cross-lingual flexibility: k-shuffle Dyck, MP-
STRUCT, and BCC—across English, Dutch, and
Chinese (Table 1). These languages differ in wh-
movement (obligatory fronting in English/Dutch,
Chomsky, 1977, vs. wh-in-situ in Chinese, Huang,
1982) and word order (SVO in English/Chinese vs.
V2/SOV in Dutch, den Besten, 1983).

3.1 k-shuffle Dyck: Inducing General
Language Structure

k-shuffle Dyck (SD; Hu et al., 2025) encodes inter-
leaved bracket structures (e.g., “{ ( } [ ) 17) with
cross-serial dependencies, providing a language-
agnostic structural bias. It serves as a structure-
only control to validate whether any performance
gains or losses on specific grammatical phenomena
are a result of UG instantiation or a general char-
acteristic of PPT. Following the main experimental
settings of Hu et al. (2025), we adopt k = 64 with
shuffling, which provides a more robust structural
bias than non-shuffled, strictly nested alternatives,
and a high-enough value of k as to better approxi-
mate the cross-serial dependencies found in natural
language.

Head Feature Values Langs

v, V complement dir.  init./final en,zh/nl
C [+wh] strength strong/weak  en,nl/zh
C V-attraction act./inact. nl/en,zh
T p-features rich/lim./ nl/en/zh
Top EPP act./inact. zh/en,nl

Table 2: Typological parameters in BCC.

Algorithm 1 BCC Data Generation

Notation: £: lexicon, 0: typological parameters, c: clause
syntax tree, S: output sequence, @®: string concatenation,
Lmax: sequence length limit.

: Input: lexicon L, target length Lpax
: Output: token sequence S
S+ 0
: while |S| < L do
Step 1: Clause-level Parameter Sampling
6 < SAMPLEPROFILE({en, nl, zh})
// Determines the cross-linguistic syntactic varia-
tion for the current clause
Step 2: Clause Generation and Linearization
9: ¢ < GENERATECLAUSE(L, 0)
10:  // Applies MERGE, AGREE, MOVE following pa-
rameters 0
11:  ciin <= LINEARIZE(c)
12:  Step 3: Concatenation (Code-switching Simu-
lation)
13: S+ S cin
14:  // Appends the linearized clause to simulate typo-
logical code-switching
15: end while
16: return S

AR A ol ey

*®

3.2 MP-STRUCT: Operationalizing Universal
Grammar Principles

MP-STRUCT (MS; Mita et al., 2026) generates
syntactic derivations encoding Minimalist Program
operations (Figure 1): non-terminal labels (CP, TP,
vP), functional heads (C, T, v), and ¢-features
are combined using the principle operations MERGE
(hierarchical structure building; Chomsky, 1995),
AGREE (feature checking; Chomsky, 2000), and
MOVE (displacement; Chomsky, 1981, 1995), as
well as movement traces (TRACE). The resulting
derivations are linearized into bracketed sequences
(e.g., [CP MERGE [C [+wh]l [TP ... 11) with
language-independent abstract lexical tokens, so
the LM learns syntactic operations before expo-
sure to natural language. Beyond the principle
operations (MERGE, AGREE, MOVE), the design in-
cludes parameters that govern how these opera-
tions are applied. Following its original work, we
fix these parameters to follow English-like syn-
tactic rules: (wh-movement) wh-elements obliga-
torily move to Spec-CP (English-type fronting);
wh-in-situ is never generated; (head directional-
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ity) always head-initial; V2 and head-final orders
are not generated; (agreement features) partially
encoded; rich agreement systems and the absence
of agreement are not represented.

3.3 BCC: Parameterizing Typological
Features

To address MS’s English-centric parameter settings,
we propose MP-STRUCT BCC (BCC), which in-
troduces explicit typological parameters follow-
ing the Borer—Chomsky Conjecture (Borer, 1984;
Chomsky, 2001). For each generated clause, func-
tional head features are sampled from typological
profiles (Table 2). We introduce five parameters:
First, complement directionality on the v and V'
heads determines whether verbs precede (English,
Chinese) or follow their objects (Dutch). Second,
[+wh] strength on the C head dictates whether
wh-movement is obligatory (English, Dutch) or
whether wh-in-situ is allowed (Chinese). Third,
V-attraction on the C head controls verb-second
(V2) word order, which is active in Dutch but inac-
tive in English and Chinese. Fourth, p-features on
the T head specify the richness of morphosyntactic
agreement, ranging from rich (Dutch) to limited
(English) or absent (Chinese). Finally, EPP on
the Top head regulates topic-prominence, which is
active in Chinese but inactive in English and Dutch.

Each PPT sequence concatenates multiple inde-
pendent clauses whose typological parameters are
dynamically sampled from plausible language pro-
files (English, Dutch, Chinese; Algorithm 1). Since
lexical items and structural operations are identical
to MS, any observed differences are attributable
solely to typological parameterization.

4 Experiments

4.1 Setup

Training. Following the BabyLM 2026 Mul-
tilingual track (Jumelet et al., 2025; Choshen
et al., 2026), we train GPT-2-small (Radford
et al.,, 2019; 124M parameters) on the offi-
cial en_nld_zho_equal pre-training data (100M
words x 10 epochs). PPT conditions observe 500
initial steps of synthetic language pre-pretraining
(Ir=5x 1074, warmup = 100). Four conditions are
tested with three random seeds each: Baseline (BL)
without PPT; Shuffle Dyck (SD) with k-shuffle
Dyck (k=64) PPT (§3.1); MP-STRUCT (MS)
with English-type parameter-fixed PPT (§3.2);
BCC with typological parameterization (§3.3). All

eng nld zho avg
BL 7004001 .790+.005 7524004 7474003
SD 7074003 .792+.001 .762+.002 754+ .002+
MS 710+.005 7944005 7594008 755+ .006*
BCC .708+.007 .795+.003 .760+.004**  .754+.005*

Table 3: Group-level BLIMP accuracy across all 4 con-
ditions (mean = std, 3 seeds). Bold: best per column.
*p < .05; **p < .01 vs BL (paired ¢, n=3). Paired
mean differences vs BL: SD 4-0.6 pp; MS +0.7 pp; BCC
+0.7 pp (95% CIs overlap but all exclude zero).

conditions share identical model initializations,
natural-language data ordering, and training sched-
ule per seed; only the PPT phase differs.

Evaluation. All models are evaluated on
BabyLM 2026’s multilingual BLiMP setup:
67 English subtasks from BabyLM-BLiMP
(Warstadt et al., 2020); 22 Dutch subtasks from
BLiMP-NL (Suijkerbuijk et al., 2025); and 118
Chinese subtasks from ZhoBLiMP (Liu et al.,
2026)—totaling 207 evaluated subtasks. Each
subtask uses minimal pairs to test grammaticality
judgments. Benchmark accuracy is reported as
mean =+ stddev (3 seeds), with paired ¢-tests and
95% ClIs.> should be interpreted cautiously as
descriptive summaries rather than population-level
inferential evidence. For win/loss rates across
subtask-level results, each subtask’s 3-seed mean
difference Apean is classified as Win (A > 2 pp),
Loss (A < —2pp), or Tie, with 95% binomial
CIs (Wilson score). The 2 pp threshold exceeds
typical cross-seed variance (mean within-condition
std =~ 0.4 pp), and we find conclusions to remain
stable across £1 to £5pp thresholds (Table 7,
Appendix A).

4.2 Benchmark-level Results

All PPT conditions significantly improve the 3-
language average over BL (Table 3). MS shows
the largest English improvement, while SD and
BCC show stronger gains on Chinese. BCC is not
strictly superior to MS (p = .217 for the BCC—
MS difference), with each condition winning on
different subtasks.

4.3 Subtask-level Results

Roughly half of subtasks show no meaningful
change (Table 4). Among those with |A| > 2 pp,

"Due to the sample size n =3, all effect sizes and signifi-
cance values
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#ub W L T W/(W+L)

SD vs BL

eng 67 18 10 39 64.3%
nld 22 2 3 17 40.0%
zho 118 37 23 58 61.7%
Total 207 57 36 114 61.3%
MS vs BL

eng 67 21 5 41 80.8%
nld 22 2 2 18 50.0%
zho 118 36 26 56 58.1%
Total 207 59 33 115 64.1%
BCC vs BL

eng 67 17 8 42 68.0%
nld 22 4 2 16 66.7%
zho 118 35 28 55 55.6%
Total 207 56 38 113 59.6 %

Table 4: Win/Loss analysis (|Amean| > 2pp, 3-seed
means). SD and MS both improve overall, but with
different per-language profiles. BCC shows the most
balanced per-language win rates. 95% Cls: SD [51.1—
70.6%]; MS [53.9-73.2%]; BCC [49.5-68.9%].

all three PPT conditions favor wins. PPT acts se-
lectively on specific phenomena: MS achieves the
highest English win rate (80.8%) but the lowest
Dutch rate (50.0%), hinting at an English-specific
bias outlined below. BCC shows the most balanced
performance profile across languages (66.7% me-
dian vs. 61.7% for BL and 58.1% for MS), consis-
tent with its typologically diverse parametrization.

Language-bias in MS. Larger improvements in-
volve language-specific structural phenomena: in
Chinese, BEI construction and quantifier scope;
in English, wh_obj_gap and adjunct_island (Ta-
ble 5). All PPT conditions improve on these sub-
tasks, with SD showing the largest npi_renhe gain
(+22.1 pp), thus reflecting the structural inductive
bias operating universally.

However, a striking dissociation emerges in wh-
related subtasks (Table 6). MS improves accu-
racy where wh-movement occurs but degrades
wh_island substantially. Critically, SD shows no
wh-island degradation. This dissociation sug-
gests that the degradation is not caused by PPT
per se, but is consistent with MP-STRUCT’s oblig-
atory wh-fronting parameter (this being one param-
eter that differs from MS to BCC; §6). A paral-
lel pattern appears in Dutch, where MS degrades
wh_movement_restrictions while SD shows no
change (Table 8), though the Dutch subtask differs
in item construction from the English wh_island,
so this cross-lingual parallel is suggestive rather
than exact. Chinese question-formation subtasks

Subtask Lang SDA MSA BCCA
Top improvements

BEI_deletion zho +11.6  +28.4 +28.9
superlative_quant_2 zho +16.2  +26.3 +12.3
npi_renhe_wh_subj zho +22.1 +8.3 +17.8
question_V_not_VP_1 zho +9.0 +8.7 +15.4
Key regressions

wh_island eng -03 -103 +0.9
q_daodi_A_not_A zho —114 —-17.7 —-5.8
renhe_no_sup_neg zho +42 +14.8 —-104

Table 5: Selected top changes vs. BL (A in pp). Sub-
tasks are selected post-hoc by largest |A| across any
condition (top improvements) and by relevance to wh-
phenomena (key regressions); no a priori selection was
applied. SD shows the largest npi_renhe improvement
(+22.1) but no wh_island degradation (—0.3), consistent
with parameter-free structural bias.

Subtask Structure BL SDA MSA BCCA
wh_obj_gap wh-mvt (gap) 708 +6.7 +3.5 +7.5
adjunct_island  adjunct extr. 152 +2.6 +5.7 +4.7
wh_island wh prohibited .672 —-03 —10.3 +0.9
wh_vs_that wh vs. that 251 +4.9 +4.5 +1.3

Table 6: Wh-related subtask effects across all conditions
(A from BL in pp). SD shows no wh-island degradation
(—0.3); MS severely degrades where wh-movement is
prohibited (—10.3); BCC successfully eliminates this
degradation (+0.9).

(31 subtasks including A-not-A, nandao, topical-
ization) show no systematic MS degradation, con-
sistent with wh-in-situ being unaffected by the
obligatory-fronting bias.

Table 8 (Appendix B) summarizes this cross-
lingual pattern. Structural bias improves perfor-
mance across all languages for both SD and MS
(UG principles), whereas the MOVE-derived bias
specific to MS is skewed toward English (parame-
ters). Within the tested typological space, the P&P
distinction thus maps onto computational PPT.

BCC eliminates wh-island degradation (Ta-
ble 6) while maintaining overall gains (Table 3).
SD avoids degradation by not encoding wh-
movement; BCC avoids it by encoding diverse
typological settings. BCC also yields the largest
wh_obj_gap improvement among the three PPT
conditions, suggesting that diverse movement pat-
terns promote a more general wh-gap detection
mechanism. However, BCC, MS, and SD produce
different subtask-level trade-offs, so parameteriza-
tion alone does not yield a strictly superior design.
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Figure 2: Wh-preference margin (correct/incorrect log-
probability difference). MS is largest on English wh
(3.98); BCC is largest on Dutch wh V2 (4.44). SD
shows the lowest English margin (1.54), consistent with
its lack of wh-movement encoding. Chinese is omitted
because wh-in-situ does not involve overt wh-extraction.

S Exploratory Model-internal Analysis

To better understand how the different PPT
paradigms affect model-internal processing of mul-
tilingual inputs relative to the non-PPT baseline,
we next analyze differences at the level of output
probabilities (§5.1), intermediate parameters (§5.2),
and representational alignment (§5.3).

5.1 Wh-preference Margins

For wh-movement, Figure 2 revealed significant
differences depending on the PPT paradigm. Mea-
suring the magnitude of this effect via the log-
probability margin between correct and incorrect
wh-extraction items, we find that MS shows the
highest margin for correct versus incorrect En-
glish cases (3.98), consistent with English-type spe-
cialization. SD shows the lowest English margin
(1.54)—which places it below even BL (2.29)—
consistent with its lack of any explicit MOVE op-
eration. Nonetheless, SD suffers no wh-island
degradation, suggesting that a weaker but unbi-
ased wh-representation is preferable to a strong but
English-skewed one. BCC has an English margin
of 3.06, placing it closest to MS, while also exhibit-
ing higher margins for other languages, including
the highest Dutch wh V2 margin (4.44), reflecting
more balanced cross-lingual wh-preferences.

5.2 Attention Head Specialization

At the level of model parameters, we classify each
attention head as either structurally-oriented (S)
or proximity-oriented (P) based on its correlation

with dependency structures versus linear token dis-
tance, following the intuition of Hu et al. (2025).
Concretely, for each head we compute the Pear-
son correlation between its attention weights and a
linear-proximity matrix ﬁ over three English
sentences containing relative clauses and PP mod-
ifiers. Heads with » < 0.5 are classified as S, the
remainder as P.3 The S/P ratio = % quantifies
the strength of the structural bias induced by each
PPT paradigm.

All PPT models exceed BL’s S/P ratio (0.847).
SD achieves the highest ratio (0.997), followed by
MS (0.975) and BCC (0.925). Since the classifica-
tion is based on English stimuli, the ordering also
reflects how strongly each paradigm specializes
toward English-like structural patterns: SD’s near-
ceiling ratio indicates an extreme structural bias
with little proximity-based attention, while BCC’s
comparatively moderate ratio is consistent with its
typologically diverse training producing more bal-
anced attention patterns that are not narrowly tuned
to any single language’s dependency structure.

5.3 Cross-Lingual Representation Alignment

At a broader multilingual level, we next investigate
how PPT affects a model’s overall cross-lingual
representational alignment.

Embedding Alignment. To measure embedding
alignment across languages, we first group to-
ken embeddings by language. Concretely, for
each token in the models’ vocabulary, we trace
which language split of the pre-training data
(en_nld_zho_equal) it originates from, assigning
tokens to multiple languages if they occur in more
than one split (e.g., digits). Since the tokenizer is
trained on the same corpus, this allows us to group
token IDs and their corresponding embeddings by
language. Similarly, this means that if a token only
occurs in one language (e.g., most Chinese charac-
ters), their embeddings will also only be directly
affected by pre-training data in that language.

The resulting groupings in Figure 3 show that
PPT substantially increases cross-lingual embed-
ding similarity, with MS and BCC exhibiting the
highest gains. These alignment increases are par-
ticularly pronounced for non-English and multilin-
gual embeddings, jumping from 0.00-0.05 (BL) to
0.10-0.18 (PPT).

*Note that low proximity-oriented correlation may also re-
flect diffuse, non-local attention; the S/P ratio should therefore
be interpreted as a coarse proxy for structural biases.
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Figure 3: Mean cosine similarities across token embeddings from different language groups (multi-language groups
if a token occurs in more than one language data subset). N indicates the number of embeddings per group,
summing to the total vocabulary size of 16,384. PPT models show higher cross-lingual similarity than the baseline.
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Figure 4: Cross-lingual L1 residual distance across em-
beddings (EMB), as well as layer-wise attention (ATT)
and feed-forward blocks (MLP).

Residual Distance. As a proxy for cross-lingual
alignment across model components, we measure
L1 distances between language-specific represen-
tations in each model’s residual stream (details in
Appendix D) using 1k parallel sentences from FLO-
RES (NLLB Team, 2024). Figure 4 shows that PPT
models exhibit lower residual distance (i.e., higher
cross-lingual alignment) in the earlier half of layers
(LO-L5), before following a trajectory of increas-
ing separation similar to the baseline.

Interestingly, PPT models initially show signifi-
cantly larger distances after PPT (~10M tokens),
but this reverses beyond 100M tokens (Figure 5). A
Wilcoxon signed-rank test at p < 0.05 with Holm-
Bonferroni correction on the final ordering of resid-
ual distances, SD ~ MS < BCC < BL, shows
that SD and MS exhibit significantly lower typo-
logical diversity (i.e., convergent representations)
compared to BL’s higher cross-lingual separation.
Meanwhile, BCC’s intermediate level of alignment
reflects typologically balanced representations that
resist under and over-convergence.
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Figure 5: Cross-lingual total L1 residual distance across
training (indicated by the number of observed tokens).

6 Discussion

6.1 Principles vs. Parameters in PPT

In the P&P framework (§2), principles are con-
straints every language must satisfy, while pa-
rameters are constraints that delimit the range of
possible variation across languages. Within the
tested typological space, the P&P distinction be-
tween “principles” and “parameters” maps onto
PPT. Language-agnostic structural effects improve
performance consistently across languages (SD and
MS; §4.2), while parameter-level MOVE effects are
specific to MS and skewed toward English (§4.3).
Since SD encodes hierarchical structure without
any typological parameters, yet produces cross-
lingual improvements without language bias, this
isolates the source of the bias in MS’ parameter
settings rather than in PPT itself.

Formal language design is thus not theoretically
neutral: parameter settings affect the induced bias,
and should be treated as explicit design variables.
BCC addresses this issue by sampling parameters
from plausible typological profiles rather than fix-
ing them, eliminating wh-island degradation while
preserving overall cross-lingual gains (§4.3).
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Ruling Out Alternative Explanations. To es-
tablish the parameter fixation hypothesis, we con-
sider four alternative explanations for the wh-
island degradation. First, the degradation is un-
likely due to insufficient PPT steps, as other wh-
improvements (wh_obj_gap, adjunct_island)
clearly emerge within the same 500-step budget.
Second, it cannot be attributed solely to the intrin-
sic complexity of island structures. BL already
achieves substantial accuracy on wh_island (Ta-
ble 6), indicating that these constraints are learn-
able from natural language alone without PPT.
Third, the hypothesis that PPT in general disrupts
island learning is inconsistent with the SD control,
which undergoes the same 500 steps of structural
PPT yet shows no wh-island degradation (Table 6).
Finally, the absence of island structures in the for-
mal language is complementary rather than alter-
native to our hypothesis: the “always-move” and
“never prohibit” biases may jointly contribute to
the degradation. That is, while English itself ex-
hibits both obligatory wh-fronting and strict island
constraints, MS’s formal language encodes only
the former without the latter, creating an asym-
metric bias that favors extraction without learning
when to block it. The converging evidence from
SD and BCC is consistent with parameter fixation
as the primary source of the observed bias, though
full causal identification requires targeted single-
parameter ablation.

6.2 Subtask-level Multilingual Evaluation Is
Essential

Behind the modest benchmark-level improve-
ment (§4.2) lie phenomenon-specific subtask-level
changes spanning a much wider range (§4.3, Ta-
ble 5), including the wh-island degradation, which
would have been invisible without subtask-level
analysis. These results highlight the need to bal-
ance language-agnostic SD and language-specific
features of MS, while reinforcing the practical im-
plication that typologically plausible inductive bi-
ases (BCC) can lead to more balanced cross-lingual
performance, while universal structural biases (SD)
are preferable when the target language character-
istics are unknown. Future work should likely ex-
plore how many parameter profiles can be included
in BCC-style PPT, to test the limits of inducing bi-
ases for many more languages simultaneously. To
surface these language-specific differences during
evaluation, we thus recommend: (1) standardized
reporting of subtask-level Win/Loss distributions

and cross-lingual comparisons; (2) explicit docu-
mentation of typological parameter settings in for-
mal language design; (3) inclusion of typologically
diverse evaluation languages in PPT studies.

6.3 Model-internals Reflect PPT Paradigms

The exploratory analyses in §5 suggest that each
PPT paradigm’s characteristics are reflected in the
model-internal differences induced by each method:
parametrization choices surface in output probabil-
ities, PPT reshapes the embedding space that later
training builds on, and these early effects persist
through subsequent learning phases.

Probabilities Reflect Parametrization. Across
our different levels of typological parametrization,
§5.1 showed how SD’s low English wh-margin
reflects its typologically unbiased parametrization,
while MS’ fixed English-type parameters manifest
as an excessive English wh-preference. BCC, by
contrast, maintains balanced wh-preferences across
languages, matching its superior performance on
wh-island resolution. Practically, the fact that SD
leads to more balanced results than MS suggests
that no typological bias (i.e., randomly sampled
parametrization) may be preferable when the target
typology is unknown.

PPT Improves Embedding Alignment. Beyond
output probabilities, PPT also leaves a mark on
the model’s internal representations. Cross-lingual
representational alignment has proven to be cru-
cial for balanced multilingual performance (Basirat,
2025; Korner et al., 2026), yet in practice, multilin-
gual embeddings are often skewed towards English
(Wendler et al., 2024; Harrasse et al., 2025). We ob-
serve this same skew: despite our relatively small
three-language setup and equal token ratios across
languages in the pre-training data, multilingual em-
beddings still show slightly higher alignment with
English (§5.3). It is therefore notable that PPT sub-
stantially increases cross-lingual embedding sim-
ilarity for non-English embeddings compared to
standard pre-training on the same data (from 0.00
to 0.18), even though it only encodes abstract struc-
tural information. This indicates that even a small
amount of PPT promotes closer cross-lingual align-
ment of the embedding space that forms later in
training. Encoding UG-principles appears to fur-
ther aid this process, as both MS and BCC show
additional alignment gains compared to SD alone.
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Early PPT Affects Later Learning Phases.
This improved alignment, however, does not
emerge immediately. §5.3 shows that PPT mod-
els have lower cross-lingual residual stream dis-
tance at the end of pretraining, but that the train-
ing dynamics leading to this result are non-trivial:
all PPT models initially show dramatically larger
cross-lingual distance than BL in the early phases
of pre-training, right after PPT (Figure 5). Beyond
this phase, cross-lingual distance falls and remains
consistently below the baseline from around 100M
tokens onwards. Notably, this stage of pre-training
coincides with a previously reported “critical learn-
ing phase” (Miiller-Eberstein et al., 2023; Chen
et al., 2024), during which LMs acquire most of
their fundamental syntactic capabilities. Together
with the high level of structural specialization of
attention heads in PPT models (§5.2), this indicates
that the inductive biases introduced by PPT estab-
lish a structure that shapes training dynamics well
beyond their initial phase.

7 Conclusion

Through the first subtask-level multilingual anal-
ysis of UG-inspired PPT across English, Dutch,
and Chinese, we find evidence that MP-STRUCT’s
inductive bias based on UG principles is par-
tially universal but contains language-specific bias.
Structure-derived effects are cross-linguistically
consistent, whereas parameter-derived effects—
most prominently obligatory wh-fronting—are as-
sociated with an English-centric bias that degrades
wh-restriction constructions in both English and
Dutch. BCC-based parameterization eliminates
this degradation while preserving overall gains. Ex-
ploratory analyses of model internals are consis-
tent with the hypothesis that PPT’s benefits are
mechanistically decomposable: structural attention
bias (present in all PPT conditions including k-
shuffle Dyck) is separable from cross-lingual align-
ment (requiring language-specific tokens), with
each paradigm’s parametrization choices surfacing
in both output probabilities and representational
geometry. Within the tested typological space, the
P&P distinction between principles and parameters
thus maps onto computational PPT, indicating that
for genuinely universal PPT, principled typological
parameter design and subtask-level multilingual
evaluation are essential.

Limitations

Typological Diversity. Only three languages
are tested. SOV languages (e.g., Japanese),
polysynthetic languages, and other typological pro-
files require further investigation. BLiMP phe-
nomenon coverage is also benchmark-dependent;
while Dutch wh_movement_restrictions tests
subjacency-type constraints on wh-extraction
(§4.3), it differs from the English wh_island sub-
task in item construction and coverage, so the cross-
lingual parallel is suggestive rather than exact. Cur-
rently, dedicated island constraint benchmarks for
Dutch and Chinese do not exist, limiting the scope
of direct comparison.

Experiment Scale. Three seeds provide limited
statistical power for individual subtask significance
testing. We use only GPT-2 small (124M param-
eters) with 100M words of training data; whether
the observed effects persist, diminish, or amplify
with larger models and more data is untested, and
small-scale artifacts cannot be ruled out. PPT uses
500 steps, and operates under BabyLLM constraints;
optimal step counts remain unexplored.

Single-factor Ablations. The attribution of wh-
island degradation to wh-fronting fixation is sup-
ported by converging evidence (SD control + BCC
elimination) but not by targeted single-parameter
ablation; BCC changes five parameters simultane-
ously, so the individual contribution of each param-
eter remains unquantified. BCC also introduces
increased structural diversity alongside typologi-
cal parameterization; a random-parameterization
baseline would help disentangle these factors. Ad-
ditionally, while BCC uses the same vocabulary
and operations as MS, its clause-level parame-
ter sampling may alter the marginal distributions
of token frequencies, sequence lengths, and tree
depths, meaning that some observed differences
could partly reflect distributional rather than purely
typological changes. The strongest bias evidence
comes from English wh-islands with supporting
evidence from Dutch wh-movement restrictions;
broader claims about “language bias” should be
interpreted with this scope in mind. Internal anal-
yses are exploratory seed-0 observations without
cross-seed replication. BCC is not strictly superior
to MS, indicating that parameterization alone does
not yield optimal PPT design.
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A Win/Loss Threshold Sensitivity

Table 7 tests whether the Win/Loss conclusions
in §4.3 depend on the 2 pp threshold used to clas-
sify subtasks. For SD and MS, the W/(W+L) ratio
remains within 3 pp of the +2 pp value across all
thresholds, confirming that the overall positive ef-
fect is robust. MS is particularly stable (64.1% at
+2-5pp), suggesting that its wins tend to be large
in magnitude. BCC shows a slight downward trend
at the most stringent threshold (45 pp: 56.0%), in-
dicating that a larger share of its wins are moderate

in size; this is consistent with BCC’s balanced but
individually smaller per-subtask gains compared to
MS’s more concentrated improvements.

Threshold W L T W/(W+L)
SD vs BL

+1pp 89 55 63 61.8%
+2pp 57 36 114 61.3%
+3pp 44 31 132 58.7%
+5pp 28 17 162 62.2%
MS vs BL

+1pp 86 51 70 62.8%
+2pp 59 33 115 64.1%
+3pp 41 23 143 64.1%
+5pp 25 14 168 64.1%
BCC vs BL

+1pp 82 51 74 61.7%
+2pp 56 38 113 59.6%
+3pp 44 29 134 60.3%
+5pp 28 22 157 56.0%

Table 7: Win/Loss sensitivity to threshold choice. The
Win/(Win+Loss) ratio remains stable across thresholds
from £1 to £5 pp for all three PPT conditions, indicat-
ing that the conclusions are not sensitive to the specific
2 pp threshold.

B Effect Patterns by Language

Table 8 summarizes how PPT effects decom-
pose across languages. Three patterns emerge:
(1) structural improvements from MERGE-derived
bias are universal across all conditions and lan-
guages; (2) wh-restriction degradation is specific
to MS and observed in both English (—10.3 pp)
and Dutch (—3.4pp), consistent with its fixed
obligatory-fronting parameter; (3) BCC elimi-
nates this degradation (eng +0.9 pp) while main-
taining balanced group-level gains across all
three languages (4+0.5-0.8 pp), though Dutch
wh_movement_restrictions shows a modest de-
cline (—2.1 pp). SD and BCC converge in showing
no wh-island degradation despite differing mecha-
nisms: SD avoids it by not encoding wh-movement
at all, while BCC avoids it by encoding typologi-
cally diverse movement patterns.

C MS-BCC Generator Details

The MS-BCC generator samples typological pa-
rameters per clause following the profiles in Ta-
ble 2, then applies MERGE, AGREE, and MOVE with
the sampled settings to produce linearized se-
quences. Clauses are concatenated with code-
switching across language profiles (Algorithm 1).
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Effect Cond. eng nld zho
Structural 1 (universal) SD, MS, BCC v v v

Wh-detection 7 (partial) MS, BCC v Lim. N/A
Wh-restrict. | (MS-spec.) MS -103 -34 —
Wh-restrict. (no degrad.) SD -03 -02 —
Wh-restrict. (no degrad.) BCC +09 -21 —
Group A (pp) SD +0.7  +0.2 409
Group A (pp) MS +1.1  +04 +0.7
Group A (pp) BCC +0.8 +0.5 +0.8

Table 8: Effect patterns by language and condition.
Structural improvement is universal across all PPT con-
ditions. Wh-restriction degradation is MS-specific; SD
and BCC show no systematic degradation. BCC main-
tains balanced group-level gains across all languages.

The vocabulary consists of the same abstract lex-
ical tokens used in MP-STRUCT (w1, w2, etc.),
ensuring that any performance differences between
MS and BCC are attributable to parametrization
rather than lexical content.

D Residual Stream Distances

To compute the representational distance between
our three target languages (English, Dutch, Chi-
nese), we extract the residual stream at 25 locations
in the model: embeddings (EMB), attention blocks
(ATT), and feed-forward components (MLP). As a
source of parallel data, which allows us to control
for language independently of semantic content,
we use 1k sentences per language from the devel-
opment data of the FLORES corpus (NLLB Team,
2024). Each sentence representation is computed
from the mean over its tokens. We then compute
the L1 distance between matching sentences across
all language pairs (excluding self-similarity), tak-
ing the mean over all sentence distances.
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