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Abstract

The development of Large Language Models
has primarily focused on English-centric or
massively multilingual paradigms. As a re-
sult, the dynamics of mixing just two languages
from the very beginning of training remain un-
derexplored, especially for smaller models with
limited capacity. In this study, we conduct a
controlled set of experiments to evaluate the
impact of bilingual corpus during from-scratch
pretraining. Using a capacity-constrained
Gemma-4-derived 181M-parameter architec-
ture trained on a 10 billion token budget, we
compare a purely Turkish baseline against mix-
tures containing 10%, 20%, or 30% of an aux-
iliary language. We test four languages to
isolate different linguistic relationships: En-
glish (a global bridge language), Azerbaijani
(closely related sibling), Finnish (morphologi-
cal peer), and French (lexical pivot). We show
that adding any secondary language costs the
model fluency on structurally uniform text (aca-
demic writing), a capacity tax that grows with
the percentage of auxiliary language. Con-
versely, every mixture lowers perplexity on
stylistically divergent text (creative and liter-
ary writing). At matched mixture ratios Azer-
baijani yields the lowest perplexity on creative
and literary text, ahead of the other auxiliary
languages.

1 Introduction

Large Language Models (LLMs) remain over-
whelmingly English-centric (Brown et al., 2020).
While extending these models to lower-resource
languages is a critical research problem, the prevail-
ing paradigm mostly relies on post-training adap-
tations such as vocabulary expansion or continual
pretraining of existing high-resource models. Al-
though computationally efficient, these adaptations
inherit the structural habits of the original model
and obscure how the two languages actually inter-
act when learned together from scratch. When a

single model is trained on many languages at once,
adding more languages eventually starts to hurt per-
formance on all of them, because the model’s capac-
ity stays fixed while the number of languages keeps
growing; this effect is known in the field as the
curse of multilinguality. Recent large-scale studies
indicate that the severity of this issue is influenced
by typological proximity, shared scripts, and to-
ken mixture ratios (Foroutan et al., 2025; Longpre
et al., 2026), but they characterize it through cross-
language scaling-law fits or population-level sum-
maries rather than by isolating individual language
pairs. Foroutan et al. (2025) report no significant
aggregate curse of multilinguality once language
token counts are balanced appropriately, and AT-
LAS (Longpre et al., 2026), while spanning a wide
parameter range, estimates transfer at the level of
hundreds of language pairs rather than isolating a
single typological family under tightly matched
conditions. Thus, what remains underexplored
is a more specific trade-off within a single fixed-
capacity model. Does adding an auxiliary language
to the training data cost the model fluency on struc-
turally uniform text, and if so, is that cost offset by
gains in robustness on stylistically divergent text,
like creative or literary writing? A follow-up ques-
tion is whether this trade-off tracks typological kin-
ship rather than scale or pivot status. To answer this,
we conduct a controlled ablation study using Turk-
ish as a case language (motivated in Section 2.1).
We train the same capacity-constrained, 181M-
parameter architecture (a scaled-down Gemma-4
design (Gemma Team, Google DeepMind, 2026))
from scratch many times, each run seeing 10 bil-
lion tokens total. In the bilingual runs, we replace
10%, 20%, or 30% of the Turkish training data
with text from a second, auxiliary language, and
train on that mixture from the first step. We call
this cross-lingual transfer throughout the paper, but
we mean something more specific than the term
usually implies. Rather than taking a model al-
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ready pretrained on a single language and adapting
it to a new one, we are asking what happens when
two languages are mixed together from scratch, be-
fore the model has fully learned either one. We
evaluate four auxiliary pivot languages: English
(global pivot), Azerbaijani (genealogically related
sibling), Finnish (morphologically similar aggluti-
native peer), and French (lexical pivot, represent-
ing a major source of European loanwords in the
Turkish vocabulary). This ablation framework is
target-language-agnostic. Turkish is a case study
for studying multilingual pretraining dynamics in
general, not as an end in itself.

Our main contributions are listed as follows:

• We establish a consistent ranking among four
auxiliary languages at matched mixture ratios:
Azerbaijani yields the lowest perplexity on
stylistically divergent Turkish text, ahead of a
morphological peer (Finnish), a lexical pivot
(French), and a global pivot (English).

• We provide a systematic empirical analysis of
how varying token mixture ratios (10%, 20%,
30%) across four linguistic axes affect from-
scratch pretraining dynamics in a capacity-
constrained regime. Any auxiliary language
degrades fluency on structurally uniform text,
monotonically with its share, while the same
mixtures reduce perplexity on stylistically di-
vergent text.

• We publicly release all code, data-processing
pipelines, and evaluation sets used in this
study to support reproducibility1.

2 Related Work

2.1 Why Turkish as a Case Language

Turkish is a proper testbed for studying cross-
lingual transfer. As an agglutinative language with
rich derivational and inflectional morphology, it has
a very different subword distribution from Indo-
European languages, so auxiliary-language con-
tributions cannot be attributed to mere tokeniza-
tion overlap; its morphology and syntax have long
posed challenges for NLP frameworks designed
around Indo-European languages (Hakkani-Tür
et al., 2000; Oflazer, 2014; Umutlu et al., 2025). It
is also a mid-resource language (Joshi et al., 2020),

1https://github.com/metunlp/
bilingualpretrain

and has enough clean data for a monolingual base-
line, yet is resource-constrained enough that trans-
fer effects remain observable within a 10B-token
budget.

Turkish also occupies an unusual position, as it
is among the highest-resource Turkic languages,
yet remains mid-resource in absolute terms. Turk-
ish and Azerbaijani are in the same language
family tree, yet morphologically parallel to un-
related languages such as Finnish. This lets us
vary typological kinship, morphological similar-
ity, and lexical overlap across auxiliary languages,
which is difficult with a majority-resource language
such as English or German. Prior work on Turk-
ish LLM adaptation (Toraman, 2024) shows the
challenges of aligning Turkish morphology with
English-pretrained architectures, further motivating
our from-scratch approach.

2.2 Cross-Lingual Transfer and Typological
Proximity

The curse of multilinguality was first formalized by
early foundational models like XLM-R (Conneau
et al., 2020), which showed that per-language per-
formance in a fixed-capacity multilingual model
degrades once the number of co-trained languages
passes a certain point. Recent work has both re-
confirmed this effect at scale and proposed ar-
chitectural mitigations for it (Chang et al., 2024;
Pfeiffer et al., 2022). This literature character-
izes degradation as a function of the number of
co-trained languages. We instead hold that num-
ber fixed at two and vary the token ratio between
them, a distinct manipulation on which the litera-
ture is largely silent. Additionally, the Kardeş-NLU
benchmark (Senel et al., 2024) showed that using a
high-resource (HR) relative such as Turkish signifi-
cantly improves downstream performance for low-
resource (LR) relatives such as Azerbaijani during
fine-tuning. Although existing paradigms predomi-
nantly explore this unidirectional knowledge flow
(HR transferring to LR), our study systematically
ablates the source of transfer across four linguis-
tic axes. We investigate the inverse dynamic dur-
ing from-scratch pretraining, asking whether an
LR relative is a more effective auxiliary language
than a global pivot for an HR target on stylisti-
cally divergent text. This directional asymmetry
is consistent with concurrent work on Turkic ma-
chine translation (Cinar et al., 2026), which finds
that Turkish–Azerbaijani is among the strongest
pairwise transfer directions across five Turkic lan-
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guages (Turkish, Azerbaijani, Uzbek, Kazakh, Kyr-
gyz). Their finding is consistent with typological
proximity driving transfer strength, though Turkish
and Azerbaijani are also the pair with the highest
lexical overlap among these languages, so transfer
quality in machine translation does not by itself iso-
late a genealogical mechanism. Concurrent work
by Zhang et al. (2026) pretrains bilingual pairs from
scratch while varying the input writing system, and
finds that romanized pretraining, which maximizes
surface-form sharing between languages, yields
the strongest cross-lingual transfer. Their result
indicates that shared surface form alone can drive
transfer, a possibility our design cannot exclude
(Section 4.4).

2.3 Data Mixtures and the Capacity Trade-off

The mechanics of pretraining are governed by scal-
ing laws (Kaplan et al., 2020). Large-scale multilin-
gual pretraining spans joint models from bilingual
to massively multilingual objectives (Lample and
Conneau, 2019; Scao et al., 2022; Shliazhko et al.,
2024), none of which isolate the bilingual, from-
scratch setting we study here. Additionally, frame-
works like ATLAS (Longpre et al., 2026) extend
these laws to multilingual environments across a
broad range of model sizes (10M–8B parameters)
and over 400 training languages. Per-language mix-
ture ratios have also been studied at comparable
scale via temperature-based sampling weighting
(Xue et al., 2021; Chung et al., 2023), the latter
showing that naive heuristics are suboptimal and
proposing a fairer allocation. All three operate on
the scale of tens to hundreds of languages and re-
port aggregate transfer-scaling or benchmark trends
at the population level. Thus, our study is comple-
mentary rather than contradictory in scale. Rather
than fitting a general-purpose scaling law or sam-
pling policy across many languages, we hold model
size, tokenizer, script, and data pipeline fixed and
isolate a single auxiliary language at a time under
a fixed bilingual mixture ratio. This lets us trace
the resulting perplexity change to a specific auxil-
iary language rather than a single aggregate met-
ric, broken down by evaluation domain (academic
texts, creative essays, encyclopedic, literary). Un-
like studies evaluating static ratios at large scales,
we conduct a fine-grained ablation across 10%,
20%, and 30% auxiliary token mixtures, which
(Section 4.2) reveals a capacity trade-off between
perplexity on structurally uniform text and perplex-
ity on stylistically divergent text.

Figure 1: Overview of our from-scratch pretraining
ablation setup, detailing data sources, token mixture
ratios, and evaluation benchmarks.

3 Methodology

An overview of our end-to-end experimental
pipeline that illustrates the data sources, our cross-
lingual ablation strategy, and the evaluation do-
mains is given in Figure 1.

3.1 Model Architecture

To investigate the effects of cross-lingual trans-
fer, we train our models from scratch using a
scaled-down version of the Gemma-4 architecture
(Gemma Team, Google DeepMind, 2026).In order
to establish a controlled 181M-parameter environ-
ment where the effects of a fixed capacity budget
can be observed, we configured the architecture
with 12 hidden layers, a hidden dimension size of
512, and an intermediate feed-forward size of 2048.

We use a grouped-query attention mechanism
with 8 query heads alongside 4 local and 2 global
key-value (KV) heads (head dimension of 64). To
enhance memory efficiency during sequence pro-
cessing, a sliding window attention mechanism
with a window size of 256 is implemented. Further-
more, we apply a local-to-global attention ratio of
5, meaning a global attention layer is strategically
placed after every 5 local layers. To conserve the
parameter budget at this scale, the input and output
word embeddings are tied.

3.2 Pretraining Data and Tokenization

Each model is pretrained on a corpus of 10 billion
tokens. The baseline model is trained exclusively
on Turkish data, while the experimental models uti-
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lize a bilingual mixture. For the cross-lingual runs,
we vary the token mixing ratio across 10%, 20%,
and 30% auxiliary language content (with the re-
mainder being Turkish) to evaluate the impact of ty-
pological and morphological variations across four
auxiliary languages: English, Azerbaijani, French,
and Finnish. We chose this range and spacing
for two reasons. The range lets us test whether
the capacity trade-off scales monotonically or non-
monotonically with auxiliary-language share. Also
capping the auxiliary share at 30% keeps Turkish
the majority language in every configuration, con-
sistent with studying bilingual co-training rather
than language replacement.

The Turkish training subset is sampled from the
HPLT corpus (de Gibert et al., 2024). Since HPLT
already applies document-level deduplication, we
did not deduplicate further; we additionally filtered
out short, low-quality lines and documents with
anomalous or repetitive character distributions, and
enforced Turkish language identification with a
pretrained fastText classifier (Joulin et al., 2017) to
remove non-Turkish or heavily mixed documents.2

We applied no perplexity-based quality filtering, to
preserve the corpus’s stylistic diversity.

For each auxiliary language, we randomly sam-
ple documents up to the token budget required
by that configuration’s mixture ratio. Azerbai-
jani, Finnish, and French are drawn from the corre-
sponding language subsets of FineWeb2 (Penedo
et al., 2025) while English is drawn from FineWeb
(Penedo et al., 2024), which is English-only. Each
auxiliary sample (at most 3B tokens, at the 30%
ratio) is drawn without replacement from a fixed
9.6B-token pool per language and seen once during
training; no document is repeated. In all cases we
apply only the corpus’s default deduplication and
length filtering, with no additional per-language
quality filtering.

Tokenization across all configurations uses the
tokenizer from the google/gemma-4-E2B-it check-
point (Gemma Team, Google DeepMind, 2026);
holding the tokenizer constant ensures observed
perplexity differences are attributable to data mix-
ture composition rather than tokenization artifacts,
with tokenizer design left as an orthogonal variable
for future work.

2Our filtered Turkish subset is available at
https://huggingface.co/datasets/
elifozgeyilmaz/turkish-hplt2-filtered.

3.3 Language Selection and Script Control

Our selection of auxiliary languages was designed
to isolate specific linguistic phenomena such as
morphological structure and loanword overlap,
while controlling for script-level interference as
sharing a writing system is itself a major driver
of positive cross-lingual transfer (Longpre et al.,
2026). Therefore, we restricted the auxiliary lan-
guages to the Latin script: Finnish (Ismayilzada
et al., 2025), rather than a non-Latin agglutina-
tive language like Japanese, isolates morphologi-
cal alignment; French (Lewis, 1999), rather than
script-mismatched Persian, isolates loanword over-
lap without the confound of tokenization-level fric-
tion. This choice is supported by concurrent evi-
dence that surface-form representation is itself a
strong determinant of transfer (Zhang et al., 2026).
Holding the script constant therefore removes a
variable known to be consequential, though it does
not remove lexical overlap within the Latin script,
which Section 4.4 discusses.

3.4 Training Infrastructure

All models were trained independently on a single
Google Cloud NVIDIA A100 GPU for approxi-
mately 60 hours each (10B tokens) under identi-
cal hardware and hyperparameter settings; each
configuration in Table 1 reflects a single run (see
Limitations). In total, we performed 14 such runs,
totaling roughly 830 A100 GPU-hours.

3.5 Optimization and Training Details

All models were trained with AdamW (Loshchilov
and Hutter, 2019) (β1 = 0.9, β2 = 0.95, weight
decay 0.1), a linear warmup over 1,500 steps to a
peak learning rate of 3.0 × 10−4 followed by co-
sine decay to 10% of peak, gradient clipping at a
max global norm of 1.0, and bfloat16 mixed preci-
sion. Training ran for 153,000 steps with sequences
packed/truncated to 1,024 tokens and a per-device
batch size of 8 with 8 gradient accumulation steps,
corresponding to ≈10.03B tokens per run, on a
single device (world size 1).

3.6 Evaluation Setup

We evaluate model robustness and generalization
on four Turkish evaluation sets spanning different
linguistic styles and structural complexities.

We use standard perplexity as our primary met-
ric, following standard practice in pretraining-scale
ablation studies (Kaplan et al., 2020; Chang et al.,
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2026; Toraman, 2024), since it requires no task-
specific templates and lets us decompose model
behavior by evaluation domain rather than a single
aggregate score. Perplexity is a known imperfect
proxy for downstream performance, particularly in
cross-lingual settings and in a typology-specific
way (Liang et al., 2023; Yong et al., 2023; Fu-
jinuma et al., 2022; Chang et al., 2026), so we
treat our results as evidence rather than a direct
proxy for semantic task performance (Section 5).
The evaluation sets are as follows:

• Bellaturca (Academic Split) (Altinok, 2024):
academic texts with the lowest sentence-
length variability, clause-punctuation density,
and foreign-word ratio of the four sets (Ap-
pendix A), making it the most structurally uni-
form. It is, however, structurally the least
similar of the four to the HPLT training cor-
pus (Table 3), so we do not attribute its low
perplexity (Table 1) to training-distribution
overlap (Section 4.2).

• Essays (Bilkent Creative Writing Corpus)
(Yilmaz, 2025): Represents creative writing
and open-ended compositions. Relative to
Bellaturca, its distinguishing property is syn-
tactic rather than lexical: Greater sentence-
length variety and clausal density at matched
vocabulary richness (Appendix A).

• Turkish Wikipedia (Wikimedia Foundation,
2026): Represents structured, knowledge-
dense encyclopedic text, testing the models’
generalization to formal, objective language.

• TDK Set (TDK-TD26): To evaluate gener-
alization on contamination-free text, we in-
troduce the TDK-TD26 evaluation set, manu-
ally curated from the 2026 issues of the Türk
Dili periodical (Turkish Language Associa-
tion (TDK), 2026). Because this content is
sourced from a printed journal postdating typ-
ical pretraining cutoffs, it is guaranteed to be
absent from our web-crawled pretraining cor-
pora. The set contains 20 articles (∼38.9K
words, 91K Gemma-4 tokens) of literary es-
says, short stories, and academic criticism,
with a 7.4% word-level foreign-word ratio
and the highest lexical diversity of the four
sets (MATTR = 0.756; full diagnostics in Ap-
pendix A).

Throughout the paper, structurally uniform text
refers to formal expository text with short, reg-
ular sentences (Bellaturca), whereas stylistically
divergent text refers to expressive, non-expository
registers whose style is different from our web-
crawled pretraining corpus (TDK Set and Essays).
Wikipedia TR, formal but structurally more varied
falls in neither of those categories and is reported
separately.

For each configuration and evaluation set, we es-
timate uncertainty via a document-level bootstrap
(1,000 resamples with replacement), reporting the
mean and standard deviation of perplexity across
replicates. This captures sampling uncertainty from
the finite evaluation set, not variance across inde-
pendent training runs (see Limitations).

4 Results and Discussion

In this section, we present the empirical evaluation
of our from-scratch pretrained models. We report
perplexity across all four evaluation sets. Lower
perplexity scores indicate superior language mod-
eling performance. Figure 2 visualizes the central
qualitative pattern discussed throughout this sec-
tion (perplexity against auxiliary mixture ratio, one
panel per evaluation domain, one line per auxiliary
language), and Table 1 reports the full underlying
numbers, including per-cell uncertainty.

4.1 Overfitting Control: The 8B Monolingual
Run

Before interpreting the transfer results, we verify
that the 10B monolingual baseline does not sim-
ply reflect overfitting to a saturated training set.
We trained an identical architecture on only 8B
Turkish tokens and evaluated it on all four evalua-
tion sets: 13.71 ± 0.02 (Bellaturca), 25.18 ± 0.29
(Wikipedia TR), 49.51 ± 0.17 (Essays), 64.23 ±
1.43 (TDK-TD26). All four point estimates are
higher (worse) than the corresponding 10B num-
bers (13.40, 24.63, 48.12, 61.58), consistent with
the additional 2B tokens providing generalization
gains rather than memorization. The gap is signifi-
cant on Bellaturca and Essays (z > 5), but not on
Wikipedia TR or TDK-TD26 (z = 1.4 for both);
we report the direction on all four but only claim
a real 8B-vs-10B difference for the first two. Per-
plexity on creative text remains comparably severe
at 8B (49.51 ± 0.17) as at 10B (48.12 ± 0.17)
and both are far higher than any bilingual mixture
(26.57–31.44). More monolingual data does not
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Figure 2: Perplexity vs. auxiliary mixture ratio (0% = TR baseline), one panel per evaluation domain and one line
per auxiliary language.

close the gap on creative text. It does not by itself
establish why the monolingual condition underper-
forms here; the HPLT-FineWeb corpus asymmetry
(see Limitations) is an alternative contributor we
cannot fully rule out with the current design.

4.2 The Capacity Trade-off on Structurally
Uniform Text

Table 1 illustrates the perplexity across evalu-
ated domains. The monolingual Turkish baseline
achieves the best perplexity on the academic Bel-
laturca dataset (13.40 ± 0.02). We tested whether
this reflects distributional similarity to the HPLT
pretraining corpus by directly comparing sentence-
structure statistics between HPLT and each evalu-
ation set (Appendix A, Table 3); the comparison
does not support that explanation, since Wikipedia
TR, not Bellaturca, is structurally closest to HPLT
on 3 of 4 measured axes, yet does not achieve the
lowest perplexity. We instead attribute the base-
line’s strong Bellaturca performance to properties
of the register itself: Bellaturca has the shortest
mean sentence length and lowest sentence-length
variance of the four sets (Appendix A), which plau-
sibly makes local next-token prediction easier in-
dependent of any relationship to the training distri-
bution. However, a fine-grained analysis across the
10%, 20%, and 30% token mixture ratios reveals a
systematic capacity trade-off. Adding any auxiliary
language introduces a capacity tax: a consistent
cost to fluency on this structurally uniform text.
As the proportion of auxiliary tokens scales, Bel-
laturca perplexity degrades monotonically for ev-
ery auxiliary language (e.g., increasing Azerbaijani
from 10% to 30% inflates perplexity from 13.87 ±
0.02 to 14.46 ± 0.03). This degradation is consis-
tent with neural scaling laws (Kaplan et al., 2020),
under which a tightly bounded parameter budget

allocated in part to a foreign syntax would be ex-
pected to cost absolute target-language fluency on
standard benchmarks.

4.3 Perplexity on Stylistically Divergent Text
Our main result concerns perplexity on stylistically
divergent, expressive text. While the monolingual
baseline performs well on the structurally uniform
Bellaturca set (Section 4.2), its perplexity on the
creative prose of the Bilkent Creative Writing cor-
pus is far higher (48.12 ± 0.17). This gap persists
regardless of token budget, as the 8B run confirms,
and is specific to the monolingual condition (Ta-
ble 1). Bilingual co-training is associated with a
substantial reduction in perplexity on this stylis-
tically divergent text. Incorporating Azerbaijani
changes the model’s perplexity on creative text
considerably: even a minimal 10% AZ mixture
reduces Creative-domain perplexity from 48.12 ±
0.17 to 27.54 ± 0.09, and the trajectory is flat
to improving at higher ratios, reaching 26.57 ±
0.09 at 30%. Azerbaijani’s advantage coincides
with its typological kinship, its morphological sim-
ilarity, and its lexical overlap with Turkish, three
properties that our design cannot separate (Sec-
tion 4.4). Beyond this correlational observation,
we do not have representation-level or causal evi-
dence for a specific mechanism, and leave a mech-
anistic account for future work. Two tokenizer-
level analyses (Appendix B) rule out the most ob-
vious alternative explanations: Azerbaijani has the
highest tokenizer fertility of all four auxiliary lan-
guages, higher even than Turkish itself, ruling out
tokenization efficiency; and its word-final suffix
overlap with Turkish persists at long suffix lengths
where Finnish collapses to zero despite matching
or exceeding Turkish’s morphological complexity.
Wikipedia TR is the one set on which every bilin-
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Model Ratio Academic Encyclopedic Creative Literary
(Bellaturca) (Wiki TR) (Essays) (TDK)

TR Baseline 100% 13.40 ± 0.02 24.63 ± 0.28 48.12 ± 0.17 61.58 ± 1.33

Azerbaijani (AZ)
10% 13.87 ± 0.02 22.13 ± 0.24 27.54 ± 0.09 32.82 ± 0.67
20% 14.22 ± 0.03 22.09 ± 0.24 26.93 ± 0.09 31.11 ± 0.62
30% 14.46 ± 0.03 22.62 ± 0.24 26.57 ± 0.09 30.24 ± 0.63

English (EN)
10% 13.66 ± 0.02 22.23 ± 0.23 29.05 ± 0.10 36.65 ± 0.72
20% 13.96 ± 0.02 22.50 ± 0.23 30.28 ± 0.11 38.31 ± 0.74
30% 14.30 ± 0.03 22.68 ± 0.23 31.44 ± 0.11 40.25 ± 0.82

French (FR)
10% 13.85 ± 0.02 22.29 ± 0.23 30.24 ± 0.11 36.57 ± 0.70
20% 14.17 ± 0.03 22.47 ± 0.23 31.10 ± 0.11 36.50 ± 0.68
30% 14.31 ± 0.03 22.64 ± 0.23 30.60 ± 0.11 35.07 ± 0.67

Finnish (FI)
10% 13.91 ± 0.02 22.64 ± 0.24 29.08 ± 0.10 34.99 ± 0.69
20% 14.23 ± 0.03 22.86 ± 0.24 29.12 ± 0.10 34.71 ± 0.67
30% 14.55 ± 0.03 23.98 ± 0.25 30.45 ± 0.11 37.14 ± 0.73

Table 1: Perplexity across linguistic domains and mixture ratios; lower is better. Each cell is a single training
run. The ± values are bootstrap standard deviations across 1,000 per-document resamples of the evaluation set;
they describe uncertainty from the finite evaluation set and do not bound variation across independent training
runs, which we did not measure (see Limitations). Bold marks the single best score per column across all 13
configurations. Figure 2 shows the same data as per-domain trend lines.

gual mixture outperforms the monolingual baseline
(24.63 ± 0.28 against 22.09 ± 0.24 for 20% Azer-
baijani) despite being structurally closest to HPLT
(Table 3), which a capacity tax alone would not
predict. One possibility is that encyclopedic text
rewards exposure to a broader range of entities and
factual phrasings; another is that the sentence-level
metrics in Table 3 do not capture the lexical and
factual content that dominates perplexity in this
domain. We leave this question to future work.

4.4 Transfer Ranking Across Auxiliary
Languages

Our multi-axis ablation shows a consistent transfer
ranking among the four auxiliary sources. While
the global pivot (English) and morphological peer
(Finnish) also improve robustness on stylistically
divergent text compared to the baseline, neither
matches Azerbaijani’s reduction. Azerbaijani and
English diverge in their ratio-scaling dynamics
(Figure 2). Azerbaijani’s Creative-domain perplex-
ity is flat to improving from 10% to 30% (27.54
± 0.09 → 26.57 ± 0.09), while English moves in
the opposite direction, rising at every step (29.05
→ 30.28 → 31.44). The global pivot delivers, at
best, a one-time benefit at 10%, which erodes as its
share of the budget grows. One hypothesis consis-
tent with these curves is that syntactic divergence
displaces target-language capacity as the auxiliary

share grows; we do not measure representations
and cannot test this here. French and Finnish are
less orderly: French’s Creative-domain trajectory
rises then falls, and Finnish’s robustness gain on
TDK-TD26 holds through 20% before eroding at
30%. On the Encyclopedic domain (Wikipedia TR),
AZ 10% and 20% are indistinguishable at our reso-
lution; morphological and syntactic alignment may
aid entity and fact mapping early, with no further
gain from higher ratios. French and Finnish both
improve over baseline at 10%, though Finnish’s ad-
vantage narrows as its share grows and is no longer
distinguishable from baseline at 30%. Azerbaijani
also has the highest vocabulary overlap with Turk-
ish (Table 6: 0.422 AZ, 0.240 FI, 0.120 FR, 0.100
EN), matching the Creative-domain ranking at 30%.
Genealogical proximity and lexical overlap there-
fore co-vary across our auxiliary languages, and we
report the ranking rather than attributing it to either.
Kazakh or Uzbek, which are Turkic but lexically
more distant from Turkish, would separate the two
(Section 5).

4.5 TDK-TD26 Literary Evaluation Set

The TDK-TD26 evaluation set is the most de-
manding test, as it yields the highest perplexity
of any evaluation set under every configuration (Ta-
ble 1). Structurally, its clause-punctuation density
is the highest of the four sets, but its subordinator
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rate patterns with Wikipedia TR’s appositive style
rather than Essay Corpus’s clausal-argumentative
one (Appendix A). Results nonetheless mirror the
Creative-domain ranking despite this structural dif-
ference, which suggests that the advantage is not
tied to one particular structural profile. AZ 20%
and 30% are indistinguishable at our resolution;
Finnish, French, and English follow in that order,
all well between Azerbaijani and the monolingual
baseline (61.58 ± 1.33). Azerbaijani’s advantage
therefore holds across both the Creative and Lit-
erary domains. We note two caveats on this set.
First, TDK-TD26 contains 20 documents, so the
document-level bootstrap resamples from 20 units;
its standard deviations are correspondingly wider
than those of the other sets and its contrasts should
be read more coarsely. Second, TDK-TD26 also
has the highest measured lexical diversity of the
four sets (MATTR = 0.756, hapax = 0.685; Ap-
pendix A), which independently predicts higher
perplexity for any language model regardless of
typological relationship. With only four evaluation
sets we cannot separate this lexical-difficulty ef-
fect, or domain difficulty more generally, from a
stylistic-robustness effect; all are consistent with
the observed numbers.

5 Conclusion and Future Work

In this paper, we investigated from-scratch pretrain-
ing dynamics in a controlled, capacity-constrained
regime (181M parameters, 10B tokens), using Turk-
ish as a case language. By systematically ablating
across four auxiliary languages and three token
mixture ratios, we characterized how the choice of
auxiliary language and its share of the token budget
affect target-language perplexity across registers.
On structurally uniform text our results are con-
sistent with the curse of multilinguality where a
fixed-capacity model pays for auxiliary-language
content whose cost grows monotonically with the
auxiliary share for every language we tested. What
this framing does not anticipate is that the sign of
the effect depends on the evaluation register. On
stylistically divergent text the four auxiliary lan-
guages separate consistently: at matched ratios
Azerbaijani outperforms the morphological peer
(Finnish), the lexical pivot (French), and the global
pivot (English), and its advantage does not erode
as its share grows, while English’s does. We treat
this ranking as our central result. The margin be-
tween the monolingual baseline and the bilingual

mixtures is larger still, but that comparison also
changes corpus source (see Limitations), and we
do not rest our claims on it. As discussed previ-
ously (Section 3.6), these gains are specifically in
robustness to stylistically divergent text, measured
by perplexity; we do not claim they equate to im-
proved downstream semantic understanding. In
this setting, one target language at 181M parame-
ters on a 10B-token budget, allocating 10–30% of
the budget to a typologically close auxiliary lan-
guage improved perplexity on stylistically diver-
gent text without additional parameters. Whether
the same holds at other scales, budgets, or target
languages is untested here. Thus, we offer this as
evidence from a controlled case study rather than
as a general rule for multilingual pretraining.

Future Work. We plan to extend the auxiliary-
language axis itself, in order to separate the lin-
guistic properties that co-vary across our auxiliary
languages. Contrasting Kazakh and Uzbek against
Azerbaijani would do this directly as both are Tur-
kic, but both have substantially lower lexical and
subword overlap with Turkish than Azerbaijani
does (Table 6). If the typological-sibling advan-
tage survives at low lexical overlap, genealogical
proximity is implicated; if it does not, the effect
is better described as surface-form sharing. Sec-
ond, we plan to evaluate on Turkish downstream
tasks, including named-entity recognition, natural
language inference, and extractive question answer-
ing, for example via the Turkish portion of Kardes-
NLU (Senel et al., 2024). We scope the present
study to perplexity because models trained from
scratch at 181M parameters on 10B tokens pro-
duce near-floor scores on these benchmarks, which
would not distinguish our configurations. Estab-
lishing whether the perplexity ranking we report
transfers to task performance remains an open ques-
tion. Third, we plan to extend the model size to a
1B-parameter model trained on a 45B-token budget,
to test whether the capacity trade-off and the trans-
fer ranking persist at larger scale. Finally, since
the underlying framework is designed to general-
ize beyond any single target language, we plan to
replicate this ablation with target languages outside
the Turkic family, to test whether the dynamics
we observe reflect a general property of bilingual
pretraining rather than an effect specific to Turkish.
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Limitations

Several limitations should be considered when in-
terpreting our findings. First, all experiments use a
single parameter scale (181M); both the capacity
tax and the relative advantage of typological sib-
lings may shift at larger scales. Second, all runs
share the same tokenizer (Gemma-4), which was
not optimized for Turkish morphology and may
affect the magnitude of the observed effects. Third,
each configuration reflects a single training run.
The uncertainty we report is evaluation-set boot-
strap noise and does not bound seed-to-seed train-
ing variance, which we have not measured at this
scale. Our conclusions therefore rest on effects that
are large and consistent across ratios and domains,
rather than on individual pairwise contrasts. Thus,
small differences, particularly single-step changes,
should be read with caution. Multi-seed replication
remains future work. Fourth, Turkish data is drawn
from the HPLT corpus while all four auxiliary lan-
guages come from the FineWeb family (FineWeb2;
FineWeb for English); this asymmetry could inflate
the TR-baseline-vs-auxiliary gap but, being shared
across all four auxiliary languages, it is unlikely
to explain their relative ranking. Additionally, a
language-identification audit finds negligible Turk-
ish content in the auxiliary corpora (Appendix B).
Finally, our evaluation sets differ simultaneously
along multiple measured axes (sentence structure,
lexical diversity, foreign-word ratio; Appendix A)
that are confounded with each other and with ty-
pological relationship to Turkish. With only four
evaluation sets we cannot attribute perplexity dif-
ferences to any single one of these factors. We
report z-tests only for the 8B-versus-10B compari-
son in Section 4.1 and do not correct for multiple
comparisons. As motivated in Section 3.6, per-
plexity and downstream performance are known
to decouple across cross-lingual configurations, so
the structural differences we observe should not
be read as established gains on downstream bench-
marks. Lastly, Turkish at a 10B-token budget is
a mid-resource setting in which auxiliary data is
optional; our results do not speak directly to gen-
uinely low-resource regimes where it is not.

Ethical Considerations

Use of Generative AI. Generative AI was used in
writing of this study to assist with language editing.
All scientific contributions, data construction, data
analysis, and interpretations presented in this work

are original and were conducted entirely by the
authors.

Data and Model Sourcing. Most corpora used
in this study are publicly available resources re-
leased by their original authors for research use.
The TDK-TD26 evaluation set consists of short ex-
cerpts from Türk Dili, a journal published by the
Turkish Language Association (TDK); copyright
for this material belongs to TDK. We use these ex-
cerpts only internally in a manner consistent with
fair-use norms and we do not release this subset
of the data. We do, however, release the metadata
needed to reconstruct the set from the source pe-
riodical: the article list with titles, authors, issue
numbers, years, and page ranges, together with
our excerpt-extraction and casefolding procedure,
in our code repository. None of the corpora used
involve personal, sensitive, or identifying informa-
tion. Our training and evaluation code and data-
processing pipelines are available (see footnote in
Section 1). Our filtered Turkish HPLT subset is
also available on Hugging Face (Section 3.2). The
trained model checkpoints are research artifacts
used solely for the comparative analysis reported
here and carry no ethical risks beyond those al-
ready inherent to the underlying corpora and to
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length coefficient of variation (CV, scale-free)
alongside two parser-free structural proxies: clause-
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every measure, consistent with its formal, exposi-
tory register. TDK-TD26 shows the highest clause-
punctuation density of all four sets (1.70/sentence)
but a subordinator rate close to Wikipedia TR’s
rather than Bellaturca’s or Bilkent essays’ which
suggests its structural complexity, like Wikipedia’s,
is more appositive/parenthetical (citations, asides)
than clausal-argumentative.

Evaluation set CV Punct./sent. Subord./sent.

Bellaturca 0.644 0.722 0.480
Essays 0.802 0.851 0.471
Wikipedia TR 0.950 1.136 0.300
TDK-TD26 0.787 1.700 0.305

Table 2: Sentence-length coefficient of variation, clause-
punctuation density, and subordinator rate per sentence,
across all four evaluation sets.

Comparison to the training corpus (HPLT).
To test whether the sentence-structure differences
above reflect similarity to the pretraining distribu-
tion, we computed the same analyses on a sample
of our cleaned HPLT corpus itself (Table 3). Rank-
ing each evaluation set by absolute distance from
HPLT on each of the four metrics and averaging
the ranks (1 = closest), Wikipedia TR is structurally
closest to HPLT (avg. rank 1.25, closest on 3 of 4
metrics), while Bellaturca is the most structurally
divergent from HPLT of the four sets (avg. rank
3.75, farthest on 3 of 4 metrics); Essays and TDK-
TD26 fall in between (avg. rank 2.5 each).

Source Len. CV Punct. Subord.

HPLT (Training) 17.23 1.112 1.175 0.361
Bellaturca 13.62 0.644 0.722 0.480
Essays 14.08 0.802 0.851 0.471
Wikipedia TR 16.14 0.950 1.136 0.300
TDK-TD26 15.10 0.787 1.700 0.305

Table 3: Mean sentence length (words), sentence-length
CV, clause-punctuation density, and subordinator rate,
for HPLT and each evaluation set.

Foreign-word ratio. Table 4 reports the fraction
of eligible words (length ≥ 3 characters) classi-
fied as non-Turkish with confidence ≥ 0.5; low-
confidence calls are excluded from the denomi-
nator rather than forced into either class. TDK-
TD26’s 7.4% ratio sits between Bellaturca (5.6%)
and Wikipedia TR (10.3%).

Lexical richness. Table 5 reports average word
length, raw type-token ratio (TTR), Moving-

Evaluation set Foreign Uncertain Top languages

Bellaturca 5.58% 20.2% en, de
Essays 5.80% 21.3% en, de
Wikipedia TR 10.26% 29.3% en, de, fr
TDK-TD26 7.40% 24.1% en, de, fr

Table 4: Word-level foreign-language ratio (fastText
LID, confidence ≥ 0.5) across all four evaluation sets.

Average TTR (MATTR, 500-word window), and
hapax legomena ratio. TDK-TD26 has the high-
est MATTR (0.756) and hapax ratio (0.685) of
all four sets, exceeding even the Turkish training-
corpus reference (MATTR = 0.718), consistent
with its literary-essay register drawing on a wide,
non-repetitive vocabulary.

Eval. set Word len. TTR MATTR Hapax

Bellaturca 6.258 0.068 0.712 0.516
Essays 6.226 0.054 0.712 0.518
Wikipedia TR 6.268 0.138 0.681 0.549
TDK-TD26 6.001 0.372 0.756 0.685

Table 5: Average word length, raw TTR, MATTR
(w=500), and hapax legomena ratio across all four eval-
uation sets.

B Training-Corpus Diagnostics

Section 4.3 notes that Azerbaijani’s robustness ad-
vantage coincides with its typological kinship with
Turkish. Three alternative explanations are that
the effect is instead driven by (a) the Gemma-4
tokenizer happening to represent Azerbaijani more
efficiently, (b) generic agglutinative morpholog-
ical complexity rather than genealogical kinship
specifically, or (c) residual Turkish text in the auxil-
iary samples, which, unlike the Turkish data, were
not language-filtered. We computed two tokenizer-
level diagnostics on 20M-token samples per aux-
iliary language (mean ± std across 3 independent
draws, using the same tokenizer as pretraining) to
test (a) and (b), and audit the auxiliary corpora for
residual Turkish content to test (c).

Tokenizer fertility and vocabulary overlap. Ta-
ble 6 reports fertility (tokens per word) and top
10,000 token vocabulary overlap with Turkish.
Azerbaijani has the highest fertility of all four aux-
iliary languages, which is higher even than Turkish
itself. This shows that the tokenizer fragments
Azerbaijani more, not less, than English, French,
or Finnish.
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Lang. Fertility Jaccard Overlap
(tok/word) vs. TR coef. vs. TR

TR 2.148 ± 0.005 — —
AZ 2.940 ± 0.009 0.422 ± 0.008 0.593 ± 0.007
FI 2.762 ± 0.026 0.240 ± 0.005 0.387 ± 0.007
FR 1.544 ± 0.005 0.120 ± 0.002 0.215 ± 0.003
EN 1.287 ± 0.001 0.100 ± 0.0003 0.181 ± 0.0006

Table 6: Tokenizer fertility and top-10K vocabulary
overlap with Turkish, mean ± std across 3 independent
20M-token draws.

Suffix n-gram overlap. Table 7 reports Jaccard
overlap of the top-200 most frequent word-final
character n-grams with Turkish, for suffix lengths
n = 2..5. This tests explanation (b). English,
French, and Finnish all collapse to exactly 0.000
overlap by n = 4–5, while Azerbaijani gradually
decays and never reaches zero (11.8% at n = 5).
Finnish matches or exceeds Turkish’s morphologi-
cal complexity by word length and MATTR (Ap-
pendix A-style metrics on the training corpus it-
self), yet still collapses to zero suffix overlap,
identical to the typologically unrelated languages.
These analyses rule out tokenizer efficiency and
generic morphological complexity as explanations;
the Turkic-specific suffix overlap is consistent with
Azerbaijani’s kinship with Turkish.

Lang. n=2 n=3 n=4 n=5

AZ 0.533 0.223 0.148 0.118
±0.010 ±0.004 ±0.007 ±0.004

EN 0.328 0.026 0.003 0.000
±0.007 ±0.003 ±0.000 ±0.000

FR 0.330 0.028 0.000 0.000
±0.003 ±0.000 ±0.000 ±0.000

FI 0.316 0.074 0.003 0.000
±0.004 ±0.006 ±0.002 ±0.000

Table 7: Suffix n-gram Jaccard overlap with Turkish by
suffix length, mean ± std across 3 independent 20M-
token draws, top-200 suffixes per length.

Turkish contamination in auxiliary corpora.
Table 8 shows negligible Turkish contamination
across all four auxiliary corpora: Finnish, French,
and English contain no documents identified as
Turkish, while Azerbaijani shows a small but non-
zero rate (0.055% of tokens), consistent with its
lexical proximity to Turkish (Table 6). This rate
is far too low to explain the large perplexity im-
provements from Azerbaijani co-training (Table 1),
so Turkish-language leakage cannot account for its
advantage.

Lang. Docs Tokens % Docs % Tok.
(N) (N) as TR as TR

AZ 7,291,231 9.60B 0.0775% 0.0550%
FI 8,365,027 9.60B 0.000% 0.000%
FR 12,179,649 9.60B 0.000% 0.000%
EN 12,894,996 9.60B 0.000% 0.000%

Table 8: Fraction of each auxiliary-language training
sample identified as Turkish (__label__tr, confi-
dence ≥ 0.80) by the same fastText classifier used to
filter the Turkish HPLT corpus.
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