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Abstract

Large language models excel in high-resource
languages, but their performance on low-
resource languages (LRLs) depends mainly on
two factors: limited training data and inefficient
tokenization. For non-Latin scripts, tokenizers
whose vocabularies are largely English produce
high token fertility, that is, they split words
into more subword tokens per word, increas-
ing sequence length and computational cost.
Vocabulary expansion addresses this by adding
language-specific tokens, but the trade-offs it in-
troduces are not fully characterized. We evalu-
ate this strategy across architectures and model
scales,1 focusing on two LRLs, Tibetan and
Sanskrit. Each new token requires training a
new embedding. Our results show that as more
tokens are added under limited continued pre-
training data, these embeddings remain under-
trained. While expansion improves efficiency,
performance peaks at small expansion sizes and
decreases as the vocabulary grows.

1 Introduction

Language adaptation pre-training (LAPT) is a stan-
dard approach to adapt large language models
(LLMs) to new languages (Wang et al., 2025; Te-
jaswi et al., 2024; Mundra et al., 2024; Downey
et al., 2023). In LRLs, LAPT aims to bridge two
disparities: the knowledge gap (Nag et al., 2025;
Lu et al., 2025), stemming from the scarcity of
target-language text in pre-training, and the effi-
ciency gap (Yamaguchi et al., 2026, 2024; Tejaswi
et al., 2024; Lin et al., 2025)—the higher number
of tokens required to represent text written in LRLs
compared to high-resource languages, which in-
creases sequence length and computational cost.
While continued pre-training (CPT) addresses the
knowledge gap by exposing the model to new data,

1Code is available at https://github.com/Intellexu
s-DSI/do-we-really-need-so-many-tokens.
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Figure 1: Cross-Lingual Tokenization. Top: mean to-
kens per sample on 1,012 FLORES-IN parallel samples
(Gemma2-2B and Qwen2.5-1.5B tokenizers). Bottom:
Gemma2 tokenization of one aligned sentence across
languages; “ | ” marks subword boundaries. Full sen-
tences and transliterations are provided in Appendix O.

the efficiency gap requires changes to the vocabu-
lary and embedding matrices (Mundra et al., 2024).

Figure 1 illustrates the efficiency gap on the In-
dicGenBench (Singh et al., 2024) FLORES-200
dataset: Tibetan and Sanskrit require substantially
more tokens than English to represent the same
content. This difference highlights how such tok-
enizers struggle disproportionately with some non-
Latin scripts. These tokenizers segment words writ-
ten in under-represented scripts into long sequences
of characters or raw bytes (Hong et al., 2024; Rust
et al., 2021; Ahia et al., 2023; Petrov et al., 2023).
This over-fragmentation increases inference costs
and has been shown to degrade downstream perfor-
mance (Ali et al., 2024; Rust et al., 2021; Toraman
et al., 2023).

Vocabulary expansion is the most common ap-
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Figure 2: Methodology overview: models, languages, vocabulary expansion, training stages, and evaluation suite.

proach to addressing this gap (Yamaguchi et al.,
2026; Hong et al., 2024): it extends the vocabulary
V to V ′ and resizes the embedding matrix from
E ∈ R|V|×d to E′ ∈ R|V ′|×d (d: hidden dimen-
sion). By introducing language-specific tokens,
the method shortens sequence length and reduces
computational cost. We focus on Tibetan and San-
skrit to examine script-dependent behaviors: Ti-
betan uses a script substantially under-represented
in most open-weight models (Sha et al., 2025),
whereas Sanskrit uses Devanagari, a script familiar
to most models through high-resource languages
like Hindi. As shown in Figure 1, Tibetan requires
about 1.5× as many tokens as Sanskrit to represent
the same content.

We report token counts (Schmidt et al., 2024)
rather than fertility ratios to avoid bias from cross-
lingual morphological differences. The challenge
is to close both the knowledge and efficiency gaps
without harming capabilities such as downstream
task performance and generation quality.

Each new token introduces new embeddings
that must be learned during continued pre-training,
making vocabulary expansion sensitive to the
amount of available data (Schmidt et al., 2024;
Hewitt, 2021; Mundra et al., 2024; Dobler and
de Melo, 2023). To study how this intervention
behaves under different data constraints, we sys-
tematically vary both the amount of continued pre-
training data and the size of the vocabulary expan-
sion. We evaluate this design across multiple model
scales and two typologically distinct LRLs, Tibetan
and Sanskrit, using machine translation alongside
complementary metrics. Figure 2 illustrates the
components of our methodology. Our main contri-
butions are as follows:

1. We show that, for Tibetan and Sanskrit, vocab-

ulary expansion exhibits a trade-off between
efficiency and performance. Although expand-
ing the vocabulary improves efficiency, the
best model performance is obtained with sub-
stantially fewer new tokens than typically as-
sumed in high-resource language adaptation
(e.g., Cui et al., 2024).

2. We find a script-dependent asymmetry: San-
skrit benefits less from vocabulary expansion
despite its complex morphology, because its
script is shared with languages already repre-
sented in the base vocabulary, unlike Tibetan.

3. We study the impact of vocabulary expansion
on model behavior and capabilities using four
metrics covering usage and embedding drift
of new tokens, in-context token prediction,
and generation quality. We apply these met-
rics to address the limits of relying solely on
downstream task scores and the scarcity of
generative benchmarks for Tibetan and San-
skrit (Hashiloni et al., 2025).

To guide our investigation, we pose the following
research questions:

• RQ1: How does the number of new tokens
impact the trade-off between efficiency and
model performance under varying CPT data
constraints?

• RQ2: How do these dynamics differ be-
tween Sanskrit (written in Devanagari, a well-
represented script) and Tibetan (written in an
under-represented script)?

• RQ3: Do vocabulary expansion effects vary
across different model architectures and pa-
rameter scales?
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2 Related Work

2.1 Vocabulary Expansion

Vocabulary expansion is a known technique for
adapting LLMs to new languages, but prior work
spans a wide range of expansion sizes. Cui et al.
(2024) added 20k tokens when adapting LLaMA to
Chinese, training the expanded model with LoRA
(Hu et al., 2022). Tejaswi et al. (2024) recommend
more moderate expansion (around 10k tokens) for
low and mid-resource languages, while Yamaguchi
et al. (2026) show that under strict data constraints
(∼0.01GB), small expansions (≤1k tokens) are of-
ten sufficient. Wang et al. (2025) likewise favor
minimal expansion (2k tokens) and report further
gains from including parallel data during CPT. For
English, however, Schmidt et al. (2024) find no
clear relationship between a tokenizer’s compres-
sion and downstream accuracy.

2.2 Embedding Initialization

The new embeddings must be initialized before
training, and prior work differs on how to do this.
Hewitt (2021) assigns every new token the mean of
all existing embeddings, and Mundra et al. (2024)
evaluate that method against more elaborate meth-
ods and report it comparable to them. Dobler and
de Melo (2023) initialize each new token’s em-
bedding as a weighted average of the most similar
tokens already in the original vocabulary. Downey
et al. (2023) evaluate this method against simpler
initialization techniques (mostly script-wise), and
find them comparable.

Following prior work (Gee et al., 2022; Liu et al.,
2023; Nag et al., 2023; Yamaguchi et al., 2026;
Tejaswi et al., 2024; Golan Hashiloni et al., 2025),
we initialize the embedding of each new token as
the mean of the embeddings of its subword pieces
(Section 3).

2.3 Training Strategies

Kim et al. (2024) alternate between freezing and up-
dating embedding layers for Korean, and Sha et al.
(2025) adapt LLaMA to Tibetan with a two-stage
protocol (embedding alignment followed by LoRA
training), expanding the vocabulary by approxi-
mately 26k Tibetan tokens. More recently, Yang
et al. (2026) extend Qwen2.5-7B for Tibetan with
15k new tokens and scale further to a Mixture-of-
Experts architecture. For Sanskrit, Chaudhari et al.
(2024) pre-train a generative model from scratch

with a custom 12k-token tokenizer designed for
Sanskrit text.

2.4 Alternatives to Vocabulary Expansion

Vocabulary expansion is not the only adaptation
strategy. Joshi et al. (2025) adapt Nemotron-Mini-
4B to Hindi via full CPT on aligned English–Hindi
data without adding tokens, while Nag et al. (2025)
select both training data and vocabulary tokens
for Indic languages, noting that frequency-based
selection can favor tokens that are common but not
necessarily useful for adaptation.

Across these language adaptation strategies, the
joint effect of expansion size and CPT data volume
on the efficiency–performance trade-off remains
insufficiently characterized, particularly for LRLs
and under-represented scripts. Our work evaluates
this trade-off directly under controlled conditions
across vocabulary sizes, data volumes, model fami-
lies, and parameter scales for Tibetan and Sanskrit.

3 Methodology

To address our research questions, we evaluate mul-
tiple LLMs across varying vocabulary expansion
sizes and CPT data volumes in both languages.

3.1 Formalization

Let M be a pre-trained LLM with an existing tok-
enizer T whose vocabulary is V . The model con-
sists of an input embedding matrix Ein ∈ R|V |×d

and an output embedding matrix Eout ∈ Rd×|V |

(LM head). These matrices are tied (Ein = ET
out)

(Press and Wolf, 2017) in Gemma2 (Team et al.,
2024) (2B, 9B) and Qwen2.5-1.5B (Yang et al.,
2025), and un-tied in Qwen2.5-7B.

We define the vocabulary expansion process as
the augmentation of V with a set of new tokens ∆V
derived from a corpus written in the target language,
yielding an expanded vocabulary V ′ = V ∪∆V .
This requires resizing the input and output embed-
ding matrices to R(|V |+|∆V |)×d and Rd×(|V |+|∆V |),
respectively. The new embeddings must be initial-
ized and trained.

3.2 Experimental Design

Models. We experiment with Gemma2 (2B, 9B)
and Qwen2.5 (1.5B, 7B); Qwen2.5-7B is trained
on Tibetan only. Gemma2 uses a SentencePiece
(BPE)2 tokenizer (Kudo and Richardson, 2018)

2SentencePiece supports BPE and Unigram algorithms.
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with a 256k vocabulary; Qwen2.5 uses a BPE tok-
enizer (Sennrich et al., 2016) with a 151k vocabu-
lary. In all our experiments, vocabulary expansion
uses each model’s original tokenizer algorithm,
since alternative algorithms would require struc-
tural modifications to the existing vocabulary that
fall outside the scope of this study.

Vocabulary Construction and Expansion. To
construct the expanded vocabularies, we run each
model’s original tokenizer algorithm over a cor-
pus written in the target language. This produces
a frequency-ranked list of candidate tokens. We
then remove tokens already included in the orig-
inal model vocabulary and construct expansion
sets whose sizes increase on a logarithmic scale:
|∆V | ∈ {0, 64, 128, . . . , 8,192}. Because BPE is
deterministic and frequency-based, in both tokeniz-
ers the top-k tokens form a superset of the top-j
tokens (where j < k). Concretely, the expansion
set with |∆V | = 128 is the exact prefix of the set
with |∆V | = 256, containing its first half.

Each expanded vocabulary was constructed from
a fixed 100k-sample corpus, independently of CPT
data volume (Land and Bartolo, 2024). Once the
expanded vocabulary set is obtained, we resize the
input and output embedding matrices to accom-
modate the new tokens, initialize their embeddings,
and proceed with CPT as described below in greater
detail.

To initialize the embeddings of the new tokens,
we adopt a mean-based initialization strategy (Ya-
maguchi et al., 2026; Tejaswi et al., 2024). Let
T (v) = [t1, . . . , tk] denote the subword tokens
that compose v under the original vocabulary V .
We initialize both the input and output embedding
matrices for v as:

E′
{in,out}(v) =

1

k

k∑

i=1

E{in,out}(ti) (1)

This approach places new tokens near related to-
kens in the pre-trained embedding space, providing
a meaningful starting point for training.

Model Training. We follow a two-stage training
protocol on a mix of monolingual and parallel data.
The full dataset details and the sampling protocol
are provided in Appendix A; the Tibetan monolin-
gual corpus and its preprocessing are described in
Bilitski et al. (2026). We validate this two-stage
design in an ablation study (Appendix C).

Stage 1: Embedding Alignment. We freeze
all layers and update only the parameters of

the new embeddings in E′
in and E′

out. Training
uses the standard Causal Language Modeling
(CLM) objective on monolingual data of size
S ∈ {1k, 10k, 50k, 100k, 300k}; the 300k data
size is evaluated on a subset of models only.

Stage 2: Continual Pre-Training. We freeze
the embeddings and, for computational efficiency,
train the model using Low-Rank Adaptation
(LoRA) (Hu et al., 2022; Cui et al., 2024) applied
to all linear layers. We train on the monolingual
data of size S mixed with parallel (English–target)
data at a 10% ratio (Lu et al., 2025; Liu et al., 2021).
The full set of hyperparameters and computational
details is provided in Appendix B.

3.3 Evaluation Framework
We evaluate our models on tasks from the IndicGen-
Bench suite (Singh et al., 2024): machine transla-
tion on FLORES-IN (extending the FLORES-200
dataset (NLLB Team et al., 2024)), XorQA-IN,
based on Asai et al. (2021), and CrossSum-IN,
based on Bhattacharjee et al. (2023). XorQA-IN
and CrossSum-IN yielded very low scores for both
base and adapted models, consistent with reported
IndicGenBench baselines. Consequently, these re-
sults are insufficient to draw meaningful conclu-
sions. Further details are provided in Appendix D.

For MT, we use the standard chrF++ as relative
change from each base model, isolating the effect
of vocabulary expansion from prior base capability.
We study the impact of vocabulary expansion using
the following four complementary metrics. Formal
definitions, descriptions, and examples appear in
Appendix E.

Token usage measures how often new tokens
appear in tokenizer outputs on a held-out test set
(FLORES-IN). High usage indicates that new to-
kens are actively selected during segmentation and
likely to benefit from training; low usage indicates
redundant expansion and rare training updates.

Embedding drift (Biś et al., 2021) measures the
cosine similarity (CS) between each new token’s
initial and trained embeddings. Values near 1 in-
dicate minimal change; lower values reflect sub-
stantial updates. Token usage and embedding drift
are read jointly: low CS for actively used tokens
suggests meaningful integration, whereas low CS
combined with low usage may indicate untrained
drift rather than meaningful adaptation (Land and
Bartolo, 2024) (see Appendix F).
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Prediction Alignment comprises two supervised
metrics that evaluate next-token prediction against
gold FLORES-IN reference sequences. For a sen-
tence x tokenized as [t1, . . . , tn], we compute the
model probability pθ(ti | t1...i−1) assigned to each
gold token given its prefix, and take the greedy
(argmax, no sampling) prediction.

The first, recall over ∆V , measures accuracy
on tokens from the newly added vocabulary. The
second, specificity over V , measures accuracy on
original-vocabulary tokens, detecting regression af-
ter vocabulary expansion. These metrics quantify
adoption of the new vocabulary alongside preser-
vation of original language modeling performance.

LLM-as-a-Judge provides a qualitative measure
of open-ended generation quality. We select 50
Tibetan sentence prefixes from FLORES-IN, gener-
ate continuations from each evaluated model, score
them using Claude-4.5-Sonnet on a five-point scale
(Very bad=1 to Very good=5) covering coherence,
grammaticality, and relevance, and report the av-
erage score per model. Due to computational con-
straints, this analysis covers only the Tibetan mod-
els trained with 100k samples and the correspond-
ing base model.

To assess judge reliability, we collect ratings
from six Tibetan language experts on a subset of
50 outputs generated by a single model configura-
tion (Gemma2-2B, 128 tokens, 100k samples) and
compute the correlation between human and LLM
scores, following Bavaresco et al. (2025). Full
prompts, instructions, and evaluation details are
provided in Appendix G.

4 Results

4.1 RQ1: Vocabulary Expansion vs.
Performance under Data Constraints

Efficiency. Figure 3 shows the mean number of
tokens per FLORES-200 sample. For Gemma2-2B
on Tibetan, the mean token count at the largest ex-
pansion is reduced by 2.5×. However, these gains
scale non-linearly: the first 64 new tokens reduce
the mean from 97 to 84 (∼0.21 tokens saved per
new token)3; at |∆V | = 1,024 the mean reaches
54 (∼0.042 tokens saved per new token), and at
|∆V | = 8,192 it drops to 39 (∼0.007 tokens saved
per new token). This curve exhibits clear diminish-
ing returns: larger vocabularies yield progressively
smaller efficiency gains.

3(t̄0 − t̄k)/k. t̄k: mean tokens per sample at |∆V | = k.
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Figure 3: Impact of vocabulary expansion on average
number of tokens over the FLORES dataset.

Its knee point (Satopaa et al., 2011)—the ex-
pansion size beyond which further tokens yield
small efficiency gain—falls at |∆V | = 2,048 for
Gemma2-2B on Tibetan, which lets us bound the
expansion sizes worth considering before any train-
ing. The bound depends only on the tokenizer and
a sample of target-language text, and it is an upper
bound rather than a recommended size.

Machine Translation Performance. Figure 4
shows relative chrF++ improvements over the base
model. Even without expansion (|∆V | = 0), CPT
on 1k samples yields a +187.2% gain, highlighting
its strong effect in extremely low-resource settings.
Performance peaks at 64–128 new tokens, while
larger expansions consistently yield lower results.
The best scores are concentrated in higher data
regimes (typically 100k), and 8,192 tokens produce
the lowest scores in most data regimes, suggesting
that large expansions can cause performance degra-
dation under limited data (Table 7, Appendix N).
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Figure 4: Gemma2-2B: MT Performance, English →
Tibetan, % improvement over base (chrF++ 5.17).

Prediction Alignment (Recall of ∆V ). Recall
over ∆V for Gemma2-2B on Tibetan (Figure 5)
depends on both training size S and expansion
size |∆V |. Recall is negligible at 1k samples
(< 5% across all |∆V |) and rises sharply with
S, reaching ≈ 23% at 50k, with modest further
gains at 100k. Recall also declines as |∆V | grows:
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Figure 5: Gemma2-2B on Tibetan: Recall of ∆V (frac-
tion of ∆V tokens correctly predicted).

with 8,192 new tokens and 100k samples it reaches
9%, lower than the 10% obtained with 1,024 to-
kens and only 10k samples, consistent with each
new token appearing in training less often as |∆V |
grows under a fixed amount of data.

Generation Quality (LLM-as-a-Judge). As
shown in Table 1, all adapted models outperform
the base model, but generation quality declines
with vocabulary size, with large expansions yield-
ing the lowest scores. Unlike MT and Recall,
the highest result is obtained with no new tokens
(|∆V | = 0, +76.0%); see Appendix N for further
discussion.
|∆V | 0 64 128 256 512 1024 2048 4096 8192

Imp. +76% +54% +52% +34% +28% +15% +12% +14% +11%

Table 1: LLM-as-a-Judge relative improvement for
Gemma2-2B on Tibetan (100k samples). Base model
score: 1.3 out of 5.

Summary (RQ1). Under our setup, a clear effi-
ciency–performance trade-off emerges. Although
efficiency improves with vocabulary size, most of
the gain is realized at small expansions, with fur-
ther increases beyond 1,024 tokens yielding pro-
gressively smaller returns. In contrast, MT and
recall peak at small expansions (64–128 tokens)
and decline as more tokens are added, while gen-
eration quality is highest without expansion and
decreases with vocabulary size.

Although more data improves alignment, it does
not prevent degradation at larger sizes: recall over
∆V declines as |∆V | grows at a fixed amount
of data (Figure 5), suggesting that the new em-
beddings remain under-trained as more tokens are
added. Together, these trends indicate that small
vocabulary expansions offer the best efficiency-
performance balance under limited CPT data.

4.2 RQ2: Script Representation
Token Usage. We observe clear differences be-
tween Sanskrit, written in Devanagari, a well-
represented script, and Tibetan, written in an under-
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Figure 6: Percentage of new tokens in tokenized
FLORES-IN text.

represented script. On FLORES-200, the usage of
new tokens (Figure 6) in Tibetan increases sharply
with vocabulary size—from 16% at |∆V | = 64 to
74% at |∆V | = 8,192. In contrast, Sanskrit shows
consistently low usage, reaching only 16.4% even
at the largest expansion. This suggests that, be-
cause Devanagari tokens already exist in the base
vocabulary, many new Sanskrit tokens are unneces-
sary and redundant.

Machine Translation Performance. Figure 7
presents the relative performance for Sanskrit,
whose Devanagari script is already covered in the
base vocabulary. Compared to Tibetan, two no-
table differences emerge. Base capabilities differ
substantially: the Gemma2-2B base model reaches
15.61 chrF++ on Sanskrit but only 5.17 on Tibetan.
Yet gains from CPT are modest: Sanskrit peaks
at 21.7% (50k samples, 64 tokens), compared to
over 200% for Tibetan. With only 1k samples,
Sanskrit performance even drops below the base
model, showing that token expansion and CPT do
not necessarily yield improvements. Regarding vo-
cabulary size, Sanskrit shows no clear trend like
the 64–128 peak observed for Tibetan. Results are
more scattered, with some decline at large expan-
sions (4,096–8,192 tokens) in higher data regimes.
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Figure 7: Gemma2-2B: MT performance, English →
Sanskrit, % improvement over base (chrF++ 15.61).

Embedding Drift. Figure 8 examines the behav-
ior of new tokens by measuring cosine similarity
(CS) between their initialized and final embeddings,
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using the Gemma2-2B model trained on 100k sam-
ples for both languages. For Tibetan, smaller expan-
sions lead to stronger adaptation. With 64 tokens,
median CS is lowest (0.56), indicating substantial
updates; combined with the high new-token us-
age observed for Tibetan (Figure 6), this reflects
meaningful integration rather than untrained drift
(Land and Bartolo, 2024; Yu et al., 2022; Biś et al.,
2021). As vocabulary expansion increases to 8,192
tokens, median CS rises to 0.78 (with most values
between 0.73 and 0.83), meaning each token re-
ceives weaker updates as updates are distributed
across more new embeddings.

Sanskrit shows a different pattern. At |∆V | =
64, median CS is very high (0.913), meaning over
half the tokens barely move from initialization—
consistent with their low usage and indicating that
these tokens receive few gradient updates during
training. Across all expansion sizes, the upper quar-
tile remains near 1.0, indicating that a substantial
fraction of new Sanskrit tokens stays close to ini-
tialization regardless of |∆V |. At the same time, in
larger expansions (2,048–8,192), the lower quartile
ranges from 0.76 to 0.84, meaning that hundreds
of tokens drift substantially more than the median
token at |∆V | = 64 (0.913). This points to a poten-
tial limitation of frequency-based selection of new
Sanskrit tokens: the most frequent ones dominate
small expansions, while tokens that drift more dur-
ing training are ranked lower by frequency and only
enter at larger expansion sizes. A direct measure-
ment of this inefficiency: at |∆V | = 8,192 with
100k samples, 48.6% of the new Sanskrit tokens
never appear in the tokenized training set, com-
pared to 9.4% for Tibetan (Table 5(a)). Figure 18
in Appendix H confirms this pattern visually: to-
kens that drift substantially appear at all frequency
ranks, not only among the most frequent.
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Figure 8: Gemma2-2B: Embedding drift (CS) of new
tokens after training on 100k samples.

Prediction Alignment. As observed in Figure 19,
Appendix I, recall further highlights Sanskrit’s dis-
tinct behavior. Unlike the clear monotonic trends
observed in Tibetan, Sanskrit exhibits no consistent
pattern: recall at 64 and 8,192 tokens is compara-
ble. Although a local peak appears at 512 tokens,
it does not yield higher MT gains (10.1%), sug-
gesting it is not a meaningful trend. Specificity
analysis (Figure 20, Appendix I) highlights a clear
contrast. In Tibetan, specificity decreases as vocab-
ulary expands (18.8% to 8.2%), indicating inter-
ference with the original vocabulary. In Sanskrit,
specificity remains stable (≈12–16%), suggesting
that new tokens do not interfere with predictions
on the original vocabulary.

Summary (RQ2). We conclude that the impact
of vocabulary expansion differs between Tibetan
and Sanskrit, driven primarily by how well their
scripts are covered in the base vocabulary. For
Tibetan, the new tokens are heavily used and adapt
strongly at small expansions, but this adaptation
weakens as the vocabulary grows (Figure 8). For
Sanskrit, vocabulary expansion has limited impact
across our metrics. Across these metrics, the most
frequent new Sanskrit tokens are not necessarily the
most useful ones to add to the vocabulary, pointing
to a potential limitation of using frequency-based
algorithms such as BPE for vocabulary expansion.

4.3 RQ3: Impact of Architecture and Scale

We compare two model families across scales—
Gemma2 (2B, 9B) and Qwen2.5 (1.5B, 7B)—to
examine how vocabulary expansion behaves under
different architectures and parameter counts.

4.3.1 Architecture
Sequence Length and Token Usage. Qwen2.5-
1.5B shows a clear efficiency ceiling not observed
in Gemma2-2B. For Tibetan (Figure 3), the mean
token count drops from 197 to 100 at |∆V | =
1,024, but barely decreases further (98 at 8,192),
saturating around 1,024 new tokens. Gemma2-2B,
starting from a much lower 97 mean tokens, shows
a more gradual decline without a clear plateau. For
Sanskrit, Qwen2.5-1.5B exhibits a similar plateau,
while Gemma2-2B’s token count remains consis-
tently low across |∆V |. The plateau is mirrored
in the usage of new tokens (Figure 6): despite
Qwen2.5-1.5B’s much higher baseline fragmen-
tation for Tibetan (197 vs. 97 mean tokens), it uses
fewer new Tibetan tokens than Gemma2-2B across
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all expansion sizes. Within Qwen2.5-1.5B, new-
token usage is higher for Sanskrit than for Tibetan,
even though Tibetan’s baseline fragmentation is
substantially higher. Together, these patterns show
that baseline fragmentation alone does not predict
new-token usage.

Machine Translation and Prediction Alignment.
We provide a global comparison of MT perfor-
mance across the smaller models, languages, and
expansion sizes in Figure 22, Appendix J. Qwen2.5-
1.5B exhibits balanced base capabilities across San-
skrit (11.48) and Tibetan (10.60), in contrast to the
marked disparity observed in Gemma2-2B (15.61
vs. 5.17, respectively). For Tibetan, Qwen2.5-
1.5B peaks around |∆V | = 512 in the higher data
regimes (50k–100k) and does not show a sharp de-
cline for |∆V | ≥ 1,024. Gemma2-2B, in contrast,
peaks earlier at |∆V | = 64–128 and degrades more
clearly as the expansion grows. This is consistent
with the sequence-length plateau described above:
in Qwen2.5-1.5B, both sequence length and MT
performance stop changing meaningfully around
|∆V | = 1,024. For Sanskrit, Qwen2.5-1.5B shows
a clear peak at small expansions (|∆V | ≤ 256) fol-
lowed by substantial degradation at larger sizes,
while Gemma2-2B shows scattered gains with no
clear peak or degradation pattern. Across all four
model-language pairs, MT performance has a posi-
tive correlation with the number of CPT samples
available per new token (Table 7, Appendix N).

Recall (Figure 24, Appendix K) is consistently
higher in Qwen2.5-1.5B than in Gemma2-2B. How-
ever, this advantage does not translate proportion-
ally into downstream MT performance, indicating
that stronger token-level prediction alone does not
guarantee better MT.

Embedding Drift. Embedding drift in Qwen2.5-
1.5B (Figure 9) shows low cosine similarity across
both scripts (median ≤ 0.28), decreasing with ex-
pansion size. At first glance, this suggests strong
adaptation. We test this interpretation by compar-
ing new tokens that appear at least once as a tar-
get during training (seen) with those that never do
(unseen). For Gemma2-2B, seen tokens drift sub-
stantially more than unseen ones (median CS gap
+0.20 for Tibetan, +0.14 for Sanskrit, Table 5(a)).
For Qwen2.5-1.5B, the gap is +0.03 and −0.03:
unseen tokens drift as much as seen ones, so CS
here does not reliably reflect adaptation.

As a complementary measurement, we compare
the L2 norm of each new embedding before and
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Figure 9: Qwen2.5-1.5B: Embedding drift (CS) of new
tokens after training on 100k samples.

after training, using norm as an indicator of under-
trained tokens (Land and Bartolo, 2024). In both
models, seen tokens grow substantially in norm
while unseen tokens stay close to their initializa-
tion (Table 5(b), Appendix F). Additional analysis
(Appendix F) shows that the new embeddings in
Qwen2.5-1.5B cluster in a narrow region of the em-
bedding space, consistent with the representation
degeneration problem (Gao et al., 2019; Biś et al.,
2021; Yu et al., 2022).

These differences may stem from multiple fac-
tors distinguishing the two model families, includ-
ing base vocabulary and its coverage of the target
languages, pre-training data, tokenizer algorithm,
and other architectural and training choices.

4.3.2 Scale
Gemma2-9B. For Tibetan (Figure 10), MT de-
clines for |∆V | ≥ 1,024, with best results typi-
cally at 64 tokens in the 50k–300k regimes. In
Sanskrit (Figure 26, Appendix L), relative gains
are larger (up to ≈70%), likely reflecting the lower
Sanskrit baseline of Gemma2-9B (7.56) compared
to Gemma2-2B (15.61) rather than a stronger ex-
pansion effect. The distribution of Sanskrit results
mirrors the smaller model: 1k samples yield min-
imal or negative gains, no clear degradation pat-
tern emerges in the larger expansion sizes (|∆V | ≥
1,024), and the lowest scores in higher data regimes
tend to occur at |∆V | = 8,192. Unlike Tibetan, in-
creasing the training data to 300k does not improve
Sanskrit performance for most expansion sizes.

Embedding drift analysis (Figure 25) shows that
Gemma2-9B has higher cosine similarity than the
2B model, meaning weaker embedding adaptation
at the same data volume. Reaching the median
CS observed in Gemma2-2B at 100k requires 300k
samples for Gemma2-9B.

Qwen2.5-7B. Due to resource limits, Qwen2.5-
7B was evaluated only on Tibetan (Figure 21, Ap-
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Figure 10: Gemma2-9B: MT Performance, English →
Tibetan, % improvement over base (chrF++ 7.67).

pendix M). With a strong baseline (18.08), MT
performance remains largely uniform across all ex-
pansion volumes. Modest gains (up to +10.5%)
appear only at the 50k–100k samples; smaller vol-
umes fall below baseline. The only consistent trend
across |∆V | is that |∆V | ∈ {0, 64} yields the low-
est scores at 50k–100k—the opposite of what we
observe in the other models, where small expan-
sions are typically the safest choice. Given these
limited variations across expansion sizes, larger
|∆V | values may be worth considering when ef-
ficiency gains (§ 4.1) outweigh the small perfor-
mance differences.

Summary (RQ3). Gemma2-2B and Qwen2.5-
1.5B follow largely similar trends across our evalua-
tion suite, with the strongest performance at smaller
expansions rather than the larger ones. They differ
mainly in efficiency, adaptation to Sanskrit, and
embedding drift. Qwen2.5-1.5B reaches an effi-
ciency ceiling around 1,024 new tokens, beyond
which sequence length barely decreases. Gemma2-
2B, in contrast, continues to shorten sequences as
tokens are added, though with the diminishing per-
token returns reported in § 4.1. We also observe
that in Qwen2.5-1.5B, new embeddings drift heav-
ily regardless of whether they appear in training
(Appendix F), limiting the reliability of cosine simi-
larity as an adaptation indicator in this architecture.

At larger scales, these trends do not carry over
uniformly: Gemma2-9B mainly benefits from
small expansions (|∆V | ≈ 64) but requires more
training data to reach comparable embedding adap-
tation, while Qwen2.5-7B exhibits largely uniform
performance across expansion volumes, with mod-
est improvements only in higher data regimes.
Across all models and scales, gains from vocab-
ulary expansion appear most consistently at higher
data volumes (50k–100k).

5 Conclusion

We examine vocabulary expansion for Tibetan and
Sanskrit across model architectures and scales.
CPT alone already yields large gains under extreme
data scarcity (+187% MT with only 1k Tibetan
samples), with the largest relative gains where base
capabilities are lowest. Across MT and our four
evaluation metrics, performance typically peaks at
small vocabulary expansions (around 64 new to-
kens) and decreases as the vocabulary grows (Fig-
ure 23, Appendix N), while efficiency continues to
improve at diminishing rates. In our measurements,
the degradation at larger expansions points primar-
ily to the new embeddings remaining under-trained.
For Tibetan, new-token usage reaches up to 74%,
reflecting strong reliance on new tokens. For San-
skrit, usage stays below 16.4%, indicating that the
base vocabulary already covers most Devanagari
subwords. Overall, for Tibetan and Sanskrit, vo-
cabulary expansion improves efficiency, but the
strongest performance gains come from small ex-
pansion sizes and higher data volumes across most
architectures and scales, with the specific configu-
ration depending on the script and model.

Future work includes extending the analysis to
additional low-resource languages, developing to-
ken selection algorithms that are aware of the base
vocabulary and comparing them with frequency-
based methods such as BPE, and investigating the
effect of vocabulary expansion on the embedding
space and its geometry across architectures.
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Limitations

Our study, although providing valuable insights
into vocabulary expansion for low-resource lan-
guages, is subject to several limitations. First, our
research is restricted to two languages, Sanskrit and
Tibetan, and a specific set of model architectures
and scales due to limited computational resources
and data availability. While the paper refers to low-
resource languages and under-represented scripts
more broadly, our empirical findings concern Ti-
betan and Sanskrit specifically, and do not necessar-
ily extend to other low-resource languages, nor to
medium- or high-resource languages written in non-
Latin scripts. Establishing that small expansions
are generally preferable for low-resource language
adaptation would require broader research and is
left for future work.

Second, the Sanskrit and Tibetan corpora dif-
fer in source composition and content type, which
may introduce variability in training outcomes. We
report training volume in samples rather than to-
kens, since each sample is a separate semantic unit
while per-sample token counts may differ across
languages and tokenizers. The data sources for
each language are described in Appendix A.

Third, the high computational cost of extensive
experimentation necessitated using a single random
seed, a single embedding initialization strategy
(mean-based, drawing on prior work in language
adaptation), and specific hyperparameter configu-
rations (such as training stages and LoRA versus
Full CPT); we kept these fixed across all expansion
sizes, data volumes and models rather than compar-
ing alternatives, so that the comparison isolates the
two factors we vary; different settings might alter
the observed results.

Fourth, comparisons between the Qwen2.5 and
Gemma2 model families are subject to multiple
confounds beyond the choice of tokenizer algo-
rithm (BPE for Qwen2.5, SentencePiece (BPE)
for Gemma2), including differences in base vo-
cabulary size (151k vs. 256k), in the composition
and scale of pre-training data (which is not fully
publicly disclosed), and in whether input and out-
put embedding matrices are tied: Gemma2-2B/9B
and Qwen2.5-1.5B use tied embeddings, while
Qwen2.5-7B uses untied matrices. This last fac-
tor may affect how new embeddings adapt during
training, but we do not isolate its contribution from
the others listed above.

Finally, our conclusions focus on a single down-

stream task (machine translation) and rely primar-
ily on the FLORES-IN test set, which served as
the basis for four out of the five evaluation metrics
reported.
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pendix P. No personally identifiable information
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research project of which this work is a part. They
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texts and are fluent in Tibetan; they contributed
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consent, were aware of how their ratings would be
used, and were not informed of the LLM judge
scores during evaluation. This evaluation was
not subject to ethics review board approval, as
the raters participated as co-researchers on the
broader project rather than as human subjects
recruited for this study. Because the task was
part of their ongoing project work, no per-task
payment was provided for this specific evaluation.
The full instructions provided to the experts are
shown in Figure 16; the task involved no exposure
to offensive content or collection of personal
information. Our work is intended solely for
research purposes, and we believe it poses no
foreseeable risks.
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A Data Details

This appendix provides detailed specifications,
source distributions, and preprocessing steps for
the datasets used in this work. See Table 9 for the
links to the sources and their respective license.

Sampling Protocol. For each (model, language)
configuration, the training data is sampled once per
training size S and reused across all |∆V | condi-
tions, so that vocabulary-expansion effects are not
confounded with sampling variability. Samples are
drawn uniformly at random without replacement
from the corresponding monolingual and parallel
corpora. The same sample is used in both Stage 1
and Stage 2 of training.

Sanskrit Monolingual. For the monolingual
Sanskrit, we utilized the Sanskrit subset of the CC-
100 corpus (Conneau et al., 2020; Wenzek et al.,
2020) from the University of Edinburgh’s StatMT
project. The subset contains 2,049,884 text samples
(≈367 MB).

Sanskrit Parallel. For alignment, we used the
Saamayik Sanskrit–English Parallel Corpus (Ma-
heshwari et al., 2024). Unlike traditional cor-
pora, Saamayik emphasizes contemporary prose.
The dataset contains approximately 53,000 sen-
tence pairs derived from: Spoken Tutorials (Tech-
nical) (≈23,835 pairs of instructional content);
NIOS (Educational) (11,356 pairs of curriculum
content); Bible Translations (7,838 pairs); Gita-
sopanam (5,885 pairs of spiritual texts).

Tibetan Monolingual. For the monolingual Ti-
betan, we utilized a Classical Tibetan corpus of
canonical, para-canonical, and non-canonical scrip-
tures and non-scriptures. The corpus was compiled

as part of the broader research project of which this
work is a part; its publicly available components
include the spsither Tibetan monolingual corpus
(Phuntsog, 2024) and MC2 Corpus (Zhang et al.,
2024). The spsither repository is published openly
on HuggingFace without an explicit license decla-
ration; we used it solely for academic research. The
full corpus construction and preprocessing details
are provided in Bilitski et al. (2026).

Tibetan Parallel. For Tibetan–English align-
ment, we utilized the Tibetan to English Transla-
tion Dataset (Moore, 2024), scraped from Lotsawa
House4 and released under the CC BY-NC 4.0 li-
cense.

Data Release. The third-party datasets used in
this work are publicly available at the URLs listed
in Table 9, under the licenses indicated there, and
were used in accordance with their stated terms for
research purposes. The Tibetan corpus compiled
within the broader research project is not redis-
tributed as part of this work; the publicly available
components are accessible at their original loca-
tions as listed in Table 9.

B Implementation Details

We utilize the HuggingFace Transformers library5

for all experiments. The main hyperparameters
used for the Continual Pre-Training (CPT) stages
are detailed in Table 2; all remaining settings are
available in the project’s repository.

C Training Methodology Ablation Study

To compare two training configurations for integrat-
ing new tokens, we conduct an ablation study using
Gemma2-2B with 100k Tibetan training samples
and 128 new tokens (|∆V | = 128). In the first
configuration (new embeddings), we freeze all
pre-trained parameters and update only the newly
initialized embeddings (E′

in and E′
out). In the sec-

ond configuration (Full Embedding Matrix), we
continue training from the first stage but unfreeze
the entire embedding matrix, allowing all token
embeddings to be updated while keeping the trans-
former layers frozen.

Table 3 presents the results of this comparison
across multiple learning rates. We observe a con-
sistent degradation in translation quality (measured

4https://www.lotsawahouse.org/
5https://huggingface.co/docs/transformers/en/

index
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Hyperparameter Value
Optimizer AdamW
Learning Rate 2× 10−4

Scheduler Cosine Warmup
Warmup Ratio 0.03
Max Sequence Length 512
Batch Size

Gemma2-2B / Qwen2.5-1.5B 8
Gemma2-9B / Qwen2.5-7B 32

Training Epochs
Stage 1 (new embeddings) 2
Stage 2 (LoRA CPT) 2

LoRA Configuration
Rank (r) 8
Alpha (α) 16
Dropout 0.05
Target Modules All Linear Layers

Compute (GPUs)
Gemma2-2B / Qwen2.5-1.5B 1× NVIDIA RTX 3090
Qwen2.5-7B 1× NVIDIA A100
Gemma2-9B 1× NVIDIA B200

Table 2: Hyperparameters for Stage 1 (Embedding
Alignment) and Stage 2 (LoRA Adaptation) across all
model scales.

by chrF++) when the full embedding matrix is
unfrozen. This suggests that modifying the pre-
trained embedding space disrupts the model’s exist-
ing internal alignment, whereas restricting updates
to the new tokens allows them to align effectively
with the frozen semantic space. Based on these
findings, we adopt the new embeddings strategy
for all subsequent experiments.

Learning New Full Embedding
Rate Embeddings Matrix

(chrF++) (chrF++)

3e-05 17.38 15.31
5e-05 17.11 14.09
8e-05 17.38 14.40
5e-05∗ 17.40 13.39
1e-03 17.46 14.05

Table 3: Ablation study results (chrF++) comparing
the standard approach (updating only new embeddings)
versus continuing training by unfreezing the Full Em-
bedding Matrix. Performance consistently degrades
when the full matrix is unfrozen. ∗Cosine scheduler
with no warmup, versus constant_with_warmup with
25 warmup steps in the second row.

D IndicGenBench Downstream Tasks

This appendix provides detailed information re-
garding the evaluation using IndicGenBench suite
(Singh et al., 2024). All prompts were formulated
after multiple experiments and adjusted to the spe-
cific requirements of each task, while maintaining

a consistent pattern across all models.
Machine Translation: IndicGenBench’s

FLORES-IN extends FLORES-200 (NLLB Team
et al., 2024) to 29 Indic languages, re-using
FLORES-200 data for the 22 languages it already
covers—including Tibetan and Sanskrit—and
collecting human translations for 7 additional
languages. We evaluate on the FLORES-IN devtest
split (1,012 parallel sentences per language) and
report results using chrF++ score. Since our study
targets the effect of vocabulary expansion rather
than absolute translation quality, we report chrF++
as relative change from each base model. The
exact prompt provided to the pre-trained models is
shown in Figure 11.

XorQA-IN: Cross-lingual question answering
based on XorTYDI (Asai et al., 2021), which con-
tains questions in target languages paired with En-
glish evidence passages. The model must provide
the answer in the target language. The answer
is compared to an annotated answer, translated
by human translators. Results are reported using
chrF++ score. The base models, Gemma2-2B and
Qwen2.5-1.5B, achieve 12.0 and 5.0 for Tibetan,
and 17.9 and 7.3 for Sanskrit, respectively. For
comparison, IndicGenBench reports scores of only
0.9 for Tibetan and 11.0 for Sanskrit using the
larger Gemma-7B-IT model. The exact prompt
provided to the models is shown in Figure 12. Eval-
uation was performed using Language Model Eval-
uation Harness (Gao et al., 2024).

CrossSum-IN: Cross-lingual summarization
task based on CrossSum (Bhattacharjee et al.,
2023), which contains English news articles. The
task is to summarize the English article into the tar-
get language. The summary is compared to an an-
notated summary, translated by human translators.
Results are reported using chrF++ score. The base
models, Gemma2-2B and Qwen2.5-1.5B, achieve
0.0 and 0.02 for Tibetan, and 8.2 and 13.9 for San-
skrit, respectively. Similarly, IndicGenBench re-
ports scores of 2.8 for Tibetan and 13.5 for Sanskrit
for Gemma-7B-IT. The exact prompt provided to
the models is shown in Figure 13. Evaluation was
performed using Language Model Evaluation Har-
ness (Gao et al., 2024).
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Model input
User prompt
Translate to {target language}.
Output only the translation.
{source language}: {text}
{target language}:

Figure 11: The prompt used for Machine Translation.

Model input
System prompt
You are a helpful assistant that answers questions based on context. Your response must
contain ONLY the answer text, with no prefixes like ’The answer is’ or ’Answer:’.

User prompt
Read the following context and answer the question in Tibetan.
Context: Context
Question: Question
Answer in Tibetan (Return ONLY the answer)

Figure 12: The prompt used for XorQa-IN.

Model input
System prompt
You are a helpful assistant that summarizes text.

User prompt
Read the following English article and write a brief summary in Tibetan.
Article: {Article}
Summary in Tibetan:

Figure 13: The prompt used for CrossSum-IN.

We find that the results for XorQA and Cross-
Sum are consistently low across all configurations—
often underperforming the base models—and lack
a clear trend. We suggest that these tasks are suf-
ficiently complex, demanding both cross-lingual
alignment and instruction-following capabilities,
which fall outside the scope of our current method-
ology. While minor patterns may be observed, we
defer a deeper analysis to future work on both cross-
lingual capabilities and supervised fine-tuning in
LRLs.

E Evaluation Metrics: Formulation and
Examples

This appendix provides the formal definitions of
our evaluation metrics, illustrated on a short syn-

thetic sentence of 8 tokens. We assume a toy ex-
pansion of |∆Vtoy| = 2 tokens, ∆Vtoy = {t′1, t′2},
and use ta, tb, tc ∈ V for tokens from the origi-
nal vocabulary. The tokenized sentence and the
model’s top-1 predictions are shown in Table 4.
The same procedure applies to real ∆V sizes and
to the FLORES-IN test set used in the main experi-
ments.

E.1 Token Usage
Token usage measures the fraction of positions in
the tokenized output whose token is drawn from
the expanded vocabulary ∆V . Formally, for a tok-
enized sequence [t1, . . . , tn]:

Token Usage(∆V ) =
1

n

n∑

i=1

1[ti ∈ ∆V ]. (2)
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For the running example (Table 4), 3 of the 8 posi-
tions are tokens in ∆V , giving a per-sentence token
usage of 3/8 = 37.5%. The values reported in Fig-
ure 6 are obtained by aggregating this quantity over
the full FLORES-IN test set.

E.2 Embedding Drift
Embedding drift measures the cosine similarity be-
tween a new token’s initialized embedding t′init and
its final embedding t′final after training:

CS(t′) =
⟨t′init, t

′
final⟩

∥t′init∥ · ∥t′final∥
, (3)

where t′init is obtained via mean initialization (Eq. 1)
from the embeddings of t′’s subword components
ta, tb, tc ∈ V . Figure 14 illustrates this geometri-
cally in a 2D space for didactic purposes, with an
example of a low cosine similarity (panel a, CS =
0.42) and a high cosine similarity (panel b, CS =
0.98).
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Figure 14: Illustration of embedding drift for a new
token t′ ∈ ∆V . Left (panel a): low cosine similarity
(CS = 0.42). Right (panel b): high cosine similarity (CS
= 0.98). The token is mean-initialized as the centroid of
its subword components ta, tb, tc ∈ V . Coordinates are
illustrative.

E.3 Prediction Alignment: Recall and
Specificity

The prediction alignment metrics are computed
over the positions of the tokenized reference sen-
tence. For a sentence x tokenized as [t1, . . . , tn],
we compute at each position i ≥ 2 the model prob-
ability pθ(· | t1 . . . ti−1) over the full vocabulary
V ′ = V ∪∆V , and take the top-1 greedy predic-
tion:

t̂i = argmax
v∈V ′

pθ(v | t1 . . . ti−1). (4)

Position i = 1 has no prefix and is therefore used as
context only. Each remaining position contributes
to exactly one of the two metrics, depending on
whether the gold token ti belongs to V or ∆V .

For a tokenized sentence [t1, . . . , tn] and its greedy
predictions [t̂2, . . . , t̂n]:

Recall(∆V ) =

∑n
i=2 1[ti ∈ ∆V ∧ t̂i = ti]∑n

i=2 1[ti ∈ ∆V ]
, (5)

Specificity(V ) =

∑n
i=2 1[ti ∈ V ∧ t̂i = ti]∑n

i=2 1[ti ∈ V ]
. (6)

We refer to this quantity as specificity over V
by analogy with the sensitivity–specificity pairing
common in classification metrics; equivalently, it
is recall on the class of original-vocabulary tokens.
The two denominators are disjoint and sum to n−1.
Table 4 works through the computation on the 8-
token example. Aggregating over the 7 evaluated
positions:

Recall(∆V ) = 1
3 ≈ 33.3%,

Specificity(V ) = 1
4 = 25.0%.

The values reported in Section 4 are aggre-
gated over thousands of positions across the full
FLORES-IN test set.

Pos. Gold ti Set Pred. t̂i Match?

1 ta V - -
2 t′1 ∆V ta ×
3 tb V tc ×
4 t′1 ∆V t′1 ✓
5 tc V tc ✓
6 t′2 ∆V ta ×
7 ta V tb ×
8 tb V ta ×

∆V : 1/3 correct ⇒ Recall = 33.3%
V : 1/4 correct ⇒ Specificity = 25.0%

Table 4: Per-position prediction outcomes on the run-
ning synthetic example. Position 1 is used as context
only and excluded from both metrics.

E.4 LLM-as-a-Judge
For open-ended generation, the LLM judge re-
ceives a Tibetan sentence prefix and a model-
generated continuation, and returns a score on a
five-point scale (Very bad=1 to Very good=5) along
with a brief reasoning. Figure 15 shows an example
input and the expected output format. Full proto-
col details, including the system prompt, scoring
rubric, and human validation, are provided in Ap-
pendix G.
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Input prefix:

Generated continuation:

Expected judge output (JSON):
{

"Reasoning": "<brief explanation>",
"Score": "<one of: Very bad, Bad,

Neutral, Good, Very good>"

}

Figure 15: Example input to the LLM-as-a-Judge: a Ti-
betan prefix, the model’s continuation, and the expected
JSON output format. Translation and transliteration are
provided in Appendix O.

F Embedding Drift Analysis

This appendix provides the detailed analyses ref-
erenced in the Embedding Drift paragraph of Sec-
tion 4.3.1. We examine the behavior of new em-
beddings in Gemma2-2B and Qwen2.5-1.5B from
three complementary perspectives: (i) cosine sim-
ilarity to initialization, separated by whether the
new token appears in the tokenized training set, (ii)
embedding norms before and after training, and (iii)
pairwise similarities among the new embeddings.
All analyses are performed at |∆V | = 8,192 with
100k training samples. We report medians through-
out, consistent with the embedding drift metric
used in the main results and to avoid distortion
from tail values.

Seen and Unseen Tokens. We define a new to-
ken as seen if it appears at least once in the tok-
enized training set, and as unseen otherwise. Seen
tokens act as cross-entropy targets at least once dur-
ing training and have the opportunity to be learned
from those steps. Unseen tokens, by contrast, never
act as targets; the only updates their embeddings
receive come from being non-targets at other steps.
Because the model’s output is a probability dis-
tribution over the full vocabulary, increasing the
probability of the actual target at a given step re-
quires reducing the probability of every other token,
including unseen new tokens. This indirect effect
is small at any single step, but accumulates across
training and shapes the embeddings of rarely or
never-targeted tokens, a regime studied in prior
work on under-trained representations (Biś et al.,
2021; Yu et al., 2022; Land and Bartolo, 2024). We
use this distinction as a diagnostic. If embeddings

drift because tokens are being trained as targets,
seen tokens should drift more than unseen ones;
if seen and unseen tokens drift similarly, the drift
must come from another source.

Cosine Similarity by Exposure. In Gemma2-
2B, drift tracks exposure: the median CS of unseen
tokens is 0.97 (Tibetan) and 0.98 (Sanskrit), sub-
stantially higher than the seen-token CS of 0.78
(Tibetan) and 0.84 (Sanskrit). Seen tokens move
substantially from their initialization, while unseen
tokens stay close to it.

In Qwen2.5-1.5B, the seen–unseen difference
observed for Gemma2-2B is absent: unseen tokens
reach median CS of 0.16 (Tibetan) and 0.11 (San-
skrit), compared to seen-token CS of 0.13 (Tibetan)
and 0.14 (Sanskrit). Unseen tokens drift to nearly
the same extent as seen ones, meaning that CS to
initialization in Qwen2.5-1.5B does not separate
trained from untrained new tokens.

Table 5(a) summarizes these results across the
four model-language configurations.

Embedding Norms. As a complementary mea-
surement, we report the L2 norms of new embed-
dings before and after training (Table 5(b)). In both
models, seen tokens grow substantially in norm
(ratios 1.16–1.25), while unseen tokens stay close
to their initialization (ratios 0.90–0.97). This is
consistent with prior work using embedding norm
as an indicator of under-trained tokens, whose em-
beddings remain near their initialization or decay
toward zero (Land and Bartolo, 2024), and gives
a separate test of whether target-side updates are
reaching the new tokens. The pattern holds across
both languages and both architectures, including
Qwen2.5-1.5B, where the seen–unseen distinction
was absent in CS.

Pairwise Similarity Among New Embeddings.
The CS and norm analyses describe how each
added embedding moves relative to its own ini-
tialization. A complementary question is where
the embeddings end up relative to one another: do
they spread across the embedding space, or do they
collapse toward a shared region? To answer this,
we compute the pairwise cosine similarity between
distinct pairs of new embeddings after training. If
the new embeddings spread evenly, their pairwise
CS should be close to the values observed for ran-
dom pairs of base-vocabulary embeddings of the
same model. If, instead, the new embeddings clus-
ter together, their pairwise CS will be substantially
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(a) Cosine similarity to initialization (b) L2 norms before and after training

Model Lang Status n % CS (med) init final ratio

Gemma2-2B Tibetan unseen 772 9.4% 0.97 0.83 0.80 0.96
seen 7,420 90.6% 0.78 0.84 1.05 1.25

Gemma2-2B Sanskrit unseen 3,982 48.6% 0.98 1.06 1.03 0.97
seen 4,210 51.4% 0.84 1.10 1.28 1.16

Qwen2.5-1.5B Tibetan unseen 1,840 22.5% 0.16 0.55 0.52 0.95
seen 6,352 77.5% 0.13 0.57 0.68 1.19

Qwen2.5-1.5B Sanskrit unseen 607 7.4% 0.11 0.59 0.53 0.90
seen 7,585 92.6% 0.14 0.63 0.75 1.19

Table 5: Geometry of new embeddings at |∆V | = 8,192 after training on 100k samples, classified as seen if the
token appears in the tokenized training set and unseen otherwise. (a) Median cosine similarity between initial and
final embeddings; n = count; % = share of the 8,192 new tokens. (b) Median L2 norms at initialization and after
training; ratio = final / init.

higher than this reference.
To estimate pairwise CS, we draw 500 random

pairs of new embeddings and compare them to 500
random pairs from the base vocabulary of the same
model, used as a reference for “typical” pairwise
CS in that embedding space. Table 6 reports the
median pairwise CS in each setting and the ratio
between the added and base values.

Model Lang new base ratio

Gemma2-2B Tibetan 0.41 0.16 2.5×
Gemma2-2B Sanskrit 0.17 0.15 1.1×
Qwen2.5-1.5B Tibetan 0.55 0.10 5.5×
Qwen2.5-1.5B Sanskrit 0.47 0.10 4.6×

Table 6: Median pairwise cosine similarity between 500
random pairs of new embeddings (new) and 500 random
pairs of base-vocabulary embeddings of the same model
(base). The ratio column is (new) / (base).

In Gemma2-2B, new embeddings show pairwise
CS comparable to the base reference for Sanskrit
(1.1×) and moderately higher for Tibetan (2.5×).
In Qwen2.5-1.5B, the ratio is substantially larger:
5.5× for Tibetan and 4.6× for Sanskrit, indicating
that the new embeddings collapse toward a nar-
row region of the embedding space. This pattern
matches the representation degeneration problem
(Gao et al., 2019), in which embeddings cluster to-
gether rather than spreading across the embedding
space, and which Biś et al. (2021) and Yu et al.
(2022) link to rare and under-trained tokens.

Summary. The three perspectives describe a con-
sistent picture for Qwen2.5-1.5B. CS to initializa-
tion in this model does not separate seen from un-
seen new tokens, although embedding norms do,
indicating that target-driven updates are still ac-
tive. The pairwise-similarity analysis locates the

destination of the drift in Qwen2.5-1.5B: the new
embeddings collapse toward a narrow region of the
embedding space, consistent with representation
degeneration. In Gemma2-2B, by contrast, CS,
norms, and pairwise similarity all separate seen
from unseen tokens, and new embeddings remain
comparatively spread out. Taken together, these re-
sults indicate that embedding drift measured by CS
is a useful indicator of adaptation for Gemma2-2B
but not for Qwen2.5-1.5B. A more complete ac-
count of the architectural and training factors that
produce the Qwen2.5-1.5B behavior—including
output embedding geometry, weight tying, and
base-vocabulary statistics—requires controlled ex-
periments and falls outside the scope of this work.

G LLM-as-a-Judge Details

We utilize Claude-4.5-Sonnet as an automated
judge to evaluate open-ended generation quality.
To ensure statistical stability, we perform 5 iter-
ations per sample at a temperature of 0.8. The
final score for each model is the average across all
samples and iterations.

The judge evaluates the quality of Tibetan text
continuations using a five-point scale (Very bad,
Bad, Neutral, Good, Very good) based on three
primary criteria:

1. Coherence: Logical flow from the input text.

2. Grammar & Syntax: Correct and natural
language usage.

3. Relevance: Adherence to the topic of the pre-
fix.

The five-point scale was mapped to numerical
values (1–5) to calculate final performance met-
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rics. The exact system prompt provided to the
LLM judge is shown in Figure 17. To validate the
LLM judge scores, we compare them to ratings
from six Tibetan language experts, scholars who
research Tibetan texts and were collaborators on
the broader research project of which this work is a
part. Each expert independently rated the same 50
model outputs generated by a single model config-
uration (Gemma2-2B with 128 new tokens, trained
on 100k samples). The experts followed the same
evaluation criteria and five-point scale used by the
LLM judge (verbal labels mapped to numerical
values 1–5), and were not informed of the LLM
judge scores. The exact instructions provided to
the experts are shown in Figure 16. The correla-
tions between the averaged human ratings and the
LLM judge scores are Pearson 0.63 (p < 10−6)
and Spearman 0.54 (p < 10−4), indicating moder-
ate alignment with human ratings.

H Cross-Vocabulary Embedding Drift

Figure 18 tracks cosine similarity for the top-512
new tokens across different expansion sizes. The
y-axis lists these tokens; greyed-out regions corre-
spond to the |∆V | values at which a given token
has not yet been added to the expansion set. The x-
axis varies the total vocabulary size |∆V |, so each
row shows how a fixed token drifts depending on
how many other tokens are added alongside it. For
readability, only a sample of tokens is labelled on
the y-axis; these are illustrative reference points
and not the full list.

For Tibetan (left), CS values increase from left
to right: the same tokens drift less as |∆V | grows,
consistent with each new token appearing in train-
ing less often as |∆V | grows under a fixed amount
of data. For Sanskrit (right), the pattern is less reg-
ular. Large vertical bands of high CS (near 1.0)
persist across all expansion sizes, indicating that
many tokens remain near their initialization regard-
less of |∆V |. There is no clear monotonic gradient
across the x-axis; some tokens show lower CS in
larger vocabularies than in smaller ones, reinforc-
ing the limitation of frequency-based vocabulary
construction for Sanskrit noted in §4.2.

I Prediction Alignment Analysis

This appendix provides the per-configuration pre-
diction alignment figures for Gemma2-2B refer-
enced in §4.2. Figure 19 shows recall over ∆V as
a function of expansion size and training data, sep-

arately for Tibetan and Sanskrit. Figure 20 shows
the corresponding specificity values for original-
vocabulary tokens.
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Figure 19: Gemma2-2B: Recall over ∆V across differ-
ent configurations.
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Figure 20: Gemma2-2B: Specificity over V across dif-
ferent configurations.

The recall curves confirm the asymmetry re-
ported in §4.2: Tibetan recall declines monotoni-
cally with expansion size in higher data regimes,
whereas Sanskrit recall shows no consistent trend,
with comparable values at |∆V | = 64 and |∆V | =
8,192. The specificity curves show a clear contrast:
in Tibetan, specificity drops as the vocabulary ex-
pands (from 18.8% to 8.2% in the 100k regime),
indicating that predictions on original-vocabulary
tokens degrade as more tokens are added. In San-
skrit, specificity remains stable across expansion
sizes (12.8%–16.6%), consistent with the limited
integration of new Sanskrit tokens reported in the
body.

J Global Model Performance Comparison

Figure 22 compares Machine Translation perfor-
mance (chrF++ improvement) across the small
Gemma2-2B and Qwen2.5-1.5B models, both lan-
guages, and all vocabulary expansion configura-
tions.

First, Qwen2.5-1.5B exhibits balanced base
capabilities across Sanskrit (11.48) and Tibetan
(10.60), whereas Gemma2-2B shows a marked dis-
parity between the two languages (15.61 vs. 5.17,
respectively). This points to a more balanced cov-
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Human Annotator Instructions
Your task is to evaluate the quality of a Unicode text continuation based on three criteria:

1. Coherence: Does the continuation follow logically from the input text?

2. Grammar & Syntax: Is the language correct, natural, and error-free?

3. Relevance: Does the content stay on topic?

IMPORTANT: Some texts may be cut off mid-sentence or contain repetition due to generation
limits. Do NOT deduct points for cut-off sentences or repetitive patterns—focus only on the
three criteria above.

Scoring Criteria (be strict and critical):

• Very bad: Bad coherence (not following the start of the sentence), bad grammar &
syntax (not in the same language, misspelled words, etc.), not relevant.

• Bad: Same language but fails on TWO of three criteria (coherence, grammar/syntax, or
relevance).

• Neutral: Same language with acceptable grammar, but lacks either strong coherence OR
clear relevance.

• Good: Same language, good grammar and syntax, stays on topic AND mostly follows
logical flow, but may have minor imperfections.

• Very Good: EXCEPTIONAL quality—perfect grammar, flawless logical continuation,
highly relevant, and reads completely naturally.

Figure 16: Instructions provided to the Tibetan language experts for validating the LLM-as-a-Judge scores.

erage of the two scripts in the Qwen2.5-1.5B base
vocabulary.

Second, the architectures respond differently to
vocabulary expansion. For Tibetan, Qwen2.5-1.5B
displays a moderate performance peak at interme-
diate expansion sizes (around 512 tokens in higher
data regimes), followed by relatively stable gains
even at larger volumes. In contrast, Gemma2-2B
shows sharper degradation as expansion grows.
For Sanskrit, the architectural difference becomes
more pronounced. Qwen2.5-1.5B reaches its peak
at small expansion sizes (|∆V | ≤ 256) in the
50k–100k regimes, after which performance drops
sharply and turns negative at larger expansions
(down to −28.7% at |∆V | = 4,096, 50k sam-
ples; −47.8% at |∆V | = 2,048, 10k samples).
Gemma2-2B, in contrast, shows scattered improve-
ments (+10% to +22%) across most expansion sizes
with no clear peak or degradation pattern, and re-
mains positive throughout. Higher data regimes
(50k–100k) improve Sanskrit performance in both
models, but do not prevent the degradation ob-

served in Qwen2.5-1.5B at large expansions. This
contrast is consistent with the difference in Sanskrit
baseline scores (Gemma2-2B: 15.61; Qwen2.5-
1.5B: 11.48), suggesting that the architectures start
from different levels of base coverage for Sanskrit
and respond to expansion accordingly.

Overall, the global heatmap shows that the trade-
offs between vocabulary expansion and down-
stream translation performance differ between the
two model families, consistent with the multiple
factors distinguishing them discussed in §4.3.1 and
the Limitations.

K Global Prediction Alignment (Recall)

Figure 24 compares recall over ∆V across the
small Gemma2-2B and Qwen2.5-1.5B models,
both languages, and all vocabulary expansion con-
figurations. In Tibetan, Qwen2.5-1.5B consis-
tently achieves higher recall scores (> 30%) than
Gemma2-2B, indicating stronger adoption of the
new vocabulary. In Sanskrit, Qwen2.5-1.5B shows
higher recall at smaller expansion sizes and larger
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Model input
System prompt
You are a professional linguistic evaluator specializing in Tibetan text analysis.

TASK: Evaluate the quality of a text continuation based on three criteria: Coherence, Grammar
& Syntax, and Relevance.

IMPORTANT: Some texts may be cut off mid-sentence or contain repetition due to generation
limits. Do NOT deduct points for cut-off sentences or repetitive patterns - focus only on the
three criteria above.

SCORING CRITERIA:

• Very bad: NOT in Tibetan OR fails on all three criteria.

• Bad: In Tibetan but fails on TWO of three criteria.

• Neutral: Acceptable grammar, but lacks strong coherence or relevance.

• Good: Good grammar, stays on topic, and mostly follows logical flow.

• Very Good: Perfect grammar, flawless logical continuation, and highly relevant.

Respond ONLY with valid JSON in this exact format:
{

"Reasoning": "<brief explanation in English>",
"Score": "<one of the 5 options>"

}

User prompt
Sentence: Sentence

Figure 17: The prompt used for the LLM-as-a-judge evaluation part.

training volumes. Conversely, Gemma2-2B shows
lower recall at smaller expansion sizes, reaching its
peak only at 100k samples and 512 new tokens; at
this configuration, MT performance reaches only
10.1%, well below the 21.7% peak (50k samples,
64 tokens)—reinforcing that recall and MT do not
necessarily track each other.

L Gemma2-9B Detailed Results

Machine Translation Performance. Figure 26
shows MT results that largely reinforce the trends
observed in the 2B version. While the Tibetan
base model performs slightly better than its smaller
counterpart, the Sanskrit base model starts with a
substantially lower score (7.56 vs. 15.61), trailing
Gemma2-2B by over 50%.

In Tibetan, a clear performance drop is observed

for |∆V | ≥ 1,024 across all sample sizes. Once the
training volume reaches 50k samples or more, the
best results are consistently achieved at |∆V | = 64
tokens. At 10k samples, |∆V | = 0 remains com-
petitive with the expansion sets, while at 1k sam-
ples the picture is less consistent across expansion
sizes. For Sanskrit, the low baseline allows for
improvements of nearly 70%, with trends favoring
64/128 tokens at 10k and 100k samples. How-
ever, due to scattered results at 300k and the risk of
degradation with larger vocabularies, 0 new tokens
remains a stable, low-risk choice. The 1k training
regime is an exception: for Sanskrit, it yielded per-
formance below the base model in most expansion
sizes.

Embedding drift. When comparing the train-
ing embedding drift for the 100k models in Fig-
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Figure 18: Heatmap of Cosine Similarity for the first 512 tokens across different expansion sizes in Gemma2-2B
Tibetan (left) and Sanskrit (right).

ure 25, we observe similar trends, though the cosine
similarity values for Gemma2-9B are consistently
higher than those for Gemma2-2B. Since Stage 1
training was conducted independently of internal
parameters, the model size appears to influence
the adaptation of new embeddings. Specifically,
larger models may require more training steps for
effective adaptation. This is supported by the 300k
pre-trained Gemma2-9B results, where the median
values reach lower scores than 100k results and are
slightly lower than the 100k pre-trained Gemma2-
2B scores.

M Qwen2.5-7B Detailed Results

Figure 21 reports MT performance for Qwen2.5-
7B on Tibetan. Three observations distinguish
this scale from the smaller models. First, with
a strong baseline (18.08 chrF++), improvements
over the base model appear only at S ≥ 50k sam-
ples; smaller training volumes fall below baseline
across all expansion sizes. Second, the only con-
sistent trend across |∆V | is that the smallest ex-
pansions (|∆V | ∈ {0, 64}) yield the lowest scores
at 50k and 100k samples—the opposite of the pat-
tern observed in the other models, where small
expansions are typically the safest choice. Third,
the gains from any non-trivial expansion size are
modest and largely uniform; given that efficiency
improves with |∆V | (§ 4.1), larger expansions may
be a reasonable choice for this model when the
efficiency-performance balance is considered.

0 64 12
8

25
6

51
2

10
24

20
48

40
96

81
92

Vocabulary Expansion Size (| V|)

100K

50K

10K

1K

Tr
ai

ni
ng

 S
am

pl
es

+0.0% +1.8% +7.3% +9.3% +8.4% +10.5% +7.7% +8.2% +9.0%

-0.6% +0.9% +6.4% +7.7% +2.2% +7.9% +0.8% +6.9% +8.9%

-3.1% -8.2% -3.4% -3.0% -8.9% -7.5% -12.9% -10.6% -11.4%

-6.9% -6.2% -7.1% -9.6% -7.5% -7.6% -8.0% -7.5% -8.7%
10

5

0

5

10

%
 C

ha
ng

e 
fro

m
 B

as
el

in
e 

(C
hr

F+
+)

Figure 21: Qwen2.5-7B: MT Performance, English →
Tibetan, % improvement over base (chrF++ 18.08).

N Cross-Metric View of Strongest
Configurations

Figure 23 summarizes, for each combination of
metric, language, model family, and model size, the
configuration (|∆V |, S) that yields the strongest
result. Marker color denotes the language (Tibetan
/ Sanskrit), shape denotes the metric, fill style de-
notes the model family (filled for Gemma, open for
Qwen), and marker size denotes the model scale
(small for 2B/1.5B, large for 9B/7B).

Scope and disclaimers. Several constraints
shape the contents of this figure and should be con-
sidered when interpreting it. (i) Not all models are
evaluated on all metrics and languages. In particu-
lar, Qwen2.5-7B is trained and evaluated only on
Tibetan, as noted in §4.3. (ii) Prediction alignment
(recall and specificity) and embedding drift are not
defined at |∆V | = 0, since these metrics require
the existence of new tokens; configurations with
no expansion are therefore excluded from these
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metrics by construction. (iii) Token usage is omit-
ted, as it is monotonic in |∆V | by definition and
therefore uninformative under a “strongest config-
uration” view. (iv) The LLM-as-a-Judge metric
is reported only for Gemma2-2B on Tibetan with
S = 100k, following the protocol described in
§3.2. (v) Gemma2-9B is the only model trained
with S = 300k; the absence of other models from
this row reflects experimental scope rather than per-
formance. (vi) For embedding drift, the strongest
configuration corresponds to the lowest median
cosine similarity, reflecting the strongest adapta-
tion of new embeddings. For all other metrics, the
strongest configuration corresponds to the highest
value.

Observations. The majority of points concen-
trate around |∆V | = 64, consistent with the
moderate-expansion regime identified in §4.1. A
smaller group lies near |∆V | ≈ 512 and corre-
sponds primarily to Qwen2.5-1.5B prediction align-
ment configurations, in line with the observation
in §4.3 that Qwen integrates new tokens more uni-
formly across expansion sizes. Across languages,
Tibetan and Sanskrit cluster in the same |∆V |
range, indicating that the location of the strongest
configuration is largely script-independent, even
though the magnitude of the gains differs substan-
tially between the two languages (§4.2). With re-
spect to training volume, the strongest configura-
tions are concentrated at S = 100k and S = 300k,
with no points in the 1k or 10k rows, consistent
with the finding that vocabulary expansion is diffi-
cult to train effectively under limited CPT data.
Across metrics, machine translation, prediction
alignment, and embedding drift converge on similar
regions of the (|∆V |, S) space, whereas LLM-as-
a-Judge is the only metric whose strongest con-
figuration lies at |∆V | = 0, matching the decline
reported in Table 1. chrF++ rewards character n-
gram overlap with reference translations, and re-
call and specificity measure next-token prediction
accuracy on gold sequences, whereas LLM-as-a-
Judge scores open-ended continuations on coher-
ence, grammaticality, and relevance (Appendix G);
the difference between LLM-as-a-Judge and the
other metrics may reflect that these are different as-
pects of generation quality. LLM-as-a-Judge is also
evaluated on a narrower subset than the other met-
rics (Gemma2-2B on Tibetan with S = 100k only,
as noted in disclaimer (iv) above), so this observa-
tion should be interpreted accordingly. A clear ex-

ception is Qwen2.5-1.5B embedding drift, whose
strongest configurations are at |∆V | = 8,192 in
both languages; this is discussed further in Ap-
pendix F.

Training data per new token. For each configu-
ration, the ratio S/|∆V | gives the number of CPT
samples per new token. Across the configurations
of Figure 22, this ratio and chrF++ are positively
rank-correlated in all four model–language pairs
(Table 7).

Model Lang Spearman p

Gemma2-2B Tibetan +0.93 < 10−14

Gemma2-2B Sanskrit +0.67 < 10−4

Qwen2.5-1.5B Tibetan +0.51 < 10−2

Qwen2.5-1.5B Sanskrit +0.55 < 10−2

Table 7: Spearman rank correlation between chrF++
and S/|∆V | for each model–language pair, over the
n = 32 configurations with |∆V | > 0 that pool the four
CPT data volumes and the eight expansion sizes.

O Non-Latin Script Examples

This appendix provides translations and translit-
erations of Tibetan and Sanskrit examples used
in Figure 1 (cross-lingual tokenization) and Fig-
ure 15 (LLM-as-a-Judge input). Sanskrit is translit-
erated using the International Alphabet of Sanskrit
Transliteration (IAST); Tibetan is transliterated us-
ing the Extended Wylie Transliteration Scheme
(EWTS).

Figure 1 — FLORES-IN aligned sentence. En-
glish (translation): “Some festivals have special
camping areas for families with young children.”
Sanskrit (Devanagari):

Sanskrit (IAST): katipaya utsave ks. udra bālakasya
parivāram. kr. te viśes. a śivira ks. atram. iti bhavati.
Tibetan (script):

Tibetan (EWTS): dus ston ’ga’ zhig la bu phrug
yod mkhan gyi khyim tshang ched sgar btsug sa’i
sa gnas dmigs gsal ba yod/

Figure 15 — LLM-as-a-Judge input example.
Tibetan prefix (script):

Tibetan prefix (EWTS): de nas phyi rol na gnas
pa’i bum pa’i chus bdag nyid la dbang bskur
English (translation): Then, by the water from the
vase that is outside, empowerment is bestowed
upon oneself.
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Tibetan continuation (script):

Tibetan continuation (EWTS): / de nas bdag nyid
kyi lus la dbang bskur bas / thugs kyi dbang bskur
ro / / oM sarba ta thA ga ta a b+hi Shiny+tsa hUM
/ zhes brjod pas bum pa las byung ba’i bum pa’i
chu mngon par ’grub par bya
English (translation): Then, by bestowing empow-
erment upon one’s body, the empowerment of mind
is bestowed. By reciting “om. sarva tathāgata
abhis. iñca hūm. ,” the vase water emerging from the
vase is to be made manifest.

P Artifacts

We detail artifacts we use and their respective usage
and licenses in Table 9. For the exact versions and
more details, see the requirements.txt file in the
project’s repository.

Q Model Checkpoints

In Table 8, we present the checkpoints (or snap-
shots) used in this work and the models’ sizes and
licenses.

R AI Assistants

We used AI assistants (Claude, Gemini, and Chat-
GPT) to support code development, phrasing sug-
gestions, and LaTeX styling during writing. All
outputs were reviewed and edited by the authors.
No content was directly generated or used without
human verification.
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Figure 22: The grid displays results for MT Performance in chrF++ (English → Tibetan/Sanskrit), with Tibetan
(left) and Sanskrit (right). The first row shows Gemma2-2B and the second row Qwen2.5-1.5B. Percentages indicate
improvement relative to the base models (Gemma2-2B: Tibetan 5.17, Sanskrit 15.61; Qwen2.5-1.5B: Tibetan 10.60,
Sanskrit 11.48).
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Figure 23: Configuration (|∆V |, S) that yields the strongest result for each combination of metric, language, model
family, and model size. Color denotes language, shape denotes metric, fill style denotes model family, and marker
size denotes model scale.

Model Checkpoint License # Param

Gemma2-2Ba google/gemma-2-2b-it Gemma 2 2.6B
Gemma2-9Bb google/gemma-2-9b-it Gemma 2 9B
Qwen2.5-1.5Bc Qwen/Qwen2.5-1.5B-Instruct Apache-2.0 1.5B
Qwen2.5-7Bd Qwen/Qwen2.5-7B-Instruct Apache-2.0 7.6B
a https://huggingface.co/google/gemma-2-2b-it
b https://huggingface.co/google/gemma-2-9b-it
c https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
d https://huggingface.co/Qwen/Qwen2.5-7B-Instruct

Table 8: Checkpoints used during experiments, their license, and their number of parameters.
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Figure 24: Prediction Alignment (Recall). Heatmap showing the recall of new tokens. The grid displays results for
Tibetan (left) and Sanskrit (right), with the first row showing Gemma2-2B and the second row Qwen2.5-1.5B.
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Figure 25: Embedding drift comparison between Gemma2-2B (top-left) and Gemma2-9B (top-right), trained on
100k samples; bottom: Gemma2-9B trained on 300k samples.
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Figure 26: Gemma2-9B: MT Performance, English → Tibetan (left) / Sanskrit (right), % improvement over base
(chrF++ 7.67 and 7.56 respectively).
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Artifact Type License Usage

CC-100a Dataset Not specified** Data
Saamayikb Dataset MIT Data
spsither Tibetan Corpusc Dataset Not specified* Data
MC2 Corpusd Dataset CC0-1.0 Data
Tibetan–English Translation Dataset (Lotsawa House)e Dataset CC-BY-NC-4.0 Data
Language Model Evaluation Harnessf Python package MIT Evaluation
Claude-4.5-Sonnetg API service Commercial ToS Evaluation
a https://data.statmt.org/cc-100/
b https://huggingface.co/datasets/acomquest/Saamayik
c https://huggingface.co/datasets/spsither/tibetan_monolingual_A_filtered_deduped
d https://huggingface.co/datasets/pkupie/mc2_corpus
e https://huggingface.co/datasets/billingsmoore/tibetan-to-english-translation-dataset
f https://github.com/EleutherAI/lm-evaluation-harness
g https://www.anthropic.com/legal/commercial-terms
* No license declared by the publisher on the dataset page; used solely for academic research.
** No license declared at the source; only a disclaimer over corpus preparation. Underlying Common Crawl

text remains subject to its original copyright.

Table 9: Artifacts used during experiments, along with their license and usage explanation.
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