Mitigating Tokenization-Induced Distance Distortion in Long-Context
Multilingual Machine Translation

Khotso Selialia', Antoine Nzeyimana', Fatima M. Anwar!,
"University of Massachusetts Amherst

{kselialia, anzeyimana, fanwar } @umass.edu

1 Abstract

Multilingual neural machine translation (MNMT)
models degrade in performance as input con-
text length increases, causing positional encod-
ing schemes to misinterpret token distances. Ex-
isting absolute and relative positional encodings
rely on fixed token indices and implicitly assume
uniform semantic density, which breaks down
for long-context inputs. We introduce DCARPE, a
tokenization-aware adaptive positional encoding
that conditions relative positional bias on input-
level sequence length and fragmentation statistics,
allowing the model to reinterpret positional dis-
tance when tokenization-induced inflation arises
rather than semantic factors. Evaluations on JW300
and out-of-distribution FLORES-200 demonstrate
consistent improvements in long-context robust-
ness, achieving gains of up to +10.81 ChrF++ and
+8.00 BLEU over baselines.

2 Introduction

Multilingual Neural Machine Translation (MNMT)
based on Transformer architectures enables trans-
lation across hundreds of languages within a sin-
gle unified model. It achieves this through shared
parameters and multilingual subword vocabular-
ies (Vaswani et al., 2017; Arivazhagan et al.,
2019; Fan et al., 2021; Johnson et al., 2017).
This approach achieves strong generalization and
near—human-level performance for many high-
resource languages (Ott et al., 2018; Fernandes
et al., 2023). However, translation quality re-
mains highly uneven across languages (Kocmi
et al., 2022; Nekoto et al., 2020). In particular,
low-resource and morphologically rich languages
consistently underperform. As a result, users of
MNMT for these languages may experience unreli-
able or inaccurate translations, which can impede
effective cross-lingual communication and dimin-
ish trust in automated translation systems (Goyal
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Figure 1: Correlation between translation performance
(ChrF++) and effective context length (Len / FragRate)
across languages. Performance degrades consistently as
effective context increases.

et al., 2022; Joshi et al., 2020).

A key source of performance degradation in
MNMT arises from a previously underexplored
interaction between language morphology and
the shared subword tokenizer. MNMT relies
on subword units—short character sequences pro-
duced by algorithms such as Byte Pair Encod-
ing (BPE) (Zouhar et al., 2023) or Sentence-
Piece (Kudo and Richardson, 2018)—to enable
parameter sharing across languages. While shared
tokenization is generally assumed to be benign or
even beneficial, we find that it induces language-
dependent distortions that only become apparent as
context length increases. Morphologically rich lan-
guages encode tense, agreement, and case within
complex word forms (Nzeyimana, 2024), which are
frequently split into multiple subwords during tok-
enization. As a result, the same semantic content
spans substantially more tokens than in morpho-
logically simpler languages (Petrov et al., 2023).
Token inflation compounds with longer context,
spreading fixed semantic content across increas-
ingly large token distances without adding infor-
mation. As shown in Figure 1, translation quality
exhibits a strong negative correlation with effective
context length (Len/FragRate) across languages.
This reveals a surprising failure mode: shared tok-
enization systematically reshapes the effective ge-
ometry of context in a language-dependent man-
ner, causing translation robustness to degrade not
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merely with longer sequences, but specifically with
tokenization-induced inflation of semantic distance
as context grows.

The aforementioned limitation lies in how Trans-
former models encode positional information. In
Transformer architectures, attention mechanisms
determine which parts of an input sequence are
most relevant by assigning higher weights to re-
lated tokens. Positional encoding schemes provide
a notion of token order and distance, helping the
model distinguish nearby from distant content. De-
spite advances such as Relative Positional Encod-
ings (Shaw et al., 2018), Rotary Position Embed-
dings (Su et al., 2024), and Attention with Linear
Biases (Press et al., 2021), most approaches re-
main fundamentally static: positional meaning is
derived solely from a token’s index, assuming all
tokens contribute information at a uniform rate.
This assumption breaks in morphologically rich
languages, where a semantic unit is often split
into multiple subword tokens. As positional en-
coding penalize distant tokens, fragmented infor-
mation is increasingly treated as less related. We
call this context-amplified translation degradation,
where morphology-induced token inflation mag-
nifies positional distance and undermines long-
context robustness. This motivates our central
research question: How can positional bias be
adapted to tokenization-induced sequence infla-
tion to improve long-context robustness in multi-
lingual translation?

To answer this question, we propose Dynamic
Context Aware Relative Positional Encoding
(DCARPE), a robustness-aware positional encoding
mechanism. DCARPE adapts the interpretation of
positional distance during tokenization. Unlike
prior positional encodings that treat token distance
as fixed geometry, DCARPE makes distance input-
adaptive by conditioning the decay of relative bias
on tokenization statistics. This lets the model adjust
the strength of its penalty for distant tokens when
subword fragmentation inflates sequence length. In
this way, DCARPE attenuates positional penalties for
long token distances caused by morphological seg-
mentation, while preserving locality when token
positions remain linguistically meaningful. As a
result, DCARPE improves long-context robustness in
multilingual translation. In designing and evaluat-
ing DCARPE, we make the following contributions.
* We discover context-amplified translation degra-

dation, a previously uncharacterized failure mode

in MNMT where the interaction between shared

subword tokenization and language morphology
inflates effective token distances, causing fixed
positional encoding schemes to degrade as con-

text length increases.
» We propose DCARPE !, a tokenization-aware adap-

tive positional encoding that modulates distance-
decay strength based on input-level statistics (se-
quence length and tokenization fragmentation
rate). Unlike prior methods that treat token dis-
tance as fixed geometry, DCARPE learns a cal-
ibrated notion of distance that remains stable
across languages with heterogeneous subword
inflation, while retaining the simplicity of linear
bias.

* We demonstrate the effectiveness of DCARPE

on long-context MNMT across JW300 and
FLORES-200 datasets, achieving consistent and
statistically significant improvements of up to
+10.81 ChrF++ and +8.00 BLEU in context-
robust translation quality for low-resource and
morphologically rich languages, without intro-
ducing additional computational overhead.

3 Background and Related Works

Transformer and positional encodings. We as-
sume the standard Transformer formulation with
self-attention (Vaswani et al., 2017). Because self-
attention is permutation-invariant, Transformers
rely on positional encodings to represent token or-
der and relative distance. Common approaches
include absolute positional embeddings (Vaswani
et al., 2017), relative positional encodings (Shaw
et al., 2018; Dai et al., 2019), rotary embeddings
(RoPE) (Su et al., 2024), and relative-bias formula-
tions such as T5-style buckets (Raffel et al., 2020)
and ALiBi (Press et al., 2021). More recent work
explores position interpolation and scaling strate-
gies to improve length extrapolation (Chen et al.,
2023). While these methods enhance long-range
modeling, their positional meaning remains a deter-
ministic function of token index or token distance.

Tokenization, morphology, and uneven se-
quence inflation. Multilingual NMT systems typi-
cally employ shared subword vocabularies, such as
BPE or SentencePiece, to support many languages
with a fixed lexicon (Sennrich et al., 2016; Kudo
and Richardson, 2018; Zouhar et al., 2023). How-
ever, languages differ substantially in how semantic
content maps to subword units. For morphologi-
cally rich languages, a single semantic unit may be

!Code and data are available at https://github.com/
khotso1186/dcarpe
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realized as a longer sequence of subword tokens,
resulting in higher subword fertility and uneven se-
quence inflation across languages (Toraman et al.,
2023; Petrov et al., 2023). Recent analyses show
that such tokenization effects disproportionately
affect multilingual and low-resource settings, intro-
ducing systematic biases in representation length
and granularity (Bostrom and Durrett, 2020; Rust
etal., 2021; Wang et al., 2024; Mielke et al., 2021).
As context grows, this inflation spreads semanti-
cally related content across increasingly distant to-
ken positions, breaking the implicit assumption that
equal token distances correspond to comparable se-
mantic distances and amplifying distance-based
attenuation in long-context modeling (Khandelwal
et al., 2018; Press et al., 2021).

Limitation of existing techniques. Prior work
on positional encodings improves length extrapola-
tion by modifying how token indices are mapped
to bias or embeddings. However, these methods re-
main fundamentally token-index driven: positional
meaning is a deterministic function of absolute
position or raw token distance. In multilingual set-
tings with a shared tokenizer, token distance is not
a stable proxy for semantic distance, as identical
meanings may span vastly different numbers of sub-
word tokens across languages. Existing approaches
do not model this tokenization-induced distortion
and therefore systematically over-penalize long-
range dependencies as context grows. This gap mo-
tivates tokenization-aware positional adaptation.

4 Methodology

In this section, we discuss the dataset curation,
model training and evaluation procedures.
4.1 Model

We adopt the No Language Left Behind (NLLB)
model (Costa-Jussa et al., 2022). This state-
of-the-art multilingual Transformer uses a uni-
fied encoder—decoder architecture to support over
200 languages. NLLB employs a shared sub-
word vocabulary and token-level processing, en-
suring consistent representation across diverse lan-
guages. This design lets us systematically study
how morphology-induced token fragmentation af-
fects sequence length and translation quality un-
der identical modeling conditions. Because NLLB
performs well across both high- and low-resource
languages, observed disparities can be attributed to
tokenization and context length, rather than model
capacity.

Table 1: Languages and parallel data used in our multi-
lingual X — English translation study. Counts indicate
the number of sentence pairs after preprocessing and
filtering.

Language Lang IDSpeakers# Parallel (X — En)
Yoruba Yor ~45M 122,554
KinyarwandaKin ~16M 77,271
Xhosa Xho ~19M 138,111
Swahili Swh ~98M 186,622
Turkish Tur ~85M 124,082
Armenian  Hye ~TM 60,000
Greek Ell ~14M 150,000
4.2 Data

4.2.1 Training Data

We evaluate translation into English from African,
European, and Asian languages (see Table 1), with
English as the fixed target. This isolates the effects
of source-language morphology and tokenization
on model behavior. The selected languages vary in
morphological complexity and subword fragmen-
tation, from compact tokenizations (e.g., Swabhili,
Yoruba) to highly fragmented ones (e.g., Xhosa,
Armenian). This range enables controlled analysis
of how morphology-driven token inflation interacts
with longer context and helps disentangle structural
from data-scale effects.

To support this analysis, we use high-quality par-
allel data, mainly from JW300 (Agic and Vulic,
2019), following established practices in MNMT
research (Orife et al., 2020; Emezue and Dossou,
2022). This provides a linguistically diverse, con-
sistent foundation for evaluating long-context ro-
bustness across languages.

4.2.2 Dev/Test Sets

We evaluate translation quality on sentence pairs
drawn from JW300 across a diverse set of source
languages and assess out-of-distribution general-
ization using the FLORES-200 benchmark (Costa-
Jussa et al., 2022). To study long-context behavior
in a controlled manner, we follow prior document-
level MT evaluation protocols (Gumma et al., 2024)
and construct long-context inputs from sentence-
level data.

Given a document consisting of sentences
(s1,82,...,8n), we form overlapping evaluation
windows by concatenating consecutive sentences:

Wi(i) = 5 © 8i+1 D -+ © Sivk—1,
ke{1,2,3,4}, i=1,...,n—k+1,
ey
where @ denotes concatenation. W; corresponds to
single-sentence inputs, while larger k progressively
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increase context length. This structured window-
ing enables precise measurement of how transla-
tion performance degrades as input context grows
across languages.

4.2.3 Evaluation Metrics

We evaluate translation quality using the ChrF++
metric (Popovié, 2017), a character n-gram—based
score enhanced with word n-grams. We use
ChrF++ because it correlates more consistently
with human judgments than BLEU (Papineni et al.,
2002) for morphologically rich and low-resource
languages, where surface variation and subword
segmentation are common (Gumma et al., 2024).
Unlike word-level metrics, ChrF++ is less affected
by tokenization artifacts and more effectively cap-
tures meaning retention under morphological vari-
ation, making it especially apt for long-context
multilingual translation.

4.3 Proposed Fine-Tuning Strategy: DCARPE

Algorithm 1 DCARPE: Tokenization-Aware Adap-
tive Bias Fine-Tuning

1: Input: pretrained MNMT model with ALiBi bias mpr;;
tokenizer T'; training pairs {(X,Y)} ~ Pg; optimizer
Opt; steps T'; batch size B

2: Params: 0; ¢ = {W, W3, by, by, u}

3: Output: fine-tuned (60, ¢)

4: fort =1to T do

5 Sample B = {(X,Y)}£.,; tokenize each X into

(z1,..-,xn)

6: for all X € Bdo
7.

Len(X) <« |T(X)|; FragRate(X) <«
|7(X)[/#words(X)

8: z(X) «+ [Len(X), FragRate(X)]; normalize

9: c(X) —
(W32 ¢(W1 Norm(z(X)) + b1) + bs)

10: A(X) « UTe(X)

11:  end for

12: forall (X,Y) € Bdo

13: for i = 1ton do

14: for j = 1tondo

15: Tij < 7 — ]

16: b (X) «— A””T(X) T

(h)1.(h)
. n, A K adap

17: by N + b T (X)

18: end for

19: end for

20:  end for

21: Compute  Lmt (0, ¢);
Opt(Ve,pLmT)
22: end for

update

0,¢) <«

We propose DCARPE, a lightweight fine-tuning
strategy that improves long-context robustness in
MNMT by adapting positional bias to each se-
quence’s tokenized structure. DCARPE conditions

relative positional bias on input tokenization statis-
tics (Algorithm 1) and integrating it into the Trans-
former attention with negligible overhead, preserv-
ing the original attention computation.

4.3.1 Tokenization-Aware Context and Gating

Tokenization imbalance manifests along two com-
plementary dimensions: (i) absolute token length,
and (ii) fragmentation, i.e., how many subword to-
kens represent each word. Longer token sequences
increase the range over which information must
be integrated, while high fragmentation spreads
semantic units across multiple tokens. Both ef-
fects become more severe in long-context settings,
where semantically related content is pushed far-
ther apart in token space.

Tokenization context vector. For each input
sequence X, we construct a tokenization context
vector

z(X) = [Len(X), FragRate(X)] € R, (2

where Len(X) denotes the number of subword to-
kens produced by the tokenizer, and FragRate(X)
is the ratio of subword tokens to word count.

We use Len(X) because positional bias is ap-
plied as a function of token distance, which
grows with token length. In addition, we use
FragRate(X) because length alone conflates se-
mantic verbosity with tokenizer over-segmentation;
fragmentation isolates the degree to which mean-
ing is distributed across subwords. Together, these
two statistics capture both the scale and the cause
of token inflation, yielding a compact signal that
generalizes across languages and domains.

Normalization and gating network. Following
Algorithm 1 (Lines 6-10), we normalize z(X) and
map it through a compact Multilayer perceptron
(MLP) with gating (Taud and Mas, 2017):

o(X) = o( W 6(W1 Norm(z(X)) +by) +b),

3)
where Wi € R™*2, by € R™, Wy € R,
by € R", ¢(-) is a pointwise nonlinearity (e.g.,
GELU), and o(-) is the sigmoid function. The out-
put ¢(X) € R” is a bounded, tokenization-aware
control signal.

Design choice (MLP). The interaction between
Len(X) and FragRate(X) is not linear (e.g., long
sequences are not necessarily highly fragmented,
and vice versa). A small feed-forward network
captures these nonlinear interactions while remain-
ing parameter-efficient, consistent with prior work
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on lightweight adaptation modules (Houlsby et al.,
2019; Pfeiffer et al., 2020; Li and Liang, 2021).

Design choice (gating with sigmoid). We use
a sigmoid gate to keep modulation bounded and
smooth, preventing unstable or extreme positional
shifts during fine-tuning. Gating is widely used for
conditional computation and controlled adaptation
because it allows the model to adjust behavior with-
out overwriting learned representations (Shazeer
et al., 2017, Pfeiffer et al., 2020).

4.3.2 Adaptive Positional Bias

The control signal ¢(X) quantifies the required de-
gree of positional bias adaptation. However, a struc-
tured bias form is also necessary to maintain the
advantages of relative position modeling. We there-
fore build on ALiBi (Press et al., 2021), which uses
relative offsets r;; =@ — j.

Baseline ALiBi bias.
head h, ALiBi adds a static linear bias b2-20(") —

) i

mp7ij, where my, is a fixed slope. ALiBi provides
a simple inductive bias for length extrapolation be-
cause it expresses positional preference directly as
a function of relative offset. However, because my,
is fixed, ALiBi1 cannot recalibrate distance when
tokenization inflates offsets unevenly across lan-
guages and contexts.

Input-conditioned slope. To make the posi-
tional bias adaptive, DCARPE replaces the static
slope with an input-conditioned scalar A (Algo-
rithm 1, Line 10):

For each Transformer

AX)=Uc(X), UeRH*" 4)

We then define the adaptive bias

b??aptive (X)

= AP (X) 7y (5)

Intuition behind DCARPE. DCARPE learns to re-
duce positional bias penalty (via A) when tokeniza-
tion statistics indicate inflation, and to preserve or
strengthen locality when token distances remain
linguistically meaningful.

4.3.3 Integrating DCARPE into Attention

We incorporate the adaptive bias b??ap ¢(X) into

attention in a way that is consistent with the back-

ground formulation in section 3. Let qgh) and kg»h)

denote the query and key vectors for head h at po-

sitions ¢ and j. The baseline scaled dot-product
N CT) I R

score is e;; = ~—— 77— With ALiBI, the score

becomes e(-h) + myr;;; DCARPE replaces this static

2

term with the adaptive bias (Algorithm 1, Lines
14-17):

( (h))Tk(h)
7\/£J +AXM(X) 5. (6)

The attention weights are then computed as usual:

B exp (ex.t) (X))
Sy exp (el (X))

Design choice (minimal intervention). We mod-
ify only the positional bias term and keep the dot-
product and softmax unchanged. This preserves ar-
chitectural compatibility and ensures that any gains
come from improved distance calibration rather
than changes to the underlying attention operator.

Training. DCARPE is trained by standard
MT fine-tuning: we jointly optimize the base
model parameters 6 and adapter parameters ¢ =
{W1, Wy, b, by, u} using the translation loss
Ly (Algorithm 1, Line 21). Because the adapter
is small, the method adds minimal compute and
memory overhead while providing an explicit
mechanism to correct tokenization-induced posi-
tional distortion.

(N

5 Experiments

All experiments are conducted in a Google Co-
lab environment equipped with a single NVIDIA®
A100 GPU (40 GB HBM2), backed by a virtualized
Intel® Xeon® CPU (2.2-3.5 GHz) and 25 GB of
RAM. All implementations are based on PyTorch,
and GPU acceleration is utilized for both training
and inference. Training is performed with early
stopping, and all experiments use publicly avail-
able datasets and standard evaluation protocols;
hyperparameters details are provided in Table 2.

6 Results and Discussions

This section examines whether DCARPE improves
translation robustness as context length increases.

6.1 Long-Context Robustness

We evaluate long-context translation robustness
by comparing ALiBi, RoPE, and DCARPE on
JW300 across increasing context lengths under
both full fine-tuning and parameter-efficient fine-
tuning (LoRA). Table 3 reports ChrF++ across all
settings, covering seven languages with diverse
morphological profiles.
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Table 2: Training hyperparameters used across all PE
variants.

Hyperparameter Value
Fine-Tuning

Batch Size 32
Eval Batch Size 16
Max Source Length 2048
Max Target Length 128
Max New Tokens (decode) 128
Num Beams 5
Optimizer AdamW
Learning Rate 5x107°
Adam Betas (0.9, 0.999)
LoRA Rank r 16, 32
LoRA « 32
LoRA Dropout 0.05
MLP hidden size 64
MLP depth 2 layers
Primary Metric ChrF++
GPU A100 (40GB, 1x)

Table 3: ChrF++ on JW300 across context lengths for
full and LoRA fine-tuning of NLLB with ALiBi, RoPE,
and DCARPE. Best result per fine-tuning block per row is
bolded.

Full Fine-Tuning LoRA Fine-Tuning
ALiBi RoPE DCARPE ALiBi RoPE DCARPE

1-Sentence 37.01 39.73 51.52 2886 4146 48.39
2-Sentence 25.75 3236 44.71 20.00 3501 39.54
3-Sentence 19.90 27.95 40.83 17.76 30.32 34.43
4-Sentence 18.09 27.38 37.15 16.25 3045 33.89

46.36 52.99 36.69 5290 57.35
3338 47.21 25.68 48.89 4557
3-Sentence 26.08 42.97 20.22 47.17 40.53
4-Sentence 22.89 34.09 20.75 39.82 34.12

1-Sentence 39.11 41.80 48.28 32.20 43.24 46.78
2-Sentence 28.98 34.96 38.99 23.13 3549 38.08
3-Sentence 26.25 34.64 3379 19.99 31.10 33.60
4-Sentence 23.10 31.23  34.22 17.66 29.42 31.20

42.85 4730 48.77 4223 46.70 47.81
3420 39.72 4575 41.59 4051 4474
3-Sentence 24.82 33.01 3846 33.60 37.01 40.15
4-Sentence 22.75 3130 34.26 35.61 30.67 38.74

1-Sentence 26.41 2898 31.14 30.55 29.54 31.25
2-Sentence 20.70 23.78 27.51 25.09 2446 28.36
3-Sentence 17.96 19.95 24.20 22.40 20.85 27.36
4-Sentence 14.64 16.69 22.14 17.70 16.68 23.67

54.52 5391 5431 54.60
47.55 4494 4561 48.85
4095 39.65 38.50 42.57
35.79 34.02 3275 39.06

64.56 41.04 59.54 65.81
59.28 30.67 49.65 53.36
5417 2735 4724 50.27
53.45 22.58 4551 47.74

Lang Context

Yor—Eng

58.12
51.28
48.70
41.25

1-Sentence

Xho—Eng 2-Sentence

Kin—Eng

1-Sentence

Tur—Eng 2-Sentence

Hye—Eng

1-Sentence 44.13 51.92
2-Sentence 32.86 42.07
3-Sentence 26.81 34.14
4-Sentence 22.69 27.98

5229 58.26
59.28 52.30
3425 48.55
28.75 45.26

Ell—-Eng

1-Sentence
2-Sentence
3-Sentence
4-Sentence

Swh—Eng

At short context (kK = 1), DCARPE consistently
matches or outperforms both ALiBi and RoPE, in-

dicating that adaptive positional reweighting pre-
serves sentence-level translation quality. Gains are
already apparent at £ = 1 for languages such as
Kin—Eng, Ell-Eng, and Swh—Eng, suggesting
that tokenization-induced positional distortion af-
fects performance even before multi-sentence con-
text is introduced.

As context length increases (kK = 2—4), the lim-
itations of fixed positional encodings become in-
creasingly evident. Under RoPE, ChrF++ scores
decline sharply as additional context is prepended.
This pattern is consistent with Figure 1, which
demonstrates that translation performance dete-
riorates with greater effective context length re-
sulting from subword fragmentation. DCARPE ad-
dresses this issue by adapting the strength of rel-
ative positional bias according to input-level to-
kenization statistics. As shown in Figure 2, the
learned reweighting coefficient A does not merely
reflect sequence inflation; rather, it serves as a stabi-
lizing factor that reduces excessive distance penal-
ties when long token spans are produced by mor-
phological segmentation instead of genuine seman-
tic separation. This separation enables attention
mechanisms to remain aligned with semantic struc-
ture as context expands. The results in Table 3
indicate that adaptive positional reweighting pro-
vides consistent and often statistically significant
improvements over both ALiBi and RoPE across
various languages and context lengths. Improve-
ments are especially robust and stable for Swabhili,
Greek, Armenian, and Kinyarwanda, languages
characterized by higher subword fragmentation,
where DCARPE preserves translation quality even
at k = 4. Collectively, these findings indicate
that long-context behavior in MNMT is strongly
influenced by tokenization-induced distance distor-
tion, and that making positional bias responsive to
input structure supports more reliable document-
level translation across morphologically diverse
languages.

6.2 Parameter-Efficient Fine-Tuning.

Table 3 also presents LoRA results using identical
adapter configurations (rank = 16). As antici-
pated, LoRA’s reduced adaptation capacity results
in a consistent absolute decrease in performance
compared to full fine-tuning across all methods.
Nevertheless, DCARPE consistently outperforms AL-
iBi and RoPE with the same LoRA budget across
all context lengths. This finding indicates that the
improvements achieved by DCARPE are attributable
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Table 4: ChrF++ on FLORES-200 across context lengths using ALiBi, RoPE, and DCARPE. Rows Por, Spa, Fra are

evaluated zero-shot.

Language Context ALiBi ROPE DCARPE | A vs. ALiBi | A vs. ROPE
I A r | A D
1-Sentence 27.68 32.12 37.98 +10.30 0.009 +5.86 0.009
Yor—Eng 2-Sentence 22.10 29.36 34.77 +12.67 0.009 +5.41 0.009
3-Sentence 18.77 26.67 32.00 +13.23 0.009 +5.33 0.009
4-Sentence 17.06 22.54 28.36 +11.30 0.009 +5.82 0.009
1-Sentence 44.22 50.25 53.18 +8.96 0.009 +2.93 0.009
Xho—Eng 2-Sentence 33.15 46.45 49.88 +16.73 0.009 +3.43 0.009
3-Sentence 26.66 41.96 46.11 +19.45 0.009 +4.15 0.009
4-Sentence 23.04 36.34 40.97 +17.93 0.009 +4.63 0.009
1-Sentence 39.23 43.92 50.09 +10.86 0.009 +6.17 0.009
Kin—Eng 2-Sentence 29.28 41.85 47.53 +18.25 0.009 +5.68 0.009
3-Sentence 23.90 39.39 45.08 +21.18 0.009 +5.69 0.009
4-Sentence 20.74 32.96 40.17 +19.43 0.009 +7.21 0.009
1-Sentence 50.09 56.45 59.37 +9.28 0.009 +2.92 0.009
Tur—Eng 2-Sentence 37.79 43.56 49.16 +11.37 0.009 +5.60 0.009
3-Sentence 31.30 35.16 43.93 +12.63 0.009 +8.77 0.009
4-Sentence 26.49 30.37 40.43 +13.94 0.009 +10.06 0.009
1-Sentence 47.49 52.70 58.59 +11.10 0.009 +5.89 0.009
Hye—Eng 2-Sentence 35.11 36.95 47.64 +12.53 0.009 +10.69 0.009
3-Sentence 28.58 28.99 40.56 +11.98 0.009 +11.57 0.009
4-Sentence 22.49 23.85 36.98 +14.49 0.009 +13.13 0.009
1-Sentence 50.94 57.90 59.94 +9.00 0.009 +2.04 0.009
Ell—Eng 2-Sentence 38.36 45.49 49.50 +11.14 0.009 +4.01 0.009
3-Sentence 32.29 36.75 44.53 +12.24 0.009 +7.78 0.009
4-Sentence 25.89 30.01 40.76 +14.87 0.009 +10.75 0.009
1-Sentence 63.17 67.03 69.94 +6.77 0.009 +2.91 0.009
Por—Eng 2-Sentence 50.14 63.94 67.97 +17.83 0.009 +4.03 0.009
3-Sentence 39.76 62.81 67.77 +28.01 0.009 +4.96 0.009
4-Sentence 32.74 57.38 63.00 +30.26 0.009 +5.62 0.009
1-Sentence 53.16 56.18 58.74 +5.58 0.009 +2.56 0.009
Spa—Eng 2-Sentence 43.16 55.15 57.44 +14.28 0.009 +2.29 0.009
3-Sentence 34.69 53.77 57.10 +22.41 0.009 +3.33 0.009
4-Sentence 29.35 49.26 52.67 +23.32 0.009 +3.41 0.009
1-Sentence 58.74 63.92 66.28 +7.54 0.009 +2.36 0.009
Fra—Eng 2-Sentence 44.70 60.74 63.83 +19.13 0.009 +3.09 0.009
3-Sentence 35.20 58.69 62.90 +27.70 0.009 +4.21 0.009
4-Sentence 28.43 51.44 57.57 +29.14 0.009 +6.13 0.009
1-Sentence 48.73 57.03 60.44 +11.71 0.009 +3.41 0.009
Swh—Eng 2-Sentence 36.07 54.40 56.88 +20.81 0.009 +2.48 0.009
3-Sentence 28.78 50.13 54.38 +25.60 0.009 +4.25 0.009
4-Sentence 24.14 44.48 50.43 +26.29 0.009 +5.95 0.009

to its positional adaptation mechanism rather than
an increase in trainable parameters. In contrast to
generic LoRA adaptation, which adjusts projection
weights without positional awareness, DCARPE’s
input-conditioned slope A introduces a comple-
mentary inductive bias that addresses tokenization-
induced distance distortion. These results demon-
strate that DCARPE can be integrated into parameter-
efficient pipelines to enhance long-context robust-
ness in scenarios where full fine-tuning is impracti-
cal.

6.3 Out-of-Distribution Generalization

We evaluate whether models fine-tuned on JW300
generalize to longer contexts under both in-family
and cross-lingual out-of-distribution settings, using
the FLORES-200 benchmark, which introduces

both domain and distribution shift.

Low-resource languages. Table 4 reports
ChrF++ on FLORES-200 as context length in-
creases, comparing ALiBi, RoPE, and DCARPE
across seven languages with varied morphological
complexity. Across most language pairs, DCARPE
outperforms both baselines even at short context
(k = 1). As context grows, DCARPE’s lead widens:
unlike the baselines, which decline monotonically
with additional context, DCARPE consistently main-
tains or improves translation quality. This effect
is especially pronounced and statistically signifi-
cant (p = 0.009 throughout) for Armenian, Greek,
Swahili, and Yoruba, where fixed positional encod-
ings degrade sharply.

Zero-shot cross-lingual transfer to high-
resource languages. A key question left open
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Table 5: BLEU/COMET on JW300 across context
lengths using ALiBi, RoPE, and DCARPE. A values are
for BLEU only; all improvements are statistically sig-
nificant (p = 0.009).

Table 7: DCARPE conditioning signals on ChrF++ across
context lengths. The 2-layer MLP is the full model. We
report ChrF++ for ablations relative to the full model.

Lang Context

ALiBi

RoPE

DCARPE

ALisi

ARopE

1-Sentence
2-Sentence
3-Sentence
4-Sentence

Yor—Eng

18.30/0.63
7.65/0.54
3.26/0.50
2.78/0.47

18.38/0.61
11.10/0.54

6.94/0.50
10.64/0.46

31.68/0.71
24.31/0.65
20.61/0.60
14.88/0.57

+13.38
+16.66
+17.35
+12.10

+13.30
+13.21
+13.67

+4.24

1-Sentence
2-Sentence
3-Sentence
4-Sentence

Xho—Eng

25.52/0.74
11.60/0.63
5.62/0.57
3.04/0.56

27.26/0.74
17.72/0.65
17.24/0.61
11.46/0.57

38.70/0.80
30.68/0.73
25.76/0.71
19.20/0.64

+13.18
+19.08
+20.14
+16.16

+11.44
+12.96
+8.52
+7.74

1-Sentence
2-Sentence
3-Sentence
4-Sentence

Kin—Eng

20.62/0.62
9.46/0.54
6.72/0.51
4.58/0.48

17.05/0.64
12.17/0.55
12.08/0.54

8.43/0.49

27.16/0.68
20.89/0.60
16.70/0.55
15.98/0.54

+6.54
+11.43
+9.98
+11.40

+10.11
+8.72
+4.62
+7.55

1-Sentence
2-Sentence
3-Sentence
4-Sentence

Tur—Eng

20.61/0.78
11.74/0.90
6.13/0.62
4.08/0.58

23.75/0.80
15.49/0.73
9.68/0.68
6.11/0.64

25.11/0.80
15.49/0.78
15.32/0.71
12.37/0.71

+4.50
+3.75
+9.19
+8.29

+1.36
+0.00
+5.64
+6.26

1-Sentence
2-Sentence
3-Sentence
4-Sentence

Hye—Eng

9.15/0.65
4.73/0.58
2.34/0.54
1.43/0.50

11.28/0.66
6.14/0.61
3.38/0.56
1.98/0.51

13.23/0.67
9.02/0.65
5.91/0.62
4.27/0.60

+4.08
+4.29
+3.57
+2.84

+1.95
+2.88
+2.53
+2.29

1-Sentence
2-Sentence
3-Sentence
4-Sentence

Ell—Eng

23.72/0.76
12.40/0.65
8.20/0.58
5.70/0.53

31.57/0.79
20.43/0.70
12.79/0.62

7.77/0.55

34.96/0.81
27.18/0.73
19.71/0.68
15.12/0.65

+11.24
+14.78
+11.51

+9.42

+3.39
+6.75
+6.92
+7.35

1-Sentence
2-Sentence
3-Sentence
4-Sentence

Swh—Eng

30.98/0.75
15.06/0.65
10.80/0.61

7.81/0.54

31.52/0.77
25.54/0.67
24.64/0.64
20.86/0.58

47.46/0.83
39.81/0.76
32.88/0.71
20.86/0.70

+16.48
+24.75
+22.08
+13.05

+15.94
+14.27
+8.24
+0.00

Table 6: ChrF++ on JW300 across context lengths us-
ing ALiBi, RoPE, and DCARPE. Base model is M2M-
100. All improvements are statistically significant
(p = 0.009).

Lang Context ALiBi RoPE DCARPE Anxrisi ARoPE
1-Sentence 6.96 5.70 19.19 +12.23 +13.49

Yor—sEn 2-Sentence  5.65 5.02 17.96 +12.31 +12.94
©  3Sentence 545 606 1603 +10.58 +9.97
4-Sentence 546  6.60 16.26 +10.80 +9.66

1-Sentence  5.70  7.18  21.18 +15.48 +14.00

Xho—sEn 2-Sentence  4.94  7.01 18.54 +13.60 +11.53
g 3-Sentence 3.85 6.37 1494 +11.09 +8.57
4-Sentence  3.80 3.53 13.61 +9.81 +10.08

1-Sentence 21.92 18.09 41.72 +19.80 +23.63

Por—sEn 2-Sentence 577 11.77  26.86 +21.09 +15.09
€ 3Sentence 5.08 991 2404 +18.86 +14.13
4-Sentence 528 11.56 2143 +16.15 +9.87

1-Sentence  10.21 15.34  34.78 +24.57 +19.44

Spa_sEn 2-Sentence  5.89  9.69 2641 +20.52 +16.72
PATENE 3 Sentence 540 843 2231 +1691 +13.88
4-Sentence  5.02  8.61 1835 +13.33 +9.74

1-Sentence  13.28 2220  40.93 +27.65 +18.73

Fra—En 2-Sentence 7.24 13.61 29.04 +21.80 +15.43
£ 3-Sentence 596 13.60 27.47 +21.51 +13.87
4-Sentence 5.16 1232 20.08 +14.92 +7.76

1-Sentence 10.64 27.81 3391 +23.27 +6.10

Swh—sEn 2-Sentence 6.27 20.18 28.30 +22.03 +8.12
& 3-Sentence 7.52 23.21 2574 +1822 +2.53
4-Sentence  7.01 997 2049 +13.48 +10.52

Dataset Context 3-layer MLP | 2-layer MLP | 1-layer MLP
1-Sentence 52.02 51.52 49.34
Y E 2-Sentence 47.74 4471 42.10
Or—=ENg 3 gentence 39.16 40.83 37.16
4-Sentence 33.74 37.15 32.72
1-Sentence 60.23 58.12 57.56
Xho—E 2-Sentence 52.93 51.28 46.80
OENE 3 Sentence  45.32 48.70 43.36
4-Sentence 40.65 41.25 38.51
1-Sentence 46.83 48.28 45.48
Kin—E 2-Sentence 41.80 38.99 37.27
N—ENE 3 Sentence 38.32 33.79 31.03
4-Sentence 36.07 34.22 29.81
1-Sentence 64.81 64.56 65.21
Swh—En 2-Sentence 59.83 59.28 52.14
€ 3.Sentence 54.35 54.17 50.68
4-Sentence 52.11 53.45 45.75
0.10 @Yor ---- p=-0.70
0.08
~ 0.06 "ol
@Swh  Ts~.__eTur exho
0.04 Ss<
@Kin ~~-QEll
0.02 @Hye
1.6 1.8 2.2 2.4
FragRate

Figure 2: Correlation between DCARPE’s A at the first
encoder layer and fragmentation rate across languages.
The negative correlation indicates that A acts as a stabi-
lizing correction that attenuates excessive fragmentation.
The correlation varies per language family (B: Bantu,
Y: Yoruboid, T: Turkic, IE: Indo-European), which indi-
cates dependency on morphological typology.

by prior work is whether tokenization-aware po-
sitional adaptation is specific to the languages
seen during fine-tuning, or whether the learned
correction transfers to structurally different, high-
resource languages. To probe this directly, we
evaluate French, Spanish, and Portuguese to En-
glish using the same models fine-tuned only on
Swahili, without any additional language-specific
adaptation. This zero-shot setup tests whether
DCARPE captures a language-agnostic correction
for tokenization-induced distortion, rather than
language-specific morphological features.

Table 4 reports ChrF++ on FLORES-200 across
context lengths for Fra, Spa, and Por. DCARPE out-
performs both ALiBi and RoPE across all three
languages and all context lengths, with gains that
grow as context increases—the hallmark of a po-
sitional correction rather than a lexical one. No-
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tably, RoPE degrades sharply on Spa and Por at
k = 4, while DCARPE remains stable. These results
indicate that the adaptive slope A, conditioned on
input tokenization statistics rather than language
identity, learns a structural correction that trans-
fers across typologically diverse language families.
Together with the low-resource results, this demon-
strates that DCARPE’s inductive bias is genuinely
language-agnostic and enables robust long-context
translation across both resource levels and linguis-
tic domains.

6.4 Ablation Study

6.4.1 Effect of MLP Depth in DCARPE

Table 7 analyzes the role of conditioning MLP
depth in controlling the strength of positional bias
adaptation in DCARPE. For Kinyarwanda—English,
a 2-layer MLP consistently outperforms shallower
variants across all context lengths. However, re-
moving conditioning depth results in significant
performance drops. This indicates that expressive,
non-linear conditioning is crucial when tokeniza-
tion strongly inflates sequence length and substan-
tially distorts the alignment between token distance
and semantic distance.

In contrast, Turkish—English exhibits different
behavior: simpler conditioning variants (1-layer
or O-layer MLP) match or exceed the full model
at longer contexts. We hypothesize that Turkish
morphology aligns well with subword tokenization,
leading to more stable token-to-meaning correspon-
dence. Thus, in this regime, deeper conditioning
can over-adjust positional bias, while lighter modu-
lation remains sufficient.

Taken together, these results support a cen-
tral design principle of DCARPE: the magnitude of
tokenization-induced distortion, rather than mor-
phological richness alone, determines the optimal
degree of positional bias adaptation.

6.4.2 Complementary metrics.

To ensure that gains are not artefacts of ChrF++’s
surface-level character matching, Table 5 addition-
ally reports BLEU and COMET on JW300. Un-
der BLEU, DCARPE outperforms ALiBi and RoPE
across all languages and context lengths, with es-
pecially large gains for Swahili and Greek. No-
tably, RoPE collapses to near-zero BLEU for Ar-
menian and Greek at k£ > 3, whereas DCARPE main-
tains usable translation quality. COMET scores
follow the same ranking: DCARPE achieves the
highest semantic adequacy across all settings, con-

firming that ChrF++ gains reflect genuine mean-
ing preservation rather than surface-level character
overlap. Together, the convergence of all three
metrics—ChrF++, BLEU, and COMET—provides
strong, multi-faceted evidence that DCARPE consis-
tently improves long-context translation quality.

6.4.3 Generalization to a second backbone.

To assess whether DCARPE’s gains depend on the
NLLB architecture, Table 6 reports ChrF++ when
the same method is applied to M2M-100 (Fan
et al., 2021), a structurally distinct multilingual
encoder—decoder model. Despite different pre-
training data, vocabulary, and positional design,
DCARPE consistently outperforms ALiBi and RoPE
across all tested languages (Yorubd, Xhosa, Por-
tuguese, Spanish, French, and Swahili) and all con-
text lengths, with statistically significant gains (p =
0.009 throughout). This confirms that DCARPE’s in-
ductive bias—conditioning the positional slope on
input tokenization statistics—is not architecture-
specific, but generalizes across encoder—decoder
models with different backbones. We note that ab-
solute ChrF++ values are lower on M2M-100 than
on NLLB, consistent with NLLB’s stronger mul-
tilingual pretraining, but the relative advantage of
DCARPE is preserved or amplified across all condi-
tions.

7 Conclusion

We addressed a fundamental limitation of long-
context MNMT: the mismatch between token-
based positional encoding and the inflation of se-
quence length caused by tokenization. We showed
that fixed positional encodings incorrectly equate
token distance with semantic distance, leading
to degraded context understanding as the num-
ber of tokens grows. To resolve this, we intro-
duced DCARPE, a tokenization-aware adaptive po-
sitional encoding method that adjusts relative po-
sitional bias based on sequence length and frag-
mentation rate. DCARPE preserves important long-
range connections between tokens without chang-
ing the model’s architecture. Across JW300 and
FLORES-200, DCARPE achieves consistent and sta-
tistically significant improvements under full fine-
tuning, LoRA, and zero-shot cross-lingual transfer,
and generalizes across two encoder—decoder back-
bones (NLLB and M2M-100). These findings es-
tablish tokenization-aware positional adaptation as
a practical, architecture-agnostic step toward robust
long-context multilingual translation.
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8 Limitations

While our results demonstrate consistent improve-
ments from tokenization-aware adaptive positional
bias across multiple languages, backbones, and
evaluation settings, several limitations remain. Our
primary evaluation uses NLLB as the base model;
although we additionally validate DCARPE on M2M-
100, extending experiments to decoder-only LLMs
remains important future work. Decoder-only ar-
chitectures process source and target jointly in a sin-
gle sequence, changing both the positional geome-
try and the scope over which fragmentation statis-
tics are computed, making direct application non-
trivial. Additionally, the current computation of
FragRate requires explicit word boundaries, limit-
ing direct applicability to non-segmented languages
such as Chinese, Japanese, and Korean; future
work could substitute character-level or morpho-
logical segmentation proxies. Our evaluation relies
primarily on automatic metrics (ChrF++, BLEU,
COMET), and human evaluation of discourse-level
coherence in very long contexts remains desirable.
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