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Abstract

Neural Machine Translation (NMT) models
have traditionally used Sinusoidal Positional
Embeddings (PEs), which often struggle to
capture long-range dependencies and are in-
efficient for handling extended context or
document-level translation tasks. This work
addresses the challenge of transitioning pre-
trained NMT models from absolute Sinusoidal
PEs to Relative PEs, such as ROPE and
ALIBI, without compromising performance.
We demonstrate that parameter-efficient fine-
tuning, using only a small amount of high-
quality data, can successfully facilitate this
transition. Experimental results indicate that
switching from Sinusoidal to Relative PEs
results in competitive translation quality on
sentence-level evaluation benchmarks. Addi-
tionally, models trained with ROPE consis-
tently outperform those using ALIBI and Si-
nusoidal PEs on document-level benchmarks
across both string-based metrics and qualitative
evaluations. Moreover, we find that a small
amount of long-context data in a few languages
is sufficient for cross-lingual length generaliza-
tion, thereby inducing long-context capabili-
ties.

1 Introduction

Neural Machine Translation (NMT) models have
become critical tools in many Natural Language
Processing (NLP) applications, especially for
document-level translation. While NMT models
perform well on sentence-level tasks, they often
struggle with longer sequences, where preserving
contextual coherence across sentences is essential.
This limitation is largely due to their reliance on Ab-
solute Positional Embedding (PE) methods, such
as Sinusoidal PEs, which can limit the model’s
ability to extrapolate effectively to longer contexts.
Recent advancements in Relative PEs, such as RO-
TARY POSITIONAL EMBEDDINGS (ROPE) and AT-

* Equal contribution

TENTION WITH LINEAR BIASES (ALIBI), have
demonstrated superior performance in handling
longer sequences. These relative positional em-
bedding techniques enable models to generalize
better to long contexts, making them well-suited
for document-level translation tasks. However,
most state-of-the-art NMT models were originally
trained using Sinusoidal embeddings, and retrain-
ing them with newer methods like ROPE or ALIBI
is computationally expensive.

This presents a crucial question: Can we mod-
ify the positional embeddings in pre-trained NMT
models to improve long-context translation with-
out significant retraining or performance degrada-
tion? Addressing this problem would enable NMT
models to translate long documents more effec-
tively, improving translation coherence and quality
across paragraphs and sections. Moreover, long-
context NMT models could have broader applica-
tions, such as generating synthetic data for mul-
tilingual pre-training. Such data is often needed
in scenarios where natural multilingual corpora
are limited, especially for low-resource languages.
However, current sentence-level NMT systems are
suboptimal for this task as they lack the capacity
to capture broader contextual dependencies in long
documents.

In this work, we investigate whether it is possible
to replace the positional embeddings in pre-trained
NMT models with relative positional embeddings
post-hoc. Our study explores both parameter-
efficient fine-tuning (PEFT) methods and full fine-
tuning (FFT) strategies to restore model perfor-
mance while enabling long-context generalization.
In the remainder of this paper, we present the fol-
lowing contributions:

* We conduct a comprehensive study on mod-
ifying positional embeddings in pre-trained
transformer models post-hoc, aiming to retain
performance on existing tasks while enabling
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long-context capabilities.

* Experiments show that ROPE and ALIBI
perform similarly on sentence-level bench-
marks, but ROPE outperforms both ALIBI
and SINE on document-level tasks, based on
string-based evaluation metrics, which was
then further validated by qualitative evalua-
tion.

* Moreover, fine-tuning with ROPE using mini-
mal long-context data across a few languages
demonstrates effective cross-lingual length
generalization, even without extensive long-
context training data.

* Lastly, we open-source! our framework to sup-
port the efficient training and fine-tuning of
long-context machine translation models. Fur-
ther, our best-performing RoPE models are
also available on HuggingFace?.

Our findings indicate that Positional Embed-
dings in pre-trained NMT models can be modified
and adapted without compromising performance,
to efficiently induce long-context capabilities.

2 Related Works

Multilingual Neural Machine Translation
(MNMT) (Zhang et al.,, 2019; Firat et al.,
2016; Aharoni et al., 2019; Arivazhagan et al.,
2019) has emerged as a leading methodology for
creating translation systems capable of managing
multiple languages. These MNMT systems
leverage a unified encoder-decoder transformer
framework (Vaswani et al., 2017), along with
language-specific embeddings to incorporate
linguistic nuances. Previous works (Fan et al.,
2021; Costa-jussa et al., 2022) have developed
many-to-many models at a global scale, while
other works (Ramesh et al., 2022; Gala et al.,
2023) have primarily focused on many-to-one
and one-to-many multilingual models for Indic
languages. An in-depth examination of MNMT
methodologies is presented in the survey by Dabre
et al. (2020).

Positional Embedding Methods Transformer-
based models require explicit positional informa-
tion, as all timesteps are processed in parallel. To

"https://github.com/VarunGumma/fairseq
2 https://aka.ms/IndicTrans2-RoPE

address this, Vaswani et al. (2017) proposed an em-
pirical absolute PE approach, using a Fourier series
with alternating sine and cosine terms. Vaswani
et al. (2017) also experimented with learnable PEs,
but these did not show significant performance dif-
ferences compared to absolute Sinusoidal embed-
dings. Later works (Rosendahl et al., 2019; Shaw
et al., 2018) demonstrated the advantages of rela-
tive PEs in transformers. Press et al. (2022) dis-
cussed ALIBI, a simple Relative PE strategy that
adds relative token distances to the attention matrix,
enabling models to generalize to longer sequences
during inference, even when trained on shorter se-
quences. ROTARY POSITIONAL EMBEDDINGS
(ROPE) (Su et al., 2024) introduced the concept of
rotating vectors according to their positions to en-
code relative positional dependencies directly into
the self-attention mechanism. Recent works (Sun
et al., 2023; Chen et al., 2023; Peng et al., 2023;
Ding et al., 2024; Ostmeier et al., 2024) have also
proposed adaptations of ROPE for much longer
sequences. In this study, we focus on the standard
variant of ROPE, though our method is generaliz-
able to other variants.

Parameter-Efficient  Fine-tuning (PEFT)
(Houlsby et al., 2019; Bapna and Firat, 2019; Hu
et al., 2022) focuses on updating only a subset
of model parameters to efficiently generalize to
new tasks or domains, rather than fine-tuning all
parameters. This approach mitigates the risks
of catastrophic forgetting or overfitting in large
models. Low-Rank Adaptation (LORA) (Hu
et al., 2022), the most popular parameter-efficient
fine-tuning strategy, hypothesizes that weight
updates are low-rank and injects small trainable
parameters into pre-trained weights to approximate
low-rank updates.

Evaluation Metrics for Machine Translation
Evaluation in machine translation is well explored,
with string-based metrics like BLEU (Papineni
et al., 2002), ChrF (Popovi¢, 2015), and ChrF++
(Popovié¢, 2017) being the most commonly used.
However, prior studies (Kocmi et al., 2021) have
pointed out limitations of BLEU, particularly its
bias towards exact matches, which makes it less
suitable for languages with flexible word order.
Trained metrics, such as COMET (Rei et al., 2020,
2022) and BLEURT (Sellam et al., 2020), employ a
regressor on top of an encoder to predict translation
quality. These metrics have been shown to correlate
more closely with human judgments, outperform-
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ing traditional string-based measures (Kocmi et al.,
2021). However, their performance can vary sig-
nificantly across different languages and may not
always be reliable for Indian languages (Gala et al.,
2023).

LLM-based Evaluators for Machine Transla-
tion Recently, large language models (LLMs)
have emerged as general-purpose evaluators in
multilingual scenarios (Hada et al., 2024b,a), ex-
hibiting superior correlation with human judgment.
This approach has also been applied to machine
translation (MT). GEMBA (Kocmi and Feder-
mann, 2023b) was one of the initial attempts to
use LLMs for evaluating MT outputs. Follow-up
works like EAPROMPT (Lu et al., 2024), AU-
TOMQM (Fernandes et al., 2023), and GEMBA -
MQM (Kocmi and Federmann, 2023a) have uti-
lized LLMs in a MULTIDIMENSIONAL QUAL-
ITY METRICS (MQM) framework (Lommel et al.,
2014; Freitag et al., 2021), prompting models
to identify and penalize erroneous spans of text,
thereby offering more interpretable and standard-
ized evaluations. These approaches demonstrate
superior correlation with human judgments com-
pared to other model-based metrics like COMET
and BLEURT. Given that LLMs typically support
longer context lengths, they are well-suited for eval-
uating tasks involving extended input sequences.
Inspired by GEMBA-MQM (Kocmi and Feder-
mann, 2023a), we employ GPT-4 as an evaluator
to investigate the qualitative differences between
baseline models.

3 Methodology

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

3.1 Model

Our experimentation focuses on standard Encoder-
Decoder transformer models. While several mas-
sively multilingual models, such as NLLB (Costa-
jussa et al., 2022) and its distilled variants, have
been released, our experimentation requires the
availability of long-context or document-level train-
ing and evaluation datasets. Consequently, we fo-
cus on language-family specific models that allow
for more controlled experimentation. For our ex-
periments, we chose the distilled variants of INDIC-
TRANS2 (Gala et al., 2023; Gumma et al., 2023). A
key difference is that the distilled models released
in Gala et al. (2023) we used were not trained with

BackTranslation (Sennrich et al., 2016) data, which
we incorporate in our experimental setup. We ex-
perimented with models based on ROPE and AL-
IBI by replacing the Sinusoidal Positional Embed-
ding in the pre-trained model with the correspond-
ing relative Positional Embedding. This replace-
ment led to a significant performance drop, prompt-
ing us to fine-tune the models using high-quality
data (Mohiuddin et al., 2022; Gumma et al., 2023;
Gala et al., 2023) to study their recovery in each
setting.

3.2 Data
3.2.1 Train set

For maximum performance gains for our models,
we choose a high-quality mixture of seen and un-
seen distributions for our training data. To this
end, for the seen distribution, we select the BPCC-
SEED, which is a high-quality human-verified sub-
set of BPCC (BHARAT PARALLEL CORPUS COL-
LECTION), and has shown to be effective in improv-
ing model performance (Gala et al., 2023). As for
the unseen distribution, we sample the top 150K
pairs for each language from the BackTranslation
(BPCC-BT) subset of BPCC based on the pro-
vided LASER (Costa-jussa et al., 2022) or LABSE
(Feng et al., 2022) cosine-similarity scores>. In
case similarity scores are unavailable for a transla-
tion pair, a random sample was chosen. Addition-
ally, for the unseen data, we also include the ASTAN
LANGUAGE TREEBANK (ALT) Corpus (Rizaet al.,
2016), and the COPARA ALIGNED CORPUS (E
et al., 2023), which contains document-level trans-
lation pairs for four Dravidian languages, Telugu,
Kannada, Malayalam and Tamil. The overall statis-
tics of the dataset is available in table 1.

BPCC BPCC

SEED BT ALT CoOPARA ‘ Total

En-Indic 2.29 2.76 0.04 0.02 ‘ 5.11

Indic-En 2.29 3.75 0.04 0.02 ‘ 6.09

Table 1: Number of training instances per subset (in
Millions)

3.2.2 Dev/Test sets

Most existing benchmarks for Indian languages
are composed of sentence-level test sets, which
may not adequately reflect long-context perfor-
mance or extrapolation capabilities. To address

3whichever was available for that language
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256- 512-  1024-  2048-

512 1024 2048 4096 | ‘otal
ZZﬁ:;‘:fl’;‘; 325 66 4 4 | 399
fr:’fl:’];l";y”,; 313 75 4 3 395
fl:’,i:%’le B 77 5 3 416
fe';é_’ile‘l";”' 321 71 5 4 401
Total 1200 289 18 14 | 1611

Table 2: Distribution of long-context data in the fine-
tuning data mixture. Indic-En pairs also follow the same
distribution. The language-pairs not mentioned do not
have any data in the aforementioned lengths.

this, we construct document-level development and
test sets* using FLORES (Costa-jussa et al., 2022)
and IN22-Conv (Gala et al., 2023). In this setup,
sentences are grouped within the same context win-
dow, making them suitable for document-level eval-
uation. For FLORES, we group sentences by meta-
data, including URL, domain, and topic headers, to
map sentence-level pairs into document-level pairs,
where each document-level unit consists of three
sentences. This method is viable since this bench-
mark was created by professional translators who
translate three consecutive sentences from every se-
lected context window, as described by Goyal et al.
(2022). As aresult, we obtain 286 merged sentence
pairs per language, with a total of 5720 pairs. In
case of IN22-CONV, the dataset was originally
created by translating entire conversations from
English into the target languages by professional
translators, and used for sentence-level evaluation
by Gala et al. (2023). We use metadata provided to
trace back the conversations and treat the entire con-
versation as a sequence for long-context evaluation.
This dataset has 44 conversations per language and
covers 22 languages. The token length distribution
of the synthesized IN22-CONV test set is shown in
Figure 1. IN22-CONV serves as an accurate rep-
resentation of a true document-level evaluation set
due to its contextual dependencies across multiple
turns in the conversation. Additionally, it supports
all the languages under consideration, making it the
primary benchmark for document-level evaluation.

3.3 Maetrics and Evaluation

For consistency, we use the ChrF++ score (Popovié,
2017) as the primary string-based metric, and fol-

* https://aka.ms/DocMTBenchmarks

Source Token Length Distribution per Language in IN22 CONV
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Figure 1: Distribution of source token lengths for the In-
dic side of conversations in the IN22-CONV Doc-Level
test set tokenized using the INDICTRANS2 tokenizer.
The line is the average across all languages.

Test Set Languages Covered

Assamese , Bengali , Bodo, Dogri,

Konkani, Gujarati , Hindi , Kannada ,

IN22 Kashmiri, Maithili, Malayalam , Marathi ,
Manipuri, Nepali, Odia , Punjabi ,
Sanskrit, Santali, Sindhi, Tamil ,
Telugu , Urdu

Assamese, Bengali, Gujarati, Hindi,
Kannada, Kashmiri, Maithili, Malayalam,
Marathi, Manipuri, Nepali, Odia,
Punjabi, Sanskrit, Santali, Sindhi,

Tamil, Telugu, Urdu

FLORES

ALT Bengali, Hindi

Table 3: List of languages in each test set. The top-12
languages are highlighted.

low the same evaluation practices as outlined in
Gala et al. (2023) by normalizing the indic texts
using INDICNLPLIBRARY?. For brevity, we re-
port the aggregate score across all the languages
in the respective test set, which are denoted in Ta-
ble 3. For GPT-40-based evaluation, we use the
prompt template from GEMBA-MQM (Kocmi and
Federmann, 2023a) as a starting point and make
slight adjustments to elicit an implicit quality score
between 0 and 1, in addition to identifying the er-
ror spans following the MQM guidelines. Another
notable difference is that, since we are evaluating
long-context translations, including few-shot exam-
ples would be inefficient due to the limited context

5https://github.com/anoopkunchukuttan/indic_
nlp_library
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length. Therefore, we opt for a zero-shot evaluation
setup. We report both the implicit score as rated by
GPT-40 as well as calculated MQM-score (based
on the scoring guidelines outlined in Kocmi and
Federmann (2023a). We start with an ideal score
of 25, deducting points based on identified errors
and their severity: | CRITICAL errors are penalized
by a factor of 5, MAJOR by 3, and MINOR by
1. The final score is normalized by dividing by 25,
yielding a value between 0 and 1.

3.4 Finetuning Strategies

In our fine-tuning experiments, we swap the Sinu-
soidal Positional Embedding module with a ROPE,
or ALIBI module, and fine-tune the model as ef-
ficiently as possible from that point to analyse the
performance recovery.

FFT First, we choose a full-fine-tuning (FFT) ap-
proach which tweaks all the 211.78M parameters
of the model. This would allow the embeddings,
layer-normalizations, and the rest of the linear lay-
ers® to be tuned as per the new relative Positional
Embedding.

LORA In vanilla PEFT method, we add train-
able parameters only to the linear layers resulting
in 6.48M (3.06%) trainable parameters. Note that,
unlike FFT, in this case, the embeddings and layer-
normalizations do not have any trainable parame-
ters. The main hypothesis in this experiment is we
intend to understand if the model can adapt to the
change in the Positional Embeddings by addition
of few trainable parameters as FFT may be compu-
tationally expensive as well as result in catastrophic
forgetting.

minLORA The relative Positional Embedding
modules are added to the self-attention modules
at every layers. Therefore, we intend to lever-
age this property and understand whether, we can
further cut down on parameters and apply these
additional parameters only to the affected mod-
ules. Hence, we test the hypothesis of tuning only
the self-attention modules with LORA resulting in
2.35M (1.11%) trainable parameters.

®SELFATTENTION, CROSSATTENTION, FEEDFORWARD

4 Experiments

We use the FAIRSEQ’ framework (Ott et al., 2019)
for all of our experiments. All the finetuning exper-
iments were conducted on 8 x H100 80Gb GPUs,
and every model was trained till convergence with
early-stopping. The exact hyperparameter sets are
mentioned in Table 4.

Notably, for ROPE, we apply the rotation func-
tion to only the first half segment of the query and
key feature vectors while leaving the rest as is. We
empirically notice that the partial-rotation® imple-
mentation gives slightly better performance as com-
pared to a full-rotation.

Hyperparameter Value

Global Max Tokens 32K

Optimizer Adam

LR scheduler inverse_sqrt

Gradient clip norm 1.0

Adam betas (0.9, 0.98) / (0.9, 0.999)

Checkpoint Steps
Checkpoint Criteria
Patience

500
BLEU @ beam =5
20

Max Positions 4096
Warmup steps 4000
Learning rate le-4
Dropout 0.2/0
Label smoothing 0.1/0
LoRA rank 16
LoRA alpha 32
LoRA dropout 0.1
LoRA Rank Scaled True
FPI6 True

Table 4: Default hyperparameter settings for finetun-
ing. The cells with two numbers present the values for
FFT/LORA.

5 Results and Discussions

In this section, we discuss the results that aim to
understand whether Positional Embeddings can be
efficiently swapped posthoc in a trained model.

5.1 Swapping out Positional Embeddings

Figure 2 demonstrate the performance of several
experimental setups that involve swapping of Po-
sitional Embeddings and followed by fine-tuning
(if applicable). The raw scores are presented in
Table 6.

"Our variant implements, LORA, ROPE, ALIBI, and a
slightly efficient MULTIHEADATTENTION as per the require-
ments of this work

8https: //github.com/lucidrains/x-transformers/
issues/40
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Figure 2: ChrF++ scores on Sentence-Level (top) and Document-Level (bottom) benchmarks. Results are presented
for baselines using three fine-tuning setups (FFT, LORA, and min-LORA) that compare three types of positional
embeddings (SINE, ALIBI, and ROPE), along with the pre-trained model performance baseline.

Fine-tuning is key to performance recovery.
When Positional Embeddings such as ROPE or
ALIBT are introduced, we observe a significant
drop in performance as the model is not trained
to work with these. However, across various fine-
tuning setups, we consistently observe that the per-
formance can be regained through fine-tuning (see
Figure 2). This demonstrates that it is feasible to
modify Positional Embeddings at later stages and
still retain the performance of the base model.

Efficacy of the Positional Embedding switch. A
notable finding in this setting is that fine-tuning
a model originally using Sinusoidal embeddings
yielded performance comparable to models fine-
tuned after the switch to using ROPE or ALIBI
embeddings on sentence-level benchmarks as ob-
served in Figure 2. This further reinforces the con-
clusion that Positional Embeddings in pre-trained
transformer models can be safely tweaked even
in later stages. Although Sinusoidal, ROPE, and
ALIBI embeddings show similar performance in
sentence-level test sets. The advantage of switch-
ing to ROPE or ALIBI can be observed in case of
document-level test sets in line with the findings of
Su et al. (2024) and Press et al. (2022).

Cross-lingual length-generalization. Our fine-
tuning dataset primarily comprised sentence-level
data, as detailed in Section 3.2.1, with only a lim-
ited amount of long-context or paragraph-level data
available for four Dravidian languages accounting
for less than 0.03% of the complete fine-tuning

data mixture (see Table 1). The token distribution
across this dataset is illustrated in Table 2. While
most languages lacked long-context data, evalua-
tion on document-level benchmarks still demon-
strated strong performance on these, as seen in
Figure 2. This indicates that fine-tuning with a
small amount of long-context data introducing rela-
tive positional embeddings can enable robust cross-
lingual length generalization. This finding is par-
ticularly important because long-context data is
often scarce across many languages. Neverthe-
less, effective adaptation to longer contexts was
achieved through cross-lingual generalization, even
with minimal long-context data in select languages.

Minimalistic LORA is on par with LORA
Across all the fine-tuning strategies evaluated, min-
imalistic LORA (min-LORA) fine-tuning, as well
as FFT and LORA, produced comparable perfor-
mance on sentence-level benchmarks. This sug-
gests that extensive parameter adjustments are not
necessary; adding LORA parameters solely to the
self-attention modules, where the relative Posi-
tional Embedding modules are integrated, is suf-
ficient for adaptation. This approach is highly
parameter-efficient, requiring only 2.35M train-
able parameters (1.11%). On the document-level
benchmarks, we observe that both LORA and min-
LORA are on par suggesting that min-LORA is
adequate. However these parameter-efficient ap-
proaches slightly lag behind the respective FFT
baseline.
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MQM-Implicit

Avg. Score

SINE ALIBI ROPE
s En-Indic

MQM

Avg. Score

SINE ALIBI ROPE

s |ndic-En

Figure 3: Implicit MQM scores and normalized formula-based MQM scores on the IN22-CONV benchmark,

averaged across top-12 languages highlighted in table 3

Throughput ROPE has lower throughput com-
pared to Sinusoidal embeddings due to its higher
number of operations. Since the rotation function
in ROPE is applied at every layer, it has a time
complexity of O(n), whereas Sinusoidal embed-
dings are added only once, after the token embed-
dings, resulting in O(1) complexity. The exact de-
coding rates (in tokens per second) are illustrated
in Figure 4. An efficient implementation of AL-
IB1 (Press et al., 2022) achieves O(1) complexity,
making it slightly slower than Sinusoidal but still
significantly faster than ROPE. Therefore, for a
basic sentence-level MT system, Sinusoidal PEs
offer the best efficiency in terms of throughput
and performance. However, for document-level or
longer contexts, ROPE provides notable qualitative
advantages, although it comes with a decrease in
throughput.

Decoding Rate for different PE models

FLORES (SENT) IN22 Conv (DOC)

250

200

=y

Avg Tokens/sec
Avg Tokens/sec

0
SINE ALIBI ROPE SINE ALIBI ROPE

Figure 4: Throughput in terms of token/sec. Higher is
better.

5.2 Qualitative Analysis

In the preceding section, we conducted a string-
metrics-based evaluation on standard benchmarks
such as IN22-CoNV, ALT, and FLORES, covering
both sentence-level and document-level variants.
However, the effectiveness of these string-based
metrics in evaluating translation quality, especially
in longer-context scenarios where factors like se-

mantic coherence, co-reference resolution, and con-
tinuity are critical, remains under-explored.

Therefore, for a more fine-grained analysis we
conduct GPT-40 based evaluation as described
in Section 3. We focus exclusively on the FFT
variants for GPT-40 evaluation, as they were the
highest-performing systems. Figure 3 demonstrates
two types of evaluations: an implicit score assigned
by GPT-40 and a calculated score based on MQM
annotations generated by GPT-40. Both metrics
clearly indicate that ROPE-based baselines out-
perform the SINE and ALIBI counterparts, with
ALIBI proving superior to the SINE baseline. We
also observe that, in a relative sense, the rankings
derived from the implicit scores generally align
with those based on the calculated scores. These
results underscore the effectiveness of the proposed
approach, showing that substituting positional em-
beddings had a notable positive impact on tasks
involving longer contexts. We also present a ta-
ble of errors identified by GPT-40 on the same
sample conversation across the three systems being
compared: ROPE, SINE, and ALIBI in tables 7
to 9 respectively. The MQM annotations clearly
show that the translations produced by the ROPE
model exhibit less severe errors, followed by AL-
1BI. In contrast, the SINE model has a higher num-
ber of errors with greater severity. This aligns with
the earlier observations, confirming that the ROPE
models are indeed superior to the SINE and ALIB1
counterparts.

6 Additional Experiments

To assess the scalability of our approach, we extend
our methodology to the larger 1B INDICTRANS2
model. For consistency, we reuse the same training
data and hyperparameters as described in Section
3.2.1 and Table 4, respectively. In this case, we
focus solely on FFT, as it yielded the highest per-
formance recovery among the fine-tuning strategies
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explored in Section 3.4. Table 5 presents the results
of this experiment. Consistent with our previous
findings, ROPE continues to exhibit the best length
generalization, followed by ALIBI, as observed on
the Document-Level IN22-CONYV subsset.

\ FT
DATASET 1T2 ‘ SINE ALIB1 ROPE
IN22-GEN 63.8 | 63.6 62.8 63.3
Indic-En IN22-CoNV  56.1 | 56.7 55.0 55.3
FLORES 61.1 | 61.0 60.2 60.5
IN22-GEN 483 | 48.2 48.4 48.7
En-Indic IN22-CoNv 448 | 453 45.9 45.9
FLORES 47.8 | 48.3 48.3 48.3
ALT 66.9 | 66.8 66.5 66.7
Indic-En IN22-Conv  31.7 | 40.8 51.0 58.3
FLORES 62.8 | 62.6 61.7 62.5
ALT 55.5 | 559 5.8 55.9
En-Indic IN22-CoNv  28.6 | 35.5 45.3 48.6
FLORES 49.1 49.8 9.5 49.8

Table 5: IT2-1B ChrF++ scores on sentence-level (top)
and document-level (bottom) evaluation benchmarks.
The best score is bolded and second best is underlined.

7 Conclusion

In this study, we demonstrated that standard NMT
systems can be efficiently retrofitted with relative
positional embeddings such as ROPE and ALIBI,
enabling them to handle longer contexts. Moreover,
we showed that this retrofitting can be achieved
through parameter-efficient fine-tuning using min-
imal document-level data, even across a few lan-
guages, with evidence of cross-lingual transfer. Al-
though our experiments focused on the machine
translation (MT) task, we believe that this ap-
proach can generalize to other encoder-decoder
and encoder-only models, potentially improving
their long-context capabilities in a wide range of
applications.

8 Limitations

Our work aligns with modular deep learning prin-
ciples, exploring the post-hoc interchangeability of
key components like Positional Embeddings. Al-
though our preliminary findings suggest this is pos-
sible, several limitations should be noted:

* All our experiments have been limited to a
single model primarily due to the complete
availability of relevant information regarding

the INDICTRANS2 model and dataset. Further
the lack of availability of long-context data
is also a limiting factor in performing this
experimentation across languages.

* We use string-based automatic evaluation and
GPT-40 as an evaluator, but human evalu-
ation may be needed to further validate the
results and reinforce our findings.

* The benchmarks we test in this study are
smaller in size due to the limited availabil-
ity of long-context MT datasets for Indian
languages.

* Lastly, we also acknowledge that no specific
hyperparameter tuning was conducted for this
task, and we utilize the standard set available
in the literature.
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A Appendix
A.1 Scores

The raw scores corresponding to Figure 2 are
shown in Table 6.

A.2 Qualitative Examples

The MQM annotations generated by GPT-40 for
a test conversation across for each baseline is pre-
sented in Tables 7 to 9.
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\ FT \ LORA \ minLORA

DATASET IT2-Dist | SINE  ALIBI ROPE | SINE ALIBI ROPE | SINE ALIBI ROPE
IN22-GEN 48.0 482 487 488 | 479 4738 477 | 417 473 47.6
En-Indic | IN22-CoNv 44.6 455 457 455 | 441 444 443 | 440 441 44.1
FLORES 477 484 485 485 | 479 4738 479 | 478 477 477
IN22-GEN 62.0 622 618 62.1 | 618 611 615 | 61.7 611 61.5
Indic-En | IN22-CONV 55.7 558 555 556 | 557  55.1 553 | 558 554 55.6
FLORES 59.5 597 594 59.6 | 594 589 59.1 | 594  59.0 59.2
ALT 55.0 552 552 554 | 551 550 548 | 552 550 55.0
En-Indic | IN22-Conv 33.7 389  44.1 473 | 316 371 393 | 309 362 40.4
FLORES 49.0 497 499 504 | 49.7  49.0 495 | 496 489 49.5
ALT 65.2 653 648 65.1 | 652 650 650 | 652 649 65.0
Indic-En | IN22-CONV 33.8 40.1 526 571 | 384 473 550 | 320 463 54.6
FLORES 61.2 614 600 610 | 612 596 609 | 613 595 61.1

Table 6: IT2-Dist-200M ChrF++ scores on sentence-level (top) and document-level (bottom) evaluation benchmarks.
The best score is bolded and second best is underlined.

Type Category Classification Span Text Explanation

Fluency Awkward MINOR please sit down Slightly awkward phrasing.
‘Please have your seat’ is more
natural.

Fluency Inconsistency MINOR on six months, on three  Inconsistent phrasing in inter-

months, or every month  vals. Use ‘half-yearly, quarterly
or monthly intervals.’

Accuracy Mistranslation MAIJOR And I also know its ben- Incorrectly translated. Should
efits. be ‘I want to know the benefits.’

Accuracy Omission MAJOR You can opt for that. Onmitted in the translation.

Accuracy Mistranslation MAJOR Please write my phone Redundant repetition at the end
number! which was not present in the

source.

Accuracy Mistranslation CRITICAL after the completion of Misleading regarding the con-
the first five years of the  ditions of the death benefit.
policy Should align with ‘On death

after completion of five policy
years but before the date of ma-
turity...’

Table 7: ROPE Translation Errors with Classification
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Type Category Classification Span Text Explanation

Fluency Grammar MINOR The entire information =~ Awkward sentence structure.
about the process ‘The information about the pro-

cess can be’ would be more flu-
ent.

Accuracy Mistranslation MAJOR Your name and age are  This part is translated inaccu-
Devang Saikia. Iam 39  rately. The source asks for name
years old and age, but the translation in-

correctly states them directly.

Accuracy Omission MAJOR You can opt for that. Translation omits ‘What is the

minimum basic sum assured in
this policy?’ and other questions
related to policy details.

Accuracy Addition MAJOR What is the minimum  Text is repeated unnecessarily,
age? What is the min- creating confusion.
imum age? What is the
minimum age?

Accuracy Mistranslation MAJOR You will have to surren-  Mistranslation; the context is

der the policy regularly

about having completed certain
years, not regular surrender.

Table 8: ALIBI Translation Errors with Classification

Type

Category

Classification

Span Text

Explanation

Table 9: SINE Translation Errors with Classification
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