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Abstract

Large-scale multilingual models, such as Many-
to-Many (M2M-100), achieve strong performance
on high-resource languages; however, they re-
main computationally prohibitive and biased to-
ward a small subset of language pairs. To ad-
dress this, we propose Hopper, a modular neural
machine translation framework that connects pre-
trained, family-specific encoder–decoder pairs via
a lightweight attention-based bridge, aligning la-
tent representations without retraining the under-
lying models. The bridge leverages advanced
attention mechanisms and gated transformation
layers to enable stable adaptation between typo-
logically diverse languages while preserving com-
putational efficiency. We validate Hopper through
two case studies, namely, French→Arabic and
Russian→Arabic, demonstrating that it outper-
forms the 1.2B-parameter M2M-100 baseline on
both language pairs despite being approximately
8.1× smaller and trained on substantially less
data overall (M2M-100 uses ∼7.5B total sen-
tence pairs across its dataset, while each bridge
is trained on only 8 to 12 million). Moreover,
evaluation using large language model-scoring
shows higher semantic fidelity, improved syntac-
tic alignment, and fewer hallucinations. These
results demonstrate that modular bridging pro-
vides a scalable and resource-efficient approach
to inclusive multilingual translation, particularly
for underrepresented languages and data-scarce
settings.
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1. Introduction
Language translation models have become essential tools in
global communication, commerce, diplomacy, and knowl-
edge sharing. As the demand for multilingual systems in-
creases, so does the need for translation models that are not
only accurate and inclusive, but also accessible and efficient.

Most state-of-the-art translation models, such as Meta AI’s
open-source M2M-100 (Fan et al., 2021), aim to cover more
than 100 languages in a single massive model. While ef-
fective for high-resource languages, these models face sev-
eral critical limitations. With over 1.2 billion parameters,
M2M-100 requires enterprise-level hardware, making it in-
accessible to researchers and developers in many regions.
Furthermore, M2M’s training data is heavily imbalanced,
with the majority of the corpus concentrated in a small num-
ber of language pairs, leaving the remaining languages with
sparse and often unreliable coverage.

To address these challenges, we propose an alternative ap-
proach: building small, efficient translation models cen-
tered on individual language families, and connecting them
through modular bridges. These bridges enable controlled
transfer between translation families without retraining large
monolithic models. This architecture, which we call Hop-
per, facilitates translation between languages (especially
low-resource languages) by reusing the encoder from one
family and the decoder from another, via an adapter mod-
ule dubbed “the bridge”. Our results show that modular
bridging is a viable path toward scalable, accessible, and
linguistically diverse translation systems.

1.1. Major Contributions

We summarize the key contributions of this work as follows:

• We propose Hopper, a modular neural machine trans-
lation framework that connects pre-trained, family-
specific encoder–decoder models through a lightweight
attention-based bridge, enabling cross-family transla-
tion without retraining large monolithic models. We
name this architecture “Hopper” to reflect its ability to
perform a single hop between distinct linguistic fami-
lies’ latent spaces.
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• We design an attention-driven and gated bridge archi-
tecture that aligns latent representations across typo-
logically diverse languages while preserving computa-
tional efficiency and model stability.

• We validate the effectiveness of our framework
through two challenging cross-family case studies
(French→Arabic and Russian→Arabic), including
translations across different scripts (Latin, Cyrillic, and
Arabic).

• We show that Hopper enables accessible multilingual
translation, allowing researchers and practitioners with
limited computational resources to build high-quality
cross-lingual systems.

1.2. Outline of the paper

The remainder of this paper is organized as follows. Sec-
tion 2 reviews the related work. Section 3 presents the
proposed methodology, including the Hopper architecture
and the trainable bridging mechanism. Section 4 describes
the experimental setup, covering training configuration, op-
timizer selection, activation functions, and hyperparame-
ter tuning. Section 5 discusses the experimental results
based on two case studies, namely French→Arabic and
Russian→Arabic.Finally, Section 6 concludes the paper and
outlines future research directions.

2. Related Work
Multilingual translation research spans three broad strate-
gies: monolithic many-to-many models, linguistically mo-
tivated grouping, and modular adapter-based approaches.
Table 1 summarizes representative work along these axes.

Monolithic multilingual models. Large shared encoder-
decoder systems (Johnson et al., 2017; Aharoni et al., 2019;
Fan et al., 2021) train a single model across many language
pairs. While effective for high-resource languages, they
require massive compute and tend to underperform on low-
resource or typologically distant pairs due to data imbalance
and capacity dilution.

Linguistic structure and language families. Languages
form family groups that share script, morphology, syntax,
and vocabulary (Comrie, 2009; Dryer & Haspelmath, 2013;
Dyen et al., 1992). These shared traits simplify tokenization
(Sennrich et al., 2016; Kudo & Richardson, 2018) and en-
able intra-family generalization (Dabre et al., 2020; Ansell
et al., 2021). However, lexical overlap alone is insufficient-
MSA-focused models still fail on dialectal Arabic despite
shared vocabulary (Abdelali et al., 2022). Key typological
differences (e.g., SVO vs. SOV word order, fusional vs. ag-
glutinative morphology) directly affect translation quality
unless architecturally accommodated.

Table 1. Summary of related approaches to multilingual translation,
contrasted with Hopper.

Approach Strategy Key Limitation

Google Multi.
(Johnson et al.,
2017)

Shared enc-dec Capacity dilution

M2M-100 (Fan
et al., 2021)

Many-to-many High compute; data
imbalance

MAD-X (Pfeif-
fer et al., 2020)

Language adapters Single-model only

AdapterFusion
(Pfeiffer et al.,
2021)

Adapter composition No cross-family
bridging

LoRA (Hu
et al., 2022)

Low-rank tuning Within-model adap-
tation

Hopper (ours) Cross-family bridge Limited language
pairs tested

Modular and adapter-based methods. Rather than train-
ing monolithic models, adapter modules (Pfeiffer et al.,
2020; 2021) and low-rank adaptations (Hu et al., 2022) in-
ject small trainable parameter sets into frozen pretrained
models, enabling efficient task- or language-specific special-
ization. These approaches reduce compute requirements but
have primarily been applied within a single model rather
than across independently trained encoder-decoder pairs.

Hopper builds on these foundations by combining family-
specific pretrained models with a lightweight bridge that
mediates representational differences between families-
preserving intra-family coherence while enabling cross-
family translation without retraining.

3. Methodology
3.1. Architecture

To enable cross-family translation while preserving the
learned structure within each language-specific module, we
designed a novel attention-based intermediary that we call
the bridge. This component sits between frozen encoder-
decoder pairs, acting as a transformation and alignment mod-
ule that allows representational transfer across typologically
diverse languages. Unlike monolithic multilingual systems
that train end-to-end, our architecture constrains learning to
a narrow, well-defined subspace-the bridge-which is solely
responsible for reconciling the mismatch between the source
encoder’s and target decoder’s language representations, as
illustrated in Figure 1.

The bridge consists of a multi-layer stack of alternating
self-attention and feed-forward blocks, each with architec-
tural features tailored for linguistic alignment and efficient
gradient flow. At the attention level, each block incorpo-
rates Neural Tangent Kernel (NTK)-aware rotary position
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Figure 1. The Hopper architecture. A frozen encoder (Language
Family A) feeds into a trainable bridge (×4 layers) with self-
attention, NTK-aware rotary embeddings, GLU FFN, and gated
residuals. Only the bridge’s 29M parameters are trained.

embeddings (Su et al., 2021; Peng et al., 2023; Chen et al.,
2023), allowing the model to retain inductive biases about
sequence structure even for sequences longer than those
observed during pretraining.

Formally, the rotary embedding applies a position-
dependent rotation to the query and key vectors at position
m:

RoPE(xm,m) = xm ⊙ cos(mθ′) + rot(xm)⊙ sin(mθ′),
(1)

where rot(·) interleaves and negates adjacent dimensions,
and θ′ is the NTK-aware frequency vector:

θ′i =
(
b · s d/(d−2)

)−2i/d

, i = 0, 1, . . . , d2−1, (2)

with base frequency b, context-length scaling factor s, and
head dimension d. This formulation interpolates frequencies
so that shorter-range positions retain fine resolution while
longer-range positions are compressed, enabling stable ex-
trapolation beyond fixed window sizes. This positional
embedding strategy improves generalization in long-range

attention contexts-a critical factor in low-resource or mor-
phologically rich language pairs.

In addition to rotary embeddings, we incorporate a learned
relative position bias mechanism, inspired by techniques
used in prior sequence-to-sequence models such as T5 (Raf-
fel et al., 2020), but extended to operate at scale across
multiple attention heads (Shaw et al., 2018). This rela-
tive bias allows the attention module to remain sensitive to
token-level alignment patterns even in the absence of global
position anchors. Importantly, this enables the bridge to
respect local ordering preferences that may differ across
language families (e.g., SVO vs. SOV structures), without
requiring retraining of the encoder or decoder. The full
attention computation in each bridge head h is:

Attn(h)(Q,K,V) = softmax

(
Q̃ K̃⊤
√
dk

+B(h)

)
V, (3)

where Q̃ = RoPE(Q,m) and K̃ = RoPE(K,m) are
the rotary-embedded queries and keys (Equation (1)), and
B

(h)
ij = b

(h)
i−j is a learned scalar bias indexed by relative

position for head h.

Each layer output is modulated by a trainable scalar gate
applied to the residual branch. This provides a form of
adaptive routing, where the model can learn to trust the
output of each transformation relative to the input signal.
The gating also reduces instability when training on frozen
representations, ensuring that early layers of the bridge do
not overly distort the semantic information passed by the
encoder. The feed-forward blocks use a Gated Linear Unit
(GLU) (Shazeer, 2020) with nonlinear activation and in-
ternal expansion, allowing the bridge to express complex
transformations with minimal parameter overhead. Con-
cretely, each bridge layer ℓ computes:

ĥℓ = hℓ−1 + λattn
ℓ · Attn(LN(hℓ−1)), (4)

hℓ = ĥℓ + λffn
ℓ · FFN(LN(ĥℓ)), (5)

where LN(·) denotes layer normalization and λattn
ℓ , λffn

ℓ ∈ R
are trainable scalar gates that modulate the residual con-
tribution of each sub-layer. The GLU-based feed-forward
network is defined as:

FFN(x) =
(
W1x⊙ σ(Wgx)

)
W2, (6)

where W1,Wg ∈ Rdff×d and W2 ∈ Rd×dff are learned
projections, σ(·) is a nonlinear activation (SiLU), and ⊙
denotes element-wise multiplication.

Overall, the bridge is lightweight, with 29M parameters-a
small fraction of the parameters of the underlying models
it connects. Notably, it is entirely agnostic to the training
data used for the source and target models. It treats them
as black-box feature extractors, learning only to align latent
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spaces in a coherent manner. This architectural indepen-
dence allows for flexible reuse across any number of family
pair combinations, significantly expanding the scope of low-
resource translation without retraining or fine-tuning full
models.

The complete system, comprising a frozen encoder from
one family, a frozen decoder from another, and the trainable
bridge between them, is trained end-to-end with autoregres-
sive decoding and standard cross-entropy loss (Goodfel-
low et al., 2016). Letting θ denote the bridge parameters,
Encϕ(·) the frozen encoder, and Decψ(·) the frozen decoder,
the training objective is:

L(θ) = −
T∑
t=1

log pψ
(
yt | y<t, Bridgeθ(Encϕ(x))

)
, (7)

where x is the source sentence and y = (y1, . . . , yT ) is
the target reference. Gradients are restricted to the bridge’s
29M parameters θ (with ϕ and ψ frozen), ensuring that the
pretrained linguistic priors remain intact while the bridge
learns the minimal alignment required for cross-family trans-
lation. This modularity is central to Hopper’s scalability and
performance.

3.2. Stitching Between Families

In our proposed framework, the core idea is to enable
translation between distinct language families without re-
training the constituent encoder or decoder models from
scratch. To achieve this, we introduce a lightweight bridging
mechanism-implemented as a custom attention module-that
facilitates information flow between a frozen encoder and
decoder pair originating from different language families.
This design ensures that the family-specific representations
learned during pretraining remain intact, while the bridge
adapts to imbalances in the representation space and linguis-
tic structure between the source and target families.

This includes any Low-Rank Adaptation (LoRA) modules
that have already been applied during their respective family-
specific fine-tuning stages (Hu et al., 2022). Freezing these
components serves two purposes: it preserves the induc-
tive biases and linguistic specialization that each module
has developed for its language family, and it significantly
reduces the number of trainable parameters, making the
overall system more memory and compute efficient. The
only components updated during the bridging process are
the parameters within the bridge module, which learns to
align and transform the encoder output into a representation
that the decoder can efficiently consume. The full inference
pipeline can be written as:

ŷ = Decψ
(
Bridgeθ(Encϕ(x))

)
, (8)

where gradients flow only through θ during training (Equa-
tion (7)), and both ϕ (encoder) and ψ (decoder, including

any previously applied LoRA weights) remain fixed.

4. Experiments
4.1. Training Configuration

The optimization strategy was carefully tuned to reflect
the bridge’s unique role in French-Arabic translation. We
adopted a medium-to-high initial learning rate with a cosine
decay schedule (Loshchilov & Hutter, 2017) and a 2,000-
step warmup phase to stabilize early learning dynamics
and prevent the bridge from destabilizing. Since the bridge
has so few parameters, it did not warrant a lengthy warmup
phase. This schedule allows the bridge to progressively learn
alignment without overfitting or overwhelming the frozen
representations provided by the pretrained English↔French
encoder and English↔Arabic decoder.

4.2. Training Efficiency on Consumer Hardware

A key advantage of the Hopper bridge is its trainability on
commodity hardware. Because only the 29M bridge param-
eters receive gradients while both the encoder (60M) and
decoder (59M) remain frozen, GPU memory requirements
are dramatically reduced compared to training a full model.
Table 2 lists the hyperparameters used.

We decompose peak GPU memory into four components:

Mpeak =Mweights +Mopt +Mgrad +Mact. (9)

Model weights: The frozen encoder and decoder are stored
in BF16 (2 bytes per parameter), while the bridge main-
tains FP32 master weights (4 bytes) for numerically stable
optimization:

Mweights = (60M + 59M)× 2︸ ︷︷ ︸
frozen (BF16)

+ 29M × 4︸ ︷︷ ︸
bridge (FP32)

= 0.34 GB.

(10)

Optimizer states: AdamW maintains first- and second-
moment estimates in FP32, but only for the 29M trainable
bridge parameters:

Mopt = 29M × 4× 2 = 0.22 GB. (11)

Gradients: Stored in FP32, again only for the bridge:

Mgrad = 29M × 4 = 0.11 GB. (12)

The static memory footprint (weights, optimizer, gradients)
totals only 0.67 GB, a direct consequence of freezing the
encoder and decoder and restricting trainable parameters to
the bridge.

Activations: This is the dominant cost. During the
backward pass, activations must be retained through both
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Table 2. Bridge training hyperparameters

HYPERPARAMETER VALUE

EPOCHS 1
BATCH SIZE 36
LEARNING RATE 5× 10−4

WARMUP STEPS 2,000
GRADIENT ACCUMULATION 4
BRIDGE LAYERS 4
PRECISION BF16
MAX SEQUENCE LENGTH 256
EVAL INTERVAL 4,000 STEPS

the bridge (4 layers, dff=4096) and the decoder (6 lay-
ers, dff=2048), since gradients flow through the frozen
decoder back to the bridge. The encoder runs under
torch.no grad(), so its activations are not stored. Per
transformer layer, the peak activation memory in BF16 for
self-attention and the GLU FFN scales as O(BS(d+ dff +
HS)) where B=36, S=256, d=512, and H=8. Combined
with the output logits (B×S×V × 4 bytes in FP32, where
V=50,000):

Mact ≈ 4× 0.47︸ ︷︷ ︸
bridge

+6× 0.58︸ ︷︷ ︸
decoder

+1.84︸︷︷︸
logits

≈ 7.20 GB. (13)

Total theoretical peak:

Mpeak ≈ 0.34 + 0.22 + 0.11 + 7.20 = 7.87 GB. (14)

In practice, CUDA context initialization, PyTorch’s caching
memory allocator, and torch.compile kernel buffers
add overhead, but the empirical peak remains well below
24 GB, fitting on a single NVIDIA RTX 3090. By con-
trast, training all 148M parameters end-to-end would require
∼5× more optimizer and gradient memory alone, with cor-
responding increases in activation storage.

The effective batch size of 144 (micro-batch 36 × gradient
accumulation 4) further improves memory efficiency: only
36 sequences reside in GPU memory at any given time,
while the larger effective batch stabilizes gradient estimates.

Figure 2 presents the full training dynamics over approx-
imately 87,000 steps. The loss curve (left) shows conver-
gence from an initial cross-entropy of 2.7 to a final train loss
of 1.55 and eval loss of 1.41, with evaluation loss closely
tracking training loss throughout, indicating no overfitting.
Token-level accuracy (right) rises from 55% to a final train
accuracy of 68.1% and eval accuracy of 70.1%, with the
two curves closely aligned throughout training.

These results confirm that the bridge can be trained end-to-
end in a single pass over 12M sentence pairs on a single
24 GB consumer GPU, making the approach accessible to

Figure 2. Training metrics for the French→Arabic bridge over a
single epoch (∼87k steps). Left: cross-entropy loss converges
from 2.7 to 1.41 (eval). Right: token accuracy reaches 70.1%
(eval).

independent researchers and institutions without enterprise-
level compute infrastructure.

4.3. Data

For training data, we curated high-quality parallel corpora
from No Language Left Behind (NLLB) (Costa-jussà et al.,
2022) and the United Nations Parallel Corpus (UNPC)
(Ziemski et al., 2016). The French→Arabic bridge was
trained on approximately 12 million sentence pairs, while
the Russian→Arabic bridge used 8 million sentence pairs
with identical filtering procedures. Tokenization uses Byte-
Pair Encoding (BPE) (Sennrich et al., 2016) in accordance
with the underlying source and target models. Both corpora
cover a wide variety of domains to encourage robustness
across topics and registers, ensuring that bridges can gen-
eralize to unseen contexts. All models were trained using
standard cross-entropy loss (Goodfellow et al., 2016), com-
puted over the decoder’s output tokens against the Arabic
reference translations. Despite its simplicity, cross-entropy
remains a strong baseline for supervised translation tasks
and allowed us to focus on the behavior and performance of
the bridging mechanism itself.

This approach of coupling frozen encoder-decoder pairs
through a learned bridge offers several advantages: it en-
ables reuse of high-quality pretrained models without re-
training them end-to-end, facilitates cross-family translation
with minimal data, and allows extension to new language
pairs by simply training a new bridge.

5. Results and Discussion
In this section, we present and analyze the experimental
results for two case studies, namely, French→Arabic and
Russian→Arabic. Each case study is examined separately
to highlight the performance and insights specific to the
corresponding language pair. A detailed description and
discussion of the results for each case study are provided in
the following subsections.
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Table 3. LLM-judge scores (%, higher is better) on 100 samples
of FLORES-101 devtest. Hopper outperforms M2M-100 (1.2B)
across all dimensions despite being 8.1× smaller.

METRIC (%) HOPPER M2M-100

ACCURACY 85.4 49.1
FLUENCY 86.4 59.7
TONE/STYLE 86.5 60.2

OVERALL 86.1 56.3

5.1. Case Study 1: French→Arabic Translation

Despite using only 148M total inference parameters (119M
encoder-decoder + 29M bridge), Hopper is approximately
8.1× smaller than M2M-100 (1.2B) and trains only the 29M
bridge parameters (approximately 41× fewer trainable pa-
rameters than full fine-tuning of a 1.2B model). Our bridge-
based architecture demonstrated superior translation quality
on French-Arabic tasks when evaluated using ChatGPT-4o.
Both models were decoded using beam search with a beam
size of 5, matching the configuration used in the M2M paper.

Evaluation was conducted across three dimensions: accu-
racy, fluency, and tone/style (professional register, consis-
tent with the journalistic nature of the FLORES-101 source
texts), each scored on a percentage scale from 0% (poor)
to 100% (human-like). We report results on the first 100
(non-randomized) sentences of the FLORES-101 devtest set
(Goyal et al., 2022). As shown in Table 3, Hopper achieved
higher scores than M2M-100 across all categories: 85.4%
vs. 49.1% for accuracy, 86.4% vs. 59.7% for fluency, and
86.5% vs. 60.2% for tone/style, with an overall score of
86.1% compared to 56.3%. These gains demonstrate that
Hopper consistently delivers more faithful, fluent, and nat-
ural translations compared to the much larger M2M-100
model.

Table 4 presents selected qualitative examples from the
FLORES-101 devtest set where Hopper produces faith-
ful translations while M2M-100 introduces severe errors
including lexical hallucinations, semantic distortions, and
mistranslation of key terms.

In addition to Large Language Model (LLM)-based human-
aligned evaluations, we also report automatic evaluation
using the Metric for Evaluation of Translation with Ex-
plicit ORdering (METEOR) (Banerjee & Lavie, 2005) on
the same 100-sentence subset. We select METEOR over
BLEU as our automatic metric because METEOR incor-
porates synonym matching, stemming, and explicit word-
order modeling, yielding significantly higher correlation
with human judgments (Lavie & Agarwal, 2007); empir-
ical evaluations at WMT shared tasks have consistently
shown METEOR outperforms BLEU in system-level corre-
lation (Callison-Burch et al., 2006; Reiter, 2018). Hopper
achieved a METEOR score of 0.3852, significantly higher

than the 0.2564 achieved by M2M-1.2B (+0.1288 delta).
Notably, the LLM-based evaluation shows a larger perfor-
mance gap (86.1% vs. 56.3%) than METEOR (+0.129 delta).
This discrepancy arises because METEOR awards partial
credit for lexical overlap even when translations contain
semantic errors or hallucinations, whereas LLM judges pe-
nalize meaning-level failures more severely, as evidenced
by the qualitative examples in Table 4, where M2M-100
produces superficially plausible but semantically incorrect
outputs. The consistency in directionality between both met-
rics provides additional evidence that the modular bridge
improves cross-family translation quality while maintaining
efficiency.

5.2. Case Study 2: Russian→Arabic Translation

To demonstrate that the Hopper bridging approach general-
izes beyond a single language pair, we conducted a second
case study on Russian→Arabic translation. This pairing
presents distinct challenges: Russian uses Cyrillic script,
has a different morphological structure (fusional with ex-
tensive case marking), and belongs to the Slavic language
family, typologically distant from both French (Romance)
and Arabic (Semitic).

We trained a new bridge connecting a frozen
English↔Russian encoder with the same frozen
English↔Arabic decoder used in the French experi-
ment, using 8 million sentence pairs from NLLB with the
same filtering procedure applied to the French→Arabic
corpus. Notably, the Russian encoder uses Grouped Query
Attention (GQA) (Ainslie et al., 2023), while the French
encoder and Arabic decoder use standard Multi-Head
Attention (MHA). This architectural heterogeneity poses
no obstacle: the bridge learns to transform encoder outputs
into the representational format expected by the decoder,
effectively decoupling the internal attention mechanisms
of the source and target models. This demonstrates that
Hopper can connect models with fundamentally different
architectures, enabling flexible composition of indepen-
dently trained components. Figure 3 shows the training
dynamics, which exhibit similar convergence behavior to
the French→Arabic bridge. On the same 100-sentence
FLORES-101 evaluation subset, the Russian→Arabic
bridge achieved a METEOR score of 0.3171 compared to
0.2382 for M2M-100 (+0.0789 delta).

We also conducted LLM-based evaluation using the same
protocol as the French→Arabic experiment. As shown in Ta-
ble 5, Hopper achieved higher scores than M2M-100 across
all categories: 83.1% vs. 46.9% for accuracy, 83.6% vs.
62.0% for fluency, and 83.7% vs. 62.6% for tone/style, with
an overall score of 83.5% compared to 57.2%. These results
mirror the French→Arabic findings, confirming that Hopper
delivers more faithful, fluent, and natural translations across
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Table 4. Translation examples (French→Arabic) as English back-translations. M2M-100 hallucinations in bold.

Source (glossed) Hopper M2M-100

We now have 4-month-old mice that are
not diabetic whereas they were before.

We now have four-month-old mice that
are not diabetic as they were before.

We now have 4-month-old employees
who don’t have diabetes.

The film, starring Ryan Gosling and
Emma Stone, received nominations in
all major categories.

The film with Ryan Gosling and Emma
Stone received nominations in all major
categories.

The film with Ryan Gosling and Ama-
zon Stone won an award in all major
categories.

Siminoff said sales increased after appear-
ing on Shark Tank where the panel re-
fused to fund the start-up.

Siminoff said sales increased after ap-
pearing on Shark Tank where the panel
refused to fund the start-up.

Siminoff said sales increased after ap-
pearing on the wheat truck where the
jury refused funding.

Figure 3. Training metrics for the Russian→Arabic bridge. The
loss and accuracy curves show stable convergence similar to the
French→Arabic experiment.

Table 5. LLM-judge scores (%, higher is better) on 100 sam-
ples of FLORES-101 devtest for Russian→Arabic. Hopper again
outperforms M2M-100 across all dimensions.

METRIC (%) HOPPER M2M-100

ACCURACY 83.1 46.9
FLUENCY 83.6 62.0
TONE/STYLE 83.7 62.6

OVERALL 83.5 57.2

different source language families. Table 6 presents selected
qualitative examples from the Russian→Arabic evaluation
where Hopper produces faithful translations while M2M-
100 introduces severe errors including lexical hallucinations
and mistranslation of key terms. Table 7 summarizes ME-
TEOR results across both case studies.

These results confirm that the modular bridging approach
transfers effectively to new source languages without archi-
tectural modification; only the encoder and bridge weights
differ between experiments, while the decoder remains
fixed.

5.3. LLM as Judge

We supplement reference-based automatic metrics with
LLM-based evaluation because recent shared tasks show
that learned neural Machine Translation (MT) metrics corre-
late much better with human judgments than n-gram overlap
metrics such as Bilingual Evaluation Understudy (BLEU)

(Cı́fka & Bojar, 2018) or Recall-Oriented Understudy for
Gisting Evaluation (ROUGE); concurrently, LLMs like GPT-
4 have become competitive evaluators that match or exceed
top neural metrics against human Multidimensional Quality
Metrics (MQM) labels (Freitag et al., 2022; 2023; Kocmi &
Federmann, 2023).

Classic automatic metrics such as BLEU and ROUGE mea-
sure translation quality primarily through n-gram overlap
with reference outputs. While effective for assessing lexical
similarity, these methods have well-documented limitations:
they are insensitive to meaning preservation when different
but semantically equivalent lexical choices are used, they do
not reliably capture grammatical accuracy, and they entirely
omit stylistic and tonal considerations. These gaps are par-
ticularly pronounced in low-resource, morphologically rich,
or syntactically divergent language pairs, where reference
translations may exhibit high variability.

In contrast, large language models such as ChatGPT-4o are
capable of evaluating translations in a manner that aligns
more closely with human judgment. Specifically, LLM-
based ranking can: (1) assess semantic fidelity beyond sur-
face form, ensuring nuanced meaning is preserved even
under paraphrasing; (2) evaluate syntactic coherence and
morphological agreement directly in the target language;
(3) judge pragmatic and stylistic alignment, including tone
and style; and (4) provide consistent evaluation across both
in-domain and out-of-domain test sets, where overlap-based
metrics often fail to correlate with perceived quality.

This ability to jointly consider semantic, syntactic, and prag-
matic dimensions makes LLM-based evaluation a more
comprehensive and representative benchmark for real-world
translation performance. As such, it serves as a robust
complement-or, in certain contexts, alternative-to traditional
automatic metrics, especially when high-fidelity qualitative
evaluation is needed at scale.

Access method and environment: We used the ChatGPT-
4o API (not the Chat interface), setting a strict system
prompt and temperature of 0.0 to improve reproducibility.
This environment is managed and optimized by OpenAI
(e.g., platform-level safety and performance interventions,

7
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Table 6. Translation examples (Russian→Arabic) as English back-translations. M2M-100 hallucinations in bold.

Source (glossed) Hopper M2M-100

In the 1960s, Brzezinski served as an ad-
visor to John F. Kennedy, then in the John-
son administration.

In the 1960s, Brzezinski served as an ad-
visor to John Kennedy, then in the John-
son administration.

In the 1980s, Brzezinski was an official
under John Fing Kennedy, then in the Lan-
don Birzon administration.

The ZMapp antibody cocktail initially
showed promising results in this area.

The ZMapp antibody cocktail initially
showed promising results in this area.

The cocaine from ZMapp antibodies ini-
tially showed positive results in this area.

He was robbed by pirates, attacked by
a rabid dog in Tibet, and was arrested in
India.

He was robbed by pirates, attacked by
a rabid dog in Tibet, and was arrested in
India.

He was assassinated by Brazilians,
beaten by an angry dog in Tibet, and was
arrested in India.

Table 7. METEOR scores across both case studies. Hopper consis-
tently outperforms M2M-100 on cross-family translation tasks.

LANGUAGE PAIR HOPPER M2M-100 DELTA

FRENCH→ARABIC 0.385 0.256 +0.129
RUSSIAN→ARABIC 0.317 0.238 +0.079

model hosting, and potential context enhancements over
time), so we treat it as a black box with fixed external
controls. We logged the model label (“GPT-4o”) in the
appendix.

Protocol: For each source sentence, the judge received two
anonymized translations (“system A/B”) and returned inte-
ger ratings in [1,10] for accuracy, fluency, and tone/style.
System identities were hidden and A/B randomized to miti-
gate documented biases for LLM-as-judge. The full judge
prompt is provided in Appendix A.

The LLM-based evaluation indicated that the bridge consis-
tently produced translations with: (1) improved semantic fi-
delity, preserving nuanced meaning across distant language
families; (2) better syntactic alignment, effectively handling
long-distance dependencies and morphological agreement;
and (3) reduced hallucination rate, with fewer instances of
introducing extraneous or culturally mismatched content.
Performance gains over M2M-1.2B were more pronounced
on out-of-domain and low-resource topics, suggesting that
the bridge benefits from the domain robustness of its under-
lying monolingual family models while learning efficient
cross-family mappings.

6. Conclusion
We have presented Hopper, a modular neural machine trans-
lation framework that enables efficient translation across dis-
tant language families through a lightweight attention-based
bridge. By connecting frozen, family-specific encoder-
decoder pairs without retraining the underlying models,
Hopper achieves superior translation quality compared to
the much larger M2M-100 baseline while using approxi-
mately 8.1× fewer parameters (148M vs. 1.2B).

Our two case studies demonstrate that the bridge success-
fully mediates representational differences across typolog-
ically diverse languages and scripts (Latin, Cyrillic, Ara-
bic). On French→Arabic, Hopper achieved an overall LLM-
judge score of 86.1% compared to 56.3% for M2M-100
(+29.8 percentage points) and a METEOR score of 0.385
vs. 0.256 (+0.129). On Russian→Arabic, Hopper scored
83.5% overall vs. 57.2% (+26.3 percentage points) with a
METEOR score of 0.317 vs. 0.238 (+0.079). Across both
pairs, Hopper outperformed M2M-100 on every evaluation
dimension-accuracy, fluency, and tone/style-confirming that
modular bridging produces translations with higher seman-
tic fidelity, better syntactic alignment, and fewer hallucina-
tions than monolithic multilingual models.

Future Work: Two extensions are planned: (1) injecting
targeted LoRA modules (Hu et al., 2022) into the frozen
encoder and decoder to allow lightweight adaptation for
structurally divergent pairs (Pfeiffer et al., 2020), and (2)
introducing multiple pivots or chained bridges to reduce se-
mantic drift from single-pivot reliance (Dabre et al., 2020).

Impact Statement
This paper presents work whose goal is to advance machine
translation through a modular and computationally efficient
architecture. By reducing computational requirements by
approximately 8.1× compared to large monolithic models,
our approach improves accessibility to high-quality transla-
tion systems, particularly for researchers and practitioners
with limited resources. This supports broader participation
in multilingual NLP, enables deployment in low-resource
or privacy-sensitive environments, and reduces energy con-
sumption and environmental impact.

Our work can benefit applications in education, healthcare,
public services, and humanitarian contexts by enabling on-
device and air-gapped translation where cloud-based solu-
tions are infeasible, while improved support for underrep-
resented language pairs helps reduce linguistic barriers and
promote inclusivity.

The risks of our work are typical for machine translation:
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Hopper may produce mistranslations or hallucinations, so
we emphasize responsible deployment with domain-specific
evaluation and human oversight in high-stakes applications.
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A. LLM Judge Prompt
The following prompt was used for LLM-based evaluation
with ChatGPT-4o:

SYSTEM_PROMPT = "You are a professional
bilingual translation evaluator (French
-> Arabic).

↪→
↪→
You judge translations objectively and

consistently.↪→
You do not invent context.
You strictly follow the scoring rubric and

output valid JSON only."↪→

USER_PROMPT_TEMPLATE = "
You will evaluate two Arabic translations

of a French source text.↪→

SOURCE (French):
{source}

TRANSLATION A (Arabic):
{translation_a}

TRANSLATION B (Arabic):
{translation_b}

Evaluate each translation on Accuracy,
Fluency, and Tone & Style (0-10 each).↪→

Return JSON in exactly this format:

{
\"source_language\": \"fr\",
\"target_language\": \"ar\",
\"scores\": {

\"A\": {
\"accuracy\": 0,
\"fluency\": 0,
\"tone_style\": 0,
\"overall\": 0

},
\"B\": {
\"accuracy\": 0,
\"fluency\": 0,
\"tone_style\": 0,
\"overall\": 0

}
},
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\"overall_method\": \"overall =
round((accuracy + fluency +
tone_style) / 3, 2)\",

↪→
↪→
\"winner\": \"A_or_B_or_Tie\",
\"rationale\": {

\"key_differences\": [\"...\"],
\"summary\": \"Brief explanation\"

},
\"confidence\": 0.0

}
"
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