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Abstract—Low-resource multilingual neural machine trans-
lation is essential for extending language technologies to un-
derserved communities, yet progress remains limited by scarce
parallel data and fragile cross-lingual generalization. Existing
solutions primarily rely on data augmentation or architectural
modifications, which often fail to disentangle semantics from
syntax, leaving noisy representations that degrade translation
quality. We propose Neuron-Distinction-Based Semantic Denois-
ing (NDS), a neuron-level framework that generates semanti-
cally equivalent data via entropy-guided controlled sampling,
compares parallel model activations to identify syntactic-noise
neurons, and prunes them before fine-tuning. Our findings
reveal a functional dissociation between semantic and syntactic
neurons, providing a novel perspective on how large-scale neural
networks encode cross-lingual invariants. Experimental results
demonstrate that NDS bridges the performance gap between low-
and high-resource translation while remaining highly parameter-
efficient.

Index Terms—Interpretable and Explainable AI, Transformer
Networks, Representation & Reasoning, Neural Network Appli-
cations

I. INTRODUCTION

Multilingual neural machine translation (MNMT) mod-
els [1]–[3] enable cross-lingual transfer through shared repre-
sentations, offering parameter efficiency, better transfer across
related languages, and practical scalability.

Despite these benefits, MNMT still struggles in low-
resource settings. Existing augmentation and architectural
strategies often fail to disentangle semantics from syntax,
leading to noisy cross-lingual representations and degraded
translation quality. Recent low-resource MNMT efforts re-
veal persistent limitations: data-centric methods (e.g., back-
translation [1], cross-lingual transfer [2]) incur semantic drift
from synthetic noise; pre-trained models (mBART [3]) conflate
semantics and syntax, propagating noise; and architectural
approaches (adapters [4]) mitigate interference but operate at
coarse granularity. Critically, no method targets neuron-level
noise propagation or enables interpretable pruning without
architectural overhead—a gap that severely compromises low-
resource performance where noise amplification disproportion-
ately dominates behavior.

To address these issues, we introduce Neuron-Distinction-
Based Semantic Denoising (NDS). As shown in Fig. 1,

Fig. 1. The brief flowchart of NDS

NDS (1) expands data via entropy-guided sampling, (2) pre-
trains two identical models on original vs. augmented data,
(3) identifies and prunes syntax-sensitive neurons by activation
comparison, and (4) fine-tunes the pruned model. This neuron-
level intervention improves low-resource robustness without
extra parameters; probing on UD and PAWS-X (Sec. VI) links
functional decoupling to translation gains.

Our contributions are summarized as follows:
• We propose NDS, a neuron-level semantic denoising

framework that improves low-resource MNMT by decou-
pling semantic and syntactic noise.

• We design an entropy-guided controlled sampling mecha-
nism that generates high-quality, semantically equivalent
data and enables precise identification of syntactic-noise
neurons via parallel-model comparisons.

• Extensive experiments show that NDS improves trans-
lation quality without adding parameters and remains
competitive with large language models.

II. RELATED WORK

Prior pruning work mainly targets model compression using
generic importance metrics such as magnitude or gradient
criteria [5], while representation probing focuses on post-hoc
analysis of what models encode. In contrast, NDS is an on-
line, neuron-level semantic purification mechanism: it actively
constructs semantically equivalent inputs and uses dynamic



Fig. 2. The whole training process of the proposed method (NDS).

contrast to isolate syntax-sensitive neurons for pruning. Table I
summarizes the key differences.

Low-resource MNMT and data augmentation. Low-
resource MNMT typically relies on transfer learning and
data-centric strategies such as back-translation or synthetic
parallel data to compensate for limited supervision [1], [2].
Pre-trained multilingual sequence-to-sequence models (e.g.,
mBART) further improve generalization by leveraging large-
scale pretraining [3], yet they can still entangle semantics
and syntax, which makes them sensitive to noisy synthetic
inputs [6]. Our approach complements these lines by explicitly
controlling semantic equivalence during data expansion and
using neuron-level signals to suppress syntactic noise.

Parameter-efficient adaptation and pruning. Adapter-
based methods and related lightweight tuning strategies aim
to reduce task-specific parameters while maintaining perfor-
mance [4]. Pruning methods, in contrast, often focus on com-
pression and speed rather than semantic disentanglement [5].
NDS shares the efficiency motivation but departs by targeting
functional roles of individual neurons using paired, seman-
tically equivalent inputs, which provides a mechanism-level
explanation for performance gains rather than solely reducing
capacity.

Interpretability and probing. Probing studies analyze what
linguistic properties are encoded in representations, typically
via offline classifiers or diagnostic tasks [7], [8]. Our method is
closer in spirit to interpretability work, but it integrates probing
signals into the training loop to actively refine the model. This
bridges analysis and optimization by turning representational
diagnostics into actionable pruning decisions.

TABLE I
COMPARISON WITH RELATED PARADIGMS.

Feature Pruning Probing NDS (Ours)
Core goal Compression Offline analysis Online denoising
Granularity Weights/layers Vectors/statistics Single neurons
Feedback Static

importance
Passive observa-
tion

Dynamic
contrast sets

III. APPROACH

The overview of our Neuron-Distinction-Based Semantic
Denoising (NDS) framework is illustrated in Fig. 2.

Algorithm 1 Neuron-Distinction-Based Semantic Denoising
(NDS)
Require: Original corpus Dori = {(xi,yi)}, reverse model

θ, thresholds ε (entropy) and τ (pruning)
Ensure: Pruned and fine-tuned model M∗

1: Generate semantic equivalents Dsyn via entropy-guided
controlled sampling with θ

2: Initialize two identical models M1,M2

3: Pre-train M1 on Dori and M2 on Dsyn

4: Compute neuron-wise semantic capture rate and impor-
tance I(k) across paired inputs

5: Prune neurons P = {k | I(k) < τ} in the target model
6: Fine-tune the pruned model on Dori to obtain M∗

A. Theoretical Distinction of NDS
Unlike traditional neuron-pruning methods that primarily

target model compression or generic importance metrics (e.g.,
magnitude- or gradient-based pruning) [5], NDS is designed
for semantic purification.

NDS is distinguished by a dynamic contrastive probing
mechanism:

• Decoupling vs. Compression: Conventional pruning
targets redundant neurons to reduce size. NDS targets
interference neurons that propagate syntactic noise, which
hinders language-agnostic generalization.

• Contextual Stability as a Proxy for Semantics: NDS
operationalizes semantic invariance at the neuron level
by using entropy-guided variations as a stress test for
stability across syntactic realizations.

Together, these steps form a closed loop: controlled perturba-
tion, contrastive identification, and targeted pruning of noise
pathways.

B. Semantic Data Expansion
Machine translation is inherently one-to-many: for a tar-

get sentence y, multiple source sentences in Ω(y) can be
semantically equivalent [9]. Training on a single pair (x,y)
underexplores this space and weakens generalization under
syntactic variation [6].

We therefore use entropy-guided controlled sampling to bal-
ance semantic fidelity and syntactic diversity: when confidence



is high (low entropy), decode with argmax; when confidence
is low (high entropy), sample to introduce variation [10].

Given a target sentence y = {y1, . . . , yT } and a pre-trained
reverse translation model θ, we generate a source-language
sentence x = {x1, x2, . . . , xT } token-by-token. At decoding
step t, the sampling strategy is governed by the distribution
steepness H:{

xt ∼ P (· | x<t,y; θ) , if H ≥ ε

xt = argmax (P (· | x<t,y; θ)) , else
(1)

where ε is the steepness threshold, and H is computed as the
conditional entropy of the distribution [11]:

H = −
∑
j

P
(
xj | x<t,y; θ

)
logP

(
xj | x<t,y; θ

)
(2)

where P
(
xj | x<t,y; θ

)
represents the conditional probability

of the j-th word in the vocabulary appearing after the sequence
x<t given the target sentence y.

Expected property of entropy-guided sampling. Let
pt(v) = P (v | x<t,y; θ) and Xt ∼ pt. The expected token
surprisal equals the entropy:

EXt∼pt
[− log pt(Xt)] = −

∑
v

pt(v) log pt(v) = H. (3)

Thus, larger H encourages exploration, while smaller H favors
deterministic decoding. The threshold ε provides a principled
switch between fidelity and diversity.

C. Neuron Similarity Analysis and Pruning

We identify noise neurons via semantic capture rate, i.e.,
activation consistency across semantically equivalent inputs.
Using the original corpus Dori and synthesized set Dsyn, we
pre-train two identical translation models.

For neuron k in layer l, we define its Semantic Capture
Rate (SCR) as the consistency of activations across semanti-
cally equivalent inputs from the paired set Dpair = {(x,x)}:

SCR(k) =
1

|Dpair|
∑

(x,x)∈Dpair

CosSim
(
a
(l)
x,k,a

(l)
x,k

)
(4)

where a
(l)
x,k and a

(l)
x,k are the activations of neuron k at layer

l in the original and augmented models for inputs x and
x, respectively. SCR measures semantic stability: high values
indicate robust semantic encoding, while low values indicate
syntactic sensitivity. Rationale. Cosine similarity is bounded
in [−1, 1], so SCR(k) is a normalized stability score. Consider
a simple decomposition for semantically equivalent inputs:

a
(l)
x,k = sk + nk, a

(l)
x,k = sk + nk, (5)

where sk is the shared semantic component and nk,nk are
zero-mean, isotropic noise with variance σ2. Then, using a
first-order approximation of cosine similarity,

E [CosSim (sk + nk, sk + nk)] ≈
∥sk∥2

∥sk∥2 + σ2
, (6)

which is monotonic in the signal-to-noise ratio. Hence, neu-
rons that consistently encode semantics across equivalent
inputs yield higher SCR, while syntax-sensitive neurons with
large noise components yield lower SCR, justifying its use
as a pruning criterion. Based on semantic capture rates, we
compute neuron importance [12], [13] as:

I(k) = SCR(k) ·
(
1−Var(x,x)

[
∥a(l)x,k∥

])
(7)

where Var measures activation variance across equivalent
inputs, penalizing neurons with unstable magnitudes. Finally,
we prune neurons failing the semantic capture threshold τ :

P = {k | I(k) < τ} (8)

where P is the set of neurons to prune. This targeted pruning
removes syntax-sensitive noise neurons and improves gener-
alization; in practice we prune 30% neurons.

Mechanism hypotheses and evidence. (H1) Entropy-
guided sampling improves equivalent-set quality (A1 drop,
Table VI). (H2) Dual-model SCR better isolates syntax-
sensitive neurons (A2 drop). (H3) SCR+variance pruning
removes syntactic noise rather than semantic signal (PG/SRG
split, Table VIII). (H4) A 30% ratio best balances denoising
and retention (Table VII).

D. Fine-tuning the Pruned Model

After pruning, we fine-tune on Dori with standard trans-
lation objectives (e.g., cross-entropy), adapting cleaner repre-
sentations to the target task [14].

IV. EXPERIMENTS

A. Datasets

We evaluate on WMT-10 [15], [16] and PMIndia [17].
WMT-10 contains 32.5M sentence pairs across 10 language
pairs (En ↔ Fr/Cs/De/Fi/Lv/Et/Ro/Hi/Tr/Gu), spanning mixed
resource levels and typologies. PMIndia is a low-resource
benchmark with 26–53K pairs per direction across nine Indian
languages (bn, gu, hi, ml, mr, kn, or, te, pa). Together they test
NDS under both resource abundance and scarcity. An overview
of the datasets is in Table II. We report three settings: many-to-
English (X → En), English-to-many (En → X), and many-
to-many (X → X).

TABLE II
OVERVIEW OF THE DATASETS.

Dataset X ↔ en
language
families

# sent. per
direction

PMIndia
{bn, gu, hi,
ml, mr, kn,
or, te, pa}

Indo-European,
Dravidian 26-53K

WMT-10
{fr, cs, de,
fi, lv, et, ro,
hi, tr, gu}

Indo-European,
Uralic,
Altaic

0.08-10M



TABLE III
SUMMARY OF TRAINING HYPERPARAMETERS.

Configuration Value

Optimizer Adam (β1 = 0.9, β2 = 0.98)
Learning Rate 4× 10−4 (inverse square-root schedule)
Warm-up Steps 4,000
Label Smoothing 0.1
Dropout Rate 0.1
Batch Size 64k tokens (update freq = 2)
Pruning Ratio 30%
Random Seed 42 (fixed)

B. Model Settings and Preprocessing

All experiments are implemented in FAIRSEQ [18]. We
use SentencePiece [19] with a shared 250K vocabulary, set the
entropy threshold to ε = 2.5 (validation-tuned), and truncate
all inputs/outputs to 256 tokens for consistent comparison
across NMT and LLM baselines.

C. Implementation Details and Reproducibility

To ensure reproducibility, we provide a comprehensive list
of hyperparameters and environmental settings in Table III.

1) Computational Resources and Efficiency: Hardware:
Experiments are conducted on a cluster of 8 × NVIDIA A100
(80GB) GPUs to accommodate the dual-model pre-training
stage. Checkpointing: We validate every epoch and average
the top-5 checkpoints by validation loss.

D. Baselines and Evaluation Metrics

Our method is compared against several representative
baselines: 1) BiNMT [20]: bilingual NMT models trained
separately for each language pair; 2) MNMT [21]: standard
multilingual NMT model trained on all language pairs; 3)
mBART [3]: a 12-layer pre-trained multilingual sequence-
to-sequence model fine-tuned on the translation task; 4)
DeltaLM [22]: a pre-trained multilingual translation model
based on incremental pre-training; 5) mGPT [23]: a large
language model with 1.3B parameters, evaluated using in-
context learning with 5 examples; 6) Qwen3-1.7b and Qwen3-
4b [24], [25]: large language models with 1.7B and 4B
parameters, respectively, evaluated using in-context learning
with five examples. We use BLEU scores as our primary
evaluation metric.

E. Fairness in LLM Comparison

To ensure a rigorous and fair comparison with Large Lan-
guage Models (LLMs), we adopt the 5-shot In-Context Learn-
ing (ICL) paradigm for mGPT [23] and Qwen3 [24], [25].
Prompt template: We use a consistent bilingual instruction
format to guide translation: "Translate the following [Source
Language] text into [Target Language]: [Source Sentence].
Translation: ".

Exemplar selection: The five demonstrations are randomly
sampled from each language pair’s validation set. We report
average BLEU over three random exemplar sets.

Input constraints: For all LLMs, maximum generation
length is 256 and decoding is greedy, reducing variance from
prompt sampling and decoding randomness.

F. Results and Analysis

We evaluate NDS on WMT-10 and PMIndia. Table IV
and Table V show consistent gains with strong parameter
efficiency.

Strong low-resource performance: On PMIndia, NDS
reaches 33.0 BLEU (+2.7 over MNMT). On WMT-10, it
outperforms non-LLM baselines and stays competitive with
larger LLMs, especially on low-resource subsets.

Parameter efficiency: NDS uses far fewer parameters
(242M) than mGPT (1.3B), Qwen3-1.7b (1.7B), and Qwen3-
4b (4B), while matching or surpassing them on several eval-
uated settings.

Robust cross-lingual generalization: NDS remains strong
across typologically diverse pairs and resource levels, indicat-
ing improved transfer.

V. ABLATION STUDY AND SENSITIVITY ANALYSIS

To quantify each component and key hyperparameters, we
run ablations on PMIndia and WMT-10.

A. Component-wise Ablation

We define the following variants:
• A0 (Full NDS): The proposed framework with all com-

ponents.
• A1 (w/o Entropy Sampling, Greedy): Replacing

entropy-guided sampling with simple greedy decoding for
data expansion.

• A2 (Single Model SCR): Computing SCR from paired
inputs (x,x) using a single model, rather than comparing
two parallel models.

• A3 (Augmentation Only): Using expanded data for
training without any neuron pruning.

• A4 (Pruning Only): Applying SCR-based pruning on the
original corpus without data expansion.

• A5 (w/o Variance Term): Pruning neurons based solely
on SCR(k), removing the stability penalty (1 − Var[·])
in (7).

Fairness of A2/A4. All variants use the same backbone,
training budget, and optimizer schedule. For A2, we still use
the paired inputs (x,x) but compute SCR from two forward
passes of the same model (with the same training configuration
as A0), removing only the dual-model comparison while
keeping the data and training cost unchanged. For A4, we
do not train on Dsyn; synthetic pairs are used only to estimate
SCR, and the final fine-tuning is performed on Dori alone.

Analysis of Results: Table VI shows that full NDS (A0)
outperforms all variants under bidirectional averaging. The
A3/A4 gaps indicate that augmentation and pruning are com-
plementary; the larger drop in A2 validates the importance
of dual-model comparison; and A5 confirms that the variance
penalty improves pruning reliability.



TABLE IV
BLEU SCORES OF TRANSLATION TASKS (LEFT: ENGLISH→10 LANGUAGES; RIGHT: 10 LANGUAGES→ENGLISH). AVGhigh DENOTES AVERAGE OF

HIGH-RESOURCE LANGUAGES (FR-ET, 6 LANGUAGES IN TOTAL), AVGlow DENOTES AVERAGE OF LOW-RESOURCE LANGUAGES (RO-GU, 4 LANGUAGES
IN TOTAL). ’*’: MGPT DOES NOT SUPPORT GUJARATI(GU).

En→X test set X→En test set
System #Params Avghigh Avglow Avgall System Avghigh Avglow Avgall

En→1 BiNMT 242M 24.3 14.1 20.2 BiNMT 28.5 17.6 23.0

En→X

MNMT 242M 24.4 16.7 21.3 MNMT 31.7 23.3 26.3
mBART 611M 24.7 17.8 22.0 mBART 32.4 27.0 28.2
DeltaLM 360M 25.6 19.8 23.3 DeltaLM 30.7 28.7 29.9
NDS 242M 27.0 22.6 25.2 NDS 34.8 30.7 33.2

X→X
MNMT 242M 24.5 17.5 21.5 MNMT 30.8 23.8 26.0
mBART 1.2B 24.5 18.1 21.9 NDS 34.4 30.9 33.0
NDS 242M 26.7 22.8 25.1

LLMs
mGPT* 1.3B 25.9 20.1 24.0 mGPT* 33.9 28.0 31.9
Qwen3-1.7b 1.7B 27.2 21.9 25.1 Qwen3-1.7b 35.1 29.1 32.7
Qwen3-4b 4B 28.2 22.1 25.8 Qwen3-4b 35.9 30.0 33.5

TABLE V
BLEU SCORES ON PMINDIA DATASET (ALL LOW-RESOURCE

LANGUAGES)

Model Test Set Avg. (All Directions)
En→X X→En

BiNMT 9.7 13.7 11.7
MNMT 29.3 31.3 30.3
NDS 32.1 33.9 33.0

TABLE VI
ABLATION RESULTS (BLEU) ON PMINDIA AND WMT-10 (AVERAGE

OVER X → En AND En → X ).

Variant PMIndia WMT-10
A0 (Full NDS) 33.0 29.2
A1 (w/o Entropy Sampling) 31.8 (-1.2) 27.5 (-1.7)
A2 (Single Model SCR) 30.9 (-2.1) 26.2 (-3.0)
A3 (Augmentation Only) 31.2 (-1.8) 26.5 (-2.7)
A4 (Pruning Only) 30.4 (-2.6) 25.8 (-3.4)
A5 (w/o Variance Term) 32.1 (-0.9) 27.9 (-1.3)

B. Sensitivity to Pruning Ratio (A6)

We vary pruning ratio r from 10% to 40% (step 10%).
Table VII shows a bell-shaped trend.

TABLE VII
IMPACT OF PRUNING RATIO r ON BLEU (PMINDIA: BIDIRECTIONAL

AVERAGE; WMT-10: X → En AVERAGE).

Ratio r 10% 20% 30% 40%
PMIndia 31.2 32.4 33.0 32.2
WMT-10 30.5 32.1 33.2 31.8

Discussion: At 10%, denoising is insufficient; at 40%,
useful semantic neurons are over-pruned. The peak at 30%
supports our choice.

VI. INTERPRETABILITY: PROBING NEURONAL FUNCTIONS

A core premise of NDS is that SCR-based pruning can ef-
fectively decouple semantic information from syntactic noise.
To rigorously validate this claim and address concerns regard-
ing functional specialization, we conduct probing experiments
following Conneau et al. [7].

A. Experimental Setup

We divide the neurons in the final layer of the encoder
into two distinct functional subsets based on their Semantic
Capture Rate (SCR) from (4):

• Semantic-Rich Group (SRG): The top 30% of neurons
with the highest SCR, which we hypothesize encode
stable language-agnostic meanings.

• Pruned Group (PG): The 30% of neurons with the low-
est SCR, which we hypothesize are sensitive to superficial
syntactic variations.

For each group, we train a linear probe (logistic regression)
on activations to predict linguistic properties, so performance
reflects representation quality rather than probe capacity.

B. Probing Tasks and Datasets

We evaluate two task types across languages:
• Syntactic Probing (Bigram Shift): On UD treebanks,

the probe predicts whether adjacent words were swapped,
measuring sensitivity to local word order.

• Semantic Probing (Paraphrase Identification): On
PAWS-X [26], the probe predicts semantic equivalence
under high lexical overlap, requiring robustness to syn-
tactic traps.

C. Results and Discussion

The results, summarized in Table VIII, provide strong
empirical support for our "semantic denoising" hypothesis.



TABLE VIII
PROBING ACCURACY (%) OF DIFFERENT NEURON SUBSETS ON

SYNTACTIC (BSHIFT) AND SEMANTIC (PAWS-X) TASKS.

Neuron Subset Syntactic Semantic
All Neurons (Baseline) 71.2 72.1
Pruned Group (PG) 81.4 45.2
Semantic-Rich Group (SRG) 52.4 88.7

The Pruned Group (PG) is much stronger on Bigram
Shift (+29% over SRG), indicating syntax sensitivity, while
the Semantic-Rich Group (SRG) is strongest on PAWS-X.
This dissociation supports that NDS removes syntax-sensitive
noise pathways rather than generic low-frequency features.

VII. CONCLUSION

We propose Neuron-Distinction-Based Semantic Denoising
(NDS), a neuron-level framework for low-resource MNMT.
By combining entropy-guided semantic expansion, dual-model
SCR-based pruning, and fine-tuning, NDS decouples semantic
and syntactic information without adding parameters. On
PMIndia, NDS reaches 33.0 BLEU (+2.7 vs. MNMT); on
WMT-10 X → En, it reaches 33.2 BLEU (+6.9 vs. MNMT),
while remaining competitive with much larger LLMs. These
results support neuron-level functional separation as an ef-
fective path for robust low-resource translation and suggest
broader applicability to generation tasks requiring semantic
stability.
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