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Abstract

Synthetic data augmentation, especially back-
translation with Large Language Models
(LLMs), has become a standard strategy
for low-resource Neural Machine Translation
(NMT). However, jointly training on synthetic
and authentic data may suffer from conflicts.
We propose GRADient Rectification based
on Authentic Data (GRAD), an asymmetric
gradient-level framework that treats authentic
parallel data as an Authentic Anchor, and
rectifies conflicting synthetic updates through
orthogonal projection while preserving non-
conflicting components. Furthermore, we lever-
age gradients of multiple authentic batch for
comparison and use the most similar one for
gradient rectification to alleviate information
loss with the synthetic data. Experiments on six
low-resource pairs across three LLM families
(Qwen, Gemma, Llama) and different scales
(4B/8B) show that GRAD consistently outper-
forms supervised fine-tuning, back-translation,
and multi-stage baselines. Notably, on the
lowest-resource En-Kk pair, GRAD achieves
the highest COMET (83.65) among all eval-
uated systems. Further analysis shows that
synthetic-induced gradient conflicts are local-
ized, and parameter-wise rectification substan-
tially outperforms global-wise rectification.

1 Introduction

Recent Large Language Models (LLMs) have
substantially advanced Neural Machine Transla-
tion (NMT), enabling remarkable improvements
in fluency, contextual understanding, and multilin-
gual generalization (Brown et al., 2020; OpenAl
et al., 2024; Yang et al., 2025; Team et al., 2025;
Grattafiori et al., 2024). Despite these advances,
the effectiveness of NMT systems remains heavily
dependent on high-quality parallel corpora, which
are often scarce, domain-restricted, or noisy in low-
resource settings (Koehn and Knowles, 2017; Gu
et al., 2018). Improving translation quality under

limited supervision therefore remains a fundamen-
tal challenge in multilingual NLP.

To alleviate data scarcity, synthetic data aug-
mentation has become a standard strategy for low-
resource NMT. Back-Translation (BT) (Sennrich
et al., 2016; He et al., 2020) leverages target-side
monolingual data to generate synthetic parallel cor-
pora, and recent work has further improved syn-
thetic data quality and diversity by using LLMs
as translators (Wang et al., 2023; Jiao et al., 2023;
de Gibert et al., 2025; Zebaze et al., 2025; Yang
and Nicolai, 2023). However, scaling up synthetic
data does not necessarily improve translation qual-
ity and may even degrade the performance (Edunov
et al., 2018; Jiao et al., 2021; Arif, 2025; Ahmadi
etal., 2025). Although LLM-generated translations
are fluent, they may contain hallucinations, omis-
sions, and semantic inconsistencies—errors that are
particularly harmful when authentic supervision is
already scarce.

When synthetic and authentic data are mixed
during training, their gradients may pull model pa-
rameters toward conflicting optimization directions:
authentic data primarily enforces semantic faithful-
ness, while noisy synthetic data may encourage
stylistic fluency or even semantically incorrect gen-
eration patterns. Existing approaches address this
through data-level interventions—quality filtering,
curriculum learning, or multi-stage fine-tuning. But
they cannot dynamically determine, at the parame-
ter level, whether a synthetic update is semantically
beneficial or harmful during training.

In this work, we revisit low-resource back-
translation from the perspective of gradient geom-
etry. We hypothesize that conflicts between syn-
thetic and authentic supervision are reflected in the
alignment between their gradients, and that authen-
tic data should serve as a strict Authentic Anchor
that rectifies unreliable synthetic updates. Based on
this insight, we propose GRADient Rectification
based on Authentic Data (GRAD), an asymmetric
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Figure 1: The overall architecture and training pipeline of our GRAD framework. Stage 1 (Top): Heterogeneous
data preparation, where back-translated synthetic data and authentic parallel corpora are collected and filtered. Stage
2 (Bottom): GRAD training iteration at step ¢, illustrating the process of gradient computation (g, and gpa),
optimal authentic gradient anchor selection, and parameter updating with the rectified gradient g¢;pqi-

optimization framework as illustrated in Figure 1.
At each training step, GRAD computes gradients
of both synthetic and authentic batches and mea-
sures their cosine similarity. When the gradients
align, GRAD combines them to enrich the learn-
ing signal; when they conflict, GRAD projects the
synthetic gradient onto the subspace orthogonal to
the authentic gradient, removing only the conflict-
ing component while preserving non-conflicting
information.

Unlike symmetric gradient manipulation meth-
ods in multi-task learning (Yu et al., 2020; Wang
et al., 2020), GRAD is fundamentally asymmet-
ric: it does not treat synthetic and authentic data
as equally reliable supervision sources, but in-
stead anchors optimization to authentic supervision
throughout training. We further show that synthetic-
induced gradient conflicts are highly localized in
the parameter space: fine-grained parameter-wise
rectification consistently outperforms global and
module-level strategies, indicating that conflicts
emerge in specific optimization regions rather than
uniformly across the model.

We conduct extensive experiments on six low-
resource language pairs spanning Turkic, Indo-
European, and Afro-Asiatic languages. GRAD con-
sistently outperforms supervised fine-tuning, back-

translation, and multi-stage training baselines, and
remains competitive against dedicated multilingual
MT systems. Notably, on the lowest-resource En-
Kk task, GRAD obtains the best COMET (83.65)
among all compared systems. Further analysis re-
veals that batches triggering negative gradient simi-
larity frequently contain hallucinations, suggesting
that gradient disagreement implicitly captures un-
reliability in synthetic supervision. GRAD also
generalizes across LLM families (Qwen, Gemma,
Llama).
Our main contributions are as follows:

* We propose GRAD, an asymmetric gradient
rectification framework that treats authentic
parallel data as an Authentic Anchor, and
dynamically filters harmful synthetic updates
during low-resource NMT training.

* We propose to compare the gradients of multi-
ple authentic batches with the gradient of the
synthetic batch, and to use the most similar
one to reduce the potential information loss.

* We show that synthetic-induced gradient con-
flicts are highly localized in the parameter
space, and that fine-grained parameter-wise
rectification consistently outperforms global
and module-level strategies.
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* Extensive experiments across six low-
resource language pairs, three LLM families
and two model scales demonstrate that GRAD
consistently improves translation quality,
attains the best performance on average and
on the lowest-resource En-Kk task compared
to baselines.

2  Our Method

2.1 Problem Formulation

We fine-tune a model My using two distinct
datasets: the Synthetic Back-Translation Dataset
Dy, and the Authentic Parallel Dataset D).

At each training step ¢, we sample a synthetic
batch By, and an authentic batch By, and com-
pute their gradients independently:

8syn = VO»C(Bsyn)y (1)

Spar = VGL(Bpar)~ (2)

Our goal is to leverage the diversity and fluency
benefits of synthetic back-translation data with-
out interfering the optimization direction induced
by authentic parallel data. i.e., authentic gradient
serves as a reliable optimization anchor, while the
synthetic gradient provides complementary learn-
ing signals.

To measure the geometric consistency between
the two gradients, we compute their cosine similar-

ity:

p= Cos(gsww gpar)- 3)

Note that parameters are NOT updated during
gradient computation, ensuring that all gradients
lie in the same tangent space.

2.2 GRADient Rectification based on
Authentic Data

We dynamically modulate the update vector g finai
according to the alignment between the synthetic
gradient g, and the authentic anchor gradient

Spar-

Case 1: Signal Enrichment (p > 0). When the
gradients are positively aligned, the synthetic data
is considered consistent with the authentic opti-
mization direction. In this case, we directly com-
bine the two gradients to enrich the learning signal:

gfinal = Bsyn + Spar “4)

Case 2: Conflict Rectification (p < 0). A neg-
ative cosine similarity indicates that the synthetic
gradient conflicts with the authentic optimization
direction. To preserve the reliable semantic sig-
nal from authentic data, we remove the conflicting
component of g, by projecting it onto the sub-
space orthogonal to g

gsyn . gpar
TR &)
Igpar| 2 =

And the final update direction is:

1
8syn = Bsyn —

8final = gi_yn + Spar (6)

Geometrically, the rectified gradient removes
the component that directly opposes the authentic
optimization direction while preserving the non-
conflicting information carried by synthetic data.

2.3 Multi-Reference Gradient Rectification

A single authentic batch as the optimization anchor
may not fully reflect beneficial optimization direc-
tions. To reduce the information loss of synthetic
batches due to the variance of authentic batches, we
extend GRAD to a multi-reference setting by sam-
pling multiple authentic batches at each training
step.

Specifically, for one synthetic batch B, we

sample a set of & authentic batches { B,()Q,.}le and
independently compute their gradients:

gj(oia)r _ VOE(BZ(JQT), ied{l,....;k}. (7

We then compute the cosine similarity between
the synthetic gradient and each authentic gradient:

pi = cos(&syn, 8\ )- (8)

Instead of treating all authentic gradients equally,
GRAD dynamically selects the most relevant au-
thentic anchor of the highest similarity:

j = arg DaX p;. 9

The selected authentic gradient g]()fl)r is subse-
quently used as the anchor gradient in the rectifica-
tion process described in Section 2.2.

This strategy allows GRAD to dynamically iden-
tify the authentic batch whose optimization direc-
tion is most compatible with the current synthetic
signal, thereby alleviating information loss while
resolving gradient conflicts.
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ISO Language Script Family

en English Latin Indo-European
ar Arabic Arabic Afro-Asiatic

nl Dutch Latin Indo-European
tr Turkish Latin Turkic

kk Kazakh Cyrillic  Turkic

ro Romanian  Latin Indo-European
gu Gujarati Gujarati  Indo-European

Table 1: Overview of the evaluated languages, including
scripts and language families.

Language Syn Size Retention Rate Par Origin Par Size
En-Gu 672K 67.32% WMTI19 10K
En-Kk 571K 57.16% WMT19 91K
En-Tr 629K 62.95% WMT17 207K
En-N1 737K 73.71% IWSLT17 237K
En-Ar 294K 29.47% IWSLT17 250K
En-Ro 816K 81.64% WMT16 608K

Table 2: Statistics of the synthetic back-translation data
and authentic parallel data. Syn Size denotes the number
of synthetic sentence pairs retained after filtering, while
Retention Rate reports the corresponding proportion
relative to the initial 1M monolingual sentences. Par
Origin and Par Size indicate the data source and the
number of authentic parallel sentence pairs used for the
translation direction respectively.

3 Experiments

3.1 Data

We conduct experiments on six English-centric
translation directions covering a typologically di-
verse set of target languages. As summarized in
Table 1, these languages span multiple language
families, including Indo-European, Turkic, and
Afro-Asiatic, as well as distinct writing systems
such as Latin, Cyrillic, Arabic, and Gujarati. This
diversity allows us to evaluate the robustness of
our framework under different morphological and
orthographic conditions.

Back-Translation via LLM Following the back-
translation paradigm, we adopted Qwen3-8B to
construct synthetic parallel data (Dsy,,). For each
translation direction, we sampled 1M monolingual
sentences on the target side from NewsCrawl and
back-translated them into English using the LLM.
To mitigate the risk of low-quality synthetic signals,
we employed COMETKiwi-22 (Rei et al., 2022b)
as a quality filter and discarded sentence pairs with
quality scores below 7 = 0.82.

Parallel Data We collected 6 publicly available
low-resource parallel corpora (<1M sentence pairs)

from previous WMT (En — Gu, Kk, Tr, Ro) and
IWSLT (En — NI, Ar) shared tasks.

The statistics of the resulted dataset are shown
in Table 2.

3.2 Setup

Training Setup We adopted Qwen3-8B as the
backbone model for our main experiments and fine-
tuned it with LoRA (Hu et al., 2022) using a rank of
r = 256. LoRA was applied to both the attention
and MLP layers. We used the Adam optimizer with
B = (0.9,0.98), ¢ = 1077, without weight decay,
and employing a constant learning rate of 1 x 107>,
The models were fine-tuned using the BFloat16
mixed precision. For both synthetic and parallel
datasets, we applied the same length constraint and
retained only sentence pairs of at most 256 tokens.
The effective batch size was 3072 target tokens
facilitated via gradient accumulation. All models
were trained for 100K steps. For GRAD, we set
the number of authentic references to k = 4.

Evaluation We used a beam size of 4 for decod-
ing with the best-performing model on the valida-
tion set saved in an interval of 1500 training steps.
We evaluated with tokenized BLEU implemented
by the sacreBLEU toolkit (Post, 2018) and the
COMET-22 score (Rei et al., 2022a). The signature
for BLEU was nrefs:1|case:mixed|eff:no]

tok:none|smooth:exp|version:2.5.1 for all
language pairs except En-Ar, for which we used
the FLORES-200 tokenizer (tok: flores200) with
otherwise identical settings. For COMET, we used
the Unbabel/wmt22-comet-da model across all
language pairs. we used the official validation and
test sets from WMT and IWSLT corresponding to
each language pair.

Models for Comparison We compare our
method against three categories: General-purpose
LILMs including Gemma-3-4B-it (Team et al.,
2025), Llama-3.1-8B-Instruct (Grattafiori et al.,
2024), LLaMAX3-8B-Alpaca (Lu et al., 2024) and
Aya-Expanse-8B (Dang et al., 2024). Dedicated
MMT Models, including GemmaX2-28-9B (Cui
et al., 2025) and Hunyuan-MT-7B (Zheng et al.,
2025).

3.3 Overall Performance

Table 3 reports translation performance across six
low-resource language pairs. Our GRAD frame-
work achieves the highest average BLEU (28.94)
and COMET (86.32) among systems evaluated on
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Models En-Gu En-Kk En-Tr En-NI En-Ar En-Ro Avg
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
Gemma-3-4B-it 25.75 83.75 4.52 69.55  20.95 86.28 3145 85.28  18.09 82.17  36.12 87.83 2281 82.48
Llama-3.1-8B-Instruct 20.32 74.37 4.99 72.84 2097 85.02  33.05 85.64 16.61 80.04 3553 87.52 2191 80.91
LLaMAX3-8B-Alpaca 23.31 78.78 6.58 79.21 17.61 84.49  30.17 8395 16.09 7935 3239 8597 21.03 81.96
Aya-expanse-8B - - - - 2411 88.06  32.70 86.42  20.28 83.35 37.83 89.15 - -
Hunyuan-MT-7B 20.56 86.40 0.61 52.09 2276 90.25  21.07 85.61 1481 84.71 31.80 89.17  18.60 81.37
GemmaX2-28-9B - - - - 3079 89.77 3492 87.37  20.90 83.54 - - - -
Qwen3-8B Zero-Shot 19.14 79.49 4.85 7332 20.29 8577  30.90 8497 17.10 81.62 3321 86.72  20.92 81.98
Qwen3-8B SFT 19.21 78.49 2.17 67.91  24.01 8824 3550 86.38  22.85 83.52  36.55 88.92 2338 82.24
Qwen3-8B BT 29.12 85.08 1023 82.17  29.05 88.73 3529 86.56  23.09 83.60  40.38 88.75 21.86 85.82

Ours (Qwen3-8B + GRAD)  29.98 85.64 1191 83.65 29.79

89.07

36.03

86.79

23.39

83.76

42.55

88.98

28.94

86.32

Table 3: BLEU and COMET scores on six language pairs. Bold indicates the best result, and underline indicates the
second best. “—” denotes language pairs not supported by the model. Average performances are only computed for

systems evaluated on all six pairs.

all six pairs, demonstrating that explicit gradient-
level rectification of synthetic and authentic super-
vision is a more effective training paradigm than
conventional data mixing or sequential fine-tuning.

GRAD vs. SFT: avoiding low-resource collapse.
Standard SFT performs poorly in extremely low-
resource settings. On En-Kk, SFT obtains only
2.17 BLEU, which are even lower than the zero-
shot baseline (4.85), indicating severe overfitting to
the limited authentic data. GRAD instead reaches
11.91 BLEU and 83.65 COMET, and delivers a
similar BLEU gain on En-Gu (29.98 vs. 19.21).
This shows that GRAD effectively leverages large-
scale synthetic data while maintaining stable opti-
mization under scarce parallel supervision.

GRAD vs. BT: consistent gains across all pairs.
Compared to standard back-translation, GRAD im-
proves both BLEU and COMET on all the six lan-
guage pairs, with the largest gains on En-Ro (+2.17
BLEU) and En-Kk (+1.68 BLEU / +1.48 COMET).
The improvements span Turkic (Kazakh, Turkish),
Indo-European (Romanian, Dutch, Gujarati), and
Afro-Asiatic (Arabic) languages, suggesting that
gradient-level coordination robustly adapts to het-
erogeneous synthetic supervision regardless of lan-
guage family or writing system.

GRAD vs. dedicated MT systems. Despite only
using the general Qwen3-8B model, GRAD re-
mains highly competitive against strong translation-
oriented baselines. It obtains the highest BLEU on
five of six language pairs (En-Gu, En-Kk, En-NI,
En-Ar, and En-Ro), and the second-best BLEU
on En-Tr (29.79 vs. GemmaX2-28-9B’s 30.79).
On COMET, GRAD achieves the best scores on
the most challenging En-Kk task (83.65), where
all dedicated MT systems struggle: LLaMAX3-
8B-Alpaca reaches only 79.21 and Hunyuan-MT-

7B collapses to 52.09. On the remaining lan-
guage pairs, GRAD ranks consistently among
the top systems while specialized baselines ex-
hibit unbalanced behavior: Hunyuan-MT-7B, for
instance, achieves the highest COMET on four
tasks but collapses on En-Kk (0.61 BLEU / 52.09
COMET). This contrast suggests that resolving syn-
thetic—authentic optimization conflicts may mat-
ter more for low-resource translation than scaling
model sizes or multilingual pre-training alone.

3.4 Generalization across Model Families and
Sizes

To verify that GRAD’s effectiveness is not specific
to the Qwen3-8B model, we further evaluated it
on two alternative LLM backbones: Gemma-3-4B-
it and Llama-3.1-8B-Instruct. Table 4 shows the
results on the low-resource En-Kk and medium-
resource En-Ro tasks.

GRAD consistently improves over BT across all
settings. Across both backbones and both lan-
guage pairs, GRAD outperforms standard back-
translation on both BLEU and COMET metrics.
On En-Kk, GRAD improves Gemma-3-4B-it by
+1.16 BLEU / +1.98 COMET and Llama-3.1-8B-
Instruct by +0.60 BLEU / +0.75 COMET. On En-
Ro, both backbones gain +2.16 BLEU, with Llama-
3.1-8B-Instruct additionally reaching the highest
COMET score of 89.20. All these results together
with the Qwen3 results in Table 3, indicate that
gradient-level coordination between synthetic and
authentic supervision generalizes across distinct
tokenizers, pretraining corpora, and post-training
recipes.

SFT instability further highlights the value of
GRAD. A notable observation is that on the ex-
tremely low-resource En-Kk task, SFT even under

16193



Gemma-3-4B-it

| Llama-3.1-8B-Instruct

En-Kk En-Ro | En-Kk En-Ro
Methods BLEU COMET BLEU COMET | BLEU COMET BLEU COMET
Zero-Shot 4.52 69.55 36.12 87.83 4.99 72.84 35.53 87.52
SFT 2.74 69.75 36.74 89.03 1.80 67.37 36.06 88.94
BT 11.17 83.06 40.57 88.19 10.26 82.51 40.27 88.90
Ours (GRAD) 12.33 85.04 42.73 88.97 10.86 83.26 42.43 89.20

Table 4: Generalization of GRAD across different model architectures. GRAD consistently improves over standard
back-translation on both low-resource and medium-resource translation tasks.

En-Gu En-Tr
Granularity BLEU COMET | BLEU COMET
Global-level 29.11 85.36 28.85 88.71
LoRA-level 29.87 85.48 29.49 88.94
Parameter-wise ~ 29.98 85.53 29.79 89.07

Table 5: Effect of gradient rectification granularity.
Finer-grained projection consistently improves perfor-
mance, suggesting that optimization conflicts induced
by synthetic data are highly localized within the param-
eter space.

performs the Zero-Shot baseline with both Gemma
(2.74 vs. 4.52 BLEU) and Llama (1.80 vs. 4.99
BLEU). This indicates that directly fine-tuning on
a small authentic corpus can collapse the model’s
pretrained translation ability, whereas GRAD re-
mains robust by anchoring optimization to authen-
tic supervision while preserving the diversity of
synthetic data. The contrast suggests that the ben-
efits of GRAD stem not merely from access to
more data, but from explicitly coordinating hetero-
geneous supervision through gradient geometry—a
property that transfers across backbone families.

4 Analysis

We analyze why gradient rectification works after
verifying the GRAD’s effectiveness across LLMs.

4.1 Granularity of Gradient Rectification

A key design choice in GRAD is the granularity
at which gradient conflicts are measured and recti-
fied. Since synthetic-induced conflicts may not be
uniformly distributed across the parameter space,
we compare three rectification strategies: Global-
level, which concatenates all trainable gradients
into a single vector and performs one unified projec-
tion, LoRA-level, which computes similarity and
projection independently for each LoRA adapter
module, and Parameter-wise, which operates inde-

pendently one very parameter tensor for the finest-
grained rectification.

Table 5 shows that finer-grained rectification
consistently yields better translation quality. Mov-
ing from Global-level to LoRA-level brings the
largest jump (e.g., +0.76 BLEU on En-Gu and
+0.64 BLEU on En-Tr), indicating that gradient
conflicts already exhibit strong structural local-
ity at the adapter-module level. Parameter-wise
rectification further improves over LoRA-level on
both language pairs and achieves the best BLEU
(29.98/29.79) and COMET (85.53/89.07) scores,
suggesting that conflicting and beneficial signals
can coexist even within the same LoRA module.

This suggests that gradient conflicts induced by
synthetic supervision are highly localized rather
than globally consistent. Globally projecting the
entire synthetic gradient risks over-suppressing
beneficial signals in unrelated regions, whereas
parameter-wise projection isolates only the conflict-
ing components while preserving useful synthetic
information. This indicates that the effectiveness
of GRAD stems not merely from gradient projec-
tion itself, but from accurately identifying where
conflicts emerge in the parameter space.

4.2 Ablation Study

To better understand which components drive the
performance gains of GRAD, we conduct ablation
experiments on En-Kk, En-Tr, and En-Ro, cov-
ering the full resource spectrum from extremely
low-resource (En-Kk), through medium-resource
(En-Tr), to relatively high-resource (En-Ro). This
pairing allows us to verify whether each component
of GRAD remains effective across different super-
vision conditions. Results are shown in Table 6.

Single-Source Training. We first compare
against supervised fine-tuning using only authen-
tic parallel data (SFT Parallel Only) or only syn-
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En-Kk | En-Tr | En-Ro
Methods BLEU COMET ‘ BLEU COMET ‘ BLEU COMET
SFT (Parallel Only) 2.17 6791 24.01 88.24 36.55 88.92
SFT (Synthetic Only) 10.54 82.71 28.08 88.03 40.89 88.24
Two-Stage (Syn — Par) 4.69 76.89 26.75 88.70 38.95 88.82
PCGrad 10.38 82.98 28.62 88.07 40.08 88.70
GRAD (Full) 11.91 83.65 29.79 89.07 42.55 88.98

Table 6: Ablation results on English-Kazakh (En-Kk), English-Turkish (En-Tr), and English-Romanian (En-Ro)

(4)

translation tasks, covering low-, medium-, and high-resource regimes. PCGrad uses ggqr solely for gradient
projection without adding it to the final gradient for parameter update. Bold numbers indicate the best results, and
underlined numbers indicate the second best results for each language pair.

thetic back-translation data (SFT Synthetic Only).
Parallel-only training performs poorly, especially
on En-Kk (2.17 BLEU), confirming that the lim-
ited authentic corpus alone is insufficient for robust
translation. Synthetic-only training substantially
improves BLEU and COMET, demonstrating the
value of large-scale synthetic supervision, yet it
remains consistently suboptimal compared with
GRAD across all three language pairs. This obser-
vation motivates GRAD’s core design, leveraging
the richness of synthetic data while anchoring opti-
mization to authentic supervision.

GRAD vs. Two-Stage Training. We next com-
pare GRAD against the conventional two-stage
strategy (Synthetic — Parallel). GRAD consis-
tently outperforms two-stage training across all
three language pairs (e.g., 11.91 vs. 4.69 BLEU on
En-Kk, 42.55 vs. 38.95 BLEU on En-Ro). Strik-
ingly, on En-Ro, two-stage training even underper-
forms synthetic-only fine-tuning (38.95 vs. 40.89
BLEU), indicating that sequential fine-tuning may
actively harm the model, not merely fails to coor-
dinate the two supervision sources. We attribute
this gap to optimization decoupling: the synthetic
stage absorbs both beneficial diversity and noisy
supervision indiscriminately, and the subsequent
parallel stage cannot identify which synthetic up-
dates were harmful. In contrast, GRAD performs
real-time gradient-level coordination, dynamically
suppresses conflicting synthetic gradients while
preserving constructive ones throughout training.

The Role of Gradient Rectification. To isolate
the effect of conflicting projection itself, we eval-
vate PCGrad (Yu et al., 2020), which uses the
authentic gradient solely as a projection anchor
without adding gz()ﬁ)r to the final update. On the
lower-resource En-Kk and En-Tr tasks, this vari-

ant consistently improves over SFT Synthetic Only

Methods En-Gu | En-Kk | En-Ro
BLEU COMET | BLEU COMET | BLEU COMET

Single-Ref 29.33 8544 | 1069 8298 | 42.08  88.6l

Multi-Ref  29.98  85.64 | 11.91  83.65 | 4255  88.98

Table 7: Effects of using single-reference versus multi-
reference authentic supervision for GRAD.

(+0.27 COMET on En-Kk, +0.54 BLEU on En-Tr),
confirming that orthogonal projection effectively
removes harmful optimization directions when syn-
thetic supervision is noisy. On the higher-resource
En-Ro task, however, projection alone slightly
underperforms synthetic-only training (40.08 vs.
40.89 BLEU), suggesting that when synthetic data
is already relatively reliable, simply suppressing
conflicting components is insufficient to drive fur-
ther gains. The full GRAD framework recovers
and surpasses this gap on En-Ro (42.55 BLEU)
and yields substantially larger improvements on
the other two pairs. This pattern reveals that the
authentic gradient plays a dual role: it not only
filters conflicting synthetic updates as a geometric
constraint, but also directly contributes a reliable
optimization signal to the parameter update. Both
components are necessary—neither rectification
alone nor anchor injection alone fully captures the
benefits of GRAD, validating our central Authentic-
Anchor hypothesis.

Single-Reference vs Multi-Reference Rectifi-
cation. Table 7 compares GRAD with single-
reference and multi-reference authentic anchors.
Multi-reference supervision consistently improves
translation quality across all three evaluated pairs,
with the largest gain on the low-resource En-Kk
task (+1.22 BLEU, +0.67 COMET). We attribute
this to reduced mini-batch gradient variance: sam-
pling multiple authentic batches and selecting the
most aligned anchor stabilizes the projection direc-
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tion, which is particularly valuable when authentic
data is scarce and individual batches are more sus-
ceptible to noise.

4.3 Case Study: What does Gradient
Similarity Reflect?

To better understand the behavior of gradient align-
ment in GRAD, we conducted a human analysis on
75 randomly sampled training steps with negative
cosine similarity (p < 0) and 75 steps with positive
cosine similarity (p > 0).

Quantitative Insights. Our manual inspection
reveals a clear difference in synthetic data qual-
ity between the two groups. Among the sampled
negative-alignment cases (p < 0), we identify 12
synthetic translations containing clear hallucina-
tions or factual inconsistencies, while only 5 of
such cases are observed in the positive-alignment
group (p > 0). Although the analysis is based on
a limited sample, the trend is consistent across the
inspected cases.

These observations suggest that negative gradi-
ent alignment is more frequently associated with
problematic synthetic supervision signals. In par-
ticular, many negative-alignment examples contain
severe semantic errors, incorrect entity substitu-
tions, or fabricated content that conflicts with the
authentic translation objective.

Qualitative Analysis. Table 8 presents represen-
tative examples illustrating the different behaviors
captured by GRAD.

5 Related Work

Low-resource NMT. Limited parallel data re-
mains a central challenge for low-resource neural
machine translation, driving extensive research on
low-resource settings (Liu et al., 2020; Lin et al.,
2020; Li et al., 2022; Haddow et al., 2022; Yazar
et al., 2023). Data augmentation is a widely used
method for NMT, evolving from back-translation
(Sennrich et al., 2016; He et al., 2020) to LLM-
based synthesis (Wang et al., 2023; Jiao et al., 2023;
OpenAl et al., 2024). While LLMs demonstrate
remarkable fluency via in-context learning (Vilar
et al., 2023; Garcia et al., 2023; Pei et al., 2025;
de Gibert et al., 2025), they inevitably suffer from
hallucinations and semantic drift (Bang et al., 2023;
Jiet al., 2025; Borra et al., 2024). Unlike existing
methods that rely on filtering to discard noisy sam-
ples (Guo et al., 2024; Zhang et al., 2024), we

Category Text and Context Details

Case 1: Negative Alignment (p < 0) — Rectification

Source 1  Kymikritep - 32 kacTarbl HPaHJBIK,
JKOHe OHBIH 0aybIPHL.

Syn BT 1 The victims - a 32-year-old Iranian and his
brother

Source 2 TysicTapbl casgKaiira KeJreHle OJ1
JKep/Jie emKiM 6oIMaIbl.

Syn BT 2  When relatives came to the meadow, there
was no one there.

Analysis  The synthetic translations contain severe fac-

tual and lexical errors. In Example 1, the
back-translation incorrectly changes “sus-
pects’ [Kyaikrismep] * to “victims”, resulting
in a semantic inversion. In Example 2, the
word “dacha” [caszkaiira] is mistranslated
as “meadow”, producing an incorrect mean-
ing. These problematic synthetic signals are
accompanied by negative gradient similar-
ity scores, indicating strong disagreement be-
tween synthetic and authentic optimization
directions. In such cases, GRAD suppresses
the conflicting synthetic update through gra-
dient rectification.

Case 2: Positive Alignment (p > 0) — Enrichment

Source3 By koba aiiMaKTbIH JIAMybIHA YKaHA
cepIriu 6epesi.

Syn BT 3  This project will give a new impetus to the
development of the region.

Analysis  The synthetic translation is fluent and seman-

tically accurate, while preserving the formal
style of the source sentence. In this case, the
synthetic and authentic gradients exhibit pos-
itive alignment, allowing GRAD to retain the
beneficial optimization signal.

Table 8: Case study of synthetic variations captured by
GRAD on the Kazakh—English task. Red text high-
lights hallucinated or incorrect synthetic translations
associated with negative gradient alignment.

propose to leverage synthetic data by explicitly rec-
tifying its semantic deviations, enabling the model
to benefit from synthetic fluency while adhering to
authentic constraints.

Gradient Manipulation. Training on heteroge-
neous data sources resembles Multi-Task Learning
(MTL), where conflicted gradients often lead to
negative transfer (Ruder, 2017). Gradient surgery
techniques, such as PCGrad (Yu et al., 2020), Grad-
Vac (Wang et al., 2020), and others (Zhu et al.,
2025; Limarenko et al., 2026), mitigate this by
projecting gradients to resolve conflicts. However,
these methods operate under a symmetric assump-
tion, treating tasks equivalently. In contrast, our
GRAD is fundamentally asymmetric: we treat the
parallel data as a strict “Authentic Anchor”. We
project synthetic gradients only when they conflict
with the anchor, making our approach uniquely
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suited for aligning noisy synthetic data with high-
quality authentic baselines.

6 Conclusion

We present GRADient Rectification based on Au-
thentic Data (GRAD), an asymmetric gradient-
level optimization framework for low-resource
neural machine translation with back-translation.
Rather than treating synthetic and authentic super-
vision as equally reliable, GRAD uses authentic
parallel data as an Authentic Anchor to dynami-
cally rectify conflicting synthetic updates through
online orthogonal projection, while preserving non-
conflicting components. Furthermore, we leverage
the gradients of multiple authentic batches for the
comparison with the gradient of the synthetic batch,
and use the most similar one to reduce the poten-
tial information loss. Extensive experiments on
six low-resource language pairs demonstrate that
GRAD consistently outperforms supervised fine-
tuning, back-translation, and multi-stage training
baselines, and generalizes across three LLM fam-
ilies (Qwen, Gemma, Llama) and model scales
(4B/8B). Notably, GRAD attains the best COMET
on the lowest-resource En-Kk pair (83.65). Fur-
ther analysis reveals that synthetic-induced gra-
dient conflicts are highly localized in the param-
eter space, and that fine-grained parameter-wise
rectification substantially outperforms global pro-
jection strategies. More broadly, our results sug-
gest that gradient geometry can serve as a general
optimization principle for coordinating heteroge-
neous supervision sources of asymmetric reliability.
We suggest that this perspective may benefit other
synthetic-data-driven domains, such as code gen-
eration and mathematical reasoning, where high-
quality and noisy supervision signals often coexist.

Limitations

Our experiments primarily focus on English-to-X
directions in low-resource settings. While these
scenarios are practically important, the effective-
ness of GRAD in high-resource regimes or many-
to-many translation settings remains under ex-
plored.
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