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Abstract

We describe our submission to the WMT26
Low-Resource Arabic-Asian Language Trans-
lation shared task covering ten translation direc-
tions between Arabic and five Asian languages.
Our central question is whether a post-hoc con-
troller can improve translation quality beyond
a fine-tuned backbone without modifying any
model weight. For the five into-Arabic direc-
tions, our primary system jointly fine-tunes
facebook/nllb-200-3.3B on all source lan-
guages and augments it at inference time with
per-direction NTK-Mirror controllers (fewer
than 6K parameters per direction) that rescale
frozen transformer output channels. For the
five from-Arabic directions, the backbone is
QWEN2.5-7B-INSTRUCT adapted via QLoRA,
likewise augmented with NTK-Mirror. In the
official evaluation, our system ranked first
on Bengali- and Indonesian-to-Arabic, second
on Hindi- and Urdu-to-Arabic, and third on
English-to-Arabic, placing in the top three on
all five into-Arabic directions. Post-submission
analysis indicates that the weaker from-Arabic
results stem primarily from a model-selection
decision at submission time.

1 Introduction

Parameter-efficient fine-tuning (PEFT) has become
the dominant paradigm for adapting large pre-
trained models to low-resource machine transla-
tion. Methods such as LoRA (Hu et al., 2022)
and QLoRA (Dettmers et al., 2023) inject trainable
low-rank matrices into a frozen backbone, yield-
ing strong MT performance at a fraction of full
fine-tuning cost. Yet LoRA still introduces tens
of millions of trainable parameters per adapter, far
more than the task data can reliably support in the
smallest low-resource settings, where each direc-
tion provides only ≈ 20 k sentence pairs.

We investigate a complementary question: can
a post-hoc controller improve MT quality beyond
a fine-tuned backbone, with no further gradient

flow through backbone weights? The controller we
study, NTK-Mirror,1 learns one scalar for each of
a few thousand selected (layer, channel) pairs and
multiplies the corresponding frozen-layer output
channel by its exponential. It is fitted only after
the backbone’s weights are set – fine-tuned and
frozen for NLLB, or pretrained and frozen prior to
the LoRA update for Qwen – so adapting a new
direction never touches a backbone weight. Our
answer is affirmative: on our strongest backbone
NTK-Mirror delivers consistent BLEU gains for a
parameter budget roughly 8,000× smaller than that
of a LoRA adapter.

Our system, FARABI, exploits three comple-
mentary strategies: (1) joint multilingual fine-
tuning of NLLB-200 on all five into-Arabic di-
rections, and QLoRA fine-tuning of QWEN2.5-
7B-INSTRUCT for from-Arabic; (2) NTK-Mirror
controllers trained post-hoc on frozen backbone
representations to correct systematic representa-
tion biases with negligible parameter overhead; and
(3) a retrieval-augmented second-pass adapter, sub-
mitted as a contrastive system for from-Arabic.

Our work makes three contributions:
• We fine-tune two backbone models (NLLB-

200, Qwen2.5-7B) under different low-
resource adaptation settings to produce MT
systems for ten Arabic–Asian directions.

• We evaluate NTK-Mirror as a parameter-
minimal post-hoc controller for low-resource
MT, adding only ≈5K trainable gate scalars
over frozen backbone representations.

• We report both successful into-Arabic results
and a negative from-Arabic model-selection
finding, showing that direction-specific archi-
tecture choice can dominate the benefit of
lightweight adaptation.

The paper is organised around three questions,
examined separately for each half of the task:

1https://github.com/leochlon/ntkmirror

https://github.com/leochlon/ntkmirror
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(1) does a post-hoc channel controller improve on
an already fine-tuned backbone? (2) does a single
multitask model generalise better than per-direction
tuning? and (3) how much of our from-Arabic gap
to the leading systems is attributable to backbone
choice rather than to the adaptation method? Sec-
tions 6.2 and 6.3 take up the first two questions
for into- and from-Arabic respectively, and Sec-
tion 6.4 answers the third with post-submission
experiments.

2 Related Work

Large multilingual LLMs have been applied to
low-resource MT via zero-shot prompting (Vilar
et al., 2023; Zhu et al., 2024) and lightweight
adaptation (Jiao et al., 2023; Xu et al., 2024).
QLoRA (Dettmers et al., 2023) has become the
standard for adapting large models to specialised
tasks with limited data. NTK-Mirror is comple-
mentary to both: it leaves every backbone weight
untouched and instead learns a small set of per-
channel scales on the outputs of frozen layers, re-
quiring no backward pass through those weights.

A conceptually related channel-level interven-
tion is IA3 (Liu et al., 2022), which scales acti-
vations via learned vectors (h̃(l) = h(l) ⊙ l) in-
jected during fine-tuning as a primary adaptation
mechanism. We instead ask whether similar gating
scalars can be optimized post-hoc over frozen back-
bone representations, independently of the primary
adaptation procedure; applying such parameter-
minimal, post-hoc controllers to correct residual
biases in MT is, to our knowledge, novel.

Retrieval-augmented generation for MT dates to
Gu et al. (2018) and has been revisited for LLMs by
Agrawal et al. (2023), whose in-context exemplar
selection our contrastive system follows.

3 Methodology

3.1 Task Description

The WMT26 Low-Resource Arabic-Asian MT
shared task (Laskar et al., 2026) covers ten di-
rections between Arabic and five Asian languages
(English, Hindi, Bengali, Indonesian, Urdu): five
into Arabic and five from Arabic. The official task
codes are 1A–1E for EN/HI/BN/ID/UR→AR and
2A–2E for AR→EN/HI/BN/ID/UR. For readabil-
ity we name directions explicitly throughout the
text and retain the codes only in table row labels.
Each direction provides a 1,500-sentence challenge

test set, evaluated primarily with BLEU (Papineni
et al., 2002) and chrF (Popović, 2015).

3.2 NTK-Mirror Controllers

Motivation. A LoRA-fine-tuned backbone learns
task-specific transformations in the weight space
of individual projection matrices. However, at in-
ference time certain channels in the residual stream
may remain systematically over- or under-active
for a specific translation direction, a residual bias
that low-rank updates cannot fully correct without
overfitting on small data. NTK-Mirror targets this
directly by learning per-channel scales in the out-
put space of frozen layers. No backbone weight
is modified: the intervention is a multiplicative
mask applied at activation time, leaving the model
bit-for-bit identical between directions.

Method. Let hl,t ∈ RD be the output hidden
state at layer l and token position t. NTK-Mirror
introduces a log-gate scalar sl,c ∈ R for each se-
lected (layer, channel) pair and applies:

h′
l,t,c = esl,c · hl,t,c (1)

The exponential parameterisation preserves sign
structure and keeps the optimisation landscape
smooth; sl,c=0 (identity) is the natural initialisa-
tion. Figure 1 illustrates how the two adaptation
mechanisms interact within a single transformer
layer.

Gate selection. Training all L×D gates
(28×4096≈115k for Qwen2.5-7B) introduces
a risk of overfitting on 20 k sentence pairs. We
therefore restrict to the top-G most informative
gates. Gate importance is scored by mean acti-
vation magnitude on a held-out subset, avoiding
the added cost and numerical instability of a full
backward pass through the frozen backbone. The
top G=5000 gates by this criterion are retained;
all others remain fixed at zero.

Parameter efficiency. Table 1 places NTK-
Mirror in context. 5 000 scalars is roughly 8,000×
fewer parameters than the QLoRA adapter, yet
the method requires no additional backward pass
through backbone layers.

Joint application with LoRA (Qwen only). For
the Qwen backbone, which is adapted via LoRA
rather than by updating its own weights, the NTK-
Mirror controller is trained on the raw, pre-LoRA
frozen backbone, not on the LoRA-merged weights,
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Source sentence

hl

Self-Attn (frozen W )

+

FFN (frozen W )

h′
l,c = esl,c · hl,c

hl+1

LoRA (BA)

Figure 1: One transformer layer showing the
Qwen+QLoRA+NTK-Mirror system. Frozen weights
W (blue, 4-bit NF4 quantised) are unchanged through-
out. QLoRA adapters A, B (orange, rank 16, the low-
rank BA update shown in the box) are trained in stage 1.
NTK-Mirror gates sl,c (green) are trained post-hoc in
stage 2 on the raw frozen backbone and applied jointly
at inference. For the NLLB into-Arabic system the
LoRA branch is absent; NTK-Mirror gates are applied
directly to the fine-tuned frozen backbone.

Method Trainable % of model

Full fine-tuning 7 B 100%
QLoRA (ours) ≈40 M 0.9%
NTK-Mirror (ours) ≈5 K <0.001%
QLoRA + NTK-Mirror ≈40 M + 5 K 0.9%

Table 1: Trainable parameter counts per adaptation
method. NTK-Mirror is trained separately on the frozen
backbone, either alone (NLLB) or alongside a LoRA
adapter applied at inference (Qwen).

so that gate scores reflect the backbone’s intrinsic
representation geometry; at inference, the LoRA
adapter and NTK-Mirror gates are applied together.
NLLB has no LoRA adapter, so its controller is
instead trained directly on the already fine-tuned
frozen backbone (Section 4.1).

4 System Description

The shared task accepts one PRIMARY submission
per direction together with two contrastive sub-
missions, C1 and C2; only the primary is ranked.
Table 2 records which system we placed in each
slot for each direction, and the subsections below
describe those systems in turn.

FARABI uses two backbones. Into-
Arabic primary and C1 systems use
facebook/nllb-200-3.3B (Costa-jussà et al.,
2022), a seq2seq model with strong multilingual

coverage; from-Arabic uses QWEN2.5-7B-
INSTRUCT (Hui et al., 2024), an instruction-tuned
LLM with broad Arabic/Asian script coverage. In
both cases, per-direction NTK-Mirror controllers
are trained post-hoc and applied at inference
alongside the direction-specific adaptation – on the
fine-tuned backbone directly for NLLB, or on the
raw pre-LoRA backbone jointly with the LoRA
adapter for Qwen (Section 3.2).

Slot Description

PRIMARY All five into-Arabic directions: NLLB-
200 jointly fine-tuned on all five + per-
direction NTK-Mirror controller. AR→EN,
AR→ID: Qwen2.5-7B-Instruct QLoRA +
NTK-Mirror. AR→HI, AR→BN, AR→UR:
NLLB-200 zero-shot, selected by COMET-
QE on the challenge test set.

C1 Into-Arabic: NLLB-200 fine-tuned (no
NTK-Mirror). From-Arabic: Qwen2.5-7B-
Instruct QLoRA only (no NTK-Mirror).

C2 Into-Arabic: Qwen2.5-7B-Instruct +
QLoRA adapter. From-Arabic: Retrieval-
augmented second-pass adapter with hybrid
BM25+E5 retrieval (top-k=2), Section 4.4.

Table 2: Submitted system variants. All Qwen-based
systems use Qwen2.5-7B-Instruct with 4-bit QLoRA.

4.1 Into-Arabic Primary: NLLB-200
Fine-Tuned + NTK-Mirror

We jointly fine-tune NLLB-200 on the official train-
ing pairs for all five into-Arabic directions (≈102 k
sentences: EN, HI, BN, ID, UR → AR). Joint train-
ing allows the model to share multilingual repre-
sentations while maintaining a single deployment
checkpoint; we observed consistent improvements
across all directions compared to single-pair mod-
els (see Section 6.2). Training details are in Sec-
tion 5.

After fine-tuning, per-direction NTK-Mirror
controllers (G=5000 gates) are trained on the
frozen fine-tuned model and applied at inference,
producing the submitted FARABI-PRIMARY for
all five into-Arabic directions. The NLLB fine-
tuned model without controllers is submitted as
FARABI-C1 for into-Arabic. FARABI-C2 for
into-Arabic is the Qwen2.5-7B+QLoRA system.

4.2 From-Arabic C1: QLoRA Baseline

The backbone is loaded in 4-bit NF4 quantisation
with double quantisation and bfloat16 compute
dtype. LoRA adapters (r=16, α=32, dropout 0.05)
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are applied to all seven projection matrices in ev-
ery transformer block, yielding ≈40 M trainable
parameters atop the frozen backbone. Training de-
tails are deferred to Section 5. A direction-specific
instruction prompt is prepended to each example:

You are a machine translation system.
Translate faithfully from {src} to {tgt}.
Return only the translation in {tgt},
with no explanation. Output ONLY {script}
script.

Source ({src}): {text}
Translation ({tgt}):

We also train a multitask adapter on all ten di-
rections jointly for comparison (Section 6.3).

4.3 From-Arabic Primary: QLoRA +
NTK-Mirror

For from-Arabic, our primary submission extends
the C1 QLoRA adapter with the NTK-Mirror
controller. A per-direction controller (G=5000
gates) is trained on the raw frozen Qwen backbone
(without the LoRA adapter merged) and applied
jointly with LoRA at inference. This system is our
FARABI-PRIMARY for AR→EN and AR→ID.
For AR→HI, AR→BN and AR→UR, a reference-
free COMET-QE (quality estimation, no reference
translation needed) comparison on the challenge
test set showed an NLLB-200 zero-shot baseline
outperforming the Qwen system, so those predic-
tions were adopted as primary instead — a decision
we revisit in Section 6.4.

4.4 C2: Retrieval-Augmented Second Pass
FARABI-C2 extends the C1 adapter with a two-
stage retrieval-augmented SFT pipeline drawn from
Agrawal et al. (2023).

Hybrid retrieval. We build a retrieval index over
the training corpus combining BM25 (Robertson
et al., 1994) (weight 0.4) and a dense encoder,
intfloat/multilingual-e5-base (Wang et al.,
2022) (weight 0.6). The final score is restricted
to the same language pair to avoid cross-lingual
noise.

Second-pass SFT. Starting from the C1 check-
point, each training example is augmented with
the top-k=2 retrieved parallel examples injected
as in-context exemplars. A 25% retrieval-dropout
rate during training improves robustness to retrieval
failure at test time.

AbstentionTrainer. The second-pass loss is com-
puted by a custom AbstentionTrainer intended to

discourage fluent-but-unfaithful output. It down-
weights (factor 0.1) any in-batch sample whose per-
token cross-entropy exceeds the 80th percentile,
and amplifies the loss (×2.0) on synthetic negatives
built by corrupting reference translations with hallu-
cinated numbers, wrong names or omitted content.
At inference, per-token mean log-probability acts
as a confidence proxy: candidates below −1.5 trig-
ger a retrieval-retry, and a post-generation checker
verifies numeric tokens and hashtags. We describe
this component because it was part of the submitted
C2 system, but we did not ablate it separately and
therefore make no claim about its individual con-
tribution; the C2 numbers reported in Section 6.3
reflect retrieval and abstention jointly.

5 Experimental Setup

5.1 Data
The official dataset (Laskar et al., 2026) provides
approximately 20 000–21 000 training sentence
pairs per language pair, with development and de-
vtest sets of ≈ 1 000 and 500 sentences respectively
(Table 3). No external data was used beyond the
official corpus.

Language Pair Train Dev / Devtest

Ar–En 21,000 1,000 / 500
Ar–Hi 20,100 ≈1,000 / 500
Ar–Bn 20,500 ≈1,000 / 500
Ar–Id 20,400 ≈1,000 / 500
Ar–Ur 20,300 ≈1,000 / 500

Table 3: Training corpus sizes per language pair (both
directions use the same aligned corpus).

5.2 Evaluation
We evaluate on the official devtest set (500 sen-
tences per direction) using sacrebleu (Post, 2018)
for BLEU (tokenisation: 13a for non-Arabic
targets, intl otherwise) and unbabel-comet
(Unbabel/wmt22-comet-da) for neural evaluation.
Reference-free COMET-QE (Rei et al., 2022)
(Unbabel/wmt22-cometkiwi-da) was used for fi-
nal system selection on the 1,500-sentence chal-
lenge test set, where no references were available.
All experiments ran on two NVIDIA RTX 6000
Ada GPUs (48 GB each).

5.3 Training Details
NLLB-200. Training uses lr=2×10−5, effective
batch size 32 (physical batch 2 × gradient accu-
mulation 16), bfloat16 precision, 5 epochs, and
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BLEU-based checkpoint selection. Post-hoc NTK-
Mirror controllers are optimised with AdamW for
240 steps at lr=5×10−3.

Qwen2.5-7B. QLoRA training uses AdamW
(fused), a cosine learning-rate schedule, warmup ra-
tio 0.03, peak lr=1×10−4, weight decay 0.01, gra-
dient clipping at 1.0, and gradient checkpointing.
Effective batch size is 32. We train for 3 epochs
with sequence length capped at 1 536 tokens. For
the retrieval C2 system, we continue training for
1 epoch at lr=10−4 (max sequence length 1 792
tokens).

6 Results

Full devtest scores appear in Appendix Tables 6
and 7.

6.1 Official Primary Results

Table 4 reports the official challenge-test leader-
board results for the FARABI primary submission.
FARABI ranked in the top three for all five into-
Arabic tasks, including first place on BN→AR and
ID→AR. Conversely, it was substantially weaker
on most from-Arabic tasks. The two halves there-
fore warrant separate treatment, which the next two
subsections give them; Section 6.4 then shows that
the from-Arabic gap largely reflects the submitted
backbone and fine-tuning choices.

6.2 Into-Arabic Systems

Joint vs. per-direction fine-tuning. Fine-tuning
NLLB-200 jointly on all five into-Arabic directions
improved consistently over single-direction models
on every metric, which is why the joint checkpoint
serves as the baseline for everything that follows.

NTK-Mirror on the joint backbone (submitted
primary). NTK-Mirror provides modest but con-
sistent gains on this backbone. BLEU improves
by +0.2 to +0.6 across all five directions (e.g.,
20.53 to 21.04 on EN→AR), chrF2 improves con-
sistently across all directions (+0.5 to +0.7), and
COMET shows modest gains (+0.3 to +0.7). A
paired-bootstrap significance analysis (sacrebleu,
1 000 resamples) on an independently retained
run that reproduces the C1 baseline scores found
significant NTK-Mirror improvements for four
of five directions (EN→AR p=0.008, BN→AR
p=0.036, ID→AR p=0.006, UR→AR p=0.008);
HI→AR was positive but not significant (p=0.082).
In an independent gate-count sensitivity run

(G ∈ {500, 1 000, 2 500, 5 000, 10 000, 20 000}
on EN→AR, Appendix Table 8) shows little sen-
sitivity to G within that pass: the G=5000 setting
(20.62 BLEU) is effectively tied with that pass’s
own no-controller baseline (20.64), and BLEU
stays within this narrow band across the whole
range. We therefore treat G=5000 as a reasonable
fixed operating point rather than a tuned optimum.

A Qwen backbone for comparison (C2). As a
contrastive check we applied the same controller
to a Qwen+QLoRA backbone on the same five
directions. Unlike the NLLB primary, the ef-
fect here is small and direction-dependent rather
than consistently positive. Earlier devtest runs
for EN→AR and UR→AR inadvertently used the
from-Arabic test set (a direction mismatch in the
scoring script); corrected into-Arabic evaluations
are reported in Table 6. After correction, NTK-
Mirror is near-neutral on EN→AR (−0.40 BLEU,
+0.11 chrF2, +0.32 COMET) and shows small con-
sistent gains on UR→AR (+0.45 BLEU, +0.43
chrF2, +0.42 COMET). For HI→AR the gain is
small (+0.23 BLEU), while for BN→AR the con-
troller slightly decreases BLEU (−0.47). Across all
five directions the NLLB-FT primary outperforms
the Qwen+NTK ablation on COMET (e.g., 87.88
vs. 86.92 on EN→AR), suggesting the NLLB back-
bone produces more semantically faithful output
even where the two are comparable on BLEU.

6.3 From-Arabic Systems

Multitask vs. per-direction adapters. A single
QLoRA adapter trained jointly on all ten direc-
tions beats per-direction adapters on all five from-
Arabic directions (+2.27 to +5.56 BLEU), sug-
gesting that joint multilingual training is beneficial
in this setting. At submission time we had trained
NTK-Mirror controllers only on the per-direction
adapters, so this configuration was not submitted
as primary and was evaluated on devtest only.

NTK-Mirror on the Qwen adapter (submit-
ted primary for AR→EN and AR→ID). NTK-
Mirror adds +0.08 BLEU on AR→EN and +3.85
BLEU on AR→ID, consistent with the utility of
per-direction channel scaling when the underlying
adapter is itself direction-specific.

Prompt template. The prompt of Section 4.2
was not tuned per direction; it is identical across all
five from-Arabic directions apart from the language
names and script warning. A check on AR→EN
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Task Direction Rank Teams BLEU chrF2 TER↓ COMET∗ EmbSim† ∆BLEU↓ Best team

1A EN→AR 3 9 20.57 53.34 69.45 84.04 85.03 1.88 NLP-IIT Patna
1B HI→AR 2 8 18.62 51.53 72.01 83.44 84.30 1.24 NLP-IIT Patna
1C BN→AR 1 6 17.93 50.73 72.71 83.04 84.03 0.00 FARABI
1D ID→AR 1 4 18.72 51.24 71.70 83.39 84.23 0.00 FARABI
1E UR→AR 2 6 18.32 50.94 72.29 83.26 84.18 0.68 NLP-IIT Patna

2A AR→EN 9 10 22.76 54.79 70.31 80.47 79.15 11.08 OpenBracket
2B AR→HI 10 10 21.84 47.20 68.20 68.73 83.55 7.44 NLP-IIT Patna
2C AR→BN 7 7 10.86 44.76 80.07 77.12 81.16 6.24 NERDS-NITS
2D AR→ID 3 4 23.95 56.65 67.75 83.75 84.50 6.57 NERDS-NITS
2E AR→UR 5 6 18.31 44.63 71.81 74.01 81.37 7.59 SLPG_FJWU

Table 4: Official primary-submission results for FARABI on the WMT26 challenge test set (Laskar et al., 2026).
∆BLEU = gap to the best primary system. ∗COMET reported on 0–100 scale by the official evaluator. †EmbSim =
mBERT cosine similarity. Bold rank = first place.

and AR→ID (Appendix Table 9) shows that re-
moving its output-format constraints costs 15–20
BLEU, so the constraints are necessary rather than
cosmetic.

Retrieval augmentation (C2). Retrieval aug-
mentation (oracle2) helps AR→BN and AR→UR
by up to 6 BLEU but hurts AR→ID (−7.3 BLEU).
We hypothesize, without direct verification, that
the AR→ID training corpus has lower sentence-
level similarity to test inputs than the other four
directions, so the 25% retrieval-dropout rate did
not prevent misleading retrieved context; we leave
a per-direction retrieval-quality analysis to future
work.

6.4 Diagnosing the From-Arabic Gap
The from-Arabic results in Table 4 admit two expla-
nations: either post-hoc channel gating fails out of
Arabic, or the backbones we submitted were simply
the wrong ones. To separate the two, we repeated
the into-Arabic recipe on the other half of the task
after the deadline, jointly fine-tuning NLLB-200
on all five from-Arabic directions (≈102 k sentence
pairs) and training per-direction NTK-Mirror con-
trollers on top.

Table 5 supports the second explanation. Joint
from-Arabic fine-tuning improves over the submit-
ted primary on all five directions: +3.7 BLEU on
AR→EN, +5.2 on AR→HI, +4.9 on AR→BN,
+2.9 on AR→ID and +6.6 on AR→UR. COMET
improves by 3.2–11.2 points, with the largest gain
on AR→UR (74.01 → 80.18) and on AR→HI,
where the zero-shot primary was worst (68.73 →
72.97). On AR→ID the fine-tuned model exceeds

2Oracle: retrieval is drawn from a test-time reference-
parallel index and is not a deployable configuration.

even the best submitted system on COMET (85.67
vs. 84.11). Adding NTK-Mirror on top changes
little in either direction (<0.5 BLEU everywhere),
suggesting that its effect depends on the backbone
and adaptation regime rather than being uniform
across configurations. The from-Arabic weakness
in the official results therefore appears to stem
primarily from model selection. Fine-tuning on
∼100 k sentence pairs of the official data substan-
tially narrows the gap to the top systems indepen-
dently of the adaptation method, though we note
that these devtest figures are compared against
challenge-test figures for the submitted and best
systems, so the margins are indicative rather than
exact.

7 Discussion

Parameter-minimal adaptation is viable.
Fewer than 6K log-gate scalars trained post-hoc on
a frozen backbone provide a parameter-minimal
refinement with negligible additional trainable
parameters. On the jointly fine-tuned NLLB
into-Arabic backbone, NTK-Mirror yields con-
sistent BLEU gains across all five directions,
with improvements statistically significant in
four of five directions in our paired-bootstrap
analysis. Results on other backbone and adaptation
configurations are more direction-dependent,
indicating that the controller’s benefit depends on
the underlying adaptation regime.

Architecture alignment matters as much as
adaptation method. The official leaderboard
shows a sharp asymmetry: into-Arabic (NLLB-
200+NTK-Mirror) took two first-place, two second-
place and one third-place result, while from-Arabic
was substantially weaker for a concrete reason —
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System BLEU chrF2 COMET∗

AR→EN
Submitted (Qwen+NTK) 22.76 54.79 80.47
Best submitted system 33.83 59.72 82.49
NLLB-FT (post-sub.) 26.47 54.19 83.69
NLLB-FT+NTK (post-sub.) 26.51 54.45 83.73
AR→HI
Submitted (NLLB zero-shot) 21.84 47.20 68.73
Best submitted system 29.28 54.73 72.34
NLLB-FT (post-sub.) 27.05 52.60 72.97
NLLB-FT+NTK (post-sub.) 26.20 51.85 72.84

AR→BN
Submitted (NLLB zero-shot) 10.86 44.76 77.12
Best submitted system 17.10 51.83 78.69
NLLB-FT (post-sub.) 15.72 51.06 80.85
NLLB-FT+NTK (post-sub.) 15.88 50.49 80.48

AR→ID
Submitted (Qwen+NTK) 23.95 56.65 83.75
Best submitted system 30.51 59.82 84.11
NLLB-FT (post-sub.) 26.84 57.67 85.67
NLLB-FT+NTK (post-sub.) 26.28 57.18 85.39

AR→UR
Submitted (NLLB zero-shot) 18.31 44.63 74.01
Best submitted system 25.89 51.06 76.26
NLLB-FT (post-sub.) 24.88 50.37 80.18
NLLB-FT+NTK (post-sub.) 24.95 50.34 80.06

Table 5: Post-submission from-Arabic analysis. Sub-
mitted and best-system rows are official challenge-test
scores (Laskar et al., 2026); NLLB-FT rows are 500-
sentence devtest scores. Bold = best post-submission
devtest score per direction. ∗COMET on 0–100 scale.

for AR→HI, AR→BN and AR→UR the submitted
primary was a zero-shot NLLB-200 model with no
from-Arabic supervision at all. Section 6.4 quan-
tifies what that choice cost: the post-submission
jointly fine-tuned NLLB system improves over the
submitted primary by +2.9 to +6.6 BLEU and
3.2–11.2 COMET across all five directions. Taken
together, the two halves suggest that picking a back-
bone already aligned with the target direction mat-
tered more than any of the lightweight components
we layered on top of it.

8 Conclusion

We presented FARABI, a multi-system submis-
sion to the WMT26 Low-Resource Arabic-Asian
Machine Translation shared task. Our primary
contribution is an empirical study of NTK-Mirror
controllers as a post-hoc, parameter-minimal com-
plement to standard MT fine-tuning. Our jointly
fine-tuned NLLB-200 system, augmented with per-
direction NTK-Mirror controllers, achieved two
first-place, two second-place, and one third-place
results across the five into-Arabic directions; with
fewer than 6K trainable scalars, the controller it-
self delivers consistent but modest BLEU gains

on top of that backbone (+0.2–0.6 across all five
directions). For from-Arabic, NTK-Mirror com-
plements Qwen2.5-7B-Instruct with QLoRA, with
gains that are smaller and direction-dependent.
Across both halves of the task, backbone selec-
tion and fine-tuning – not the post-hoc controller
– remain the dominant factor in translation qual-
ity; NTK-Mirror is best understood as a parameter-
minimal refinement whose benefit depends on the
underlying backbone and adaptation regime, rather
than a substitute for strong backbone adaptation.
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A Full Devtest Ablation Results

Table 6 reports devtest scores for all system variants described in the paper, including C2 (retrieval-
augmented), multitask, and NTK-Mirror configurations.

Sub-task System BLEU chrF TER METEOR COMET Submission

Into Arabic: Qwen2.5-7B+QLoRA C2 ablation (submitted primary/C1 were NLLB-200; see Table 7)

1A EN→AR Qwen+QLoRA 16.93 50.95 74.52 36.57 86.60 C2
Qwen+QLoRA+Retrieval 15.65 48.69 77.54 33.54 85.20 –
Qwen+NTK 16.53 51.06 74.39 — 86.92 –

1B HI→AR Qwen+QLoRA 12.46 46.19 82.35 30.19 83.90 C2
Qwen+QLoRA+Retrieval 12.59 44.77 83.79 28.66 83.10 –
Qwen+NTK 12.69 44.64 84.22 28.56 83.00 –

1C BN→AR Qwen+QLoRA 12.59 45.97 81.60 29.93 84.20 C2
Qwen+QLoRA+Retrieval 11.86 44.15 85.39 27.54 83.20 –
Qwen+NTK 12.12 44.07 86.09 28.41 82.80 –

1D ID→AR Qwen+QLoRA 11.69 45.01 85.46 27.68 84.40 C2
Qwen+QLoRA+Retrieval 10.12 39.53 88.33 24.48 78.40 –
Qwen+NTK 12.13 44.66 85.57 28.74 83.50 –

1E UR→AR Qwen+QLoRA 11.10 44.99 87.64 28.04 84.70 C2
Qwen+QLoRA+Retrieval 11.85 44.28 85.47 27.83 83.90 –
Qwen+NTK 11.55 45.42 84.53 — 85.12 –

From Arabic

2A AR→EN Multitask QLoRA 26.57 56.81 65.05 49.65 83.40 –
QLoRA (C1) 24.30 56.04 69.07 47.31 83.10 C1
QLoRA + Retrieval (C2) 23.00 50.38 72.39 43.17 78.40 C2
QLoRA + NTK-Mirror (Primary) 24.38 55.84 67.32 47.09 83.30 Primary

2B AR→HI Multitask QLoRA 19.56 45.53 76.66 39.75 65.20 –
QLoRA (C1) 14.79 38.86 78.44 33.78 61.70 C1
QLoRA + Retrieval (C2) 18.31 41.71 77.42 35.88 61.80 C2
QLoRA + NTK-Mirror 18.96 45.66 76.89 39.42 66.40 –
NLLB-200 zero-shot† – – – – – Primary

2C AR→BN Multitask QLoRA 14.17 40.64 81.41 30.04 72.60 –
QLoRA (C1) 8.61 37.52 87.41 22.47 68.10 C1
QLoRA + Retrieval (C2, oracle) 14.68 47.90 80.31 33.47 76.50 C2
QLoRA + NTK-Mirror 11.07 44.73 85.17 28.27 74.70 –
NLLB-200 zero-shot† – – – – – Primary

2D AR→ID Multitask QLoRA 21.09 46.98 73.94 43.68 76.30 –
QLoRA (C1) 17.69 43.88 76.22 39.31 74.60 C1
QLoRA + Retrieval (C2) 10.40 30.78 83.95 27.27 61.80 C2
QLoRA + NTK-Mirror (Primary) 21.54 47.19 72.75 43.88 77.00 Primary

2E AR→UR Multitask QLoRA 21.16 47.32 73.52 43.72 76.30 –
QLoRA (C1) 17.95 44.06 75.42 39.46 74.90 C1
QLoRA + Retrieval (C2, oracle) 20.94 46.93 72.26 42.88 76.00 C2
QLoRA + NTK-Mirror 20.76 46.91 72.82 42.92 77.00 –
NLLB-200 zero-shot† – – – – – Primary

Table 6: Full devtest ablation results (500 sentences). Bold = best score per sub-task. COMET on 0–100 scale.
†NLLB-200 zero-shot was the actual primary submission for AR→HI, AR→BN and AR→UR; devtest scores were
not computed pre-submission. The 1A and 1E Qwen+NTK rows previously showed from-Arabic evaluation scores
due to a test-set mismatch in the scoring script; corrected into-Arabic scores are now reported. Rows marked oracle
use test-time reference retrieval and are not deployable configurations.

B Devtest Results: All System Variants

Table 7 reports devtest BLEU, chrF, TER, and COMET for all submitted and post-submission systems.
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Direction System n-gram Neural

BLEU chrF TER COMET

Into Arabic (Task 1): NLLB-200 jointly fine-tuned (submitted systems)

1A EN→AR NLLB-FT (C1) 20.53 53.95 69.90 87.17
NLLB-FT+NTK (Primary) 21.04 54.62 67.56 87.88

1B HI→AR NLLB-FT (C1) 18.42 52.06 71.68 85.70
NLLB-FT+NTK (Primary) 18.63 52.64 69.97 86.25

1C BN→AR NLLB-FT (C1) 18.02 51.74 71.49 85.76
NLLB-FT+NTK (Primary) 18.36 52.45 70.87 86.31

1D ID→AR NLLB-FT (C1) 18.72 51.98 71.88 85.43
NLLB-FT+NTK (Primary) 19.37 52.61 69.81 86.00

1E UR→AR NLLB-FT (C1) 17.80 51.31 71.92 86.57
NLLB-FT+NTK (Primary) 18.30 51.81 70.36 86.99

Into Arabic (Task 1): Qwen2.5-7B+QLoRA contrastive ablation (C2)

1A EN→AR Qwen+QLoRA 16.93 50.95 74.52 86.60
Qwen+NTK 16.53 51.06 74.39 86.92

1B HI→AR Qwen+QLoRA 12.46 46.19 82.35 83.90
Qwen+NTK 12.69 44.64 84.22 83.00

1C BN→AR Qwen+QLoRA 12.59 45.97 81.60 84.20
Qwen+NTK 12.12 44.07 86.09 82.80

1D ID→AR Qwen+QLoRA 11.69 45.01 85.46 84.40
Qwen+NTK 12.13 44.66 85.57 83.50

1E UR→AR Qwen+QLoRA 11.10 44.99 87.64 84.70
Qwen+NTK 11.55 45.42 84.53 85.12

From Arabic (Task 2): Qwen2.5-7B+QLoRA submitted systems

2A AR→EN QLoRA (C1) 24.30 56.04 69.07 83.10
QLoRA+NTK (Primary) 24.38 55.84 67.32 83.30

2B AR→HI QLoRA (C1)† 14.79 38.86 78.44 61.70
2C AR→BN QLoRA (C1)† 8.61 37.52 87.41 68.10
2D AR→ID QLoRA (C1) 17.69 43.88 76.22 74.60

QLoRA+NTK (Primary) 21.54 47.19 72.75 77.00
2E AR→UR QLoRA (C1)† 17.95 44.06 75.42 74.90

From Arabic (Task 2): NLLB-200 fine-tuned post-submission

2A AR→EN NLLB-FT 26.47 54.19 – 83.69
NLLB-FT+NTK 26.51 54.45 – 83.73

2B AR→HI NLLB-FT 27.05 52.60 – 72.97
NLLB-FT+NTK 26.20 51.85 – 72.84

2C AR→BN NLLB-FT 15.72 51.06 – 80.85
NLLB-FT+NTK 15.88 50.49 – 80.48

2D AR→ID NLLB-FT 26.84 57.67 – 85.67
NLLB-FT+NTK 26.28 57.18 – 85.39

2E AR→UR NLLB-FT 24.88 50.37 – 80.18
NLLB-FT+NTK 24.95 50.34 – 80.06

Table 7: Devtest results (500 sentences per direction). Bold = best per direction within each system block. COMET
on 0–100 scale. †NLLB-200 zero-shot was selected as primary for AR→HI, AR→BN and AR→UR.

C Gate-Count and Prompt Ablations
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G BLEU chrF2 COMET

500 20.47 52.27 87.42
1 000 20.54 51.97 87.41
2 500 20.66 53.30 87.38
5 000 (used) 20.62 51.54 87.34
10 000 20.57 52.23 87.37
20 000 20.77 52.34 87.20

no controller 20.64 52.72 87.47

Table 8: Gate-count (G) sensitivity, NLLB EN→AR devtest, run as a separate evaluation pass; absolute values
differ slightly from the primary devtest figures in Table 7. Performance is broadly stable across G=500–20,000; the
G=5,000 operating point is effectively tied with this pass’s own no-controller baseline (20.62 vs. 20.64 BLEU).

Sub-task Prompt BLEU COMET

2A AR→EN Full (production) 24.40 83.08
Minimal (no format constraints) 5.87 66.68

2D AR→ID Full (production) 25.15 85.47
Minimal (no format constraints) 8.76 75.63

Table 9: Prompt ablation, Qwen+QLoRA (C1) devtest. The minimal prompt drops the explanation ban, script
warning, and formatting-preservation line, keeping only a bare translation request.

The minimal prompt used for Table 9, shown here in full for comparison against the production prompt
in Section 4.2:

Translate from {src} to {tgt}: {text}
{tgt}:
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