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Abstract

Large language models (LLMs) exhibit strong
English performance due to its dominance in
pretraining data, yet remain inconsistent across
non-English languages. Existing cross-lingual
alignment methods rely on contrastive objec-
tives that symmetrically perturb English rep-
resentations, inadvertently degrading the pro-
ficiency they use as a reference. We pro-
pose an Optimal Transport (OT) framework
that maps non-English hidden-state distribu-
tions toward English at middle transformer
layers via entropy-regularised Sinkhorn itera-
tions, while an English consistency regularisa-
tion term keeps the alignment anchor stationary.
This asymmetric formulation preserves English
performance by construction. Experiments on
XNLI, XQuAD, and MMMLU show that our
method delivers strong cross-lingual transfer
while successfully avoiding the English perfor-
mance degradation observed in the contrastive
baseline.

1 Introduction

LLMs achieve strong performance across NLP
tasks, yet progress is unevenly distributed across
languages. English dominates pretraining corpora:
92.65% of GPT-3’s tokens and 89.70% of LLaMA-
2’s (Li et al., 2025), causing substantially weaker
performance on non-English languages, with the
gap widening further for low-resource languages
such as Swahili, Urdu, or Yoruba (Ahuja et al.,
2023). Cross-lingual alignment is therefore essen-
tial to bridge this gap, enabling knowledge acquired
in English to transfer effectively to underrepre-
sented languages without retraining from scratch.
One line of work addresses this by cross-lingual
alignment: adapting a model so that semantically
equivalent content across languages maps to nearby
representations, enabling knowledge acquired in
English to transfer to other languages. This ap-
proach has been extensively studied for encoder-
only transformers such as XLM-R (Conneau et al.,
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Figure 1: Conceptual Illustration of Contrastive Learn-
ing approach (a) and our Optimal Transport approach
(b). Contrastive objectives pull all language representa-
tions into a shared space, perturbing the English anchor.
Our asymmetric OT formulation transports non-English
distributions toward a fixed English reference, preserv-
ing English proficiency by construction.

2020) and its variants (Hu et al., 2021), but the
design choices for encoders do not transfer directly
to autoregressive Large Language Models, whose
causal attention and generative training objective
pose different constraints.

Alignment methods designed for LLMs are com-
paratively scarce. Existing approaches rely on con-
trastive representation learning: Liu and Niehues
(2025) apply a contrastive objective at a fixed mid-
dle layer during task-specific fine-tuning, while
Bu et al. (2025) use a language-matching classifier
in a two-stage training framework. Both improve
non-English performance, but because contrastive
objectives pull translation-pair representations to-
gether symmetrically, they inevitably perturb the
English representations used as the alignment ref-
erence, reducing English performance as a side
effect.

We approach cross-lingual alignment through
Optimal Transport (Figure 1): rather than pulling
paired representations together symmetrically, we
frame alignment as a distributional transport prob-
lem that maps non-English hidden states toward
English at middle transformer layers via entropy-
regularised Sinkhorn iterations (Cuturi, 2013),
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keeping the English distribution fixed by construc-

tion. An English consistency regularisation term

stabilises the alignment anchor, and a language
modelling loss preserves generative capacity.

To the best of our knowledge, this is the first
work to formulate cross-lingual alignment specifi-
cally for autoregressive LLMs as an Optimal Trans-
port problem, combining middle-layer targeting
with learnable layer aggregation. Our main contri-
butions are:

* A novel alignment framework that treats cross-
lingual hidden-state transfer as a distributional
transport problem (Section 3).

* A three-component training objective that jointly
facilitates cross-lingual transfer while preserving
English proficiency (Section 3).

 Consistent empirical gains over contrastive base-
line on XNLI (classification), XQuAD (ex-
tractive QA), and competitive performance on
MMMLU (knowledge recall) (Section 4.3).

2 Literature Review

2.1 English-Centric Bias in LLMs and the
Case for Asymmetric Alignment

Modern LLMs are trained on corpora where En-
glish dominates by a large margin, and this im-
balance leaves a structural imprint on how these
models represent language internally. Wendler et al.
(2024) and Etxaniz et al. (2024) show that when
a multilingual LLM processes a non-English in-
put, it does not reason in the input language; it
first converts the input into English-like internal
representations at intermediate layers, then gen-
erates from that English-centric space. In other
words, English is not just the language the model
performs best on; it is the internal language the
model thinks in. Wang et al. (2024) further show
that this English-pivot behaviour is a learned prop-
erty that strengthens with pretraining scale, making
it a deep-seated geometric feature of the model
rather than a surface artifact.

This has a direct implication for alignment de-
sign. Since English representations serve as the
model’s internal pivot for cross-lingual processing,
methods that perturb them risk undermining the
very foundation they align toward. Symmetric con-
trastive objectives, which pull both sides simulta-
neously, are structurally prone to this problem. An
asymmetric formulation; transporting non-English
representations toward a fixed English anchor is
therefore not just preferable but necessary. Opti-

mal Transport provides exactly this property, and it
motivates the core design of our framework.

2.2 Cross-lingual Alignment for
Encoder-based Models

Explicit cross-lingual alignment has been most ex-
tensively studied for encoder-only architectures.
Early frameworks fine-tune mBERT or XLM-R
with explicit objectives on parallel data, ranging
from word-level alignment (Cao et al., 2020) and
multi-granularity objectives covering both word
and sentence levels (Hu et al., 2021), to contrastive
pretraining grounded in mutual information max-
imisation (Chi et al., 2021) and translation ranking
over 6 billion sentence pairs (Feng et al., 2022).
These works collectively establish that encoder rep-
resentations can be meaningfully aligned across
languages through explicit objectives on parallel
data.

Optimal Transport has also appeared in this en-
coder setting. Algahtani et al. (2021) fine-tune
mBERT with Sinkhorn divergence as the align-
ment objective, learning soft token-level correspon-
dences directly from parallel sentences without pre-
collected word pairs. Importantly, they also in-
troduce an English consistency loss that penalises
deviation of the fine-tuned English representations
from the original frozen ones; an early recogni-
tion that OT-based alignment risks drifting the very
anchor it relies on. Our framework extends and
formalises this intuition for autoregressive LLMs,
where the problem is more acute: shared LoRA
parameters mean non-English gradients can indi-
rectly distort the English branch even when the
transport direction is asymmetric by design. OT
has also been applied to cross-lingual semantic
parsing (Sherborne et al., 2023) and cross-lingual
summarisation via Sinkhorn-based knowledge dis-
tillation (Nguyen and Luu, 2022). However, none
of these works address the generative capacity
and causal attention constraints of autoregressive
LLMs.

2.3 Cross-lingual Alignment for
Autoregressive LLMs: Limitations of
Contrastive Approaches

Alignment methods for autoregressive LLMs re-
main scarce. AFP (Li et al., 2024) adds a multilin-
gual contrastive objective on top of cross-lingual
instruction tuning. Liu and Niehues (2025), which
we refer to as MIDALIGN, alternates between task
specific training and a layer-wise contrastive loss
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applied at the middle layer. AlignX (Bu et al.,
2025) performs contrastive learning at the interme-
diate layer alongside a language matching classi-
fier at the output layer, followed by multilingual
instruction fine-tuning to consolidate the alignment.
These methods improve non-English performance
but rely on symmetric contrastive objectives, which
pull translation-pair representations together with-
out an explicit mechanism to protect the English
anchor. This risk perturbs the dominant-language
representations that serve as the alignment refer-
ence. No existing work in this space formulates
cross-lingual alignment for autoregressive LLMs
as a distributional transport problem, leaving the
asymmetric, anchor-preserving formulation unex-
plored.

2.4 Layer Specialisation in Multilingual
Transformers

Not all transformer layers contribute equally to
cross-lingual transfer. Early layers capture surface-
level features that vary sharply across languages;
middle layers encode semantic content in a largely
language-agnostic way; and deep layers specialise
for task-specific patterns tied to English surface
form (Wendler et al., 2024; Wang et al., 2024; Ten-
ney et al., 2019). MIDALIGN confirms this in the
LLM setting, showing that alignment at the middle
layer of Llama yields higher cross-lingual retrieval
accuracy than any other depth (Liu and Niehues,
2025). Middle layers are therefore the natural tar-
get for distributional transport.

3 Methodology
3.1 Problem Setup

Given a parallel corpus of English—other language
sentence pairs (", z°"°T), we fine-tune a pre-
trained LLM using LoRA adapters (Hu et al., 2022).
Each training step performs three forward passes

through the same model: (1) English with LoRA
O]

en,frz

(2) English with LoRA on, producing pD and

en,lora;
(3) the other language with LoRA on, producing
h((]?h . and output logits. The frozen English branch
acts as a fixed distributional anchor: the model
is pulled toward it without modifying it, thereby
preserving English performance throughout train-
ing. The overall training objective combines three

losses:

off (frozen), producing h with no gradients;

L= Liym+ AT LOT + AReg LReg (1)

where L1\ is the standard causal language mod-
elling loss on the other language branch, Lot is
the cross-lingual optimal transport alignment loss,
and Lgeg is an English consistency regularisation
term.

3.2 Cross-lingual Alignment via Optimal
Transport

Layer selection. We apply alignment exclusively
to the middle layers Liia = [|L/4], [3L/4])
of an L-layer transformer. Early layers encode
surface-level token features while final layers are
task-specific; intermediate layers carry semantic
abstractions most amenable to cross-lingual trans-
fer (Tenney et al., 2019). For Llama-3-8B-Instruct
(L=32) this yields layers 8-24.

Token representations. Raw hidden states treat
all positions equally, conflating content tokens with
padding. Let m°*"*" € {0,1}7 and m®" € {0, 1}
denote the attention masks for the other-language
and English branches respectively, where 1" and
S are the respective sequence lengths. For both
branches, non-padding tokens are ¢s-normalised
independently:

h 0
7 () o m?t o hother,i 2
other,i — 6) (2)
H hother,i ”2
and similarly for the frozen English branch:
O]
7 () _ mjn ) hen,j (3)
en?] - l '
(L

Padding positions are excluded by setting their
cost to 2 (the maximum cosine distance) in the
cost matrix. Both branches use uniform marginals
a; = m;)the'r/ Zk mzther and bj — m;zn/ Zk mzn
in the Sinkhorn solver.

Optimal transport alignment. With normalised
representations in hand, we measure the distribu-
tional discrepancy between other language and
English hidden states at layer [ via a cosine cost
matrix (see Optimal Transport background in Ap-
pendix A.1):

1— <}~l(l) A0

CZ(JZ) = other,i’ en,j>7 Cl(jl) € [07 2]'
“)
Padding positions are excluded by setting their
cost to 2. Rather than solving the exact Kan-
torovich linear programme, whose cubic complex-
ity O((T+5)?) is prohibitive for token-level se-

quences computed across multiple layers per step.
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We adopt the entropy-regularised relaxation of Cu-
turi (2013):

TO* — arg min <C(Z),T>F - 5H(T)v &)
Tell(a,b)

solved via log-domain Sinkhorn—Knopp iterations
(see Appendix A.2) at cost O(T'S/<?) per layer.
The layer-wise OT loss is then:

Goyrcd o
Y]

Layer aggregation. Rather than averaging uni-
formly across layers, we introduce a set of learn-
able scalar weights {w; };c, .. and aggregate via a
softmax:

mid

. 7

This allows the model to down-weight layers that
are already well-aligned and focus capacity on
those that benefit most from transport.

3.3 English Consistency Regularisation

To prevent the LoRA update from distorting the
English representations that serve as the alignment
target, we penalise the per-token /5 deviation be-
tween the trainable and frozen English branches at
each middle layer:

£ =

, en,lora(i’ t) - hgl?z,frz (i’ t) H;’ ®)
where M; is the set of non-padding token posi-
tions in sample ¢ and «; are the same learned layer
weights used in LoT. Intuitively, Lot pulls the
other language distribution toward English, while
Lreg keeps the English anchor stationary; together
enforcing asymmetric, one-directional transfer.

3.4 Two-stage Alignment Finetuning Setup

We adopt a two-stage training strategy that decou-
ples task acquisition from cross-lingual transfer,
motivated by the observation that a model must
first possess strong task-solving ability before that
ability can be transferred across languages.

Stage 1 — English Task Fine-tuning. Since OT
alignment anchors other-language representations
to a frozen English branch, the quality of that an-
chor is critical. We fine-tune the top N layers
on English task data, concentrating task-specific
knowledge in the upper layers (Tenney et al., 2019)
while preserving the middle-layer semantics that
Lot relies on in Stage 2.

Stage 2 — Cross-lingual OT Alignment. With
Stage 1 weights frozen, we train LoRA adapters
on bilingual parallel corpora using the combined
objective: Lot pulls other-language middle-layer
representations toward the fixed English anchor,
while Lreg keeps that anchor stationary, enforcing
asymmetric one-directional transfer.

4 Experiments

4.1 Datasets

English Multi-Task Fine-tuning. We fine-tune
the base LLM using Causal Language Modelling
on three English benchmarks: SQuAD 2.0 (Ra-
jpurkar et al., 2018) (QA), SNLI (Bowman et al.,
2015) (NLI), and MMLU (Hendrycks et al., 2021)
(MCQ). Training splits are balanced by truncating
larger datasets to match the smallest one (seed 42).

Cross-lingual Alignment. We align multilingual
representations to English using two parallel cor-
pora: FLORES-200 (Team et al., 2022) (200 lan-
guages, 100% of data) and OPUS-100 (Tiede-
mann, 2012) (100 languages, 10% per language).
This intentionally low-resource setup (=26K sam-
ples/language on average) stress-tests alignment
under data-scarce conditions. Table 1 summarises
the corpus statistics.

Table 1: Alignment corpus statistics.

Statistics FLORES-200 OPUS-100 (10%) Total
Languages 200 100 216
Total samples 215,556 5,329,085 5,564,641
Mean / lang 1,012 60,102 25,762
Median 1,012 97,911 1,012
Min 1,012 63 1,012
Max 1,012 126,722 127,734

Downstream Evaluation. Cross-lingual trans-
fer is assessed on multilingual counterparts of
the English finetuning 1 tasks: XQuAD (Artetxe
et al., 2019) (QA, 12 languages), XNLI (Con-
neau et al., 2018) (NLI, 15 languages), and
MMMLU (Hendrycks et al., 2021) (MCQ, mul-
tiple languages).
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Table 2: Results on Downstream benchmarks (XNLI, XQuAD, MMMLU). Vanilla and MIDALIGN are fine-
tuned directly from Llama3-8B-Instruct. Finetuning serves as the Stage 1 checkpoint for Optimal Transport (OT
(Ours)), which applies cross-lingual alignment in Stage 2 following our two-stage training setup. Bold indicates
best, underline indicates second best; yellow shaded cells denote English and blue shaded cells denote overall
performance. MMMLU provides only 14 non-English locale configurations by design and includes no English split,
since the benchmark measures transfer out of English rather than English proficiency itself.

| XNLI (Acc)
Model | ba- | bg | de | e | en | e | fr | hi | r | sw | th | tr | ur | vi]| zh | Overal
Vanilla 55.03 57.21 61.60 57.68 67.94 60.50 61.14 53.37 58.54 45.83 53.65 54.81 [50.42|57.05|58.54 56.89
Finetuning 65.39 68.68 72.18 67.29 83.25 73.51 73.15 65.63 71.42 55.01 65.15 65.19 |60.10/69.78|70.56 68.42
MIDALIGN| 68.78 71.44 71.98 71.42 78.10 73.17 72.48 66.23 71.24 58.54 67.39 66.79 [60.62/69.46|69.52 69.14
OT (Ours) 67.25 69.88 72.34 67.90 83.41 74.25 7341 66.63 72.30 56.61 66.11 65.41 [62.38/69.56|70.84 69.36

\ XQuAD (FI/EM)
Model | ba | de | e | e | e | hi | ro | w | th | o | vi | zh | Overall
Vanilla 66.1/41.9(69.1/41.8|65.0/32.3|78.6/58.8|72.8/43.5|54.2/23.668.4/43.5|66.1/41.8|67.0/48.9|60.3/29.6|71.6/45.0|43.1/35.8 - 65.2/40.5
Finetuning |44.8/31.2|69.6/53.6|59.1/40.4|83.6/72.5|73.6/55.5|43.1/29.7|74.5/58.7|52.2/35.8|51.4/42.0 |64.0/44.2| 70.9/50.9 | 60.0/53.2 - 62.2/47.3
MIDALIGN| 11.1/8.5 |46.2/37.1|20.0/16.2|73.6/62.2149.1/36.6|13.5/10.8|40.1/32.1|15.7/10.3|15.3/12.4|31.3/23.0|34.6/31.3|15.3/12.9 - 30.5/23.9
OT (Ours) (61.9/43.970.1/54.1|66.9/46.9 |83.4/72.1|75.3/56.9|59.1/42.3|75.5/59.8|59.2/40.9|61.6/53.2|62.9/40.8|72.1/51.0 | 62.9/58.0 - 67.6/51.5

‘ MMMLU (Acc)
Model | AR | BN | DE | ES | FR | HI | ID | IT | JA | KO | PT | SW | YO |ZH |Def| Overall
Vanilla 43.18 25.61 51.35 54.58 53.93 37.20 48.62 52.41 46.10 45.23 53.73 35.19 |28.69(50.50(44.74| 44.74
Finetuning 43.12 25.39 51.98 55.01 54.44 37.12 49.38 52.59 46.42 45.81 53.87 35.37 |28.89|50.95(45.04| 45.03
MIDALIGN| 46.23 26.27 52.76 55.20 54.60 38.50 51.15 53.87 48.50 48.15 54.99 37.19 |27.74|52.27|46.24 46.24
OT (Ours) 44.26 25.59 52.82 55.74 54.56 37.94 50.38 53.66 47.12 46.68 54.99 36.75 |28.52|51.62|45.76| 45.76

4.2 Baselines

All models use Llama-3-8B-Instruct as the back-
bone; as a standard decoder-only transformer with
architecture-agnostic OT objectives operating at
the hidden-state level, findings generalise to other
decoder-only LLMs. Vanilla is the unmodified
lower-bound. Finetuning trains the top [V layers
(N = 8) on English multi-task data (SQuAD 2.0,
SNLI, MMLU), serving as our Stage 1 backbone.
MIDALIGN (Liu and Niehues, 2025), our primary
baseline, alternates task training with Layer 16 con-
trastive alignment. Our Optimal Transport (OT)
comprises Stage 1 (Finetuning checkpoint) and
Stage 2: LoRA-based OT alignment across mid-
dle layers 8-24 (r = 16, a = 32, dropout=0.05)
on bilingual corpora. It optimizes £L = Ly +
AOTﬁOT + )\RegEReg ()\OT = 10, )\Reg = 50)
using Sinkhorn (e = 0.1, 100 iterations). Lastly,
AlignX (Bu et al., 2025) employs continued pre-
training alignment; however, it is omitted from di-
rect comparison because its zero-shot setting lacks
English task fine-tuning, preventing a fair evalu-
ation across benchmarks. All finetuned with 3
epochs, Ir = 2e~°, warmup step = 0.1, linear
scheduling.

4.3 Main Results

Table 2 summarises performance across three
benchmarks.

Optimal Transport achieves strong and con-
sistent cross-lingual transfer. Our method
achieves the best average on XNLI (69.36) and

XQuAD (67.6/51.5), outperforming all baselines.
On MMMLU, it ranks second (45.76), slightly be-
hind MIDALIGN (46.24) by 0.48 points. We at-
tribute this gap to MIDALIGN’s symmetric con-
trastive alignment, which can inadvertently pull
upper-layer representations closer together, benefit-
ing MCQ settings where knowledge retrieval relies
on matching between question and option tokens,
consistent with (Liu and Niehues, 2025) on the role
of intermediate alignment. In contrast, our asym-
metric OT objective restricts alignment to middle
layers while largely avoiding direct perturbation of
upper layers, maintaining strong English and QA
performance at the cost of a minor MCQ trade-off.
Importantly, others either underperform on specific
tasks, show regression on English (MIDALIGN),
or fail to improve cross-lingual transfer beyond the
task-finetuned baseline.

MIDALIGN collapses on extractive QA and de-
grades English. Despite competitive NLI and
MCQ scores, MIDALIGN degrades on XQuAD
(30.5/23.9), falling well below Vanilla (65.2/40.5)—
a drop of over 37 F1 points that eliminates it as a
practical solution. Two limitations may compound
this failure: (1) alternate training isolates alignment
updates from Ly, so the model never learns to
align representations while preserving the span gen-
erative supervision required for token-level span ex-
traction; classification-style tasks remain relatively
unaffected because they do not depend on jointly
optimized generation, whereas QA collapses; and
(2) symmetric contrastive alignment pulls English
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representations toward other languages, directly de-
grading English proficiency (78.10 vs. 83.25 on
XNLI; 73.6/62.2 vs. 83.6/72.5 on XQuAD). This
trade-off limits the applicability of MIDALIGN as
a general-purpose alignment method. Our asym-
metric OT objective and L1, together prevent both
failure modes.

English performance is preserved throughout
alignment. On the English test portions of XNLI
and XQuAD, OT matches or exceeds the Fine-
tuning checkpoint (83.41 vs. 83.25; 83.4/72.1 vs.
83.6/72.5), confirming that Lre, successfully sta-
bilises the English anchor during Stage 2. This
stands in sharp contrast to MIDALIGN, where
cross-lingual gains are purchased at a measurable
cost to English. Among the methods evaluated,
OT is the method that consistently improves cross-
lingual transfer without regressing on English.

Robustness under low-resource conditions.
Operating at ~26K samples per language on aver-
age, Our OT method consistently improves over the
Finetuning baseline across low-resource languages
(sw, ur, yo), further reinforcing that the gains are
not limited to well-resourced languages. Taken
together, the results across all three benchmarks es-
tablish OT as the only method that achieves strong
performance on all task types without sacrificing
English proficiency, a property that neither MI-
DALIGN nor the Finetuning baseline can claim.

4.4 Generalization Beyond Llama Backbone

Backbone Generalization Results. To test
whether our framework generalises beyond Llama-
3-8B-Instruct, we apply the identical two-stage
pipeline, with hyperparameters unchanged (Ao =
10, Ageg = 50, € = 0.1), to Qwen3.5-0.8B*!
(non-thinking mode), a smaller model from a dif-
ferent family with a strong multilingual pretrain-
ing prior. Unlike Llama-3-8B-Instruct’s uniform
transformer stack, Qwen3.5-0.8B*’s L = 24 layers
follow a hybrid pattern: six blocks of three Gated
DeltaNet layers followed by one full-attention layer
(full-attention interval of 4). For Stage 1, we fine-
tune the top N = 4 layers, matching the model’s
native block boundary. For Stage 2, we apply
the same rule L,,;q = [[L/4],|3L/4]], yield-

"Model Card: https://huggingface.co/Qwen/Quen3.
5-0.8B. Unlike Qwen2.5/Qwen3, where the unsuffixed check-
point denotes the base model, Qwen3.5’s unsuffixed check-
point is the instruction-tuned model, released alongside a sep-
arate Qwen3.5-0.8B-Base pretrain-only checkpoint.

ing layers [6, 18]; within this range only layers
8, 12, and 16 are full-attention, the rest being
Gated DeltaNet. We restrict Lor and Lpgey to
these three full-attention layers, as they are archi-
tecturally analogous to Llama-3-8B-Instruct’s self-
attention blocks; the Gated DeltaNet layers carry
a compressed recurrent state rather than token-
level hidden states, and we leave OT alignment
over linear-attention states to future work. Ta-
ble 3 shows consistent gains despite no backbone-
specific tuning: XNLI improves from 52.71 to
55.78, XQuAD from 53.93/43.46 to 54.78/44.56
F1/EM, and MMMLU from 35.47 to 36.91, while
English stays stable (XNLI en: 50.15—51.32).
This confirms asymmetric OT alignment transfers
across backbone families and model scales, with
smaller margins than Llama-3-8B-Instruct likely
reflecting Qwen3.5-0.8B*’s already stronger mul-
tilingual prior and correspondingly less headroom
for improvement.

When English Is Not the Strongest Anchor:
A Cultural-Localization Case Study on Chi-
nese. Chinese is the sole language that re-
gresses under alignment (XNLI zh: 49.12—42.37,;
XQuAD zh F1: 60.35—58.62; MMMLU ZH:
47.22—43.66), even though English itself stays
essentially flat.  Unlike Llama-3-8B-Instruct,
Qwen3.5-0.8B* is already highly competitive
in Chinese—on MMMLU its Chinese accuracy
(47.22)—so Chinese does not sit in a weak, under-
specified region of representation space the way it
does for our main backbone. When a non-English
language already occupies a semantically rich re-
gion, transporting it toward the English anchor
can disrupt its existing structure rather than sup-
ply missing information, yielding a net regression.
This suggests the fixed English-anchor assump-
tion is best suited to languages genuinely under-
represented relative to English, and motivates fu-
ture work on adaptive or language-specific anchors
when a model’s dominant-language prior is not
uniformly English.

S Ablation Study

The three losses operate at different scales: L\ €
(3,8], Lot € [0.2,0.4], and Lgeg € [0.008,0.01].
The coefficients Ao =10 and Areg = 50 normalise
each term to a comparable magnitude, where
AoTLoT and AReg LReg contribute ~25-40% and
~5-10% of Lrm, respectively. They are thus
treated as fixed loss-scale normalizers rather than
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Table 3: Generalisation of our asymmetric OT framework across backbones: results on XNLI, XQuAD, and
MMMLU for Qwen3.5-0.8B before and after OT alignment, compared against Llama3-8B-OT. * denotes the
post-trained (instruction-tuned) checkpoint of each backbone family. Llama3-8B*-OT is the main OT method
reported in Table 2. yellow shaded cells denote English, red shaded cells denote Chinese and blue shaded cells

denote overall performance.

| XNLI (Acc)

Model | ar | bg | de | el fr

| hi | u | tr | ur | i zh || Overall

64.37
65.24
72.34

48.93
50.78
67.90

50.15
51.32
83.41

59.65
64.57
73.41

Qwen3.5-0.8B"
Qwen3.5-0.8B*-0T
Llama3-8B"-OT

42.33
5233
67.25

54.35
59.32
69.88

52.49
57.68
66.63

66.33
68.29
72.30

49.23
50.41
66.11

60.97
63.59
65.41

50.12|41.39 49.12
50.72|44.77 42.37
62.38/69.56 70.84

52.71
55.78
69.36

\ XQuAD (FI/EM)

Model | ar | de | el | en | es | hi | ro

| ru | th | tr | vi zh | | Overall

42.02/33.98
43.12/35.65
66.88/46.89

66.98/64.44
67.89/65.93
83.43/72.10

63.73/42.69
65.43/44.23
75.32/56.89

47.82/36.04
48.93/35.12
59.05/42.27

Qwen3.5-0.8B"
Qwen3.5-0.8B°-0T
Llama3-8B*-OT

49.87/38.72
52.12/39.43
61.93/43.87

52.68/46.22
54.35/45.67
70.05/54.11

61.05/40.47
64.28/43.63
75.46/59.83

34.17/30.92
35.49/31.42
59.19/40.92

51.87/40.23|44.71/39.86
55.65/42.18|45.36/41.05
61.64/53.19|62.93/40.76

51.03/41.65 60.35/51.26 -
56.76/44.81 58.62/49.87 -
72.11/51.01 62.90/57.98 -

53.93/43.46
54.78/44.56
67.60/51.51

[ MMMLU

(Acc)

Model | AR | BN | DE | ES | FR | H | DD

| IT | JA | KO | PT | SW |YO|ZH |Def|| Overall

3245
34.26
52.82

41.66
46.32
55.74

45.12
47.89
54.56

34.54
3547
37.94

40.11
41.54
50.38

Qwen3.5-0.8B"
Qwen3.5-0.8B"-OT
Llama3-8B*-OT

34.52
35.69
44.26

16.34
15.38
25.59

47.36
48.73
53.66

31.65
35.87
47.12

3591
39.55
46.68

42.94
43.33
54.99

28.95
30.44
36.75

17.88| 47.22135.43
18.72| 43.66|36.78
28.52|51.62 |45.76

35.47
36.91
45.76

tuned hyperparameters, and held constant across
all experiments. We instead ablate factors that di-
rectly affect performance: Sinkhorn parameters (¢,
iterations), each loss component, and the choice
of aligned transformer layers. We use Llama3-8B-
Instruct to ablate the significant of components.

5.1 Architectural Ablations

Figures 2 and Figure 5 reveal two complemen-
tary insights about the loss components (see Ap-
pendix A.3 for per-language details).

OT alignment is powerful but requires Lreg to
anchor English. The OT only variant achieves
the strongest peaks on several European and Asian
languages in XNLI (e.g. de 73.07, es 75.27,
vi 70.66), yet its English XNLI drops to 78.18—
over five points below the Finetuning checkpoint—
because shared LoRA weights accumulate updates
that indirectly distort the English branch. Adding
LReg (OT + Reg) fully restores English fidelity
(83.47) and lifts the XNLI average to 70.28, out-
performing MIDALIGN (69.14) without any gener-
ative supervision.

L1 is indispensable for extractive QA. Ev-
ery variant lacking Ly, collapses on XQuAD (OT
only: 28.4 F1; OT + Reg: 48.3 F1), as span extrac-
tion requires token-level generative capacity that
distributional alignment alone cannot provide.

The full objective achieves the most consistent
balance across all evaluated tasks. LM + OT
+ Reg is the only variant that sustains competi-
tive performance simultaneously across all tasks:
XNLI 69.4, XQuAD 67.6/51.5, and MMMLU 45.8,
with English scores matching or exceeding the Fine-
tuning checkpoint throughout.

5.2 Layer Selection Ablations

Figures 3 and Figure 6 compare OT alignment ap-
plied to Early (1-8), Middle (8-24), and Deep (24—
32) layers of Llama-3-8B (see Appendix A.4 for
per-language details).

Middle layers are the optimal alignment tar-
get. Middle layers dominate on three of four
metrics (XNLI 69.4, XQuAD 67.6 F1/51.5 EM,
MMMLU 45.8), outperforming both early and deep
configurations. Early layers encode surface-level
features that differ sharply across language fami-
lies, forcing the transport plan to bridge typolog-
ical rather than semantic dissimilarities. Deep
layers have committed to task-specific English-
conditioned patterns that OT cannot undo. Mid-
dle layers escape both failure modes by carrying
language-agnostic semantic abstractions amenable
to distributional transport. The gains are sharpest
for morphologically distant languages: Arabic im-
proves by +15.1 F1 and Hindi by +12.9 F1 over
early layers, gaps that dwarf improvements on ty-
pologically closer languages. Deep layers show
a more nuanced failure — competitive English
scores but sharp degradation on Arabic (44.9 F1)
and Hindi (43.1 F1) extraction, a skewed profile
visible in Figure 6.

Learned weights independently corroborate
this finding. Without any explicit supervision
over layer identity, the learnable aggregation
weights {«;} concentrate over 52% of total
alignment budget on layers 12-14 (a13=0.181,
a12=0.177, a14=0.171), decaying to near-zero be-
yond layer 15. This convergent signal from two
independent sources jointly validates middle layers
as the semantic core of cross-lingual transferability,
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Architectural Ablation — Overall Scores per Task
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Figure 2: Overall scores per task for each loss-component variant. OT+Reg achieves the highest XNLI (70.3) while
LM+Reg leads on XQuAD F1 (67.9); the full objective LM+OT+Reg delivers the most balanced performance

across all four metrics.

Layer Types Ablation — Overall Scores per Task
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Figure 3: Overall scores per task across three layer groups (see Appendix 5 for per-language details). Middle layers
(8-24) achieve the best XNLI (69.4), XQuAD F1 (67.6), and MMMLU (45.8), while Deep layers (24-32) lead only
on XQuAD EM (60.4) at the cost of weaker cross-lingual transfer on all other metrics.

Epsilon & Iteration Ablation — Overall Scores per Task

XNLI
(Acc)

K ablation
(£=0.1 fixed)

£ ablation
(K=100 fixed)

68.0 o
R
& B2 2030

AR
oA

£=
B :=0.1 (K=100 fixed) %

XQuAD
(F1)

K ablation
(£=0.1 fixed)

€ ablation
(K=100 fixed)

AR _°
(oA A

0.05 (K=100 fixed)
K=50 (g=0.1

© o ol
& D030

W e=0.2 (K=100 fixed)

XQuAD
(EM)

£ ablation
(K=100 fixed)

K ablation
(e=0.1 fixed)

250 00 100
oAV

fixed)

MMMLU
(Acc)

K ablation
(£=0.1 fixed)

€ ablation
(K=100 fixed)

® o} ol _s0 N
t,u-“ 207 0 ‘)\L,\ﬁ PN

Ve

N K=100 (£=0.1 fixed) *
B K=200 (e=0.1 fixed)

Figure 4: Overall scores per task for Sinkhorn € (left, K=100 fixed) and iteration count (right, e=0.1 fixed)
ablations. e=0.1 with K=100 achieves the best aggregate balance across all four metrics, while smaller € improves
XNLI at the cost of XQuAD and larger K yields diminishing returns with increased wall-clock overhead.
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Figure 5: Radar chart comparing all six loss variants
across four metrics. LM+OT+Reg (dark green) covers
the largest balanced area, whereas OT-only variants (or-
ange) collapse on XQuAD despite strong XNLI scores.
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Deep (24-32)
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Figure 6: Radar chart comparing alignment across Early,
Middle, and Deep layer groups. Middle layers (dark
blue) cover all four metrics most uniformly; Deep layers
(orange) show an asymmetric profile, strong on XNLI
but collapsing on XQuAD EM.

Epsilon Ablation Iteration Ablation
(K=100 fixed) (£=0.1 fixed)
XQuAD €variant (K=100 fixed)  xQuAD
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Figure 7: Radar charts for ¢ ablation (K=100 fixed,
left) and iteration ablation (¢=0.1 fixed, right). e=0.1
covers the largest balanced area across all metrics; for
K, performance saturates at K =100, with K=50 visi-
bly weaker and K =200 offering no consistent gain.

and provides principled justification for our layer
range of 8-24. See Appendix A.6 (Figure 8).

5.3 Sinkhorn’s Parameters Ablations

Figures 4 and Figure 7 examine two orthogonal
axes of the Sinkhorn solver: e controls transport
plan sharpness, while K governs convergence qual-
ity (see Appendix A.5 for per-language details).

€ governs the sharpness—generation trade-off.
Fixing K=100 and varying ¢ € {0.05,0.1,0.2}
reveals a clear tension. A sharp plan (¢=0.05)
maximises XNLI (69.7) but damages generative
capacity: XQuAD collapses to 63.1 F1/48.6 EM,
with Arabic dropping nearly 14 F1 points ver-
sus e=0.1. An overly diffuse plan (¢=0.2) weak-
ens the alignment signal: XNLI falls to 68.8 and
XQuAD to 66.2 F1. The moderate setting e=0.1
achieves the best aggregate balance (XNLI 69.4,
XQuAD 67.6/51.5, MMMLU 45.8) and is adopted
as the default.

K governs convergence; quality saturates at
K=100. Fixing e=0.1, K=50 yields the weak-
est results (XNLI 68.3, MMMLU 45.0) due to
an under-converged transport gradient. K=200
marginally improves XQuAD (67.8 F1) but re-
gresses on XNLI (68.9) and MMMLU (44.9). Al-
though quadrupling K from 50 to 200 nearly triples
wall-clock training time (23.98 h — 56.79 h), the
analytic FLOP cost remains virtually unchanged
(Table 7), since Sinkhorn iterations contribute
negligibly relative to the dominant LLM for-
ward/backward passes. K =100 is therefore the
optimal efficiency—quality trade-off.

6 Conclusions

We proposed an Optimal Transport framework for
cross-lingual alignment in autoregressive LLMs
that transports non-English hidden-state distribu-
tions toward a frozen English anchor at middle
transformer layers, paired with an English consis-
tency regularisation term. This asymmetric formu-
lation preserves English proficiency by construc-
tion, mitigating a structural weakness of symmet-
ric contrastive methods. Experiments on XNLI,
XQuAD, and MMMLU confirm consistent cross-
lingual gains without regressing on English. Abla-
tion studies confirm that all three objective compo-
nents are necessary, with learnable layer aggrega-
tion self-localising alignment to the lower-middle
layers where transfer is most effective.

19931



Limitations

Although our comparison includes a limited num-
ber of baselines, this is intentional: our core contri-
bution targets the structural weakness of symmet-
ric contrastive alignment, and MIDALIGN serves
as the most direct and suitable representative of
this paradigm, sharing our middle-layer motiva-
tion and alignment design. AlignX is excluded
due to its fundamentally different zero-shot, con-
tinued pre-training setup, which prevents fair com-
parison across our task-specific benchmarks. Ad-
ditionally, the loss coefficients AoT and Areg are
treated as fixed loss-scale normalizers rather than
tuned hyperparameters; their behaviour under dif-
ferent model scales, data regimes, or training dy-
namics remains unexplored, and alternative weight-
ings may yield further gains in settings where the
three objectives compete more sharply for the same
LoRA parameters. Furthermore, while our method
consistently improves cross-lingual transfer on av-
erage, per-language gains remain uneven, as the
OT framework can only transport representations
within the geometric space the base model has al-
ready learned from pretraining data, leaving a resid-
ual performance gap that distributional alignment
alone cannot fully close. Our main experiments use
a single, untuned backbone (Llama-3-8B-Instruct);
a supplementary Qwen3.5-0.8B* run confirms gen-
eralisation but also reveals a boundary case where
transporting an already-strong non-English repre-
sentation (Chinese) toward the English anchor is
counterproductive, motivating adaptive, language-
specific anchors as future work.
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A Appendices

A.1 Preliminaries: Optimal Transport

Kantorovich Formulation. Let y € P(X') and
v € P(Y) be two probability measures defined
over metric spaces X and ), respectively. The
Kantorovich problem seeks a transport plan (Kan-
torovitch, 1958)-a joint probability measure m €
P(X x ))-that couples p and v at minimum ex-
pected cost:

Lor(ur) = min [ c(ay)dn(a.y).
m€l(py) Jxxy
)
where ¢ : X x J — R>¢ is a ground cost func-

tion and II(u,v) is the set of all couplings with
marginals p and v:

M(p,v) = {m e P(X x )|
(YY) =p, 7(X,) =v}. (10)
When ¢(z,y) = d(z,y)P for a metric d and p >
1, the p-th root of (9) defines the p-Wasserstein
distance:

Wylar) = (

) 1/p
Louin / d(z,y)" dr(z, y))

(1D
The Wasserstein distance is a proper metric on the
space of probability measures (Villani, 2003, 2009),
making it geometrically meaningful for comparing

distributions over continuous embedding spaces.

Computational Bottleneck of the Kantorovich
Problem. In the discrete setting-where py =
>ty aidy; and v = 3% b;d,,-the Kantorovich
problem becomes a linear programme (LP) over
the (m x n)-dimensional transportation polytope:

min (C, T)p st. Tl,=a, T'l, =D,

T>0

(12)
where C € R"*" is the cost matrix, T € RZ;"
is the discrete transport plan, and a € A™,
b € A" are the probability weight vectors. Al-
though this LP can be solved exactly via interior-
point or simplex methods, the complexity scales
as O((m+ n)®log(m +n)) (Peyré and Cuturi,
2019), which is prohibitively expensive for se-
quences of hundreds of tokens computed across
multiple layers per training step.

A.2 Preliminaries: Entropy-Regularised
Optimal Transport (Sinkhorn Algorithm)

Entropy Regularisation. To overcome the com-
putational barrier of the Kantorovich LP, Cuturi

(2013) introduced an entropy-regularised relax-
ation. The discrete entropy of a transport plan is
defined as:

H(T) ==Y T;(logTy; — 1).
irj

(13)
Adding a negated entropy term as a regulariser
yields the Sinkhorn problem:

T: = argmin(C, T)p — e H(T),
Tell(a,b)

(14)

where £ > 0 is the temperature hyperparameter
controlling the trade-off between transport cost fi-
delity and plan smoothness. By strong duality, the
unique solution to (14) takes the form:

;Zj = ;- Kij-vj, K =exp(—C/e), (15)
where u € RYj and v € RY, are dual scal-
ing vectors recovered by Sinkhorn—Knopp itera-

tions (Sinkhorn and Knopp, 1967):

1) _ b
- KTut+)’
(16)

initialised with v(®) = 1,,. These updates alternate
projections onto the two marginal constraints and
converge linearly in O(mn) per iteration, reduc-
ing overall complexity to O(mn/e?)—a dramatic
improvement over the cubic LP solver.

t+1) _ @

(
Ok

A%

Log-Domain Stabilisation. For small ¢, the
Gibbs kernel K;; = e~ Cii/¢ can underflow to zero
in floating-point arithmetic. We therefore maintain
log-scaling vectors f = elogu and g = clogv
(the Kantorovich dual potentials) and perform the
iterations in log-domain (Schmitzer, 2019):

(t—i—l) — <l gj(-t>—C7;j
fi = ogai—slogZexpf ,
J
(17)
1 D _co
g](-t+ ) = elogb; —elogZexp(if” E ]>.
i
(18)

The log-sum-exp operations are numerically stable
and amenable to automatic differentiation, enabling
gradient flow through the OT objective.

A.3 Detail Architectural Ablations Study

Table 4 reports performance of six objective vari-
ants obtained by selectively enabling or disabling
each loss component: Lin, LoT, and Lreg. We
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Table 4: Architectural Ablations on downstream benchmarks. Bold indicates best, underline indicates second best.
Parameters Areg = 50, Ao = 10 and Sinkhorn parameters € = 0.1, iter = 100 are kept fixed across all variants,

where the main model is L1,m + LoT + LRreg; yellow shaded cells denote English and blue shaded cells denote

overall performance.

| XNLI (Acc)
Model | ar | bg | de | el | en | es | fr | hi | ru | SW | th | tr | ur | vi | zh | Overall
LM only 54.77 58.62 63.03 55.93 76.49 61.94 61.00 55.29 59.88 48.66 54.05 55.63  |49.18]55.63|60.68 58.05
LM + Reg 63.19 67.90 72.12 65.77 83.15 72.79 72.48 64.51 70.84 54.83 63.05 63.47 |59.14|67.43|69.60 67.35
OT only 65.93 69.72 73.07 70.00 78.18 75.27 74.47 59.56 72.20 53.27 62.79 61.72  |53.17|70.66|69.70 67.31
OT + Reg 68.78 72.51 72.53 69.34 83.47 74.01 73.75 67.76 72.48 59.64 66.85 67.62 |62.73|71.36|71.32 70.28
LM +OT 65.25 70.14 72.02 68.86 79.84 73.89 72.67 66.49 71.28 60.00 65.83 65.37 60.46(69.74|70.22 65.25
LM + OT + Reg 67.25 69.88 72.34 67.90 83.41 74.25 73.41 66.63 72.30 56.61 66.11 65.41 62.38|69.56|70.84 69.36

\ XQuAD (FI/EM)
Model | ar | de | el | en | es | hi | o | u | th | tr | vi | zh | Overall
LM only 55.13/36.89|65.69/49.50(60.39/41.01|81.18/67.31|68.21/49.66|56.59/40.25|68.52/53.70|54.79/38.24|54.57/46.39|59.94/40.50 | 66.48/45.63 | 56.77/52.77 - 62.36/46.82
LM + Reg 61.33/44.03|70.45/54.20 |66.70/47.65|83.41/72.10|74.16/55.63 | 60.42/43.61|75.55/59.75 | 58.88/41.85| 63.65/54.96 | 63.98/42.10| 72.84/51.01 | 63.16/58.32 - 67.88/52.10
OT only 12.81/9.50 |38.38/30.34|22.17/16.97|79.92/68.15|35.29/26.64 | 14.34/11.51|36.23/28.40|15.77/10.67|16.86/12.02|24.26/17.73|33.02/23.28 | 11.11/8.32 - 28.35/21.96
OT + Reg 15.95/11.85(69.34/53.95|41.11/29.33|83.14/72.02|72.20/54.54|15.22/12.44|73.02/58.57|42.74/29.50| 18.53/14.29 |49.88/35.88| 50.38/34.96 | 47.66/42.52 - 48.26/37.49
LM +OT 51.61/34.12|64.83/46.72|59.54/38.74|82.96/69.50|67.68/47.98 44.89/30.17|67.62/50.67 |49.94/31.34|47.45/36.89|49.64/31.68|65.20/42.86 | 50.96/44.54 - 58.53/42.10
LM + OT + Reg|61.93/43.87|70.05/54.11 |66.88/46.89 | 83.43/72.10 | 75.32/56.89 | 59.05/42.27 | 75.46/59.83 | 59.19/40.92 | 61.64/53.19|62.93/40.76 | 72.11/51.01|62.90/57.98 - 67.60/51.51

| MMMLU (Acc)
Model | AR | BN | DE | ES | FR | HI | ID | IT | JA | KO | PT | SW |YO|ZH |Def| Overal
LM only 43.35 24.80 51.37 53.92 53.60 36.90 49.21 52.63 45.48 45.09 53.47 36.39  |28.04]50.56|44.63 44.63
LM + Reg 44.11 24.71 52.68 55.93 53.82 38.06 50.20 5235 47.51 46.70 54.86 35.58 28.23|50.53]45.24 45.37
OT only 41.98 28.80 49.84 52.79 51.47 37.16 46.31 50.09 43.06 4231 51.30 33.11 27.35(48.83]43.19 43.18
OT + Reg 44.07 32.50 52.02 55.25 54.52 39.96 49.32 52.56 46.52 46.11 53.76 35.02  |29.40|50.88|45.83 45.84
LM +OT 43.69 25.14 52.38 54.92 5431 38.35 49.96 53.28 45.75 45.66 54.74 36.63 |28.20|51.15|45.27 45.29
LM + OT +Reg| 44.26 25.59 52.82 55.74 54.56 37.94 50.38 53.66 47.12 46.68 54.99 36.75 |28.52|51.62|45.76 45.76

discuss the findings in terms of three inter-related
themes: the alignment strength of LoT, the stabil-
ising role of Lreg, the generative necessity of L1,
and the balancing act achieved by the full objective.
We use Llama3-8B-Instruct to ablate the significant
of components.

OT is a powerful alignment signal but can-
not anchor English on its own. The OT only
variant demonstrates that Lot alone is a remark-
ably effective cross-lingual alignment mechanism:
it achieves the highest single-language peaks on
XNLI for several European languages (e.g. de
73.07, es 75.27, fr 74.47), especially vi 70.66, sur-
passing every other variant at those positions. How-
ever, this alignment strength comes at a significant
cost to English fidelity. The OT only variant scores
only 78.18 on the English portion of XNLI—a re-
gression of more than five points relative to the
Finetuning checkpoint (83.25) and to the full model
(83.41). This degradation is noteworthy because
the OT objective is asymmetric by design: only
the other-language representations are pulled to-
ward the frozen English anchor, not the reverse.
Nevertheless, the LoORA parameters trained solely
under Lot accumulate updates that indirectly dis-
tort the English branch, since the trainable LoORA
weights are shared across all forward passes. The
result confirms that architectural asymmetry alone
is insufficient to preserve English performance; an
explicit regularisation term is necessary.

LReg is the critical stabiliser. Adding Lre, to
the OT signal (OT + Reg) restores English XNLI
accuracy to 83.47—exceeding even the Finetun-

ing baseline—while sustaining strong cross-lingual
transfer (average 70.28, the highest across all vari-
ants on XNLI). Critically, OT + Reg outperforms
the MIDALIGN baseline from the main results
(69.14 average), demonstrating that the combina-
tion of asymmetric OT alignment with an explicit
English anchor is a more principled cross-lingual
strategy than symmetric contrastive alignment. The
mechanism is intuitive: Lot pulls other-language
distributions toward the English anchor in repre-
sentation space, while LRreg penalises deviations of
the trainable English branch from the frozen one,
keeping that anchor stationary throughout training.
Together they enforce a one-directional transport
without allowing the anchor to drift. The comple-
mentarity is also reflected in the layer-weight inter-
action: both losses share the same learned aggrega-
tion weights {«; }, focusing regularisation pressure
on exactly the layers where transport is most active
(layers 12—14; see Figure 8).

The OT objective is structurally incompatible
with extractive QA absent a language mod-
elling loss. Despite its strong classification per-
formance, the OT only variant produces catas-
trophic scores on XQuAD (28.35/21.96), a col-
lapse even more severe than that of MIDALIGN
(30.5/23.9) in the main comparison. OT + Reg
partially recovers (48.26/37.49) but remains far
below the Finetuning baseline (62.2/47.3). The
root cause is the absence of Lys: without autore-
gressive supervision, the model loses the token-
level generative capacity required for span extrac-
tion. Classification heads can exploit distributional

19936



alignment in the final hidden state even under rep-
resentation distortion, but span extraction requires
the model to generate precise character sequences
conditioned on contextual positions—a capability
that degrades rapidly when generative gradients are
withheld. This asymmetry between classification
and generation tasks is a fundamental tension in
any representation-level alignment scheme, and it
directly motivates the inclusion of Ly, in the full
objective.

LM restores generation but dilutes alignment.
Incorporating L1, alongside the OT objective (LM
+ OT) raises XQuAD to 58.53/42.10, a signifi-
cant recovery, but notably weakens XNLI average
(65.25) relative to OT only (67.31). This reveals a
tension: the language modelling gradient updates
the model toward next-token prediction, partially
counteracting the distributional alignment pressure
of LoT. In effect, the two objectives compete for
the same LoRA parameters, and without Lreg to
anchor English, the three-way tug results in incon-
sistent performance across task types.

LM + Lreg achieves the best extractive QA.
Interestingly, the variant that omits the OT loss
entirely but combines language modelling with reg-
ularisation (LM + Reg) attains the highest XQuAD
score across all ablation variants (67.88/52.10),
surpassing even the full model (LM + OT + Reg,
67.60/51.51). Lreg acts here not as an alignment
signal but as a strong weight-space constraint that
prevents the LoRA fine-tuning from overfitting to
the other language and forgetting English genera-
tive patterns. This result exposes a further trade-
off: maximising XQuAD performance appears to
require sacrificing some of the cross-lingual align-
ment pressure provided by Lo, since the OT gra-
dient competes with the generative objective when
both are active. Conversely, on XNLI the LM + Reg
variant scores only 67.35, substantially below OT +
Reg (70.28) and the full model (69.36), confirming
that Lo is indispensable for strong sentence-level
cross-lingual transfer.

The full objective L1\ + LoT + LReg is the
balanced solution. No single-loss or two-loss
variant achieves consistently competitive perfor-
mance across all three benchmarks simultaneously.
OT + Reg leads on XNLI but collapses on XQuAD;
LM + Reg leads on XQuAD but lags on XNLI;
LM + OT partially compromises both. The full
three-component objective LM + OT + Reg is the

only variant that sustains competitive performance
across classification (XNLI 69.36, second only to
OT + Reg), extractive QA (XQuAD 67.60/51.51,
second only to LM + Reg), and knowledge recall
(MMMLU 45.76). Crucially, it is also the only vari-
ant that maintains English XNLI (83.41) and En-
glish XQuAD (83.43/72.10) at or above the Fine-
tuning checkpoint, validating the combined effect
of Lreg and Ly as dual safeguards of English
proficiency. The ablation thus provides principled
justification for each component: OT delivers align-
ment, regularisation preserves the anchor, and lan-
guage modelling sustains generative capacity—each
component contributes meaningfully, and remov-
ing any one leads to degradation on at least one
benchmark.

A.4 Detail Layer Selection Ablation Study

We partition the 32 transformer layers of Llama-
3-8B into three non-overlapping groups to exam-
ine where cross-lingual alignment is most effec-
tive: Early (layers 1-8), Middle (layers 8-24), and
Deep (layers 24-32). This partition is motivated
by the layer specialisation hypothesis: early lay-
ers encode surface-level syntactic and typological
features that are highly language-specific; middle
layers carry semantic abstractions that are largely
language-agnostic and therefore most amenable to
cross-lingual transfer; and deep layers encode task-
specific reasoning patterns that alignment should
not disturb. Table 5 reports results across all three
benchmarks.

Early layers encode surface form, not trans-
ferable semantics. Applying Lot to layers 1—
8 yields the weakest overall performance on both
XNLI (67.08) and MMMLU (44.80), and produces
notably lower cross-lingual transfer on XQuAD
(63.26/48.19) compared to Middle (67.60/51.51).
The degradation is most pronounced for mor-
phologically distant languages: Arabic drops
to 46.79/32.61 on XQuAD versus 61.93/43.87
for Middle, and Hindi to 46.20/32.18 versus
59.05/42.27. This is consistent with the view
that early-layer representations are dominated by
language-surface statistics—script, morphology, to-
kenisation artefacts— which differ sharply across
language families, making them poor targets for
a geometry-based transport objective. Aligning at
this level forces the transport plan to bridge surface
dissimilarities rather than semantic ones, wasting
alignment capacity on typological noise.
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Table 5: Layer Selection Ablations on XNLI, XQuAD, and MMMLU. Bold indicates best, underline indicates
second best; yellow shaded cells denote English and blue shaded cells denote overall performance.

| XNLI (Acc)
Layer Type | ar | bg | de | el | en | es | fr | hi | ru | sW | th | tr | ur | vi | zh || Overall
Early (1-8) 64.41 67.58 70.69 64.26 81.31 72.07 72.19 64.35 69.04 55.19 62.07 65.71 |60.30/68.16|68.80 67.08
Middle (8-24)| 67.25 69.88 72.34 67.90 83.41 74.25 73.41 66.63 72.30 56.61 66.11 65.41 62.38(69.56(70.84 69.36
Deep (24-32) 65.79 67.76 72.26 67.64 80.49 73.77 73.21 65.89 71.66 55.11 65.49 65.39  |60.48|69.94|69.72 68.31

| XQuAD (F1/EM)
Layer Type | ar | de | el en | es | hi | o | u | th | tr | vi | zh |

Early (1-8)  146.79/32.61|70.57/53.36|59.58/41.34 83.34/72.02|73.19/55.97|46.20/32.18|74.44/58.91|53.75/36.55|55.11/45.63| 63.99/44.71| 71.34/51.43| 60.84/71.34 -
Middle (8-24)|61.93/43.87|70.05/54.11|66.88/46.89 83.43/72.10|75.32/56.89|59.05/42.27|75.46/59.83|59.19/40.92|61.64/53.19|62.93/40.76|72.11/51.01|62.90/57.98 -
Deep (24-32) |44.91/30.84|69.63/53.70|58.64/40.17 83.37/72.27|73.61/55.63|43.14/29.83|44.12/30.46|74.13/58.57|52.54/35.97|52.29/42.94|70.81/63.65|60.39/53.61 -

| MMMLU (Acc)

| Overall
63.26/48.19

67.60/51.51
62.26/60.39

LayerType | AR | BN | DE | ES | FR | H | ID | IT | JA | KO | PT | SW |[YO|ZH |Def|| Overall
Early (1-8) 42.95 25.29 51.92 54.95 5421 36.93 48.98 52.62 46.45 45.58 53.95 3532 [28.3450.65(44.90|| 44.80
Middle (8-24)|  44.26 25.59 52.82 55.74 54.56 37.94 50.38 53.66 47.12 46.68 54.99 36.75 |28.52|51.62|45.76|| 45.76
Deep (24-32) | 43.39 25.40 51.92 54.99 54.49 37.19 49.37 5271 46.59 4591 53.77 3546 |28.96|51.1745.09|| 45.09

Middle layers are the optimal alignment target.
The Middle variant (layers 8-24) achieves the best
overall performance across all three benchmarks:
XNLI 69.36, XQuAD 67.60/51.51, and MMMLU
45.76—consistently outperforming both Early and
Deep configurations. The gains are most salient on
semantically demanding tasks and morphologically
distant languages: on XQuAD, Arabic improves by
+15.14 F1 and +11.26 EM over Early, and Hindi
improves by +12.85 F1 over Early. Crucially, the
Middle variant also best preserves English fidelity
(XNLI en: 83.41; XQuAD en: 83.43/72.10), con-
firming that middle layers carry language-agnostic
semantic content that transfers without disrupting
surface-level or task-specific representations en-
coded elsewhere. This finding is independently
corroborated by the learned layer weights {cy;} in
Figure 8, where the model concentrates over 52%
of alignment weight on layers 12—14 entirely with-
out supervision over layer identity—a convergent
signal from two independent sources that layers
8—24 are the semantic core of cross-lingual trans-
ferability.

Deep layers are task-specialised and resistant to
alignment. Targeting layers 24-32 yields inter-
mediate performance: XNLI 68.31 and MMMLU
45.09, both below Middle but above Early on most
metrics. However, XQuAD reveals a more nuanced
failure: while the Deep variant achieves compet-
itive English scores (en: 83.37/72.27), its cross-
lingual extraction degrades sharply for morpho-
logically distant languages (ar: 44.91/30.84, hi:
43.14/29.83), falling closer to the Early pattern
than to Middle. This suggests that deep layers
have already specialised toward task-specific token
prediction conditioned on English surface patterns,
making OT-based redistribution of their represen-
tations counterproductive: the transport plan can
shift distributions but cannot undo the task-specific

encoding that these layers have committed to. A
further observation is that the Deep variant shows
unusually high EM on Vietnamese (vi: 63.65) rel-
ative to its F1 (70.81), suggesting that when deep-
layer alignment does succeed, it tends to produce
more precise but less recall-oriented span extrac-
tion.

A.5 Detail Sinkhorn’s Parameters Ablations

We ablate two Sinkhorn hyperparameters: the en-
tropy regularisation coefficient €, which controls
the sharpness of the transport plan, and the itera-
tion count K, which governs convergence quality.
Results are reported in Table 6.

Moderate entropy yields the best cross-task
balance. Fixing K=100 and varying ¢ &
{0.05,0.1,0.2}, we observe a clear tension be-
tween alignment sharpness and generative preser-
vation. At £=0.05, the transport plan is highly con-
centrated, producing the strongest sentence-level
classification signal and the best XNLI average
(69.67); however, the sharp plan damages the gener-
ative capacity required for span extraction, causing
XQuAD to collapse to 63.08/48.61—with Arabic
dropping to 48.21/33.53 F1/EM, nearly 14 points
below the e=0.1 setting (61.93/43.87). At =0.2,
the plan becomes overly diffuse, providing insuffi-
cient distributional pull: XNLI falls to 68.82 and
XQuAD to 66.19/50.76. Setting e=0.1 achieves
the best aggregate performance across all three
benchmarks—XNLI 69.36, XQuAD 67.60/51.51,
MMMLU 45.76—and is therefore adopted as the
default.

Convergence quality saturates rapidly beyond
100 iterations. Fixing £=0.1 and varying K €
{50,100, 200}, we find that plan quality improves
meaningfully from K=50 to K=100 but plateaus
(or even regresses) beyond that point. At K=50,
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Table 6: Epsilon and Iteration Ablations on XNLI, XQuAD, and MMMLU. Bold indicates best, underline indicates
second best; yellow shaded cells denote English and blue shaded cells denote overall performance.

| XNLI (Acc)
Eps-Iter | ar | bg | de | el | en | es | fr | hi | ru | SW | th | tr | ur | vi | zh || Overall
£=0.05, K=100| 66.35 70.58 72.46 68.76 83.27 74.25 73.77 67.13 72.63 57.41 67.23 66.61 [63.03]70.24|71.38 69.67
e=0.1, K=100 67.25 69.88 72.34 67.90 83.41 74.25 73.41 66.63 72.30 56.61 66.11 65.41 62.38169.56|70.84 69.36
£=0.2, K=100 65.39 69.48 72.46 67.76 83.29 73.75 73.39 66.61 72.38 55.61 65.59 65.25 61.40/68.90|71.08 68.82

\ XQuAD (FI/EM)
Eps-Iter | ar | de | el | en | es | hi | o | ru | th | tr | vi | zh | | Overall
£=0.05, K=100{48.21/33.53|69.46/53.45|61.14/43.87|83.37/72.52|73.67/56.55|42.25/29.58 | 74.30/58.91|52.11/35.80|58.02/49.33|62.83/44.37| 71.18/50.92| 60.39/54.54 - 63.08/48.61
e=0.1, K=100 |61.93/43.87|70.05/54.11|66.88/46.89|83.43/72.10|75.32/56.89|59.05/42.27 | 75.46/59.83|59.19/40.92 | 61.64/53.19|62.93/40.76|72.11/51.01|62.90/57.98 - 67.60/51.51
e=0.2, K=100 |57.11/40.42|69.74/53.03|65.38/46.89|83.19/72.02|73.93/56.55|53.20/37.90|75.43/60.0057.41/39.41|59.75/50.42|65.11/45.63| 71.92/50.59| 62.06/56.30 - 66.19/50.76

| MMMLU (Acc)
Epsiter | AR | BN | DE | BS | FR | HI | I | IT | JA | KO | PT | SW |YO|ZH |Def|| Overal
£=0.05, K=100 43.13 25.23 51.99 55.30 54.56 37.51 49.57 52.65 46.80 46.41 53.95 35.65 28.31/50.95(45.22 45.22
£=0.1, K=100 44.26 25.59 52.82 55.74 54.56 37.94 50.38 53.66 47.12 46.68 54.99 36.75 |28.52|51.62|45.76 45.76
£=0.2, K=100 43.69 25.53 52.22 55.38 54.59 37.26 49.86 5291 46.80 46.39 54.14 36.00 |27.94]50.84|45.25 45.25

| XNLI (Acc)
Eps-Iter | ar | bg | de | el | en | es | fr | hi | ru | SW | th | tr | ur | vi | zh || Overall
e=0.1, K=50 65.67 67.48 71.38 67.96 83.43 73.79 73.02 67.17 71.38 56.09 66.01 63.23  |61.88]67.86|67.88 68.28
e=0.1, K=100 67.25 69.88 72.34 67.90 83.41 74.25 73.41 66.63 72.30 56.61 66.11 65.41 62.38/69.56|70.84 69.36
e=0.1, K=200 65.53 69.78 72.40 67.98 83.31 73.75 73.35 66.69 72.18 55.45 65.61 65.75 61.74|68.84|70.60 68.86

‘ XQuAD (FI/EM)
Eps-Iter | ar | de | el | en | es | hi | o | ru | th | tr | vi | zh | | Overall
£=0.1, K=50 |56.47/40.08|69.70/53.61|65.08/46.72|83.20/72.18|73.90/56.55|52.27/36.97|75.70/60.42 | 56.46/38.49|59.85/50.76 | 64.75/45.63| 72.64/51.34| 62.01/56.13 - 66.00/50.74
e=0.1, K=100 |61.93/43.87|70.05/54.11|66.88/46.89|83.43/72.10|75.32/56.89|59.05/42.27 | 75.46/59.83 | 59.19/40.92 | 61.64/53.19|62.93/40.76|72.11/51.01|62.90/57.98 - 67.60/51.51
e=0.1, K=200 |62.44/44.33|70.58/54.28|67.42/47.06 |83.65/72.18|76.26/56.72|61.01/46.72|76.43/59.75 | 58.82/38.99|57.83/49.16|65.55/46.97 | 72.62/52.50|61.03/56.21 - 67.80/52.07

| MMMLU (Acc)
Epsliter | AR | BN | DE | BS | FR | H | ID | IT | JA | KO | PT | SW |YO|ZH |Def || Overal
e=0.1, K=50 43.79 25.59 52.34 54.66 52.66 37.53 49.79 52.96 46.97 45.33 54.15 36.08 28.29150.08145.36 45.04
£=0.1, K=100 44.26 25.59 52.82 55.74 54.56 37.94 50.38 53.66 47.12 46.68 54.99 36.75 |28.52|51.62|45.76 45.76
e=0.1, K=200 42.79 24.29 52.65 53.66 53.13 36.39 48.52 53.78 47.71 46.83 54.54 36.38 |28.29]49.48|44.84 44.89

histogram view

the under-converged plan yields the weakest over-
all results (XNLI 68.28, MMMLU 45.04), as the 020
noisy gradient signal from an insufficiently iterated
transport plan attenuates the alignment pressure on
non-English representations. At K =200, XQuAD
marginally improves over K =100 (67.80/52.07 vs. 008
67.60/51.51), but XNLI and MMMLU regress to 000
68.86 and 44.89 respectively, suggesting that an
overly precise plan over-commits to pairwise to-
ken matching at the expense of distributional flexi-
bility needed for classification and knowledge re-
call. K=100 leads or ties on the majority of per-
language scores and is the only setting that achieves
competitive performance simultaneously across all
task types.
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Figure 8: Learned layer weights a; = softmax(wy)
across middle layers 8—23. Alignment concentrates in
layers 12-14 (>52% of total weight), with near-zero
contribution beyond layer 15.

Wall-clock cost scales with K while FLOP
cost does not. Although increasing K from 50
to 200 quadruples the number of Sinkhorn it-
erations, the analytically computed FLOP per
sample remains virtually unchanged (594.781 —
594.782 GFLOP), since the iterative transport com-
putation contributes negligibly relative to the three
LLM forward passes and LoRA backward pass
that dominate the training step. The practical cost,
however, scales directly with K: throughput drops
from 193.4 to 81.7 samples/s and estimated train-
ing time nearly triples from 23.98 h to 56.79 h over

out proportionally increasing arithmetic intensity.
The K'=100 configuration therefore represents the
optimal efficiency—quality trade-off: it closes the
performance gap over K=50 at a moderate cost
increase (3.755 s vs. 2.648 s per batch), while
K =200 offers diminishing returns at nearly double
the wall-clock overhead.

A.6 Where Does Alignment Occur?
Localising the Semantic Core

three epochs (Table 7). This discrepancy arises
from the sequential nature of Sinkhorn iterations
on GPU, which increases wall-clock time with-

Figure 8 shows the learned softmax weights {a;}
across layers 8—23 after Stage 2 training of Llama3-
8B-Instruct-OT. The model concentrates over 52%
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Setting Time / batch Samples / s Est. time / epoch Est. time / 3 epochs FLOP / sample
e=0.1, K=50 2.648 s 193.4 7.99h 23.98h 594.781 GFLOP
e=0.1, K=100 3.755s 136.3 11.34h 34.01h 594.781 GFLOP
e=0.1, K=200 6.270s 81.7 18.93h 56.79h 594.782 GFLOP

Table 7: Estimated training cost for different Sinkhorn iteration counts K on 4xH100 SXM5 GPUs (global batch
size 128, sequence length 256, bfloat16). Timing is reported as the median of three measured runs after two
warm-up passes. FLOP per sample is computed analytically and includes three forward passes (frozen EN branch,
LoRA-enabled EN branch, and LoRA-enabled target branch) together with LoRA-only backward propagation;
each forward pass accounts for both the LoRA adapter and the language modelling head (Lpy), while the frozen
backbone contributes no trainable FLOPs. Although the Sinkhorn iteration count increases from K =50 to K =200,
the overall FLOP per sample remains nearly unchanged since the OT computation contributes negligibly compared
to the dominant LM-head and LoRA forward/backward cost.

of total weight on layers 12-14 (a2=0.177,
a13=0.181, a14=0.171), with weights decaying
sharply beyond layer 15 (<0.005 for layers 16—
23). This peaked distribution confirms that OT self-
localises to the lower-middle layers identified as
the semantic core for language-agnostic representa-
tions (Tenney et al., 2019; Liu and Niehues, 2025),
without any explicit supervision over layer identity.
Near-zero weights on upper layers further suggest
these encode task-specific features that alignment
should not disturb. This validates our learnable
aggregation as a core design contribution: rather
than applying transport uniformly, the model au-
tomatically focuses alignment where cross-lingual
transfer is most effective.

A.7 Stage 1 Anchor Quality: English Task
Fine-tuning Performance

Since LReg anchors Stage 2 alignment to the frozen
English branch produced by Stage 1 (Section 3.4),
the quality of this checkpoint directly determines
the reliability of the anchor that non-English rep-
resentations are transported toward. We report the
Stage 1 training trajectory here as explicit evidence
that the frozen English branch entering Stage 2 is
stable and competent, separately from the held-out
cross-lingual comparison in Table 2.

Setup. We fine-tune the top N = 8§ layers of
Llama-3-8B-Instruct via Causal Language Mod-
elling on the three balanced English task datasets
described in Section 4.1: SQuAD 2.0 (QA), SNLI
(NLI), and MMLU (MCQ), for 3 epochs with
Ir = 2e—5, linear scheduling, and 0.1 warmup.
We report end-of-epoch accuracy on MMLU and
SNLI, and F1/EM on SQuAD, all computed on
their respective in-domain validation splits.

The English anchor stabilises well before Stage
2 begins. All three tasks converge to a consis-

Table 8: Stage 1 (English Multi-Task Fine-tuning) per-
formance of Llama-3-8B-Instruct across training epochs.
Scores are computed on the in-domain validation splits
of MMLU, SNLI, and SQuAD 2.0, and serve as anchor-
quality evidence for the frozen English branch used by
LReg in Stage 2.

Epoch MMLU Acc. SNLIAcc. SQuAD F1 SQuAD EM

1 60.5% 90.3% 85.0% 81%
2 63.3% 91.9% 86.0% 83%
3 61.2% 92.0% 85.5% 82%

tent performance band within the first epoch and
remain stable thereafter: MMLU accuracy fluc-
tuates narrowly around ~61-63%, SNLI accu-
racy rises monotonically to 92.0%, and SQuAD
F1/EM stay within a one-point band across epochs
(85.0-86.0 F1, 81-83 EM). No task shows the
sharp epoch-over-epoch degradation that would in-
dicate an unstable or overfit checkpoint. We se-
lect the epoch-2 checkpoint, which peaks jointly
on MMLU (63.3%) and SQuAD (86.0/83), as the
frozen Stage 1 anchor for all Stage 2 experiments
reported in Table 2.

Implication for Lre,. Because Lre, penalises
deviation of the trainable English branch from this
frozen checkpoint (Eq. 8), its effectiveness pre-
supposes that the checkpoint itself is a competent,
non-degenerate representation of English task per-
formance. The trajectory in Table 8 confirms this
precondition: the anchor is not an undertrained or
unstable snapshot but a converged multi-task check-
point, which is consistent with the strong English
preservation we observe throughout Stage 2 (En-
glish XNLI 83.41, English XQuAD 83.43/72.10,
both at or above this Stage 1 baseline).
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A.8 Case Study: Visualizing Optimal
Transport Plans Across Language Pairs

To qualitatively inspect what the learned transport
plans capture, we visualise the Sinkhorn solution
T™ for the sentence “The cat sat on the mat” and its
translations into Vietnamese, Chinese, and Arabic.

English—Vietnamese. The BOS token aligns ex-
clusively with its Vietnamese counterpart, preserv-
ing positional structure. Semantically, cat concen-
trates the majority of its mass on the sub-token pair
m + éo, the two-piece tokenisation of méo (cat),
demonstrating that the plan correctly reassembles
morphologically split targets. sat peaks at ngoi
(sit/sat), on at trén (on/above), and mat at thdm
(mat/rug), with The transporting to Con, the Viet-
namese noun classifier. The overall diagonal ten-
dency indicates well-ordered, semantically faith-
ful alignment despite the absence of explicit word-
level supervision.

English-Chinese. The Chinese plan is the
sharpest of the three (lowest OT loss = 0.449),
reflecting the compact, morpheme-dense tokenisa-
tion of Chinese. cat concentrates 0.106 of its mass
almost exclusively on 7# (cat), the highest single-
cell value outside BOS across all three language
pairs. sat and on both peak at A2 7E (sat/on), a
compound token that jointly encodes the verb and
its locative particle—a many-to-one alignment that
the transport plan accommodates naturally by dis-
tributing mass from two English tokens to a single
Chinese one. The spreads its mass more diffusely,
consistent with the absence of a direct Chinese arti-
cle.

English—Arabic. Arabic yields the highest OT
loss (0.573), consistent with its rich morphology,
right-to-left script, and pro-drop syntax, all of
which increase the surface distance between the
two distributions. Mass is notably more diffuse:
no cell outside BOS exceeds 0.072, compared to
0.099 and 0.106 for Vietnamese and Chinese re-
spectively. Nevertheless, semantic coherence per-
sists: The peaks at the Arabic definite-article clitic,
cat concentrates on the Arabic token for gift, and
mat aligns most strongly with the final token en-
coding the mat noun. The higher loss and increased
diffuseness directly corroborate the quantitative
finding in Table 2 that Arabic remains among the
harder transfer targets.

English - Vietnamese

English tokens
Transport mass

°°6 o © 4 “96\ «* o* &« o

Vietnamese tokens

Figure 9: Optimal transport plan for English — Viet-
namese (“The cat sat on the mat” — “Con méo ngoi
trén tham™). OT Loss = 0.471, e=0.1, K=100.

English - Chinese

OT Loss = 0.449172 & =0.1 iter =100

English tokens
8 2
~ ~

Transport mass

o
3

Figure 10: Optimal transport plan for English — Chi-
nese (“The cat sat on the mat” — “JHALFEETF 7).
OT Loss = 0.449, e=0.1, K=100.

English - Arabic

English tokens
Transport m;ss

Arabic tokens

Figure 11: Optimal transport plan for English — Ara-
bic (“The cat sat on the mat” — “al-qitta jalsat ‘ala
al-hasira”). OT Loss = 0.573, e=0.1, K=100.

19941



enjoy

researching

natural 0022 0019 0017 &

English tokens

language

processing

QX
® N

VO SIS St SR RN NP e
Q’O'(é\\b[§\9§+ \*o,\@&@

<
Vietnamese tokens

Figure 12: Optimal transport plan for Vietnamese —
English (“Toi thich nghién cdu xt ly ngén ngi tu
nhién” — “I enjoy researching natural language pro-
cessing”). €=0.1, K=100 The plan accommodates
token-count asymmetry naturally: the two-piece Viet-
namese compound fi nhién jointly transports mass to
the single English token natural, and similarly ngon
ngit distributes mass to language, demonstrating that
the entropy-regularised transport plan captures seman-
tic correspondence without requiring one-to-one token
alignment.

A.9 Case Study: Epsilon-Iteration Sinkhorn
Parameters Visualization

Figure 12 visualises the plan for the sentence pair
“Toi thich nghién ciuu xu Iy ngdn ngit tw nhién”
— “I enjoy researching natural language process-
ing” at €=0.1, K=100. The plan reveals two
characteristic behaviours. First, it handles token-
count asymmetry gracefully: the compound i
nhién (two Vietnamese tokens) distributes mass
collectively onto the single English token natu-
ral, and ngon ngit (two tokens) concentrates on
language—many-to-one alignments that the con-
tinuous transport plan accommodates without any
explicit word-alignment supervision. Second, the
near-diagonal structure confirms that positional and
semantic ordering is largely preserved across the
two languages despite their typological differences.

Figure 13 sweeps ¢ € {0.05,0.1,0.2,0.4}
and K € {50,100,200,400} on the same sen-
tence pair. Across columns, decreasing ¢ sharp-
ens the plan toward a near-permutation matrix,
concentrating mass on the closest token pairs
but at the cost of reduced flexibility for diffuse
multi-token correspondences. Increasing € spreads
mass uniformly, eventually approaching the triv-
ial doubly-stochastic matrix with no discriminative

Design axis Alqahtani Ours
et al. (2021)
Backbone mBERT (enc.) Causal LLM
Objective Lor, Lr2 Lo, LoT, LReg
Layer target Last layer only Mid 8-24
Anchor scheme Reg. vs. orig. preFrozen per-step
FT reps branch
Fine-tuning Full-model LoRA (PEFT)
Training regime Single-stage Two-stage
Component checklist
Causal LM loss Lrv X v
Middle-layer targeting X v
Learnable layer weights X v
Parameter-efficient X v
Two-stage pipeline X v
Span QA eval. v v
Knowledge-intensive X v
(MCQ) eval.
Anchor/target  consisv/ v
tency reg.
Sinkhorn-based OT v v

Table 9: Comparison of our asymmetric OT frame-
work with Algahtani et al. (2021). Both use entropy-
regularised Sinkhorn OT with a consistency term that
penalises drift of the anchor/target representations, and
both evaluate on XNLI and XQuAD. Our method targets
autoregressive decoders: it adds a language-modelling
loss, aligns learnable-weighted middle layers rather
than only the final layer, uses parameter-efficient LoORA
adapters instead of full-model fine-tuning, and pro-
tects the anchor at every training step against shared-
parameter drift via a two-stage pipeline. T Alqahtani
et al. (2021) evaluate XQuAD via an extractive span-
prediction head on a bidirectional encoder; our XQuAD
evaluation instead requires the decoder to autoregres-
sively generate the answer span, a substantially harder
setting for the same benchmark.

signal. Across rows, K=50 produces visibly under-
converged plans with residual off-diagonal noise;
convergence stabilises by K =100 and changes neg-
ligibly beyond that, corroborating the efficiency—
quality trade-off reported in Table 6 and Sec-
tion A.5.

A.10 Comparison with Alqahtani et al. (2021)

Table 9 summarises how our framework differs
from the OT-based alignment method of Alqah-
tani et al. (2021), the closest prior work applying
Sinkhorn-regularised optimal transport to cross-
lingual representation alignment.
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Figure 13: Effect of entropy regularisation ¢ € {0.05,0.1,0.2,0.4} (columns) and iteration count K €
{50, 100, 200, 400} (rows) on the Sinkhorn transport plan for the Vietnamese—English pair. Smaller ¢ produces
sharper, more diagonal plans that concentrate mass on semantically closest token pairs; larger ¢ diffuses mass
uniformly, weakening the alignment signal. Increasing K improves convergence toward the entropy-regularised
optimum, with plans at =50 visibly under-converged relative to & >100; beyond K=100, the plan geometry

stabilises, consistent with the quantitative results in Table 6.
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