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Abstract001

Dense retrieval in multilingual settings often002
searches over mixed-language collections, yet003
multilingual embeddings encode language iden-004
tity alongside semantics. This language signal005
can inflate similarity for same-language pairs006
and crowd out relevant evidence written in007
other languages. We propose LANGSAE EDIT-008
ING, a post-hoc sparse autoencoder trained on009
pooled embeddings that enables controllable010
removal of language-identity signal directly in011
vector space. The method identifies language-012
associated latent units using cross-language ac-013
tivation statistics, suppresses these units at in-014
ference time, and reconstructs embeddings in015
the original dimensionality, making it compat-016
ible with existing vector databases without re-017
training the base encoder or re-encoding raw018
text. Experiments across multiple languages019
show consistent improvements in ranking qual-020
ity and cross-language coverage, with espe-021
cially strong gains for script-distinct languages.022
The LANGSAE model and training code are023
publicly available.1024

1 Introduction025

Dense retrieval ranks documents by comparing026

query and document embeddings, typically with027

cosine similarity, and it is a core component of028

modern search and retrieval-augmented generation029

pipelines (Karpukhin et al., 2020; Xiong et al.,030

2021; Khattab and Zaharia, 2020). In multilingual031

deployments, the indexed collection is often mixed-032

language, and relevant evidence for a query can033

appear in any language. In this setting, dense re-034

trievers commonly exhibit a same-language pref-035

erence, where same-language candidates receive a036

similarity advantage and crowd out more relevant037

evidence written in other languages (Yang et al.,038

2021, 2025).039

1To preserve anonymity during review, we will provide the
links after acceptance.

We study this setting as multilingual information 040

retrieval (MLIR): queries may be issued in any sup- 041

ported language and retrieval is performed against a 042

single multilingual pool (Zhang et al., 2023, 2021). 043

The failure mode is a mismatch with the goal of 044

embedding-based retrieval, which is to prioritize 045

semantic alignment rather than language match. 046

Prior analyses point to a concrete mechanism. 047

Multilingual encoders encode language identity in 048

addition to semantics, and language identity re- 049

mains recoverable from their representations (De- 050

vlin et al., 2019; Conneau et al., 2020; Libovick’y 051

et al., 2020, 2019). When similarity search is per- 052

formed in a shared space, this language signal can 053

distort neighborhood structure by inflating same- 054

language cosine similarity, producing Language 055

Identity Bias in MLIR (Yang et al., 2021, 2025). 056

Mitigating this bias is constrained by deploy- 057

ment reality. Many systems rely on precomputed 058

document embeddings in a vector database, and 059

encoder-side mitigation typically requires fine- 060

tuning and then re-encoding the entire corpus from 061

raw text, which is often the dominant cost in real 062

deployments. This motivates post-hoc methods 063

that operate directly on existing vectors and re- 064

main compatible with standard similarity search 065

infrastructure (Johnson et al., 2019; Malkov and 066

Yashunin, 2020). 067

We propose LANGSAE, a post-hoc method that 068

suppresses language-identity signal in pooled em- 069

beddings while preserving retrieval-relevant seman- 070

tics. LANGSAE is an overcomplete sparse autoen- 071

coder trained on pooled embeddings, its sparse 072

feature representation enables language-associated 073

factors to concentrate into a small set of latent units 074

that can be selectively suppressed, then decoded 075

back to the original embedding dimensionality for 076

drop-in cosine scoring. Because the transformation 077

is vector-only, it is substantially cheaper than en- 078

coder tuning and corpus-wide re-encoding, editing 079

an embedding in 0.0445 ms, enabling both offline 080
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retrofitting of stored vectors and query-time edit-081

ing.082

Across Belebele (Bandarkar et al., 2024) and083

XQuAD (Artetxe et al., 2020), LANGSAE EDIT-084

ING improves macro-average nDCG@20 by about085

+21.9% and +20.6%, respectively. Gains are espe-086

cially large for script-distinct languages such as087

Chinese, consistent with language identity acting088

as a similarity shortcut in multilingual pools.089

We make three contributions:090

• We formalize Language Identity Bias in091

MLIR as same-language crowding in shared092

multilingual pools and introduce diagnostics093

that isolate this effect beyond aggregate re-094

trieval metrics.095

• We introduce LANGSAE EDITING, a sparse096

feature-based post-hoc transformation that097

suppresses language-associated units and re-098

constructs embeddings in the original space099

for drop-in retrieval.100

• We demonstrate consistent gains on multilin-101

gual pools across two benchmarks and provide102

analyses that connect feature suppression to103

improved ranking behavior, with a lightweight104

transformation that is practical for retrofitting105

existing vector databases.106

2 Related Work107

2.1 Multilingual Dense Retrieval108

Dense retrieval embeds queries and documents109

into a shared space and ranks by vector similar-110

ity (Karpukhin et al., 2020). Multilingual retrievers111

typically build on pretrained multilingual encoders112

(Devlin et al., 2019; Conneau et al., 2020) and are113

evaluated on multilingual retrieval datasets such114

as mMARCO, Mr. TyDi, and MIRACL (Bonifacio115

et al., 2021; Zhang et al., 2021, 2023), with broad116

embedding evaluations increasingly standardized117

by MTEB (Muennighoff et al., 2022). Recent im-118

provements come from multilingual sentence em-119

bedding alignment (Artetxe and Schwenk, 2019;120

Feng et al., 2022), weakly supervised contrastive121

pretraining (Wang et al., 2022, 2024), unsupervised122

pretraining for multilingual dense retrieval (Wu123

et al., 2022), lightweight inference-time adapta-124

tion (Huang et al., 2023), contrastive objectives for125

language-agnostic retrieval (Hu et al., 2023), and126

distillation-based transfer (Yang et al., 2024). De-127

spite these advances, retrieval quality often varies128

substantially across languages, motivating analyses 129

of language-linked failure modes in multilingual 130

IR (Yang et al., 2025). 131

2.2 Language Signal and Bias in Multilingual 132

Representations 133

Language identity remains recoverable from multi- 134

lingual representations, indicating that embeddings 135

mix semantics with language-correlated structure 136

(Libovick’y et al., 2019, 2020). Related work 137

studies when cross-lingual transfer emerges and 138

how representation spaces align across languages 139

(Artetxe et al., 2020; Artetxe and Schwenk, 2019), 140

and proposes reducing self-language preference by 141

explicitly removing language information (Yang 142

et al., 2021). Other approaches encourage language- 143

agnostic structure during training (Zhao et al., 144

2021) or identify language-associated subspaces 145

that can be filtered (Xie et al., 2022), while recent 146

dense retrieval work explores language-invariant 147

behavior through language concept erasure (Huang 148

et al., 2024). From an IR perspective, language 149

bias is also framed as an evaluation and fairness 150

issue, where per-language reporting and disparity- 151

aware analysis are important (Bandarkar et al., 152

2024; Yang et al., 2025). 153

2.3 Post-hoc Representation Transformation 154

Post-processing methods can improve cosine- 155

neighborhood geometry by addressing anisotropy 156

or dominant directions in embedding spaces, of- 157

ten via simple transformations such as whitening 158

(Li et al., 2020; Huang et al., 2021). Autoencoder- 159

based objectives offer an alternative, learning a 160

transformation that reconstructs vectors while en- 161

abling controlled edits in latent space, as demon- 162

strated by reconstruction-based sentence embed- 163

ding learning (Wang et al., 2021). Our work follows 164

this post-hoc direction but targets a specific nui- 165

sance factor, language identity, via sparse overcom- 166

plete features that can be selectively suppressed 167

while reconstructing embeddings back to the origi- 168

nal dimensionality for drop-in retrieval use. 169

3 Methodology 170

We propose LANGSAE, a post-hoc method that 171

edits pooled encoder embeddings to suppress 172

language-identity signal while preserving retrieval- 173

relevant semantics. We assume a standard dense 174

retrieval pipeline where a frozen multilingual en- 175

coder produces token representations, which are 176
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Figure 1: Overview of the LANGSAE EDITING pipeline. Phase I: Train an overcomplete sparse autoencoder on
pooled embeddings from a frozen multilingual encoder. Phase II: Compute per-language activation frequencies and
select language-associated features to form a mask. Phase III: Encode text, apply the mask in latent space, and
decode to obtain an edited embedding for retrieval.

mean-pooled into a single vector. Queries and doc-177

uments are ranked by cosine similarity between178

ℓ2-normalized pooled embeddings (Karpukhin179

et al., 2020). In multilingual information retrieval180

(MLIR), the candidate pool mixes multiple lan-181

guages, and language identity encoded in embed-182

dings can inflate similarity for same-language pairs,183

leading to same-language crowding in the top ranks.184

LANGSAE EDITING mitigates this effect by first185

rewriting pooled embeddings into an overcomplete186

sparse feature representation, where each embed-187

ding is expressed by a small set of active latent188

units. This representation makes language-related189

signal identifiable as consistently activated units190

within each language, enabling selective suppres-191

sion without applying a single global transforma-192

tion uniformly to all inputs. The edited represen-193

tation is then decoded back to the original embed-194

ding dimensionality, so retrieval remains a drop-in195

replacement for existing cosine similarity search196

and vector database infrastructure (Li et al., 2020;197

Huang et al., 2021) (Figure 1). Because the trans-198

formation operates purely on vectors, it can be ap-199

plied both to retrofit stored document embeddings200

offline and to transform query embeddings at run-201

time, without modifying the underlying encoder or202

requiring access to raw text.203

3.1 Phase I: Training LANGSAE on pooled204

embeddings205

Let e ∈ Rd denote the raw pooled embedding206

produced by a frozen base encoder for a text seg-207

ment. LANGSAE is trained directly on raw pooled208

embeddings. At retrieval time, reconstructed and 209

edited embeddings are ℓ2-normalized before cosine 210

similarity scoring (Section 4.1). 211

LANGSAE is an overcomplete sparse autoen- 212

coder with encoder Eθ and decoder Dϕ, where 213

the latent dimensionality is m ≫ d; spar- 214

sity encourages reusable latent units and makes 215

activation-frequency statistics meaningful for iso- 216

lating language-associated features. Given e, the 217

encoder produces latent pre-activations, followed 218

by a ReLU nonlinearity to obtain non-negative ac- 219

tivations: 220

z = ReLU(Eθ(e)) ∈ Rm, zi ≥ 0 ∀i. (1) 221

We impose sparsity by keeping only the top-k acti- 222

vated features per example (top-k applied directly 223

to ReLU activations) (Makhzani and Frey, 2013). 224

Let TopK(z, k) return the indices of the k largest 225

entries of z. The sparsification operator S(·) is: 226

[S(z)]i =

{
zi, i ∈ TopK(z, k),

0, otherwise.
(2) 227

We denote the resulting sparse code by 228

z̃ = S(z) = S(ReLU(Eθ(e))). (3) 229

LANGSAE is trained to reconstruct pooled em- 230

beddings with mean squared error: 231

Lrec(θ, ϕ) = Ee

[
∥e−Dϕ(z̃)∥22

]
. (4) 232

We additionally include sparsity-related auxiliary 233

terms to encourage stable sparse features. 234
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3.2 Phase II: Identifying language-associated235

latent features236

After training, we identify language-associated la-237

tent units using activation statistics computed on a238

language-labeled probe set. Let Pℓ be probe texts in239

language ℓ. For each t ∈ Pℓ, we compute its pooled240

embedding e(t) and sparse code z̃(t) (Eq. 3). We241

treat a latent unit as active if its sparse activation is242

non-zero (after top-k sparsification), and estimate243

how often each unit activates in each language:244

pi,ℓ = Et∼Pℓ
[I(z̃i(t) > 0)] . (5)245

Given a global threshold τ ∈ (0, 1], we construct246

three sets of units:247

• Frequent for language ℓ: Fℓ(τ) = {i :248

pi,ℓ ≥ τ}.249

• Language-unique for ℓ: Uℓ(τ) = {i ∈250

Fℓ(τ) : maxℓ′ ̸=ℓ pi,ℓ′ < τ}.251

• Overlapping: O(τ) = {i : i ∈ Fℓ(τ) ∩252

Fℓ′(τ) for some ℓ ̸= ℓ′}.253

Intuitively, Uℓ(τ) contains units that fire reliably254

for language ℓ but not for other languages, while255

O(τ) contains units that are frequent across mul-256

tiple languages, which may reflect shared scripts,257

tokenization regularities, or multilingual corpus258

artifacts. We keep these sets distinct to support dif-259

ferent masking strategies at inference (Section 3.3).260

The threshold τ controls how conservatively261

units are selected. Values near τ ≈ 1.0 retain262

only the most consistently activated units, while263

lowering τ can rapidly increase the frequent sets264

and risk including broadly used units. We compute265

pi,ℓ on the held-out validation split used during266

LANGSAE training (Appendix A.3) and report a267

sensitivity sweep over τ in Appendix D. We also268

evaluate whether including overlapping units in the269

suppression set is beneficial (Appendix E).270

3.3 Phase III: LANGSAE EDITING at271

inference272

LANGSAE EDITING requires a language label ℓ273

for each embedding. In our benchmarks, ℓ is pro-274

vided by the dataset. In deployed systems, ℓ can275

come from document metadata or a standard lan-276

guage identification module.277

Given a pooled embedding e and its language278

ℓ, we first compute its sparse latent code z̃ us-279

ing the trained LANGSAE encoder and the top-k280

sparsification defined in Section 3.1. We then re- 281

move language-associated signal by masking a se- 282

lected set of latent units derived from the activation- 283

frequency statistics in Section 3.2. We consider 284

two masking strategies: (i) Unique-only, mask- 285

ing Uℓ(τ), and (ii) Unique+Overlapping, masking 286

Uℓ(τ)∪O(τ). We use Unique+Overlapping in our 287

main experiments (with τ = 0.999) and report 288

Unique-only as an ablation (Appendix E). 289

Concretely, LANGSAE EDITING applies the fol- 290

lowing steps: 291

1. Encode to sparse features: compute z̃ from 292

e using the trained encoder and top-k sparsifi- 293

cation. 294

2. Language-conditioned masking: form a 295

mask set Sℓ (either Uℓ(τ) or Uℓ(τ) ∪ O(τ)), 296

then set the corresponding latent coordinates 297

to zero to obtain a masked code z̃′. 298

3. Decode back to the original space: recon- 299

struct an edited embedding ẽ = Dϕ(z̃
′). 300

4. Normalize for cosine scoring: output ¯̃e = 301

ẽ/∥ẽ∥2. 302

Masking can reduce the number of active fea- 303

tures below k for some examples. We keep this 304

behavior (rather than refilling from lower-ranked 305

activations) to avoid reintroducing correlated units. 306

For retrieval, we apply the same transforma- 307

tion (Baseline, SAE Reconstructed, or LANGSAE 308

EDITING) to both queries and documents, and rank 309

candidates by cosine similarity between the result- 310

ing ℓ2-normalized vectors: 311

s(q, d) = ⟨ēq, ēd⟩ . (6) 312

3.4 Control: SAE reconstruction without 313

masking 314

To isolate the contribution of feature suppression 315
from reconstruction, we define an SAE recon- 316
struction control that passes embeddings through 317
LANGSAE without masking: 318

¯̂e =
Dϕ(z̃)

∥Dϕ(z̃)∥2
, z̃ = S(ReLU(Eθ(e))). (7) 319

Comparing Baseline, SAE Reconstructed, and 320

LANGSAE EDITING in Section 4 separates the 321

effect of sparse autoencoding from the effect of 322

targeted language-feature suppression. 323
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4 Experiments324

4.1 Experimental Setup325

Task. We evaluate mixed-language multilingual326

information retrieval (MLIR): each query retrieves327

from a single multilingual pool that contains doc-328

uments from multiple languages, and relevant evi-329

dence may appear in any language.330

Benchmarks. We use Belebele (Bandarkar et al.,331

2024) and XQuAD (Artetxe et al., 2020) on 10 lan-332

guages: Arabic, Chinese, English, French, Hindi,333

Italian, Japanese, Portuguese, Russian, and Span-334

ish. Both benchmarks provide parallel/aligned doc-335

uments across languages (Belebele via passage336

IDs, XQuAD via SQuAD example IDs); each pas-337

sage/context paragraph is treated as one retrieval338

unit. More details about benchmarks can be found339

in Appendix B.340

Pools and relevance. For each benchmark we341

form a multilingual pool by taking the union of342

documents across the included languages, and we343

evaluate queries grouped by query language against344

the same shared pool. Belebele yields 4,880 doc-345

uments (488 × 10) and 9,000 queries (900 × 10).346

XQuAD yields 1,440 documents (240 × 6) and347

7,140 queries (1,190 × 6) for the available 6 lan-348

guages (Arabic, Chinese, English, Hindi, Russian,349

Spanish). For each query q, the multi-relevant set350

Rq is the aligned document set across languages, so351

|Rq| = 10 on Belebele and |Rq| = 6 on XQuAD.352

Retrieval and systems. Documents are not chun-353

ked at evaluation time. We encode text with mean354

pooling (Section 3), ℓ2-normalize embeddings, and355

rank by cosine similarity using exact (brute-force)356

search over the full pool. We compare: (i) Base-357

line, frozen encoder; (ii) SAE Reconstructed,358

LANGSAE without masking; and (iii) LANGSAE359

EDITING, masking with the Unique + Overlap-360

ping strategy at τ=0.999. The same transformation361

is applied to both queries and documents.362

Selecting τ . We compute activation frequen-363

cies pi,ℓ on the held-out validation split used364

in LANGSAE training data preparation (Ap-365

pendix A.2, A.3) and choose a conservative τ to366

avoid over-masking; we use τ = 0.999 unless367

stated otherwise (Appendix D).368

Metrics. We report standard Recall@20 and369

nDCG@20 (Järvelin and Käkäläinen, 2002) with370

binary relevance. In our mixed-language setting,371

Avg. Count @ Top-20
Retrieved Lang. m-e5-large LangSAE ∆ Count

Query Language (Bias Source)
Chinese 16.962 5.320 - 11.642

Other Languages (Multilingual Targets)
Arabic 0.000 0.321 + 0.321
English 0.001 1.313 + 1.312
Spanish 0.003 0.736 + 0.732
Hindi 0.001 0.802 + 0.801
Russian 0.102 1.122 + 1.020
French 0.001 0.662 + 0.661
Italian 0.067 0.972 + 0.906
Japanese 0.003 0.811 + 0.808
Portuguese 0.216 1.112 + 0.897

Non-Zh Total 0.394 7.852 + 7.458

Table 1: Ground-truth removal reveals same-language
preference. Avg. retrieved language counts for Chinese
queries (k=20, 900 queries).

each query q has a multi-relevant set Rq consist- 372

ing of all aligned passages across languages (10 373

for Belebele, 6 for XQuAD). A retrieved passage 374

is counted as relevant if it belongs to Rq. Re- 375

call@20 is the fraction of Rq retrieved in the top 376

20. nDCG@20 is computed with binary gains and 377

an ideal ranking that places all relevant passages 378

first (up to 20). We report averages per query lan- 379

guage and a macro-average that weights each query 380

language equally. 381

4.2 Bias Evidence: Quantifying Language 382

Bias via Ground-Truth Removal 383

To isolate same-language preference from semantic 384

relevance, we measure the language distribution of 385

retrieved distractors (Yang et al., 2021, 2025). Stan- 386

dard retrieval metrics can obscure language bias in 387

our setting because multiple aligned ground-truth 388

documents exist across languages, and a system 389

may retrieve some ground-truth items while still 390

allocating many remaining ranks to same-language 391

non-relevant passages. To focus on this issue, we 392

remove aligned ground-truth documents from the 393

retrieved list before computing language counts. 394

Concretely, for each query we first retrieve the 395

top-20 documents from the full multilingual pool. 396

We then remove all aligned ground-truth docu- 397

ments for that query (across all included languages 398

for that benchmark) from the retrieved list, and 399

compute the number of remaining retrieved docu- 400

ments per language. After this removal, the retained 401

documents are non-relevant under the benchmark 402

labels, so their language distribution reflects lan- 403
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Language multilingual-e5-large All-but-the-Top SAE Reconstructed LangSAE Editing
nDCG@20 Recall@20 nDCG@20 Recall@20 nDCG@20 Recall@20 nDCG@20 Recall@20

Belebele

Arabic 0.4853 0.4750 0.4194 0.3909 0.4930 0.4844 0.6810 0.6719
English 0.7322 0.7246 0.7087 0.7028 0.7370 0.7298 0.7635 0.7461
Spanish 0.6857 0.6600 0.6692 0.6458 0.6888 0.6633 0.7500 0.7288
Hindi 0.3836 0.3329 0.3727 0.3209 0.3884 0.3393 0.4483 0.4103
Russian 0.2738 0.1794 0.2631 0.1674 0.2749 0.1804 0.2766 0.1960
Chinese 0.3397 0.2649 0.4175 0.3728 0.3461 0.2731 0.6947 0.6821
French 0.6847 0.6580 0.6842 0.6569 0.6918 0.6656 0.7304 0.7099
Italian 0.6522 0.6227 0.6416 0.6134 0.6603 0.6308 0.7485 0.7276
Japanese 0.5116 0.4769 0.5503 0.5344 0.5171 0.4836 0.7119 0.7008
Portuguese 0.6107 0.5634 0.6642 0.6229 0.6165 0.5712 0.7292 0.7068

Macro Average 0.5359 0.4958 0.5391 0.5028 0.5414 0.5022 0.6534 0.6280

XQuAD

Arabic 0.6752 0.7557 0.6361 0.6975 0.6809 0.7632 0.8362 0.8972
English 0.8504 0.9147 0.8210 0.8829 0.8555 0.9199 0.8751 0.9216
Spanish 0.7838 0.8664 0.7991 0.8709 0.7884 0.8731 0.8672 0.9198
Hindi 0.7015 0.7751 0.7142 0.7777 0.7093 0.7840 0.8443 0.8999
Russian 0.7973 0.8908 0.7414 0.8284 0.8015 0.8936 0.8956 0.9457
Chinese 0.4765 0.4831 0.5854 0.6392 0.4819 0.4905 0.8496 0.9080

Macro Average 0.7141 0.7810 0.7162 0.7828 0.7196 0.7874 0.8613 0.9154

Table 2: MLIR performance on Belebele and XQuAD, reported by query language. We compare the base encoder, a
global All-but-the-Top post-processing baseline, SAE reconstruction, and LangSAE Editing. Dark shading indicates
the best result, light shading indicates the second best, computed per row and metric.

guage preference among distractors rather than the404

need to surface labeled answers. Because some of405

the original top-20 entries can be ground-truth doc-406

uments that are removed from this analysis, the407

per-language counts in Table 1 are not expected to408

sum to 20. The difference to 20 equals the average409

number of ground-truth documents retrieved in the410

top-20 that were excluded from the distractor-only411

accounting.412

We focus on Chinese queries on Belebele (900413

queries). Table 1 shows clear evidence of same-414

language crowding among distractors. Under the415

baseline, Chinese accounts for 16.962 distractors416

on average, while all non-Chinese languages to-417

gether account for only 0.394 distractors (17.356418

distractors total). After applying LANGSAE, the419

average number of Chinese distractors drops420

sharply to 5.320, while non-Chinese distractors421

increase to 7.852 (13.172 distractors total). In pro-422

portional terms, Chinese distractors drop from423

97.7% of distractors (16.962/17.356) to 40.4%424

(5.320/13.172), while non-Chinese distractors rise425

from 2.3% to 59.6%. Since Belebele is parallel and426

the candidate pool is balanced across languages by427

construction, this shift is not explained by pool-size428

imbalance.429

The gap to 20 also increases substantially, from430

20 − 17.356 = 2.644 in the baseline to 20 − 431

13.172 = 6.828 under LANGSAE. This indicates 432

that LANGSAE retrieves more aligned ground- 433

truth items within the top-20 while simultane- 434

ously reducing same-language crowding among 435

the remaining non-relevant candidates. Together, 436

these results provide direct diagnostic evidence 437

that LANGSAE EDITING mitigates same-language 438

preference in mixed-language retrieval pools. Qual- 439

itative retrieval examples are provided in Ap- 440

pendix F. 441

4.3 MLIR Retrieval Performance 442

Table 2 summarizes retrieval quality by query lan- 443

guage on Belebele and XQuAD under our mixed- 444

language MLIR setting, where every query re- 445

trieves from the same multilingual pool. In addition 446

to the base encoder (multilingual-e5-large), 447

we include two post-hoc baselines to separate 448

generic embedding-space post-processing from 449

targeted language-identity suppression: All-but- 450

the-Top (Mu et al., 2018), a global anisotropy- 451

reduction transform that removes dominant prin- 452

cipal components from the embedding space, 453

and SAE Reconstructed, which passes embed- 454

dings through LANGSAE without masking to 455

isolate the effect of sparse autoencoding from 456
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feature suppression. We also observe consistent457

improvements when applying LANGSAE EDIT-458

ING to a different multilingual embedding model459

(jinaai/jina-embeddings-v3), with results re-460

ported in Appendix C.461

Overall, LANGSAE EDITING substantially462

outperforms both global post-processing and463

reconstruction-only controls. All-but-the-Top464

yields small or mixed changes across languages,465

which is expected because it applies a single466

language-agnostic linear projection and does467

not directly target language identity. Similarly,468

SAE reconstruction alone provides only marginal469

gains, indicating that improvements are not driven470

by generic reconstruction effects. In contrast,471

masking language-associated latent units produces472

consistent and often large gains, supporting the473

claim that retrieval improvements are driven by474

targeted suppression of language-identity features.475

First, the gains are broad rather than isolated.476

Improvements appear across most query languages,477

indicating that the method is not merely fixing478

a small set of pathological cases. This supports479

the central claim that language identity acts as480

a systematic shortcut in similarity search: when481

language-associated signal inflates same-language482

similarity, it affects the ordering of many competi-483

tive candidates, not only a few outliers.484

Second, gains concentrate in languages that are485

most separable by surface form. Languages with486

scripts or tokenization regimes that differ sharply487

from the Latin-script group tend to benefit the most.488

This is consistent with the mechanism we target. If489

the encoder embeds script and orthographic cues as490

easily recoverable language features, then the em-491

bedding space will naturally partition by language,492

and nearest-neighbor retrieval will spend much of493

its top-k capacity within the query-language region.494

By suppressing the latent units that behave like495

language identifiers, LANGSAE EDITING reduces496

this partitioning pressure and makes ranking de-497

pend more on shared semantic structure. The t-SNE498

projections in Section 4.4 qualitatively support this499

interpretation.500

Finally, the improvements align with our bias-501

focused diagnostic in Section 4.2. After removing502

aligned ground-truth documents from the retrieved503

lists, the remaining distractors become less domi-504

nated by the query language, indicating that edit-505

ing reduces same-language crowding among non-506

relevant candidates.507

Method Total (100k) ms / sample samples / s

SAE Reconstructed 3.1358 s 0.0314 31,889.37
LANGSAE EDITING 4.4516 s 0.0445 22,463.88
multilingual-e5-large 82.0601 s 0.8206 1,218.62

Table 3: Runtime of post-hoc embedding transforma-
tion vs. base encoding, measured over 100,000 samples.
Timings measure GPU forward-pass compute only and
exclude tokenization, disk IO, and ANN search, which
are identical across methods.

Runtime and deployment efficiency. Table 3 508

compares the cost of post-hoc vector editing against 509

re-running the base encoder. On 100,000 samples, 510

LANGSAE EDITING takes 0.0445 ms per sample, 511

while the base encoder takes 0.8206 ms, making 512

editing ≈ 18.4× cheaper than base encoding for 513

corpus-wide updates and only a small overhead 514

when applied after query encoding. Masking adds 515

0.0131 ms per sample over SAE reconstruction 516

without masking. These results support our deploy- 517

ment claim that language-identity mitigation can be 518

applied to stored embeddings offline and to queries 519

at runtime with negligible compute compared to 520

encoder tuning or corpus-wide re-encoding. 521

4.4 Visualizing Language Identity Isolation 522

and Removal in Embedding Space 523

Figure 2 visualizes pooled embeddings from three 524

representations using t-SNE (1000 samples per lan- 525

guage): the base encoder space (left), an inverse- 526

mask reconstruction that retains only the language- 527

associated units (middle), and the LANGSAE 528

EDITED space after suppressing those units (right). 529

Each panel is produced by an independent t-SNE 530

fit. We therefore interpret the plots qualitatively in 531

terms of separation, overlap, and local neighbor- 532

hood composition, rather than absolute distances or 533

global geometry. Note that as with any 2D projec- 534

tion, t-SNE can distort distances and is sensitive to 535

hyperparameters and random seeds, but it is useful 536

for revealing dominant clustering structure. 537

Base embeddings exhibit strong language parti- 538

tioning. In the base encoder space (left), points 539

form visibly language-separated regions with lim- 540

ited overlap. This qualitative partitioning suggests 541

that language identity is a salient organizing factor 542

in the pooled embedding space. In a shared multi- 543

lingual retrieval pool, such separation provides an 544

intuitive mechanism for same-language crowding: 545

if neighborhoods are predominantly monolingual, 546
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Figure 2: t-SNE projections of pooled embeddings (multilingual-e5-large, 1000 samples per language). Left: Base
encoder embeddings. Middle: Inverse mask embeddings reconstructed using only the language-associated units.
Right: LANGSAE EDITED embeddings after suppressing the language-associated units.

nearest-neighbor search can preferentially traverse547

within-language regions, making cross-language548

evidence less competitive even when it is semanti-549

cally relevant.550

Inverse masking isolates a language-identifying551

component. The inverse-mask visualization552

(middle) reconstructs embeddings using only the553

latent units identified as language-associated, while554

zeroing all other units. In this view, language sep-555

aration remains pronounced and often appears556

sharper than in the base space. Qualitatively, this557

indicates that the selected latent units capture a con-558

centrated component that is strongly predictive of559

language identity, and that this component alone is560

sufficient to recover clear language grouping in the561

embedding geometry.562

LANGSAE EDITING reduces language-driven563

structure. After suppressing the language-564

associated units (right), the prominent language565

partitioning weakens and points from different lan-566

guages interleave more substantially. While t-SNE567

does not preserve global distances, the visible in-568

crease in cross-language overlap in local neigh-569

borhoods is consistent with the intended effect of570

LANGSAE EDITING: reducing language identity571

as a shortcut signal so that similarity neighborhoods572

are less dominated by language membership and573

can be shaped more by semantic alignment.574

Overall, Figure 2 provides a qualitative geomet-575

ric view of the mechanism targeted by LANGSAE.576

The inverse-mask panel suggests that our activation-577

frequency selection isolates a language-identifying578

component, and the edited panel shows that sup-579

pressing this component reduces language-driven580

clustering, consistent with the reduced same-581

language crowding diagnostics (Section 4.2) and 582

improved MLIR performance (Table 2). 583

5 Conclusion 584

We studied language bias in multilingual dense 585

retrieval, where language identity encoded in em- 586

beddings can inflate similarity for same-language 587

pairs and crowd out relevant evidence in other lan- 588

guages within a shared multilingual pool. We pro- 589

posed LANGSAE, an overcomplete sparse autoen- 590

coder trained on pooled embeddings that identifies 591

language-associated latent units via cross-language 592

activation statistics. At inference time, LANGSAE 593

EDITING suppresses these units and reconstructs 594

edited embeddings in the original dimensionality, 595

enabling retrofitting of existing vector databases 596

without retraining the base encoder or re-encoding 597

raw text. Experiments on mixed-language retrieval 598

pools constructed from Belebele and XQuAD show 599

consistent improvements in nDCG@20 and Re- 600

call@20 across languages, with diagnostic evi- 601

dence that editing reduces same-language crowding 602

among retrieved distractors. In addition to improv- 603

ing ranking quality, our results support a mecha- 604

nistic view in which language identity occupies a 605

small, controllable subset of sparse features that 606

can be edited without broadly disrupting retrieval- 607

relevant structure. Because the transformation is 608

lightweight and vector-only, it can be applied both 609

offline to update stored embeddings and at run- 610

time as a small post-processing step on queries. 611

These results indicate that language identity is a 612

concentrated and editable factor in the representa- 613

tion space, and that targeted post-hoc suppression 614

can improve MLIR in practical deployments where 615

evidence may appear in any language. 616
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Limitations617

Our experiments primarily evaluate LANGSAE618

EDITING on two parallel multilingual QA bench-619

marks repurposed for mixed-language retrieval620

(Belebele and XQuAD). While this setting pro-621

vides controlled alignment across languages and622

enables clean diagnostics of same-language crowd-623

ing, it may not capture all properties of real-world624

multilingual corpora, such as domain shifts, un-625

even language distributions, or partially overlap-626

ping relevance across languages. The method as-627

sumes access to a language label for each embed-628

ding, which is available in our benchmarks but629

may require metadata or language identification630

in deployed systems. Finally, masking behavior631

is controlled by an activation-frequency thresh-632

old, and while we provide a sensitivity analysis,633

performance can degrade if suppression becomes634

too aggressive. Beyond language identity, embed-635

dings can encode other correlated nuisance factors636

(e.g., script, domain, formatting), and suppressing637

language-associated features alone may not address638

all sources of bias or retrieval failures.639

Ethics Statement640

Our experiments use publicly available datasets641

and standard evaluation protocols. The underlying642

pretrained encoders may have been trained on large-643

scale web data that can contain biases, copyrighted644

material, or personal information beyond our con-645

trol, and our work does not make claims about full646

pretraining data provenance. LANGSAE EDITING647

is intended to reduce same-language preference648

in multilingual retrieval, which can improve ac-649

cess to relevant information across languages, but650

it also changes the language and source distribution651

of retrieved results. In particular, increased cross-652

language retrieval may surface content that users653

cannot readily interpret or verify without trans-654

lation, and downstream systems should consider655

whether to provide translation, provenance, or fil-656

tering to support safe use. Because our method is657

a post-hoc embedding transformation that can be658

applied at scale, practitioners should evaluate per-659

language behavior, monitor for unintended shifts660

in retrieval quality or exposure, and be transparent661

about the transformation when used in user-facing662

systems.663
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A Training and Implementation Details849

The following details specify the LANGSAE train-850

ing configuration and the statistics used to compute851

activation-frequency features for language identifi-852

cation and masking.853

A.1 Base encoder and pooled embeddings854

We use intfloat/multilingual-e5-large as855

the frozen base encoder. For each input text seg-856

ment, token representations are mean-pooled to857

obtain a single embedding e ∈ Rd with d = 1024.858

LANGSAE is trained on raw pooled embeddings859

(no ℓ2 normalization during training). At infer-860

ence, reconstructed or edited embeddings are ℓ2-861

normalized before cosine similarity scoring.862

A.2 Training data construction863

Sources and languages. The training corpus is864

constructed from mMARCO and MIRACL, re-865

stricted to 10 languages: Arabic, Chinese, English,866

French, Hindi, Italian, Japanese, Portuguese, Rus-867

sian, and Spanish.868

Tokenizer and segment length. All lengths are869

computed using the base encoder tokenizer. Exam-870

ples with tokenized length below 250 tokens are871

discarded.872

Length-based splitting. The goal is to ex-873

pose LANGSAE to language-identity patterns in874

pooled embeddings, so a length-based segmenta-875

tion scheme is used. For an example with tokenized876

length L:877

LANGSAE checkpoint configuration

Base encoder multilingual-e5-large

Training corpora mMARCO + MIRACL
Embedding dimension d 1024
Expansion factor m/d 256
Dictionary size m 262,144
Sparsity (top-k) 4,096
Learning rate 5× 10−4

Auxiliary loss coefficient 1× 10−1

Auxiliary usage target 2× 10−2

Epochs 1

Training and validation summary

Aux loss (train / val) 0.9594 / 0.9719
Dead features (%) (train / val) 0 / 0
FVU (train / val) 0.002116 / 0.002109
ℓ0 active features (train / val) 3454.35 / 3457.18
Total loss (train / val) 5.60× 10−7 / 5.58× 10−7

MSE loss (train / val) 5.60× 10−7 / 5.58× 10−7

Table 4: Top: LANGSAE checkpoint configuration used
in main experiments. Bottom: training and validation
summary for the same run.

• If 250 ≤ L ≤ 500, keep it as a single seg- 878

ment. 879

• If 500 < L ≤ 1000, take the first 500 tokens 880

and split into two non-overlapping 250-token 881

segments. Any remaining suffix shorter than 882

250 tokens is discarded. 883

• If L > 1000, partition into consecutive non- 884

overlapping 500-token segments. Any remain- 885

ing suffix shorter than 250 tokens is discarded. 886

All retained segments therefore fall within 250–500 887

tokens, and long examples yield multiple segments. 888

Balancing across languages. After chunking, 889

segment counts differ across languages due to cor- 890

pus variation. Each language is downsampled to 891

match the smallest per-language segment count 892

within each split, yielding balanced training and 893

validation sets. 894

Train and validation sizes. After filtering, 895

chunking, and balancing, the dataset contains 896

95,744,230 training segments and 23,936,060 val- 897

idation segments. Training uses 1 epoch over the 898

training set. 899

A.3 Probe set for activation-frequency 900

statistics 901

To compute activation frequencies pi,ℓ for 902

language-feature identification (Section 3.2), we 903
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use the same validation split described above,904

grouped by language. Specifically, we embed905

each validation segment with the frozen encoder,906

compute its sparse code z̃, and estimate pi,ℓ =907

Et∼Dℓ
[I(z̃i(t) > 0)] using validation segments t in908

language ℓ.909

A.4 Auxiliary feature-usage loss910

In addition to reconstruction loss (Eq. 4), we em-911

ploy an auxiliary feature-usage encouragement ob-912

jective to mitigate the dead-feature problem in top-913

k sparse autoencoders. Intuitively, this loss penal-914

izes latent units whose estimated activation fre-915

quency falls below a user-defined minimum usage916

target, encouraging the model to utilize the full dic-917

tionary capacity instead of collapsing onto a small918

subset of features.919

Concretely, we define a per-unit activation deficit920

as the non-negative difference between a target ac-921

tivation fraction and the unit’s estimated activation922

frequency. Activation frequencies are estimated dif-923

ferentiably (via a high-temperature sigmoid sur-924

rogate), and the auxiliary loss is computed as the925

mean squared activation deficit across units. The926

auxiliary coefficient and target used in the main927

checkpoint are reported in Table 4.928

A.5 Optimization, precision, and hardware929

We optimize LANGSAE with Adam. Train-930

ing uses mixed precision (fp16) on CUDA via931

torch.cuda.amp.autocast and GradScaler for932

numerical stability. Training was performed on 8933

NVIDIA RTX A6000 GPUs. For the expansion-934

factor-256 configuration used in our main experi-935

ments, training took approximately 6 hours.936

A.6 LANGSAE training summary937

Table 4 reports the configuration and logged statis-938

tics for the LANGSAE checkpoint used in the main939

experiments. The overcomplete dictionary size is940

determined by the expansion factor (m/d), and941

sparsity is enforced by top-k selection on ReLU942

activations (Section 3.1). Reported training statis-943

tics include the auxiliary loss used to encourage944

feature usage, the dead-feature rate, and reconstruc-945

tion quality measured by fraction of variance unex-946

plained (FVU). The ℓ0 statistic corresponds to the947

number of non-zero latent activations per example948

after top-k sparsification.949

B Evaluation Benchmarks 950

We evaluate multilingual retrieval in mixed- 951

language pools using multilingual question answer- 952

ing (QA) datasets with parallel constructions, re- 953

purposed as retrieval tasks. These datasets provide 954

aligned query and document instances across lan- 955

guages, enabling controlled cross-language evalua- 956

tion without relying on heuristic relevance transfer. 957

Since the original task is extractive QA, the asso- 958

ciated passages serve as precise gold evidence for 959

retrieval: for each question, the passage paired with 960

that question is treated as relevant, and parallel vari- 961

ants of that passage across languages define aligned 962

relevant evidence under our multilingual pool set- 963

ting. This evaluation paradigm is widely used in 964

recent work to assess multilingual and cross-lingual 965

retrieval behavior using QA resources with parallel 966

structure. 967

Belebele. Belebele (Bandarkar et al., 2024) is a 968

professionally translated multilingual QA dataset 969

designed to support high-quality multilingual eval- 970

uation across a broad set of languages. Translations 971

were produced by native speakers proficient in En- 972

glish, aiming to preserve both contextual meaning 973

and language-specific nuances. In our retrieval for- 974

mulation, we treat each passage as a document and 975

each question as a query. Because passages are par- 976

allel across languages via passage identifiers, we 977

can construct a multilingual candidate pool by tak- 978

ing the union of passages across languages and de- 979

fine a multi-relevant set for each query consisting of 980

all aligned passages across the included languages. 981

This parallel structure makes Belebele well-suited 982

for diagnosing same-language preference and mea- 983

suring whether a retriever surfaces semantically 984

aligned evidence across languages in a shared mul- 985

tilingual pool. 986

XQuAD. XQuAD (Artetxe et al., 2020) is a mul- 987

tilingual QA benchmark derived from SQuAD 988

1.1 (Rajpurkar et al., 2016). It provides transla- 989

tions of question-answer pairs and context para- 990

graphs into multiple languages, yielding fully par- 991

allel examples across languages. In our retrieval 992

formulation, each translated context paragraph is 993

treated as a document and each translated ques- 994

tion is treated as a query. The strict one-to-one 995

alignment across languages enables constructing 996

multilingual pools and defining aligned relevant 997

document sets analogously to Belebele. This makes 998

XQuAD a useful benchmark for evaluating the sta- 999
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Language jina-embeddings-v3 SAE Reconstructed LangSAE Editing

nDCG@20 Recall@20 nDCG@20 Recall@20 nDCG@20 Recall@20

Belebele

Arabic 0.5504 0.5574 0.5450 0.5530 0.5474 0.5586
English 0.5806 0.5876 0.5836 0.5874 0.5839 0.5873
Spanish 0.6649 0.6739 0.6624 0.6690 0.6653 0.6740
Hindi 0.3752 0.3656 0.3782 0.3666 0.3802 0.3683
Russian 0.2071 0.1760 0.2103 0.1769 0.2111 0.1774
Chinese 0.5529 0.5430 0.5611 0.5538 0.5648 0.5617
French 0.6112 0.6186 0.6108 0.6159 0.6134 0.6186
Italian 0.6488 0.6529 0.6471 0.6510 0.6520 0.6568
Japanese 0.5786 0.5757 0.5767 0.5768 0.5809 0.5828
Portuguese 0.6318 0.6388 0.6304 0.6354 0.6333 0.6388

Macro Average 0.5401 0.5390 0.5405 0.5386 0.5432 0.5423

XQuAD

Arabic 0.7156 0.7894 0.7272 0.7976 0.7302 0.8048
English 0.7461 0.8169 0.7558 0.8234 0.7505 0.8221
Spanish 0.7927 0.8578 0.7980 0.8595 0.8016 0.8651
Hindi 0.7334 0.8003 0.7480 0.8113 0.7509 0.8181
Russian 0.7616 0.8293 0.7725 0.8373 0.7742 0.8413
Chinese 0.6950 0.7660 0.7171 0.7849 0.7253 0.7952

Macro Average 0.7408 0.8101 0.7530 0.8191 0.7556 0.8247

Table 5: MLIR performance on Belebele and XQuAD using jina-embeddings-v3, reported by query language. Dark
shading indicates the best result, light shading indicates the second best, computed per row and metric.

bility of embedding-based retrieval under linguistic1000

variation and for measuring how language-identity1001

signal affects similarity search in multilingual set-1002

tings.1003

Why parallel QA datasets. We require a bench-1004

mark construction where, for every query, there1005

is guaranteed relevant evidence in multiple lan-1006

guages within a single shared candidate pool. This1007

is essential for diagnosing same-language crowd-1008

ing cleanly: we need cross-language relevant doc-1009

uments to exist by construction so that a retrieval1010

failure under a mixed-language pool can be at-1011

tributed to language-identity effects rather than1012

missing cross-language relevance labels or in-1013

complete cross-language annotation. Parallel QA1014

datasets provide this property through their one-1015

to-one alignment across languages, allowing us to1016

define multi-relevance sets that include all aligned1017

passages for each query and to evaluate whether1018

retrieval surfaces semantically matching evidence1019

beyond the query language.1020

We considered a broader range of multilingual 1021

retrieval datasets, but many multilingual IR bench- 1022

marks are designed primarily for monolingual re- 1023

trieval within each language and therefore do not 1024

provide fully parallel, one-to-one aligned query– 1025

document pairs across languages. In particular, 1026

Mr. TyDi (Zhang et al., 2021) and MIRACL (Zhang 1027

et al., 2023) contain language-specific query sets 1028

and relevance judgments over language-specific 1029

corpora, rather than a shared pool with guaran- 1030

teed cross-language aligned relevant documents 1031

for every query. This makes it non-trivial to con- 1032

struct controlled multi-relevance sets in mixed- 1033

language pools without introducing additional 1034

cross-language alignment machinery (e.g., entity 1035

or document linking). Because our goal is to isolate 1036

and measure same-language preference in a setting 1037

where cross-language relevant evidence is present 1038

by construction, we focus on Belebele and XQuAD 1039

as our primary evaluation datasets. 1040
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C Additional Encoder Results:1041

jinaai/jina-embeddings-v31042

To evaluate whether LANGSAE EDITING general-1043

izes beyond multilingual-e5-large, we repeat1044

the mixed-language MLIR protocol from Section 41045

using jinaai/jina-embeddings-v3 as the frozen1046

base encoder. We train a separate LANGSAE on1047

pooled embeddings produced by this encoder, then1048

apply the same inference-time editing procedure1049

to both query and document vectors. Unless stated1050

otherwise, we use an expansion factor of 128 with1051

top-k=2048, learning rate 3× 10−4, auxiliary co-1052

efficient 10−1, and usage target 2 × 10−2. At in-1053

ference we use the Unique+Overlapping masking1054

strategy with τ=0.999.1055

Table 5 reports nDCG@20 and Recall@20 by1056

query language on Belebele and XQuAD. Over-1057

all, the post-hoc transformation yields consistent,1058

if smaller, improvements compared to the base en-1059

coder, indicating that the language-identity signal1060

exploited by similarity search is not specific to a1061

single encoder family and that sparse feature sup-1062

pression can provide benefits across encoder archi-1063

tectures.1064

D Sensitivity to Activation-Frequency1065

Threshold τ1066

multilingual-e5-large

Belebele (Macro Avg) XQuAD (Macro Avg)
Threshold nDCG@20 Recall@20 nDCG@20 Recall@20

1.000 0.5974 0.5717 0.7876 0.8669
0.999 0.6534 0.6280 0.8613 0.9154
0.998 0.6019 0.5767 0.8258 0.8775
0.997 0.4817 0.4615 0.7369 0.7843
0.996 0.2768 0.2708 0.5130 0.5640
0.995 0.0874 0.0939 0.2043 0.2505
0.990 0.0455 0.0481 0.1495 0.1742

Table 6: Sensitivity to activation-frequency threshold τ
(absolute macro-average).

The activation-frequency threshold τ controls1067

how conservatively LANGSAE EDITING selects1068

latent units for suppression. Using per-language ac-1069

tivation frequencies pi,ℓ (Eq. 5), we define frequent1070

sets as Fℓ(τ) = {i | pi,ℓ ≥ τ}, derive language-1071

unique and overlapping sets Uℓ(τ) and O(τ) as in1072

Section 3.2, and apply the same masking strategy1073

used elsewhere:1074

Sℓ(τ) = Uℓ(τ) ∪ O(τ). (8)1075

Table 6 reports absolute macro-average1076

nDCG@20 and Recall@20 under mixed-language1077

Figure 3: Sensitivity to τ . Macro nDCG@20 as a func-
tion of the activation-frequency threshold τ (left axis),
together with the average number of latent units per lan-
guage whose activation frequency exceeds τ (right axis).
As τ decreases slightly below 1.0, the set of frequently
active units grows rapidly, which propagates to a much
larger suppression set and can trigger over-masking.

retrieval in multilingual pools. Performance 1078

exhibits a narrow high-performing band near 1079

τ ≈ 0.999–1.000: τ = 0.999 achieves the 1080

strongest results on both benchmarks, and 1081

τ ∈ {1.000, 0.998} remains competitive. However, 1082

once τ is relaxed further, performance degrades 1083

rapidly. By τ = 0.997 metrics drop substantially, 1084

and by τ ≤ 0.995 retrieval quality collapses 1085

to very low values under our multi-relevance 1086

evaluation, indicating that masking has removed 1087

substantial retrieval-relevant structure. 1088

Figure 3 clarifies why small changes in τ can 1089

have outsized effects. The right axis shows that 1090

the number of latent units with pi,ℓ ≥ τ increases 1091

sharply as τ decreases in the narrow region just be- 1092

low 1.0. This reflects a concentration of activation 1093

frequencies near one, which is expected in a top-k 1094

sparse autoencoder where a subset of features is 1095

reused consistently across many inputs. Because 1096

Sℓ(τ) is built from frequent sets (and includes both 1097

language-unique and overlapping frequent units), 1098

this rapid growth propagates into a much larger sup- 1099

pression set. Past a critical point, masking begins to 1100

remove not only language-associated shortcut fea- 1101

tures but also frequently used factors that support 1102

semantic similarity, which contracts similarities for 1103

both positives and competitive negatives and de- 1104

stroys the relative separability required for accurate 1105

ranking. 1106

Overall, these results show that activation- 1107

frequency thresholding must be used conser- 1108

vatively. Values in a tight neighborhood near 1109

τ ≈ 0.999–1.000 can suppress highly consistent 1110
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language-associated units while preserving most1111

shared semantic structure, whereas modest addi-1112

tional relaxation triggers over-masking and severe1113

degradation.1114

E Overlap Removal vs. Non-Removal1115

Overlap handling controls whether LANGSAE1116

EDITING suppresses only language-unique fea-1117

tures, or suppresses both language-unique and over-1118

lapping features that are frequent across multiple1119

languages. The comparison uses three settings: (i)1120

no feature suppression (Baseline), (ii) suppression1121

of language-unique features only, and (iii) suppres-1122

sion of language-unique plus overlapping features.1123

Table 7 reports macro-average results on Belebele1124

under the same evaluation protocol as the main1125

experiments.1126

Including overlapping features in the suppres-1127

sion set yields the best overall performance, while1128

masking language-unique features alone can de-1129

grade retrieval relative to the baseline. This sug-1130

gests that language bias in the embedding space is1131

not carried exclusively by language-unique units.1132

Instead, a substantial portion of the shortcut signal1133

appears to live in features that are frequent across1134

multiple languages, for example shared script- or1135

tokenization-related regularities, or multilingual1136

corpus artifacts, that can still inflate cosine simi-1137

larity and contribute to same-language crowding.1138

Masking only language-unique units may there-1139

fore remove some retrieval-relevant variation with-1140

out sufficiently attenuating the dominant cross-1141

language shortcut features, whereas additionally1142

suppressing overlapping features more effectively1143

weakens language-driven similarity and improves1144

ranking in mixed-language pools.1145

F Qualitative Ranking Examples1146

To complement the aggregate metrics, we1147

present two qualitative examples that show how1148

LANGSAE EDITING changes the composition of1149

the top-ranked results in mixed-language pools.1150

In both cases, the baseline retrieval list is domi-1151

nated by same-language items, and several of these1152

high-ranked candidates are distractors that are only1153

weakly related to the query. After editing, the rank-1154

ing surfaces additional aligned evidence written1155

in other languages, increasing cross-language cov-1156

erage while preserving the ability to retrieve rele-1157

vant passages in the query language. These exam-1158

ples align with our quantitative analysis of same-1159

multilingual-e5-large

Average
Removal Strategy nDCG@20 Recall@20

No Removal 0.5359 0.4958
Unique Only 0.5176 0.4696
Unique + Overlapping 0.6534 0.6280

Table 7: Macro-average results on Belebele under dif-
ferent suppression strategies. Suppressing overlapping
features in addition to language-unique features yields
the strongest MLIR performance.

language crowding (Table 1). 1160

Markers indicate whether the retrieved passage 1161

is aligned ground-truth evidence for the query (O) 1162

or not (X). 1163
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Query (ZH):根据这段文字 ，亚马逊河的河水来自哪里 ？
English: Based on this text, where does the water of the Amazon River come from?

Rank multilingual-e5-large Rel. LANGSAE Rel.

1 亚马逊河是世界上第二长 ，也是最大的
河流。它的水量是第二大河流的 8倍以
上...

O 亚马逊河是世界上第二长 ，也是最大的
河流。它的水量是第二大河流的 8倍以
上...

O

2 1963年大坝建成后 ，季节性洪水被控制
住了 ，沉积物不再冲散到河流里...

X [PT] O Amazonas é o maior rio e o
segundo mais longo da Terra...

O

3 维京人利用俄罗斯水路到达黑海和里
海。其中一些路线至今仍可通行...

X [EN] The Amazon River is the second
longest and the biggest river...

O

4 印度河流域文明是青铜时代的文明 ，位
于印度西北部次大陆...

X [FR] Le fleuve Amazone est le deuxième
plus long et le plus grand...

O

5 联合国维和人员在 2010年地震后抵达
海地 ，他们因疫情蔓延而受到指责...

X [ES] El río Amazonas es el más caudaloso
y el segundo más extenso...

O

Table 8: Qualitative retrieval example (Amazon River query). O indicates the passage contains the correct evidence,
X otherwise.

Query (ES): Según el texto, ¿cuál de las siguientes opciones no se recomienda para que los atletas
jóvenes disfruten más el deporte?
English: According to the text, which of the following is not recommended for young athletes to enjoy
sports more?

Rank multilingual-e5-large Rel. LANGSAE Rel.

1 No es posible que las prácticas
nutricionales adecuadas, por sí solas,
generen un rendimiento de elite...

O No es posible que las prácticas
nutricionales adecuadas, por sí solas,
generen un rendimiento de elite...

O

2 [PT] A nutrição adequada por si só não
gera desempenhos de alta performance,
mas pode afetar...

O [PT] A nutrição adequada por si só não
gera desempenhos de alta performance,
mas pode afetar...

O

3 La carrera de distancia media es un deporte
relativamente económico; no obstante...

X La carrera de distancia media es un deporte
relativamente económico; no obstante...

X

4 USA Gymnastics respalda la nota del
Comité Olímpico de los Estados Unidos...

X [ZH]仅靠适当的营养实践并不足以造
就出色表现 ，但这可以显著影响年轻运
动员...

O

5 El ganador olímpico de la medalla de oro
debía nadar en el estilo libre de 100
metros...

X [IT] Le sole pratiche nutrizionali corrette
non bastano a generare elevate
prestazioni...

O

Table 9: Qualitative retrieval example (athlete nutrition query). O indicates the passage contains the correct evidence,
X otherwise.
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