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Abstract001

Recent work has identified retrieval heads, spe-002
cialized attention heads in Transformer largely003
responsible for retrieving information from the004
context. In this work, we investigate retrieval005
heads in multilingual contexts and then ask006
whether these are indeed the most important007
attention heads for multilingual reasoning. In008
multilingual language models, we find that009
retrieval heads are often shared across multi-010
ple languages. We further identify Retrieval-011
Transition heads (RTH), which govern the shift012
from language-agnostic latent reasoning to013
target-language output. We quantify the se-014
mantic mapping between the concept space015
and target language tokens to identify RTHs.016
Unlike standard retrieval heads that copy from017
in-context, RTHs facilitate latent-to-language018
semantic mapping. Our experiments reveal019
that RTHs are distinct from retrieval heads020
and more vital for Chain-of-Thought reason-021
ing in multilingual LLMs. For Qwen-2.5 7B022
Instruct, masking the 25 most influential RTHs023
triggers a 22.7-point average drop in MMLU-024
ProX accuracy across four languages, higher025
than the 14.3-point average decline observed026
when masking an equal number of standard re-027
trieval heads. These results prove that RTHs are028
functionally unique and essential for maintain-029
ing both reasoning and coherence in multilin-030
gual models. Our work advances understanding031
of multilingual LMs by isolating the attention032
heads responsible for latent-to-language map-033
ping and demonstrating its role in multilingual034
reasoning performance.035

1 Introduction036

Large Language Models (LLMs) have achieved037

state-of-the-art performance in reasoning and038

knowledge-intensive tasks (DeepSeek-AI et al.,039

2025; Qwen et al., 2025). As LLMs are deployed040

globally, their ability to retrieve, reason, and re-041

spond across multiple languages became crucial.042

Recent research has linked specific behaviors to043

internal circuits (Zhou et al., 2024; Ferrando et al., 044

2024), notably identifying retrieval heads (RH) as 045

the sparse subset of attention heads responsible 046

for extracting facts from long contexts (Wu et al., 047

2024). 048

In this work, we investigate multilingual retrieval 049

by extending standard Needle-In-A-Haystack 050

(NIAH) analysis to multiple languages. Evaluating 051

three model families across English, German, Chi- 052

nese, and Swahili, we find a consistent mixture of 053

language-shared and language-exclusive retrieval 054

heads. For instance, Qwen2.5-7B exhibits 59% 055

overlap across all four languages, while Phi-3.5 056

shows significantly higher language-specific spe- 057

cialization with 21% en-only heads (Figure 2). We 058

observe a rough correlation between model pre- 059

training corpus and the "shared" lingustic nature of 060

its retrieval head, similar to analogous findings for 061

MLP heads (Chen et al., 2025). 062

We argue that multilingual proficiency requires 063

more than "copy-paste" retrieval; models must 064

translate retrieved evidence into syntactically and 065

semantically grounded target-language output. 066

Models often utilize a language-agnostic latent 067

space, before mapping intermediate "thoughts" into 068

the final target language (Wendler et al., 2024a; 069

Wang et al., 2025). This raises a critical question: 070

what enables the transition from language-agnostic 071

reasoning to language-specific token generation? 072

We define Retrieval-Transition Heads (RTH) that 073

facilitate this step. To quantify this, we intro- 074

duce the Retrieval-Transition Score (RTS), which 075

measures whether a head’s attention aligns target- 076

language output tokens with their corresponding 077

source-language "needle" counterparts (Figure 3). 078

Finally, we demonstrate that RTHs are causally 079

necessary for reasoning in multilingual LLMs, 080

even for English language tasks. On the MMLU- 081

ProX benchmark, masking RTHs induces a severe 082

collapse in Chain-of-Thought (CoT) performance. 083

For example, English accuracy drops 57.4% to 084
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32.2%, and German accuracy drops from 47.3%085

to 7.07%—a sharper drop than caused by masking086

standard RHs (Figure 6).087

Our main contributions are as follows:088

• We analyze retrieval heads in multilingual089

LLMs, finding that they decompose into090

language-shared and language-exclusive sub-091

sets, with significant variance across model092

families.093

• We propose the Retrieval-Transition Score094

to measure cross-lingual correspondence at095

the head level and characterize the Retrieval-096

Transition Heads responsible for mapping re-097

trieved evidence to target-language synthesis.098

• Through masking experiments on MMLU-099

ProX and qualitative analysis of failure modes,100

we causally prove that RTHs are essential for101

CoT reasoning and linguistic coherence in102

multilingual LLMs.103

2 Related Work104

Role of attention heads Various studies have pro-105

posed techniques to explain Multi-Head Attention106

(MHA) in Transformer architectures and discov-107

ered distinct functions performed by a certain set108

of attention heads (Zheng et al., 2024; Gould et al.,109

2024). For example, McDougall et al. (2024) stud-110

ies copy suppression, the functionality of the atten-111

tion head to reduce the prediction of a token that112

has appeared previously in the context. Olsson et al.113

(2022) discovered Induction heads, which imple-114

ment a "match and copy" mechanism to complete115

patterns found in the preceding context. They ob-116

serve that emergence of Induction Heads coincides117

with sudden improvement in in-context learning118

abilities of the models. Most relevant to our work,119

Wu et al. (2024) identify Retrieval Heads as the120

primary drivers of long-form in-context learning121

and retrieval. They note that masking the 50 most122

influential retrieval heads leads up to 50% drop in123

performance tasks requiring Chain-of-Thought rea-124

soning. This discovery has enabled practical appli-125

cations, such as head-level KV cache compression126

(Fu et al., 2025) and improving contextual faith-127

fulness in long-horizon reasoning (Huang et al.,128

2025).129

Understanding Multilingual Language Models130

Despite a English-centric bias in training data,131

MLMs demonstrate surprisingly good multilingual132

proficiency (Zhao et al., 2025). Wendler et al. 133

(2024a) investigated this via logit lens and causal 134

interventions. They show that while the initial and 135

final layers operate in the input/output language, 136

the middle layers transition into an English-centric 137

but latent concept space. Following this study, 138

Wang et al. (2025) explored cross-lingual incon- 139

sistencies, where models successfully retrieve para- 140

metric facts when prompted in English but fail in 141

other languages. They attribute failure in map- 142

ping language-agnostic concepts back into the spe- 143

cific non-English token space. Recent work by 144

Chen et al. (2025) reports that as models scale and 145

are trained more multi-lingually, they move away 146

from English-centric behaviour and develop a core 147

language-agnostic parameter space composed of 148

MLP heads termed as "shared neurons". Further, 149

Zhang et al. (2025) reported that MLMs share cir- 150

cuits for identical syntactic processes while em- 151

ploying distinct attention heads and feed-forward 152

layers for language specific linguistic processes. In 153

our work we investigate whether retrieval heads, 154

the backbone of complex reasoning, are similarly 155

partitioned and compare how this attribute varies 156

with model families. 157

Attention heads in multilingual LLMs Recent 158

studies have localized language-specific heads 159

and demonstrated how causal interventions can 160

shift a model’s language focus (Liu et al., 2025) 161

or trigger direct translation (Anonymous, 2025). 162

While we share the goal of identifying heads re- 163

sponsible for multilingual performance, prior ef- 164

forts focus largely on translation or short-context 165

QA. These approaches offer limited insight into 166

modern workflows requiring sustained coherence 167

across long Chain-of-Thought (CoT) sequences. 168

We introduce Retrieval-Transition Heads (RTH), 169

which are analogous to standard retrieval heads 170

(Wu et al., 2024) but specialized for multilingual 171

contexts. Crucially, whereas previous work at- 172

tributes performance drops to incorrect output lan- 173

guage (language-shifting), we demonstrate that 174

RTH masking causes failures in linguistic coher- 175

ence and context grounding even when the model 176

attempts to answer in the correct target language. 177

3 Retrieval Heads in Diverse Languages 178

3.1 Background 179

We identify retrieval heads for different languages 180

using the Needle-In-A-Haystack (NIAH) task 181
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(Kamradt, 2023) following the same experimen-182

tal setup as Wu et al. (2024). For completeness, we183

describe the process below.184

Needle-In-A-Haystack: NIAH task consists of a185

tuple (c, q, k) where c is the long-context text (a.k.a.186

haystack), q is the question and k is the answer re-187

lated to the question (a.k.a. needle). Generally,188

q is framed so that the model has no parametric189

knowledge about the answer and has to retrieve k190

to answer the question. NIAH showcases a model’s191

ability to accurately answer questions based on a192

long context. In our study, we further extend NIAH193

to various languages.194

Retrieval score (RS): Following prior work Wu195

et al. (2024), we calculate an attention head’s re-196

trieval score by considering the proportion of de-197

coded tokens part of the needle sentence where198

the head assigned the most attention weight. Con-199

cretely, we define the score for an attention head200

per example Sh as:201

Sh =
N∑
t=1

N t,202

203

where, N t =


1

N
, if argmax(ath) ∈ k

0, otherwise.
204

Here, N is needle length, ath is the attention as-205

signed to each input token by head h at decoding206

timestep t, and k is the output token that is retrieved207

from the needle sentence.208

Using retrieval scores associated with attention209

head we can quantify which heads illustrate210

copy-paste behavior for different languages.211

212

3.2 Multilingual Experimental Setting213

Figure 1: Multilingual NIAH dataset construction
pipeline. We sample needles, questions and haystacks,
translate the needle and question into the target lan-
guage, segment the haystack, and inject the translated
needle to produce the final evaluation instances.

214

Multilingual NIAH data construction We chose215

to study English (en), German (de), Chinese (zh),216

and Swahili (sw). These languages have been se- 217

lected to cover a wide spectrum of known lan- 218

guage families (Lauscher et al., 2020; Philippy 219

et al., 2023) and pretraining resources. English, 220

and German belong to the Germanic branch of the 221

Indo-European language family and share linguis- 222

tic similarities, while Chinese, part of the Sino- 223

Tibetan family, presents a distinct linguistic profile 224

(De Gregorio et al., 2024). In contrast to above 225

languages, Swahili represents a low-resource lan- 226

guage to discover differences in model behaviour 227

due to scarcity of pretraining tokens. We also re- 228

port the effect of including more number of diverse 229

and low-resource languages i.e. Arabic (ar), Dutch 230

(nl), and Hindi (hi) to the retrieval head language 231

overlap analysis in Appendix A.3. 232

As seen in Figure 1, to extend the NIAH task for 233

different languages, we first create a haystack using 234

Wikipedia dumps of each language.1 To create the 235

needle, we use Google Translate2 to translate the 236

same needles as used by Wu et al. (2024) to ensure 237

consistency of evaluation. We then segment the 238

haystack to match the desired context length and 239

insert the needle at a controlled depth. This pipeline 240

is fully automatic and readily scalable to other lan- 241

guages. Following (Wu et al., 2024), we evaluate 242

600 examples, spanning 20 context-length settings 243

and 10 needle-depth percentages, and report each 244

head’s mean score averaged over all configurations. 245

246

Models We evaluate on three open-source model 247

families: Qwen2.5 7B Instruct (Qwen et al., 2025), 248

Phi3.5 3B MiniInstruct (Abdin et al., 2024), and 249

LLaMa-3.1 8B Instruct (Grattafiori et al., 2024).3 250

We choose these models to span widely-used open- 251

source multilingual LLMs with diverse architec- 252

tures and training recipes. 253

3.3 Analyzing distribution of retrieval heads 254

across different languages 255

We find that retrieval heads also exhibit a mix- 256

ture of language-shared and language-exclusive 257

heads, consistent with patterns discovered in re- 258

cent multilingual studies (Liu et al., 2025; Chen 259

et al., 2025). However, from Figure 2 we report a 260

considerable variance of retrieval head intersection 261

across four languages - English, German, Chinese, 262

1https://en.wikipedia.org/wiki/Wikipedia:
Database_download

2https://translate.google.com/
3Given all are Instruct models, we omit the use of words

’Instruct’ & ’MiniInstruct’ for better readability.
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Qwen-2.5 7B Phi-3.5 3B LLaMA-3.1 8B

All 784 1024 1024
Ret 200 211 171

4L 118 (59.0%) 94 (44.5%) 85 (49.7%)
3L 31 (15.5%) 28 (13.3%) 24 (14.0%)
2L 22 (11.0%) 29 (13.7%) 42 (24.6%)
1L 29 (14.5%) 60 (28.4%) 20 (11.7%)

1

Figure 2: Language-specific (red) and shared (orange, green, blue) retrieval heads in three multilingual LMs for four
languages - English (en), Chinese (zh), German (de), Swahili (sw). The size of each block is proportional to the
number of retrieval heads that are language-exclusive (red), bilingual (orange), trilingual (green), or language-shared
(blue). Qwen-2.5 7B exhibits strong multilingual head overlap (59% 4L), LLaMa-3.1 8B has high bilingual (mainly
en-zh) head overlap (24.6% 2L), and Phi-3.5 3B shows a measurably higher language-specific (mainly en-specific)
behavior (28.4% 1L) compared to the other two model families.

and Swahili for different model families. For in-263

stance, 118 of 200 (59.0%) heads in Qwen2.5-7B264

are shared among all four languages while 94 of265

211 heads (44.5%) in Phi3.5-3B are shared. More-266

over, the proportion of bilingual en-zh heads in267

LLaMa-3.1 8B accounts for 19% of all retrieval268

heads, more than twice the most abundant bilin-269

gual pairs in Qwen-2.5 7B (8.0% en-zh) and Phi-270

3.5 3B (8.1% en-sw). Finally, it is observed that271

Phi3.5-3B exhibits a disproportionately high num-272

ber of en-specific retrieval heads (21.8%), while273

other models like Qwen-2.5 7B and LLaMa-3.1274

8B have lower counts for en-specific heads (6.0%275

and 10.2% respectively). We attribute this English-276

inclined behaviour of Phi-3.5 3B to its small model277

size and a different synthetic post-training recipe,278

as further discussed in Appendix Table A1. Our279

observations are consistent across increasing model280

scales and varying architectures (refer Appendix281

A.1 and A.2 respectively) suggesting an invariance282

to these factors.283

4 Retrieval-Transition heads284

While retrieval heads facilitate reasoning by copy-285

ing information from the previous context (Wu286

et al., 2024), this mechanism alone is insufficient 287

for LLMs trained on multiple languages. Because 288

MLMs operate within a language-agnostic concept 289

space (Wendler et al., 2024b; Wang et al., 2025; 290

Chen et al., 2025), they must do more than just 291

copy; they must translate latent, abstract thoughts 292

into specific target-language tokens. Modifying 293

experimental setup from standard retrieval head de- 294

tection, we identify distinct heads, which we name 295

as Retrieval-Transition heads (RTH) that perform 296

this mapping behavior. Consequently, we show 297

that masking these heads causes a more severe drop 298

in CoT performance than standard retrieval heads 299

(RT), as the model is impaired from its ability to 300

verbalize latent thoughts. 301

4.1 Experimental Setup 302

Cross-Lingual NIAH Task: We use English as 303

a pivot language to approximate the language- 304

agnostic concept space as the latent token vocabu- 305

lary is not directly accessible. However, we demon- 306

strate that this choice is functionally arbitrary and 307

depends solely on which language most closely 308

aligns with the model’s internal representations (c.f. 309

Figure 4 in Wang et al. (2025)). In models with 310
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Figure 3: Illustration of the retrieval-transition score (RTS). Needle tokens in the source language are first aligned
to their target-language equivalents using a LM. The degree of overlap between the model’s generated tokens and
these aligned target needles quantifies each attention head’s contribution to cross-lingual retrieval.

more balanced multilingual training (such as the311

Qwen-2.5 family) we utilize Chinese as the proxy312

for the concept space to derive retrieval-transition313

heads for English. Our experiments show that314

masking the identified heads leads to a significant315

performance collapse even in English-language316

CoT tasks, confirming that these heads are essen-317

tial for the transition from the latent space to any318

specific target language. As illustrated in Figure 3,319

we introduce a modified variant of the NIAH task,320

where the haystack and needle are expressed in a321

language that approximates the concept space Nsrc322

while the model is prompted to generate the output323

in a given target language Ntgt.324

Retrieval transition score: To identify atten-325

tion heads that facilitate retrieval across linguis-326

tic boundaries, we extend the standard retrieval327

score (RS) formulation to account for cross-token328

correspondence. At each decoding timestep t,329

this requires establishing a semantic mapping be-330

tween the generated output token in the target331

language Ntgt and its corresponding "needle"332

token in the source context Nsrc. We utilize333

Qwen3-30B-A3B-Thinking-25074 to perform this334

alignment, ensuring that output tokens are correctly335

mapped to their source-language counterparts. We336

also evaluate an alternative LLM-based aligner and337

find that the identified retrieval-transition heads338

4https://huggingface.co/Qwen/
Qwen3-30B-A3B-Thinking-2507

are largely stable to the choice of aligner (Ap- 339

pendix C.2). The Retrieval Transition Score for 340

a given attention head h (RTSh) is defined as: 341

RTSh =

N∑
t=1

At (1) 342

where At =

{
1
N , if argmax(ath) ∈ f−1(tokent)
0, otherwise.

(2) 343

Here, f : Nsrc → Ntgt is the alignment function 344

mapping source-language needle tokens to their 345

target-language equivalents, ath denotes the atten- 346

tion distribution of head h at decoding timestep t, 347

and f−1(tokent) represents the set of source tokens 348

corresponding to the current target token being de- 349

coded. 350

Models and Languages evaluated: Same as 351

Retrieval Head analysis (c.f. Section 3.2) we per- 352

form our experiments on Qwen2.5 7B Instruct 353

(Qwen et al., 2025), Phi3.5 3B MiniInstruct (Ab- 354

din et al., 2024), and LLaMa-3.1 8B Instruct 355

(Grattafiori et al., 2024) with English (en), Ger- 356

man (de), Chinese (zh), and Swahili (sw) as target 357

languages (Ntgt). We use English as the source 358

language (Nsrc) for all experiments except for 359

RTHen where we use Chinese. 360
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Figure 4: Layer–head distributions of Retrieval Heads (RH) and Retrieval-Transition Heads (RTH) across languages
for Qwen-2.5 7B Instruct. Colored cells are part of Top-50 most prominent heads ranked by score. Among these
colored heads, we find language-specific RH are dominant in the final layers while RTH are prominent in the middle
layers. Like RH heads, RTH heads too show sparsity with only 3-8% of heads with an RTS score above 0.1

Figure 5: Spearman correlation score between top-50
most influential RH(ℓ) and RTH(ℓ) in Qwen-2.5 7B.
RTH(ℓ) heads share little correlation with RH(ℓ) but
high correlations among other RTH(ℓ0) and vice-versa

Language Top-15 Top-25 Top-50 Top-100

EN 2 10 26 63
DE 2 8 28 71
ZH 6 10 30 62
SW 2 10 27 57

Table 1: Number of intersecting top-k heads RH(ℓ)
and RH(ℓ) for each language ℓ. We find minimal over-
lap especially among the most influential RH(ℓ) and
RTH(ℓ) suggesting their different functions.

5 Evaluation of Retrieval-Transition 361

Heads 362

5.1 The distribution of retrieval-transition 363

heads 364

In Figure 4 (left), we report the location of retrieval- 365

transition heads in comparison to the location of 366

retrieval heads. We observe that RT and RTH ex- 367

hibit considerable degree of overlap. However, as 368

seen in Table 1, the intersection between the two 369

head groups is notably low for most prominent 370

heads in both sets; for instance, only 2 out of the 371

top 15 heads are common to both categories in En- 372

glish, German, and Swahili. Even as the search 373

space expands to the top 50 heads, the overlap re- 374

mains limited to approximately half of the heads. 375

Among the intersecting heads, we examine the 376

Spearman rank correlation for top-50 most promi- 377

nent heads in Qwen 2.5 7B Instruct for RH and 378

RTH across four languages: English (en), Chinese 379

(zh), German (de), and Swahili (sw). As illustrated 380

in the global correlation matrix (Figure 5), consis- 381

tent clusters emerges within RH heads, and within 382

RTH heads where coefficients remain high, typi- 383

cally ranging from 0.66 to 0.91. However, when 384

comparing RTH with RH, even for the same lan- 385

guage, we observe little to negative correlation. 386

Moreover, most prominent RTHs appear predom- 387

inantly in the middle layers (14-23 in Figure 4) 388

while language-specific RHs appear mainly in the 389

final layers (18 of top-50 heads in last 3 layers) in 390

Qwen 2.5 7B Instruct. These results suggest that 391

while the model has a unified way to retrieve data 392
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Figure 6: Impact of attention head masking (top-k where k = 25) on MMLU-ProX accuracy across languages for
Qwen-2.5 7B Instruct. While removing standard retrieval heads (orange) leads to a performance decline, masking
the retrieval-transition heads (RTH) (red) results in even more severe collapse in reasoning accuracy.

within a language, the transition from a latent con-393

cept space to a specific target language relies on a394

separate, specialized set of internal circuits.395

5.2 The role of retrieval-transition heads in396

MLM performance397

To probe the causal role of retrieval-transition398

heads, we mask both retrieval and retrieval-399

transition heads and measure the resulting change400

in MMLU-ProX accuracy (Xuan et al., 2025).401

MMLU-ProX is a multilingual, reasoning-centric402

multiple-choice QA benchmark that requires com-403

plex, multi-step reasoning and covers 29 languages.404

We evaluate each language under a monolingual405

protocol, where the question and answer options406

are presented exclusively in that language.407

For each language (L), we evaluate three mask-408

ing strategies: (i) masking the top-k randomly se-409

lected heads, (ii) masking the top-k RHL, and410

(iii) masking the top-k RTHL. In all experiments,411

we set k = 25 and use chain-of-thought prompt412

template (Gao et al., 2023). We describe our re-413

sults on Qwen-2.5 7B Instruct and additionally414

provide results by varying hyperparameter k in415

Appendix C.3. For k > 25, Figure A8 shows416

that retrieval failures—missing relevant informa-417

tion from the question—drive most of the degra-418

dation by disrupting the model’s chain-of-thought,419

which largely overwhelms the effect of weakening420

the transition from language-agnostic representa-421

tions to language-specific decoding.422

Figure 6 reports the impact of masking differ-423

ent head sets in the Qwen-2.5 7B Instruct model.424

Across languages, masking the top-25 retrieval425

heads causes a consistent and substantial reduction426

in MMLU-ProX accuracy, suggesting that these427

heads play a causal role in the model’s chain-of-428

thought (CoT) performance. In particular, accuracy429

drops from 57.4 to (36.55 ± 0.43) in English, 51.2 430

to (35.28 ± 0.43) in Chinese, from 47.3 to (35.28 431

± 0.43) in German, and from 22.84 to (14.28 ± 432

0.33) in Swahili. This aligns with prior findings 433

that retrieval-related attention heads are important 434

for reasoning-intensive tasks (Wu et al., 2024). 435

However, masking retrieval-transition heads 436

leads to the largest degradation in all languages 437

except Swahili: English drops from 57.4 to (32.24 438

± 0.43), Chinese drops from 51.2 to (33.25 ± 0.41), 439

German collapses from 47.3 to (7.07 ± 0.23), and 440

Swahili drops from 22.84 to (15.41 ± 0.33). Over- 441

all, these results indicate that retrieval-transition 442

heads are essential for multilingual CoT reasoning 443

in MMLU-ProX, as masking them leads to poor 444

performance across all languages, including En- 445

glish. 446

5.3 Qualitative Analysis 447

We perform a qualitative error analysis of failure 448

cases induced by their removal. We identify two 449

primary failure modes: loss of coherence and wors- 450

ened retrieval. In the first mode, RTH masking 451

impacts generation ability. The model often falls 452

into nonsensical cycles and repetitive loops. In the 453

other mode, the model makes meaningful sentences 454

but often fails to retrieve crucial information from 455

its context to reach to the correct answer. The in- 456

formation is present in the given context or its own 457

CoT chain which the model fails to retrieve. To 458

illustrate these effects, we examine two specific in- 459

stances where the model succeeds under No-Mask 460

and RH-Mask conditions but fails under the RTH- 461

Mask condition. 462

Failure Mode 1: Lack of Coherence. Figure 463

7 shows the output comparison of Qwen-2.5 7B 464

for a German MMLU-ProX Math problem. The 465
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Figure 7: Masking RTHs disrupts the mapping from latent reasoning to target-language syntax. While the model may
grasp the underlying fact, it fails to synthesize grammatical output, resulting in structural gibberish or character-level
hallucinations.

Figure 8: The model loses the ability to align internal
reasoning with the prompt’s constraints. Even if the
logic remains correct, the model is unable look-back to
the provided multiple-choice options, leading to answers
that are ungrounded in the context.

unmasked model outputs a concise and correct466

thought chain. However, when top-25 retrieval-467

transition heads for German (RTHde) are masked,468

the model fails to reach the correct answer. This469

is even after the model retrieves the correct facts470

for both statements, correctly identifying the first471

as false and the second as true, but still unable to472

form a coherent thought. Instead, it devolves into473

repetitive, nonsensical cycles and fails to provide a474

final answer before hitting the decoding limit.475

Failure Mode 2: Worsened Retrieval Capabili-476

ties. Even for fairly simple problems, requiring477

little reasoning, masking RTH heads causes hallu- 478

cinations and incomplete retrieval, like RH heads 479

caused in long-context reasoning (Wu et al., 2024). 480

Figure 8 shows one such example using a simple 481

Arithmetic in German. The model performs the 482

arithmetic correctly and calculates the value of −9, 483

but is unable to retrieve the corresponding option 484

from the context due to top 25 most influential RTH 485

heads being masked. It incorrectly concludes that 486

the correct answer is not present in the options and 487

ultimately starts hallucinating. Such failures are 488

not observed when masking the top-25 RH for that 489

language suggesting that RTH act as the essential 490

bridge allowing an MLM to map internal reasoning 491

back to specific target-language tokens and options. 492

6 Conclusion and Future Work 493

We have identified Retrieval-Transition Heads 494

as a distinct and essential circuit for multilin- 495

gual intelligence. Our causal analysis via the 496

Retrieval-Transition Score demonstrates that these 497

heads are not merely participants in retrieval but 498

are primary drivers of linguistic coherence and 499

grounded reasoning. Future work could leverage 500

these findings to develop language-aware KV 501

cache compression strategies. While existing 502

methods prioritize standard retrieval heads to 503

maintain factuality, our results suggest that a 504

"Transition-Aware" pruning strategy may be 505

necessary to prevent the catastrophic loss of 506

coherence observed in multilingual settings. 507

508

509
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Limitations510

In spite of strong causal results on downstream511

tasks, our methodology faces two primary con-512

straints. First, the Retrieval Transition Score (RTS)513

approximates the language-agnostic concept space514

using English as a proxy; while effective due to515

inherent model biases, this results in RTHs that are516

less sharply defined than standard retrieval heads.517

Second, as source languages grow typologically518

distant from the model’s latent pivot, the head dis-519

tribution approaches uniformity, reducing the dis-520

criminative signal of the RTH circuit. Future re-521

search should transcend this reliance on pivot lan-522

guages by developing systems that learn to mimic523

true latent tokens. By generating a model-specific524

latent vocabulary, researchers can move toward525

identifying transition mechanisms that reflect the526

model’s internal conceptual structures rather than527

cross-lingual projections.528
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A Effect of model sizes, architecture, and low-resource languages to retrieval head 689

analysis. 690

A.1 Effect of scaling model size on Qwen-2.5 691

Figure A1: To assess the effect of model scaling, we evaluate Qwen2.5-14B Instruct and Qwen2.5-32B Instruct.
Despite the larger parameter count, the proportions of shared and language-exclusive attention heads remain largely
consistent.

Figure A2: To assess how scaling affects the placement of shared and language-exclusive attention heads, we
evaluate Qwen2.5-14B Instruct and Qwen2.5-32B Instruct. The spatial distribution of these head types remains
largely consistent across scales.
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A.2 Comparing Mixture-of-Experts to fully activated model architecture on Phi-3.5692

Figure A3: To compare architectures, we study Phi-3.5 3B Mini-Instruct and Phi-3.5 42B MoE (Mixture-of-Experts).
For Phi-3.5 42B MoE architecture, we observe that the proportions of shared attention heads are higher compared to
language-exclusive attention heads.

Figure A4: To assess how scaling affects the placement of shared and language-exclusive attention heads, Phi-3.5
3B Mini-Instruct and Phi-3.5 42B MoE (Mixture-of-Experts). The spatial distribution of these head types remains
largely consistent across scales.

A.3 Considering the effect of including more low-resource languages693

12



Figure A5: To study the effect of adding more low-resource languages, we evaluate Qwen2.5-7B Instruct on English,
Chinese, German, Swahili, Hindi, Dutch, and Arabic. As the language set expands, the fraction of shared attention
heads decreases, while language-exclusive heads become more prevalent.

B Language Specificity and Training Data Composition 694

The variance in retrieval head intersection observed in our analysis—ranging from the high degree of 695

cross-lingual sharing in Qwen-2.5 7B to the English-dominant specialization in Phi-3.5 3B—can be 696

interpreted through the lens of the distinct data-scaling strategies and training recipes employed by each 697

model family. To provide context for the variability in retrieval head behavior, we summarize the known 698

multilingual and pre-training configurations for the three models in Table A1. 699

Table A1: Comparison of training data scale and multilingual distribution. Data compiled from official model cards
and technical reports (Qwen et al. (2025); Abdin et al. (2024); Grattafiori et al. (2024)).

Feature Qwen-2.5 7B LLaMA-3.1 8B Phi-3.5 3B Mini

Total Pre-training Tokens 18.0 Trillion 15.0 Trillion 3.4 Trillion
Primary Language Focus Balanced (EN/CN) English-Centric English Reasoning
Non-English Proportion High (∼40–50% Est.) ∼5% (∼750B tokens) ∼10% (Multilingual)
Post-training Strategy Instruction/Reasoning 3.01% Multilingual SFT Synthetic Textbooks
Multilingual Scope 29+ Official Languages 8+ Official (100+ total) 20+ Languages

B.1 Correlating Data Composition with Retrieval Head Intersection 700

Our analysis of retrieval head distribution across English, German, Chinese, and Swahili reveals a strong 701

correlation between the volume of multilingual training tokens and the degree of cross-lingual head 702

intersection. 703

Broad Generality in Qwen-2.5 7B. As observed in our results, Qwen-2.5 7B exhibits the highest degree 704

of intersection, with 59.0% (118/200) of its retrieval heads shared among all four analyzed languages. 705

This architectural generality likely stems from its massive 18 trillion token corpus, which is the largest 706

among the models studied. The inclusion of a significant, high-density non-English component (primarily 707

Chinese at estimated 50%) during pre-training forces the model to develop shared internal representations 708

for retrieval that transcend specific linguistic syntax, leading to a high proportion of "universal" retrieval 709

heads. 710

Language-Specific Specialization in Phi-3.5 3B. In contrast, Phi-3.5 3B exhibits the lowest 4-language 711

intersection (44.5%) and a disproportionately high count of English-specific heads (21.8%). This aligns 712

with the "Phi-philosophy" of high-quality synthetic data. Since the majority of "textbook-quality" 713

reasoning data used to train the Phi-3.5 series is generated in English, the model appears to allocate 714

a significant portion of its retrieval capacity to English-specific patterns. Interestingly, the model still 715

13



maintains a notable en-sw bilingual pair (8.1%), likely reflecting the specific multilingual "boost"716

introduced in the 3.5 version to improve its performance in lower-resource languages.717

These results suggest that while total token count (scale) promotes language-agnostic retrieval mecha-718

nisms (as seen in Qwen), the specific ratio of synthetic vs. natural data and the post-training alignment719

strategy (as seen in Phi) significantly influences whether a model develops universal, or language-specific720

retrieval pathways.721
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C Additional experiments and analysis on Retrieval Transition Heads 722

C.1 Are Retrieval Transition heads universally present in Multilingual Language Models? 723

Figure A6: Layer–head distributions of Retrieval Heads (RH) and Retrieval-Transition Heads (RTH) across
languages for LLaMa-3.1 8B Instruct. Colored cells are part of Top-50 most prominent heads ranked by score.
Among these colored heads, we find language-specific RH are dominant in the final layers while RTH are prominent
in the middle layers. Like RH heads, RTH heads too show sparsity with only 0-5% of heads with an RTS score
above 0.1

Figure A7: Layer–head distributions of Retrieval Heads (RH) and Retrieval-Transition Heads (RTH) across
languages for Phi-3.5 3B MiniInstruct. Colored cells are part of Top-50 most prominent heads ranked by score.
Among these colored heads, we find language-specific RH are dominant in the final layers while RTH are prominent
in the middle layers. Like RH heads, RTH heads too show sparsity with only 0-3% of heads with an RTS score
above 0.1

C.2 Analyzing variability introduced by LLM-based aligner 724

Language Top-15 Top-25 Top-50 Top-100

RTHen 15 25 50 100
RTHzh 13 23 48 98

Table A2: Intersection size of the top-k retrieval-transition heads identified using Qwen3-30B-A3B-Thinking-2507
versus GPT-4.1 as the LLM-based aligner. We run the analysis on Qwen-2.5-7B Instruct for RTHen and
RTHzh. The top-k RTH sets largely overlap across aligners, indicating that head identification is robust to the
choice of aligner.
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C.3 Additional masking experiments on Qwen 2.5 7B Instruct: effect of parameter k725

Figure A8: Effect of masking the top-k attention heads (k = 50) on MMLU-ProX accuracy for Qwen 2.5 7B
Instruct. In contrast to the k = 25 setting, masking k = 50 retrieval heads (orange) causes a larger accuracy
drop than masking k = 50 retrieval-transition heads (RTH; red). At this masking level, failures in retrieving
relevant parts from the question and the resulting degradation of the model generated chain-of-thought dominate,
thereby obscuring the comparatively smaller effect of impaired transition from a language-agnostic representation
to language-specific decoding.
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