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Abstract

The ability of cross-lingual context retrieval is a001
fundamental aspect of cross-lingual alignment002
of large language models (LLMs), where the003
model extracts context information in one lan-004
guage based on requests in another language.005
Despite its importance in real-life applications,006
this ability has not been adequately investi-007
gated for state-of-the-art models. In this pa-008
per, we evaluate the cross-lingual context re-009
trieval ability of over 40 LLMs across 12 lan-010
guages to understand the source of this abil-011
ity, using cross-lingual machine reading com-012
prehension (xMRC) as a representative sce-013
nario. Our results show that several small,014
post-trained open LLMs show strong cross-015
lingual context retrieval ability, comparable to016
closed-source LLMs such as GPT-4o. Our inter-017
pretability analysis shows that the cross-lingual018
context retrieval process can be divided into019
two main phases: question encoding and an-020
swer retrieval, which are formed in pre-training021
and post-training, respectively. Furthermore,022
the bottleneck of cross-lingual context retrieval023
lies at the last transformer layers in the sec-024
ond phase, where the effect of post-training can025
be evidently observed. Our results also indi-026
cate that larger LLMs need further multilingual027
post-training to fully unlock their cross-lingual028
context retrieval potential. 1029

1 Introduction030

Since the rise of Large language models (LLMs),031

many models have demonstrated their strong ca-032

pability in various NLP tasks (Chang et al., 2024),033

e.g. ChatGPT2, Claude3, Gemini (Gemini Team034

et al., 2024), LLaMA (Grattafiori et al., 2024),035

Qwen (Qwen et al., 2025), DeepSeek (DeepSeek-036

AI et al., 2024), etc. However, due to the domi-037

1Our code and data will be publicly available after the
anonymous period.

2https://chatgpt.com/
3https://claude.ai/

(a). en-x

(b). x-x

Figure 1: Examples of our en-x and x-x testing scenarios.
The figures show examples in English (en), German (de), and
Chinese (zh).

nance of English training data, most of these LLMs 038

show their best performance in English (Lai et al., 039

2023b; Wang et al., 2023). To improve their per- 040

formance and efficiency in non-English languages, 041

cross-lingual alignment has become a major re- 042

search topic for multilingual LLMs (Qi et al., 2023; 043

Gao et al., 2024), which encourages LLMs to share 044

capabilities across languages. For example, given 045

requests with the same semantics but in different 046

languages, LLMs should give consistent answers. 047

One fundamental aspect of such cross-lingual 048

alignment is cross-lingual context retrieval, where 049

the model needs to extract context information in 050

the source language, e.g. English, to answer re- 051

quests in the target language. However, there is 052

yet no comprehensive evaluation and exploration 053

of this ability. 054

In this paper, we evaluate the cross-lingual con- 055

text retrieval ability of SOTA multilingual LLMs, 056

and analyze the source and bottleneck of such ca- 057

1

https://chatgpt.com/
https://claude.ai/


pability. We use cross-lingual machine reading058

comprehension (xMRC) (Cui et al., 2019) as a sim-059

plified but representative scenario, where the target060

knowledge to be retrieved is literally included in061

the context, and the model only has to copy part of062

the context as the answer. This ablates the need for063

knowledge storage and multilingual text generation,064

thus better focusing the research on cross-lingual065

context retrieval. Our main findings are:066

• Several SOTA post-trained open-source067

LLMs, especially in their 7-9B versions show068

strong xMRC ability, catching up with closed-069

source models.070

• Post-training significantly improves the esti-071

mated oracle performance to a very high level072

in all tested languages, setting space for im-073

provement of real performance.074

• The xMRC process can be divided into two075

phases within the model: question encoding076

and answer retrieval.077

• The question encoding phase forms in pre-078

training, and its stability correlates with the079

base model capability; the answer retrieval080

phase forms in post-training, and serves as a081

bottleneck for xMRC.082

2 Methodology083

2.1 Evaluation methods084

2.1.1 Scenarios085

We use English to non-English (en-x) as a typical086

and common cross-lingual scenario, where the con-087

text and answer are in English, and the question is088

in non-English. Figure 1a shows a testing sample089

of en-x task across 3 example languages.090

Meanwhile, we use non-English monolingual (x-091

x) as a comparative to the en-x scenario, in order to092

distinguish xMRC ability with monolingual MRC093

ability. Figure 1b shows a testing sample of x-x094

task in the same 3 example languages.095

2.1.2 Metrics096

Performance metrics. We use the F1 score and097

exact match (EM) to evaluate xMRC performance,098

as adopted by XQuAD. Because the models tend099

to include unnecessary source text in their correct100

answers, EM will under-estimate the correctness101

of the models’ response. As a result, we use F1 as102

the main performance metric.103

Cross-lingual performance metrics. To mea- 104

sure the level of the models’ performance align- 105

ment between English and non-English languages, 106

we calculate the average performance on all the 107

non-English languages, as well as the ratio of non- 108

English performances over English ones. 109

2.1.3 Performance bottleneck analysis 110

Error type ablation. We distinguish content er- 111

ror in the model predictions from other less impor- 112

tant types of error. Based on preliminary observa- 113

tions, we choose several major types of distracting 114

errors: 115

• Language: answering in x instead of en; 116

• Gibberish: giving irrelevant, non-sense or 117

hallucination output; 118

• Refusal: refusing to answer the question; 119

• Blank: providing no answer at all. 120

The latter 3 error types can be aggregated as gen- 121

eration failure errors. We measure the proportion 122

of these errors in the models’ incorrect responses. 123

For example, the language error rate for test setting 124

en-x is calculated as: 125

Elang(en, x) =
∑

(r,a)∈Wen,x

I(Lang(r) = en)I(Lang(a) = x)

|Wen,x|
126

where r is the reference answer, a is the model 127

prediction, and Lang(·) is a language detector for 128

given text. Meanwhile, a generation failure error 129

rate, e.g. gibberish, will be: 130

Egib(en, x) =
∑

(r,a)∈Wen,x

I(Type(r) = Gibberish)

|Wen,x|
131

where Type(·) is an LLM-based error type clas- 132

sifier for generation failure samples. 133

Oracle performance estimation Because the 134

xMRC score can be affected by errors in the gener- 135

ation process, it may not reflect the full potential of 136

the model’s cross-lingual context retrieval ability. 137

To ablate this effect, we estimate the oracle re- 138

trieval performance of the models by perturbation- 139

based attribution4 on contextual sentences or spans, 140

which calculates the importance of each of them 141

to the output. If the sentence/span with the cor- 142

rect answer in it receives the largest importance, 143

4We use Captum to perform the attribution (https://
github.com/pytorch/captum)
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we consider the model’s oracle retrieval on this144

testing sample is correct. Then, we calculate the145

accuracy of such selection respectively with one146

generation step or the whole generation process as147

the attributed target.148

2.2 Analysis methods149

2.2.1 Layer-wise attribution to reflect forward150

process151

To better understand the forward calculation pro-152

cess of models performing xMRC retrieval, we153

need layer-wise attribution in order to see from154

which input part the LLM draws information into155

the residual stream (Voita et al., 2024) at each layer.156

Previous studies have proposed multiple layer-157

wise attribution methods, including attention-158

based (Hao et al., 2021; Ferrando et al., 2022),159

backpropagation-based (Voita et al., 2021), and160

decomposition-based (Yang et al., 2023a) etc. Here161

we choose AttentionLRP (Achtibat et al., 2024), be-162

cause it can attribute latent representations in each163

model layer and is especially suitable for trans-164

former models.165

Based on this, we define the Major Relevance166

Depth (MRD) to estimate the maximum depth to167

which a token representation x needs to be encoded,168

by calculating the layer number corresponding to169

the 95th percentile of its attributed relevance to170

model m’s output:171

MRD(m,x) = min
1⩽n⩽N

n172

s.t.
n∑

i=1

rout(x, i) ⩾ 0.95
N∑
i=1

rout(x, i)173

where rout(x, i) refers to the normalized relevance174

score of token representation x in layer i to the final175

output. Note that N is one less than the total layer176

number (e.g. 31 for LLaMA-3.1-8B) because we177

attribute the output of the last layer to its precedent178

layers. If the MRD of an input token is n̂, then we179

estimate that the token’s information participates180

in the context retrieval process only in the first n̂-181

th layers. Then, for parts of the input, i.e., task182

description, demonstrations, question and context,183

we take the maximum MRD of tokens in each part184

to represent them, and calculate the mean MRD for185

each part on a group of testing samples to reflect186

the general distribution.187

Name Modes Sizes
LLaMA 2 Chat 7B

LLaMA 3.1 Base / Instruct 8B / 70B
Mistral V0.3 Base / Instruct 7B

Qwen 2.5 Base / Instruct 7B / 72B
DeepSeek V2 Base / Chat Lite (16B)

Gemma 2 Base / IT 9B
GPT-3.5-Turbo-0125 - -

GPT-4o - -

Table 1: Selected models for main evaluation and analysis.

2.2.2 Hidden state similarity to measure 188

cross-lingual alignment 189

To observe the cross-linguality of model internal 190

representations during the context retrieval process, 191

we collect the hidden states of the input sequence 192

across all model layers, and calculate their cross- 193

lingual similarity. Because our testing samples 194

are parallel across all the testing languages, we 195

can use the ratio of the mean of sample-wise over 196

language-wise cosine similarities to define a cross- 197

lingual similarity ratio S(en,x) between the model 198

calculation processes in English and language x: 199

S(en,x) = Sim(E,X)/Sim(X,X) 200

=
(K − 1)

∑
ek∈E,xk∈X Sim(ek, xk)

2
∑

xi,xj∈X Sim(xi, xj)
201

where Sim denotes the mean cosine similarity, E 202

denotes the hidden states from English MRC tasks, 203

and X denotes the hidden states from en-x xMRC 204

tasks. K is the total number of testing samples, ek 205

and xk are the hidden states from the k-th paral- 206

lel sample pair between English and language x, 207

xi, xj are the hidden states from every two differ- 208

ent samples in language x, and the cosine similarity 209

Sim(x, y) = x · y/|x||y|. 210

3 Experiment Settings 211

3.1 Dataset 212

We use the XQuAD dataset to measure the xMRC 213

performance of LLMs, because its testing samples 214

are parallel in all the 12 included languages and 215

thus suitable for cross-lingual transforming. The 216

XQuAD dataset is composed of 1190 parallel data 217

points for each of its 12 languages, ensuring a con- 218

sistent evaluation setup across languages. With an 219

average context length of 702.50, the dataset pro- 220

vides sufficiently rich contexts for machine reading 221

comprehension. Furthermore, the 12 languages 222

cover diverse language families, scripts, and re- 223

source levels, making our evaluation more trust- 224

worthy and representative. 225
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F1 scores error rates

en-en mean en-x mean x-x en-x / en-en x-x / en-en mean language mean generation en-en generation

LLaMA-3.1-8B 75.97 49.01 70.28 0.64 0.93 0.32 8.88 5.60
LLaMA-3.1-70B 82.39 58.68 74.73 0.71 0.91 60.21 2.63 1.20
Mistral-V0.3-7B 79.57 58.74 64.92 0.74 0.82 21.24 14.25 0.49

Qwen-2.5-7B 62.42 57.51 66.11 0.92 1.06 0.96 3.29 1.51
Qwen-2.5-72B 86.03 78.92 81.16 0.92 0.94 10.90 2.53 0.00

DeepSeek-V2-Lite-16B 73.81 44.65 57.66 0.61 0.78 12.97 8.45 1.87
Gemma-2-9B 80.42 66.82 72.90 0.83 0.91 1.91 4.11 1.02

LLaMA-3.1-Instruct-8B 77.89 72.13 65.02 0.93 0.83 0.89 2.53 0.85
LLaMA-3.1-Instruct-70B 83.29 73.07 74.13 0.88 0.89 0.23 1.87 1.85
Mistral-V0.3-Instruct-7B 62.01 56.63 49.39 0.91 0.80 2.77 3.30 1.77

Qwen-2.5-Instruct-7B 81.83 76.43 71.61 0.93 0.88 0.67 3.21 2.75
Qwen-2.5-Instruct-72B 77.12 66.04 70.29 0.86 0.91 4.58 1.62 0.38

DeepSeek-V2-Chat-Lite-16B 70.30 54.03 49.95 0.77 0.71 2.36 5.92 0.58
Gemma-2-IT-9B 83.69 78.72 75.53 0.94 0.90 0.17 2.47 1.95

GPT-3.5-Turbo-0125 81.74 68.75 72.04 0.84 0.88 0.16 2.80 0.00
GPT-4o 83.29 78.76 75.68 0.95 0.91 0.10 1.40 0.00

Table 2: 2-shot F1 scores on en-x and x-x tasks, and 2-shot language error and generation failure error rates (%) on en-x tasks.

3.2 Models and tools226

We adopt a variety of SOTA open and business227

LLMs, including LLaMA-3.1, Qwen-2.5, GPT-4o,228

etc., in smaller and larger sizes. Table 1 shows229

our selected model list in the main evaluation and230

analysis results. Also, Table 4 in Appendix A.1231

shows a full list of all the tested models, where232

some of them are of older versions and alternative233

sizes compared with the main-list models.234

We also adopt tools for error type identification.235

For language error detection, we use Lingua 5 with236

its high-accuracy mode, the accuracy of which is237

satisfactory in our tested languages. For genera-238

tion failure errors detection, we use Qwen-2.5-72B-239

Instruct (prompt shown in Appendix A.2) to act240

like a classifier, distinguishing normal outputs and241

the three types of error.242

3.3 Prompts243

In our xMRC evaluation, we try our best to adopt244

the most suitable prompt templates for each tested245

model to minimize its limitation of performance.246

We try two prompting formats for each model and247

take the one with higher xMRC performance to248

represent that model. As shown in Appendix A.2,249

the v1 prompt format places the task description be-250

fore the demonstrations, and the v2 prompt format251

places the task description after the demonstrations.252

We also test each model in 2-shot and 0-shot253

settings. Because most of the tested LLMs perform254

better in the 2-shot setting, we focus our evaluation255

and analysis mainly on this setting. The 0-shot256

evaluation results are in Appendix A.3.257

5https://github.com/pemistahl/lingua

4 Results 258

4.1 Evaluation results 259

The left part of Table 2 summarizes the F1 scores 260

of our main-list models on both en-x cross-lingual 261

MRC (xMRC) and x-x monolingual MRC tasks. 262

Comparing the xMRC scores with the monolin- 263

gual scores highlights the difference in model per- 264

formance between cross-lingual and monolingual 265

settings. Detailed F1 scores for each model, lan- 266

guage, and task are further illustrated in Table 6 in 267

Appendix A.3. 268

4.1.1 Cross-lingual performance 269

Generally, one can see the English MRC perfor- 270

mance of most tested models are high (over 70 271

out of 100), but the xMRC scores ranges (from 45 272

to 78), showing the performance gap in context 273

retrieval with English and non-English queries, 274

even with the same English context and answer. 275

Down into individual models, while GPT-4o 276

shows the highest cross-lingual performance and 277

smallest language gap, several open-sourced post- 278

trained model series, such as Gemma-2-IT, Qwen- 279

2.5-Instruct and LLaMA-3.1-Instruct, also show 280

comparable performance levels and small language 281

gaps, indicating that newest training techniques 282

contribute to higher xMRC performance. 283

An interesting observation is that, for LLaMA- 284

3.1-8B and Gemma-2-9B, the English perfor- 285

mances after post-training are close to those of the 286

base versions, but the cross-lingual performances 287

greatly improve. Also, this phenomenon is more 288

prominent in smaller (7-9B) than larger models, 289

bring the former a smaller performance gap be- 290

tween English and non-English. This shows post- 291

training, especially on smaller LLMs, is important 292
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to the xMRC task.293

4.1.2 Comparison with Monolingual294

performance295

In general, the performance gaps between En-296

glish and non-English monolingual MRC are much297

smaller for most of the tested LLMs than xMRC,298

and the Qwen models even show higher non-299

English performance than English. This suggests300

that non-English language fluency is not the main301

cause of the ranging xMRC performance.302

Also, for base models and post-trained large303

models (∼70B), the monolingual performances304

in non-English languages are always higher than305

cross-lingual performance. A possible explanation306

to this may be the cross-lingual task is more dif-307

ficult and less frequent in training, and it requires308

cross-lingual understanding.309

However, for post-trained, smaller models (7-310

9B), the pattern flips, where the monolingual per-311

formances become consistently lower than cross-312

lingual ones. This result suggests that these models313

become capable of using their English ability to314

assist context retrieval with non-English queries,315

overcoming the difficulty and low-frequency of316

the cross-lingual task. Also, since we should ex-317

pect larger LLMs having better instruction fol-318

lowing and understanding in general, this further319

highlights that post-training better elicits the cross-320

lingual context retrieval ability on smaller LLMs.321

4.2 Performance bottleneck analysis322

4.2.1 Error type ablation323

Language error. The right part of Table 2 shows324

the average percentage of language errors among325

all languages. One can see an expected advan-326

tage of post-trained models against base models,327

because the former are better in following the cross-328

lingual task format. However, since the error rate329

is low for all the post-trained models, it cannot be330

viewed as a bottleneck for the xMRC task.331

Generation failure errors. The right part of Ta-332

ble 2 also shows the average summed percentages333

of gibberish, refusal, and blank error in samples334

with wrong model answers (detailed percentages335

in Table 7-9c in Appendix A.4). One can see the336

generation failure rates are minor for most models,337

regardless of size and post-training, marking it not338

the bottleneck of xMRC either.339

Model Step Sequence
Language en-en en-x en-en en-x

LLaMA-3.1-8B 66.55 67.59 35.14 36.39
LLaMA-3.1-70B 47.47 54.92 47.89 56.97

LLaMA-3.1-Instruct-8B 89.86 83.42 93.75 86.66
LLaMA-3.1-Tuned-8B 86.49 81.04 89.53 83.07

LLaMA-3.1-Instruct-70B 92.82 90.67 95.44 93.54

Table 3: Oracle performance estimated (F1) for LLaMA mod-
els in en-en and en-x (average) scenarios. The estimation is
performed with one generation step (left) and with the whole
generated sequence, respectively.

4.2.2 Estimated oracle performance 340

As described in §2.1.3, the oracle performances of 341

the LLaMA models estimated with one generation 342

step and the whole sequence are shown in Table 3, 343

where two phenomena stand out: 344

First, the estimated oracle performances of post- 345

trained models are significantly higher than the 346

base models, both on en-en and en-x settings, sug- 347

gesting post-training is crucial to the xMRC task. 348

Second, the estimated oracle performance for 349

en-x is close to en-en for all the LLaMA models, 350

and the oracle for post-trained models are basically 351

over 90%. This is quite different from the actual 352

performance, where en-en is better than en-x, and 353

the performances are not that high. This suggests 354

the models have actually obtained the ability to 355

locate the correct answer in the xMRC task, but the 356

ability needs to be further elicited. 357

5 Two-phased mechanism of xMRC 358

The above results show that post-training on 359

smaller LLM elicits the cross-lingual transfer of 360

contextual retrieval ability. However, the mecha- 361

nism that enables such transfer is unknown. Con- 362

sidering the model forward process from the input 363

prompt to the output answer, we come up with a 364

two-phase hypothesis of the xMRC process (taking 365

en-x as an example): 366

1. Question encoding. The queries (mainly the 367

non-English question) will be encoded into a 368

shared semantic space, where queries in dif- 369

ferent languages are aligned and understood 370

in a language-neutral way; 371

2. Answer retrieval. The encoded queries will 372

be used to match the answer in the English 373

context according to the task description and 374

format, then the answer is generated by copy- 375

ing from the original context. 376

Figure 2 shows an illustration of the hypoth- 377

esized process. We test our hypothesis from at- 378
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Figure 2: Illustration of the hypothesized two-phased xMRC
process. As layer depths increases, the last question token will
be gradually transferred to the first answer token.

tribution and hidden-state views. Since LLaMA-379

3.1-Instruct-8B shows high performance alignment380

across languages and is widely used in the commu-381

nity, we take its family to perform our analysis.382

To further ensure the effect of post-training, we383

also conduct finetuning and compare the model384

behavior before and after it.385

5.1 Attribution view386

We use layer-wise attribution (§2.2.1) to identify387

the question encoding and answer retrieval phases388

on the LLaMA models. Figure 3 shows the mean389

MRD of the contexts and the questions for the390

LLaMA-3.1-Instruct-8B on testing samples that391

are identified as either "balanced" or "en-superior"392

in all tested languages. 6393

(a). balanced samples

(b). en-superior samples

Figure 3: Mean MRD of the context and question parts for
LLaMA-3.1-Instruct-8B.

One can see that the mean question MRD is394

6We identify a sample as "balanced" if the model F1 score
on it is above 0.5 in all directions; and a sample as "en-
supeiror" if the F1 score in English is higher than the average
of other languages with a margin greater than 0.5.

(a). balanced samples

(b). en-superior samples

Figure 4: Question hidden state similarity between English
and other languages in each layer of the LLaMA-3.1-Instruct-
8B model.

significantly and substantially lower than the mean 395

context MRD in all tested languages and across the 396

LLaMA models, revealing a clear phased behavior. 397

Also, by comparing the MRDs of "balanced" 398

(Figures 3a) and "en-superior" samples (Figures 399

3b), we can see that the MRDs of "balanced" sam- 400

ples are more stable than those of "en-superior" 401

samples, suggesting correlation between the high 402

cross-lingual context retrieval ability and a clear 403

two-phase behavior. 404

Details and More results can be found in Ap- 405

pendix B.1. We found this pattern consistent for 406

different LLaMA models and not affected by the 407

prompt format, though it is weaker in LLaMA-2- 408

Chat-7B, which has a smaller pre-trained capacity 409

and weaker multilingual ability. 410

In summary, the attribution results supports the 411

two-phase hypothesis, and indicates that the phased 412

behavior is already formed after pre-training, re- 413

gardless of model size and prompt format. The 414

phasing strength correlates with the pre-training 415

capacity and the xMRC task performance. 416

5.2 Hidden states view 417

The hidden state similarity results also support our 418

hypothesis. Figures 4, 5, and 6 show the en-x hid- 419

den state similarity of the question, the last input to- 420

ken (predicting the start of the answer) and the con- 421

text parts for the LLaMA-3.1-Instruct-8B model. 422

Results for other LLaMA models can be found in 423

Appendix B.2. The observed trends are consistent: 424

• For question representations, they all show 425
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(a). balanced samples

(b). en-superior samples

Figure 5: Last-input-token hidden state similarity between
English and other languages in each layer of the LLaMA-3.1-
Instruct-8B model.

a shared arc-shaped trend, where the highest426

similarity to English appears at the relative427

depth of around 1/3;428

• For context representations, a consistent429

double-peak trend can be observed, with a430

"turning point" around the relative depth of431

0.4 (matching the question MRD) and the sec-432

ond, higher peak at around 0.7 (matching the433

context MRD);434

• For last input token representations, one can435

see a consistent "plateau" of similarity starting436

at around a relative depth of 0.5, which also437

matches the mean question MRD.438

Again, for the less powerful model LLaMA-2-439

Chat-7B (in Appendix B.2 Figure 18), the trends440

are weaker: its question similarity to English varies441

much across languages, and the "plateau" of an-442

swer similarity to English starts later than other443

models, which is after the mean question and con-444

text MRDs.445

These results suggest that the hidden states simi-446

larity through the xMRC process also undergo two447

main phases with evident distinction. This phased448

behavior already exists in pre-trained LLMs, and449

is preserved in post-training. Also, the phasing450

strength correlates with the model capability built451

during pre-training.452

5.3 Pre-training vs. post-training453

Although the phasing behavior is shaped during454

pre-training, other results show that post-training455

(a). balanced samples

(b). en-superior samples

Figure 6: Context hidden state similarity between English and
other languages in each layer of the LLaMA-3.1-Instruct-8B
model.

is also essential to complete the xMRC task. 456

We observe that (in Appendix B.2 Figure 19) 457

the last-input-token similarity of base models ex- 458

perience severe and consistent decline in the last 459

few layers, across all non-English languages. Since 460

in our xMRC task we expect the same English 461

output for all tested languages, this drop in cross- 462

lingual similarity can directly affect the perfor- 463

mance and its cross-lingual alignment. Meanwhile, 464

post-training significantly narrows this decline, es- 465

pecially on the 8B model. As a result, for the 466

Instruct-8B model, languages with Latino alpha- 467

bets reveal even higher similarity than the previous 468

layers. 469

In this regard, a possible reason for the larger 470

performance gap between English and non-English 471

for larger post-trained models could be, their post- 472

training is insufficient to form the answer retrieving 473

phase. As shown in Figure 17, their last-input- 474

token similarity drops in the final layers instead of 475

rising, which is a feature of the base models. 476

Another outcome of post-training is sensitivity to 477

the demonstrations. One can see from Figure 6 and 478

17 (c) and (d), both post-trained models show di- 479

vergence in context similarity, which is not seen in 480

their base models. Since the context in the xMRC 481

task is English-only, this divergence in similarity 482

can only be the effect of cross-lingual demonstra- 483

tion preceding the context. Compared with the 8B 484

model, the divergence of the 70B instruct model is 485

too large, suggesting that it is too sensitive to the 486

demonstrations, and may harm the cross-lingual 487

performance. 488
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5.4 Validation of post-training489

To validate the effect of post-training, we tune the490

LLaMA-3.1-8B model use the TULU-v3 dataset491

(Lambert et al., 2025) into a model called LLaMA-492

3.1-Tuned-8B (Appendix B.3). Like the instruct493

model, the en-x xMRC performance of the tuned494

model become significantly higher than the base495

model (Table 10), and the decline of cross-lingual496

hidden state similarity in the last few layers also497

narrows (Figure 7). This is clear evidence for the498

essential role of post-training in completing the499

xMRC task.500

(a). LLaMA-3.1-8B

(b). LLaMA-3.1-Tuned-8B

Figure 7: Change in Last-input-token hidden state similarity
between English and other languages in each layer of LLaMA-
3.1-8B after tuning on the same data samples as "balanced" of
the base model.

6 Related Work501

6.1 Cross-lingual alignment of LLMs502

Previous studies have shown a misalignment of503

LLMs with English and other languages. With re-504

spect to performance, Lai et al. (2023b), Ahuja505

et al. (2024) and Wang et al. (2024) demonstrated506

that SOTA LLMs performed better in English,507

and showed inconsistency when dealing with non-508

English queries. Etxaniz et al. (2024) found that509

LLMs performed worse with non-English prompts510

than with self-translated English prompts. Beyond511

performance, Qi et al. (2023) demonstrated the512

low cross-lingual consistency of factual knowl-513

edge does of LLMs, and Gao et al. (2024) showed514

that multilingual pre-training and instruction tun-515

ing could only enhance superficial levels of cross-516

lingual alignment. However, the previous work517

mostly focused on queries with a consistent lan-518

guage, instead of cross-lingual queries.519

There have also been many techniques to en- 520

hance LLMs’ cross-lingual alignment. For exam- 521

ple, adding parallel data in the pre-training stage 522

(Lample and Conneau, 2019; Jiang et al., 2022; Wei 523

et al., 2023; Lu et al., 2024); and the post-training 524

stage, including instruction tuning (Li et al., 2023b; 525

Zhang et al., 2025; Li et al., 2023a; Cahyawijaya 526

et al., 2023; Chai et al., 2024; Kuulmets et al., 2024; 527

Shaham et al., 2024; Kew et al., 2024) and pref- 528

erence tuning (Lai et al., 2023a; She et al., 2024). 529

Especially, extra translation training is commonly 530

used (Zhang et al., 2023; Yang et al., 2023b; Li 531

et al., 2024; Ranaldi et al., 2024; Zhu et al., 2024; 532

Lu et al., 2024). In this paper, we examine the 533

effect of some of these techniques by comparing 534

various SOTA models. 535

6.2 Cross-lingual machine reading 536

comprehension 537

xMRC is a relatively new task of natural language 538

understanding. Cui et al. (2019) proposed the task, 539

in order to improve non-English MRC performance 540

by introducing English resources. There are some 541

representative datasets in this area, such as XQA 542

(Liu et al., 2019), BiPaR (Jing et al., 2019), MLQA 543

(Lewis et al., 2020), and XQuAD (Artetxe et al., 544

2020). Ushio et al. (2023) also proposes a pipeline 545

for multilingual QA generation. 546

Previous work on the xMRC task mainly focuses 547

on enhancing the performance of task-specific mod- 548

els using techniques such as data augmentation 549

(Bornea et al., 2021; Xiang et al., 2024), knowledge 550

injection (Duan et al., 2021), constractive learning 551

(Chen et al., 2022) and knowledge transfer (Cao 552

et al., 2023; Xu et al., 2023). However, the xMRC 553

performance of LLMs has not been studied. 554

7 Conclusion 555

We investigate the cross-lingual context retrieval 556

ability of LLMs with the xMRC task. We first eval- 557

uates the xMRC performance of existing open- and 558

closed-sourced LLMs, and find that post-trained 559

7-9B models show high performance and little gap 560

across English and non-English languages. Then, 561

we conduct analysis on the LLaMA models and 562

identifies the two main phases (question encoding 563

and answer retrieval) of the xMRC process, and 564

find a possible explanation to the language gap for 565

larger post-trained models. We hope our research 566

will inspire future study to foster the cross-lingual 567

alignment of LLMs in a broader scope. 568

8



8 Limitations569

While this study provides valuable insights into the570

cross-lingual context retrieval abilities of LLMs571

and identifies a two-phased mechanism underlying572

this process, it is important to acknowledge certain573

limitations.574

First, the scope of our empirical evaluation is575

constrained by available resources and time. This576

necessarily limits the breadth of our testing, pre-577

venting us from exhaustively covering the rapidly578

expanding landscape of LLMs. Furthermore, while579

we test across 12 diverse languages, a more com-580

prehensive analysis would ideally include an even581

wider range of languages in order to ensure the582

generalizability of our findings across linguistic583

diversity.584

Second, although we successfully identify a two-585

phased feature of cross-lingual machine reading586

comprehension and confirm its correlation with pre-587

training and post-training stages, the precise factors588

within these training processes that drive this out-589

come remain unclear. Future work could delve590

deeper into the specifics of pre-training objectives,591

data composition, and post-training techniques to592

pinpoint the exact elements that contribute to the593

emergence and effectiveness of these two phases.594

Finally, within the two major phases we discover595

– question encoding and answer retrieval – we ob-596

serve hints of more fine-grained changes in model597

behavior, particularly in the hidden state similarity598

curves. These preliminary observations suggest the599

potential for a more nuanced understanding of the600

xMRC process. Future studies could further in-601

vestigate these finer-grained dynamics within each602

phase to gain a more detailed and complete pic-603

ture of how LLMs achieve cross-lingual context604

retrieval.605

Beyond these limitations, it is also important to606

consider potential risks associated with this work.607

While our research is foundational and not directly608

tied to specific applications, advancements in cross-609

lingual context retrieval, like any technology, could610

be misused. For example, improved cross-lingual611

capabilities might inadvertently contribute to the612

spread of misinformation if models are used to re-613

trieve and amplify biased or inaccurate information614

across languages. Furthermore, if deployed with-615

out careful consideration, these technologies could616

exacerbate existing inequalities by favoring lan-617

guages and knowledge systems already dominant618

in LLM training data, potentially marginalizing619

less-represented languages and perspectives. Fu- 620

ture work should consider these dual-use aspects 621

and explore mitigation strategies to ensure respon- 622

sible development and deployment of cross-lingual 623

NLP technologies, paying special attention to fair- 624

ness and inclusivity across diverse linguistic com- 625

munities. 626

9 Ethics Statements 627

This research adheres to ethical principles in its use 628

of language models and data. All language models 629

evaluated and finetuned in this study are accessed 630

and utilized in compliance with their respective 631

licenses and terms of service. Furthermore, the 632

XQuAD dataset employed for evaluation, and the 633

TULU-v3 dataset used for finetuning LLaMA-3.1- 634

8B, are both publicly available datasets intended 635

for research purposes. Based on our review and 636

the documented nature of these datasets, we have 637

determined that they are not designed to collect 638

or contain personally identifiable information or 639

offensive content. To the best of our knowledge, 640

and as indicated in their public documentation, nei- 641

ther dataset includes data that names or uniquely 642

identifies individual people, nor do they present 643

offensive content. 644

Our use of these existing artifacts, including both 645

language models and datasets, is aligned with their 646

intended use within research contexts. Specifically, 647

derivatives of data accessed for research purposes, 648

such as model outputs and analysis results, are used 649

solely within the bounds of academic inquiry and 650

are not disseminated or utilized outside of these 651

research contexts, in accordance with responsible 652

data handling practices. We have strived to conduct 653

this research responsibly and ethically, focusing 654

on understanding and improving the cross-lingual 655

capabilities of language models for the benefit of 656

the NLP community, while respecting the intended 657

use and access conditions of all resources utilized. 658
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LLaMA 2 Base / Chat 7B / 13B / 70B
LLaMA 3 Base / Instruct 8B / 70B

LLaMA 3.1 Base / Instruct 8B / 70B
LLaMAX-2-Alpaca - 7B
LLaMAX-3-Alpaca - 8B

Mistral V0.1 Base / Instruct 7B
Mistral V0.3 Base / Instruct 7B

Qwen 1.5 Base / Chat 7B / 14B / 72B
Qwen 2 Base / Instruct 7B / 72B

Qwen 2.5 Base / Instruct 7B / 72B
DeepSeek V2 Base / Chat Lite (16B)

Gemma 2 Base / IT 9B
GPT-3.5-Turbo-0125 - -

GPT-4o - -

Table 4: Full list of models evaluated. This table presents a
complete list of all models tested in this study, encompassing
older versions and alternative sizes.
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<|im_start|>system
You are Qwen, created by Alibaba Cloud. You are a
helpful assistant.<|im_end|>
<|im_start|>user
You are tasked with identifying the type of a given raw
answer. You will be provided with a question and a raw
answer. Your job is to determine whether the raw answer
falls into one of the following categories based on the
given question:

0. Reasonable Answer: The answer seems like some
attempt to answer the question, regardless of whether it is
correct or not.

1. Blank Answer: No response is provided.

2. Gibberish: Incoherent text with no clear meaning or
cannot be seen as some kind of answer to the question,
e.g. “{Your Answer}”.

3. Denial of Answer: A statement indicating inability to
answer, such as “I apologize, but I cannot answer this
question because...”.

You must provide your response as a SINGLE number
representing the category (0, 1, 2, or 3) without extra
output.

1618

The v1 prompt format is:1619

{system prompt}

Below is a reading comprehension task. There will be
paragraphs of context, each followed by a question related
to its content. You should only present your answer to the
last question by strictly copying the corresponding part
of the context. Please provide a direct answer in English
without extra output. Your answer should be in the form
of “Answer: {Your Answer}”

Context: {demo context 1}

Question: {demo question 1}

Answer: {demo answer 1}

Context: {demo context 2}

Question: {demo question 2}

Answer: {demo answer 2}

Your task starts here:

Context: {text context}

Question: {text question}

1620

The v2 prompt format is:1621

{system prompt}

Context: {demo context 1}

Question: {demo question 1}

Answer: {demo answer 1}

Context: {demo context 2}

Question: {demo question 2}

Answer: {demo answer 2}

Your task starts here:

Context: {text context}

Question: {text question}
You should only present your answer to the last question
by strictly copying the corresponding part of the context.
Please provide a direct answer in English without extra
output. Your answer should be in the form of “Answer:
{Your Answer}”

1622

A.3 Detailed evaluation results 1623

Table 5 presents the complete evaluation results 1624

from our 0-shot experiments, encompassing both 1625

the English-to-NonEnglish (en-x) and non-English 1626

monolingual (x-x) tasks in all models and lan- 1627

guages tested. Table 6 further presents detailed 1628

F1 scores for en-x and x-x tasks in the 2-shot set- 1629

ting. 1630

A.4 Detailed language error and generation 1631

failure error rates 1632

Tables 7 and 8 show detailed language and genera- 1633

tion failure error rates across all tested languages. 1634

Meanwhile, Table 9 provides a more granular view 1635

of the generation failure errors discussed in the 1636

main text. While Table 8 presents the aggregated 1637

rate of these errors, Table 9 is further subdivided 1638

into three separate tables: Table 9a, Table 9b, and 1639

Table 9c. These tables individually display the er- 1640

ror rates for gibberish errors, refusal errors, and 1641

blank errors, respectively, across all tested mod- 1642

els and languages in the 2-shot en-x xMRC task 1643

setting. 1644

B Two-phased xMRC Analysis 1645

B.1 Further analysis on MRD 1646

B.1.1 Example of Attribution 1647

Figure 8 shows an example of the attribution out- 1648

come for LLaMA-3.1-Instruct-8B. 1649

B.1.2 MRD for other LLaMA models 1650

Figures 9 and 10 provide further illustrative exam- 1651

ples of the mean MRD for context and question 1652
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Figure 8: An example output of layer-wise attribution with
LLaMA-3.1-Instruct-8B, where only the top 3 tokens from
each input part are shown.

components, specifically for LLaMA-3.1-Instruct-1653

70B and LLaMA-2-Chat-7B. These figures com-1654

plement the MRD analysis presented in the main1655

body of this paper.1656

(a). balanced samples

(b). en-superior samples

Figure 9: Mean MRD of the context and question parts for
LLaMA-3.1-Instruct-70B.

B.1.3 Analysis of task descriptions and1657

demonstrations1658

Analyzing the MRD of task descriptions and1659

demonstrations in our 2-shot setting (Figures 11-1660

13) reveals a general trend where demonstrations1661

tend to exhibit a comparable or slightly higher1662

MRD than task descriptions across the LLaMA1663

model family, suggesting demonstrations are at1664

least as important as, if not slightly more impactful1665

than, task descriptions in guiding the models. This1666

could indicate that providing concrete examples1667

is a particularly effective way to communicate the1668

desired behavior for cross-lingual context retrieval1669

to these models.1670

However, the precise relationship is not uniform1671

and varies across models. For example, while1672

LLaMA-3.1-Instruct-8B shows a relatively bal-1673

(a). balanced samples

(b). en-superior samples

Figure 10: Mean MRD of the context and question parts for
LLaMA-2-Chat-7B.

anced MRD between task descriptions and demon- 1674

strations, LLaMA-2-Chat-7B consistently demon- 1675

strates a higher MRD for demonstrations, which 1676

implies that older or smaller models might lean 1677

more heavily on the provided in-context examples. 1678

In contrast, LLaMA-3.1-Instruct-70B exhibits the 1679

most pronounced difference, with a significantly 1680

elevated MRD for task descriptions across all lan- 1681

guages and sample types, suggesting that larger 1682

models can become highly attuned to and reliant 1683

on user-specified task commands. 1684

(a). balanced samples

(b). en-superior samples

Figure 11: Mean MRD of the task descriptions and demon-
strations parts for LLaMA-3.1-Instruct-8B.

B.1.4 Influence of prompt format on MRD 1685

pattern 1686

We test the influence of different prompt formats 1687

(v1, v2) on LLaMA-3.1-Instruct-8B, and by com- 1688
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(a). balanced samples

(b). en-superior samples

Figure 12: Mean MRD of the task descriptions and demon-
strations parts for LLaMA-3.1-Instruct-70B.

(a). balanced samples

(b). en-superior samples

Figure 13: Mean MRD of the task descriptions and demon-
strations parts for LLaMA-2-Chat-7B.

paring the results in Figure 14 and Figure 3, which1689

present results obtained using the prompt format1690

v1 and v2, respectively, it is clear that the funda-1691

mental pattern observed in the mean MRD is con-1692

sistent across both formats. Therefore, the trend1693

of the mean question MRD being consistently and1694

substantially lower than the mean context MRD1695

is maintained regardless of the prompt format em-1696

ployed.1697

B.2 Hidden state similarity results for other1698

LLaMA models1699

Figures 15–18 present the hidden state similarity1700

results for additional LLaMA models, complement-1701

ing the analysis of the LLaMA-3.1-Instruct-8B1702

model discussed in the main body of the paper.1703

(a). balanced samples

(b). en-superior samples

Figure 14: Mean MRD for LLaMA-3.1-Instruct-8B on both
"balanced" and "en-superior" samples in v1 prompting format.
Only the results of context and question parts of the prompt
are displayed.

Meanwhile, Figure 19 provides an overview of 1704

the last-input-token hidden state similarity for base 1705

LLaMA models, as discussed in §5.3. 1706

B.3 Training details and evaluation results of 1707

our finetuned LLaMA-3.1-8B 1708

We tune the LLaMA-3.1-8B base model on TULU- 1709

V3 for 1 epoch with 8 * H800 GPUs for 15 hours 1710

using the LLaMA-Factory repository. The data 1711

cut-off length is 2048, batch size per device is 8, 1712

learning rate is 1.0e-5, and the warm-up ratio is 0.1 1713

with cosine learning rate scheduling. 1714

Regarding evaluation, Table 10 summarizes the 1715

performance of our finetuned model on both en- 1716

x cross-lingual and x-x monolingual MRC tasks. 1717

Furthermore, Figure 20 illustrates the hidden state 1718

similarity between English and other tested lan- 1719

guages across layers, focusing on question, context, 1720

and last-input-token representations derived from 1721

balanced samples. 1722
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(a). Question hidden state similarity for balanced samples.
(b). Question hidden state similarity for en-superior sam-
ples.

(c). Context hidden state similarity for balanced samples.
(d). Context hidden state similarity for en-superior sam-
ples.

(e). Last-input-token hidden state similarity for balanced
samples.

(f). Last-input-token hidden state similarity for en-
superior samples.

Figure 15: Hidden state similarity between English and other languages on different parts of the selected samples in each layer
of the LLaMA-3.1-8B model.
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en-en en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr

LLaMA-3.1-8B 28.49 26.39 23.70 16.97 21.76 21.68 19.66 24.96 22.27 22.69 27.73 15.71
LLaMA-3.1-70B 49.92 38.32 36.22 41.34 45.13 24.62 27.40 37.73 38.49 34.87 47.90 33.95
Mistral-V0.3-7B 20.50 21.43 19.50 10.84 8.66 11.60 14.87 14.20 12.44 18.32 16.13 10.67

Qwen-2.5-7B 38.66 36.05 37.31 48.32 42.02 38.91 42.44 34.87 35.55 38.57 45.63 41.60
Qwen-2.5-72B 63.95 56.55 56.72 53.19 52.86 55.97 56.30 52.27 54.03 55.55 55.29 51.68

DeepSeek-V2-Lite-16B 12.35 11.26 4.12 4.20 9.58 9.58 4.79 7.73 7.06 10.84 5.80 4.96
Gemma-2-9B 15.21 5.97 14.87 14.87 26.47 7.40 11.43 4.62 13.70 20.42 32.27 17.31

LLaMA-2-Chat-7B 34.96 26.81 24.54 19.50 22.52 19.58 20.00 20.50 22.10 25.04 13.95 16.55
LLaMA-3.1-Instruct-8B 40.92 25.55 28.82 28.24 33.95 27.65 24.87 20.42 19.24 29.66 29.75 30.42

LLaMA-3.1-Instruct-70B 57.82 47.23 47.23 45.88 49.16 39.33 42.86 46.72 43.19 41.51 51.93 44.20
Mistral-V0.3-Instruct-7B 3.19 2.61 2.69 5.13 2.86 2.02 4.12 3.11 2.35 3.87 4.54 3.36

Qwen-2.5-Instruct-7B 53.28 40.17 35.97 36.13 40.67 36.22 35.46 33.70 38.99 35.71 36.22 38.24
Qwen-2.5-Instruct-72B 36.89 27.98 26.81 23.53 23.28 22.94 23.45 23.19 31.01 24.37 23.03 23.95

DeepSeek-V2-Chat-Lite-16B 16.30 18.24 13.87 8.24 15.13 11.01 11.09 13.95 13.87 12.61 9.75 12.61
Gemma-2-IT-9B 57.06 46.30 42.77 42.86 42.35 44.37 40.25 41.85 39.24 42.69 44.96 43.87

GPT-3.5-Turbo-0125 32.18 24.12 22.61 21.34 21.93 17.48 22.44 23.70 23.87 21.43 20.34 20.42
GPT-4o 51.01 39.58 36.97 40.50 41.18 37.48 36.05 37.82 36.97 39.33 39.16 39.66

(a). 0-shot Exact Match (EM) scores (%) on en-x tasks.

en-en en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr

LLaMA-3.1-8B 37.60 34.11 33.87 21.86 35.12 36.97 30.11 36.66 30.82 30.37 39.43 21.79
LLaMA-3.1-70B 68.03 58.29 56.22 60.33 55.20 50.63 41.23 56.41 57.13 55.87 62.87 54.32
Mistral-V0.3-7B 40.07 27.17 31.26 19.26 13.19 17.94 23.98 19.16 18.23 28.26 21.86 18.63

Qwen-2.5-7B 59.02 55.58 55.61 64.37 60.26 56.32 60.61 53.14 51.21 56.72 63.23 55.52
Qwen-2.5-72B 80.50 73.73 74.48 72.48 71.37 73.60 73.23 70.59 71.44 73.36 72.78 68.18

DeepSeek-V2-Lite-16B 24.88 25.14 11.07 13.25 18.55 14.01 13.69 15.32 14.72 23.10 9.28 13.73
Gemma-2-9B 24.08 11.12 24.96 20.17 36.04 10.03 16.04 8.68 21.19 32.67 43.05 24.34

LLaMA-2-Chat-7B 56.83 45.97 44.45 37.78 36.50 33.65 32.13 34.03 39.14 45.51 25.18 30.64
LLaMA-3.1-Instruct-8B 64.47 50.69 53.41 52.33 57.10 50.09 48.61 45.36 43.46 54.14 53.88 52.72

LLaMA-3.1-Instruct-70B 78.28 70.13 68.39 64.43 68.91 56.20 60.19 67.79 65.78 64.72 67.69 62.13
Mistral-V0.3-Instruct-7B 35.19 32.41 32.68 30.23 32.15 28.49 30.21 29.42 28.93 32.51 31.48 29.23

Qwen-2.5-Instruct-7B 73.03 59.69 56.82 56.99 60.64 56.99 55.54 53.93 58.27 56.62 57.08 59.22
Qwen-2.5-Instruct-72B 59.84 46.79 46.86 43.46 36.20 43.82 40.01 44.46 50.91 43.98 44.68 44.28

DeepSeek-V2-Chat-Lite-16B 43.24 35.99 32.46 26.34 38.20 27.90 29.16 35.33 29.12 32.53 30.33 29.19
Gemma-2-IT-9B 76.80 67.91 64.91 64.74 64.83 65.31 62.35 63.89 61.29 64.94 65.84 64.10

GPT-3.5-Turbo-0125 60.08 51.06 50.45 47.23 49.06 41.58 48.90 50.57 50.90 49.32 46.66 46.22
GPT-4o 74.24 64.38 58.94 65.71 65.40 62.48 58.81 64.00 62.15 64.82 64.60 64.95

(b). 0-shot F1 Scores on en-x tasks.

de-de es-es vi-vi zh-zh hi-hi ar-ar el-el ro-ro ru-ru th-th tr-tr
LLaMA-3.1-8B 24.87 19.16 18.66 33.95 16.05 17.31 10.00 18.15 17.90 33.87 14.37

LLaMA-3.1-70B 42.94 37.23 42.86 50.08 30.00 40.17 36.30 40.76 35.13 57.06 37.40
Mistral-V0.3-7B 27.31 25.29 20.17 34.62 7.98 21.09 17.73 22.69 11.93 23.45 12.44

Qwen-2.5-7B 29.50 35.04 38.57 57.23 23.11 42.94 21.09 31.85 32.18 53.95 31.51
Qwen-2.5-72B 46.89 46.39 51.93 78.32 41.18 50.67 36.64 50.67 43.03 63.78 41.34

DeepSeek-V2-Lite-16B 4.87 2.44 1.01 7.56 2.02 1.43 4.03 3.19 2.02 5.13 2.94
Gemma-2-9B 2.02 14.03 8.91 12.10 8.66 1.43 1.43 4.62 10.92 9.66 13.28

LLaMA-2-Chat-7B 22.86 18.82 15.55 4.54 1.68 4.79 6.05 22.86 11.93 3.78 10.59
LLaMA-3.1-Instruct-8B 25.71 26.97 36.64 48.40 27.06 33.03 13.70 28.32 26.22 35.63 29.83

LLaMA-3.1-Instruct-70B 40.25 35.29 47.31 57.65 35.71 44.96 30.92 40.76 38.66 59.50 40.84
Mistral-V0.3-Instruct-7B 2.69 2.44 4.29 0.92 0.84 3.70 1.51 3.11 1.43 4.29 2.61

Qwen-2.5-Instruct-7B 32.86 30.92 30.42 47.40 24.71 27.90 21.68 36.05 27.82 42.44 30.67
Qwen-2.5-Instruct-72B 29.41 24.45 26.97 45.71 20.42 32.18 15.88 32.02 25.29 36.30 21.51

DeepSeek-V2-Chat-Lite-16B 12.18 7.48 10.08 7.82 7.65 9.24 8.40 7.73 9.41 11.93 7.31
Gemma-2-IT-9B 42.94 40.92 46.97 51.09 41.93 43.03 37.98 45.97 42.52 56.13 36.30

GPT-3.5-Turbo-0125 23.53 23.19 30.50 38.32 25.71 28.74 24.03 27.31 25.80 39.41 26.47
GPT-4o 40.34 34.87 44.37 54.29 32.10 42.10 26.22 38.94 37.82 52.79 30.59

(c). 0-shot Exact Match (EM) scores (%) on x-x tasks
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de-de es-es vi-vi zh-zh hi-hi ar-ar el-el ro-ro ru-ru th-th tr-tr
LLaMA-3.1-8B 37.62 34.52 36.04 43.66 41.18 34.54 32.58 34.61 35.68 47.38 28.02

LLaMA-3.1-70B 62.66 59.02 61.54 55.26 56.81 63.43 56.52 59.81 55.99 70.20 57.39
Mistral-V0.3-7B 41.31 47.37 39.40 41.73 24.04 42.28 35.43 37.91 29.51 37.70 28.32

Qwen-2.5-7B 49.22 58.04 62.82 68.32 46.19 63.63 44.78 52.10 52.96 68.59 54.30
Qwen-2.5-72B 70.77 72.81 74.95 84.33 68.09 72.94 64.72 73.17 68.56 78.50 67.79

DeepSeek-V2-Lite-16B 12.56 8.24 7.64 9.73 8.35 6.98 9.59 9.39 7.79 9.03 8.89
Gemma-2-9B 4.16 20.57 13.66 14.74 15.58 2.53 3.07 6.96 18.84 14.14 23.02

LLaMA-2-Chat-7B 40.12 40.37 32.22 10.68 13.62 17.59 18.83 38.52 26.51 10.64 23.93
LLaMA-3.1-Instruct-8B 51.95 58.67 62.55 54.15 52.86 56.45 45.21 55.02 52.99 56.89 55.40

LLaMA-3.1-Instruct-70B 68.60 68.79 73.54 66.32 62.66 70.97 66.97 68.90 65.53 73.91 66.35
Mistral-V0.3-Instruct-7B 24.81 26.71 26.83 11.22 15.57 20.21 22.81 25.11 20.37 30.99 21.98

Qwen-2.5-Instruct-7B 57.65 57.89 56.71 57.29 50.26 53.38 50.18 59.65 53.25 63.81 55.85
Qwen-2.5-Instruct-72B 54.08 51.89 52.80 57.27 45.64 57.66 45.27 56.80 50.74 62.11 48.48

DeepSeek-V2-Chat-Lite-16B 35.78 34.43 34.37 15.75 25.36 29.23 33.21 32.04 34.46 28.91 28.62
Gemma-2-IT-9B 68.38 68.84 71.81 65.03 67.91 66.82 67.78 69.48 66.19 73.71 64.21

GPT-3.5-Turbo-0125 53.58 56.26 58.50 52.01 50.36 57.77 58.48 56.60 55.95 57.45 54.36
GPT-4o 67.90 67.79 71.45 65.72 61.33 69.67 62.12 66.61 66.59 74.43 62.68

(d). 0-shot F1 Scores on x-x tasks.

Table 5: 0-shot evaluation results on en-x and x-x tasks.

en-en en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr

LLaMA-3.1-8B 75.97 45.97 43.90 50.71 47.70 48.41 50.98 50.40 47.22 49.12 59.77 44.94
LLaMA-3.1-70B 82.39 60.46 60.00 59.57 62.68 57.38 51.50 59.43 54.28 56.15 66.54 57.48
Mistral-V0.3-7B 79.57 66.94 67.57 59.82 53.66 48.36 52.56 47.83 67.30 70.62 48.56 62.94

Qwen-2.5-7B 62.42 56.68 56.45 59.15 58.84 55.85 62.94 50.62 54.43 58.37 61.61 57.72
Qwen-2.5-72B 86.03 77.24 79.22 80.16 80.14 79.09 78.70 76.72 80.41 80.77 78.48 77.16

DeepSeek-V2-Lite-16B 73.81 46.34 47.65 52.75 41.77 34.45 44.61 46.18 50.39 51.91 34.58 40.57
Gemma-2-9B 80.42 60.13 61.74 64.76 71.33 64.55 68.84 75.81 65.49 72.09 70.59 59.72

LLaMA-3.1-Instruct-8B 77.89 74.81 73.50 73.29 72.78 68.59 69.66 70.41 72.24 73.40 73.60 71.20
LLaMA-3.1-Instruct-70B 83.29 73.58 72.98 73.97 73.79 70.87 75.96 72.91 71.69 72.73 75.30 70.00
Mistral-V0.3-Instruct-7B 62.01 59.06 60.98 54.81 58.84 47.16 60.51 57.49 59.80 60.81 55.63 47.86

Qwen-2.5-Instruct-7B 81.83 77.37 77.02 76.06 78.82 73.70 76.11 74.70 76.80 77.44 77.05 75.69
Qwen-2.5-Instruct-72B 77.12 67.65 68.89 64.34 52.67 70.35 59.59 69.52 69.81 70.19 67.01 66.40

DeepSeek-V2-Chat-Lite-16B 70.30 55.96 58.96 51.21 62.05 48.39 52.04 54.80 52.86 57.04 50.01 51.01
Gemma-2-IT-9B 83.69 78.72 78.13 79.38 79.17 77.86 76.53 79.82 79.96 79.80 79.28 77.24

GPT-3.5-Turbo-0125 81.74 71.98 72.81 71.53 68.63 63.20 65.77 63.05 70.86 70.70 65.21 72.54
GPT-4o 83.29 78.31 74.51 80.29 79.40 77.64 78.29 80.03 78.10 80.23 79.56 80.00

(a). 2-shot F1 scores on en-x tasks.

de-de es-es vi-vi zh-zh hi-hi ar-ar el-el ro-ro ru-ru th-th tr-tr
LLaMA-3.1-8B 71.67 74.17 73.19 64.96 71.91 68.20 69.35 74.65 67.17 70.89 66.89
LLaMA-3.1-70B 76.24 78.68 76.90 71.67 75.85 76.43 72.41 78.06 68.43 76.70 70.67
Mistral-V0.3-7B 71.02 72.91 69.91 66.65 56.73 58.25 62.81 71.73 63.57 62.08 58.44

Qwen-2.5-7B 58.74 57.36 72.29 73.38 63.74 72.74 67.24 58.82 64.12 77.89 60.84
Qwen-2.5-72B 81.29 81.15 82.82 89.08 79.12 79.53 77.83 82.18 77.49 85.00 77.29

DeepSeek-V2-Lite-16B 65.26 67.33 64.81 63.68 48.64 46.98 51.04 65.73 56.19 49.43 55.20
Gemma-2-9B 75.62 76.34 73.60 66.92 73.90 72.51 71.87 78.14 67.38 74.20 71.43

LLaMA-3.1-Instruct-8B 66.22 69.74 69.38 61.99 66.00 66.19 58.81 68.18 61.08 66.18 61.43
LLaMA-3.1-Instruct-70B 75.26 76.36 78.83 71.09 74.05 72.34 72.10 77.23 70.01 76.23 71.98
Mistral-V0.3-Instruct-7B 55.84 53.27 57.29 39.27 34.57 45.94 44.52 59.13 52.33 55.19 45.97

Qwen-2.5-Instruct-7B 73.75 75.24 78.26 70.21 67.08 70.82 67.65 75.61 67.99 73.89 67.23
Qwen-2.5-Instruct-72B 73.09 71.26 73.36 71.12 64.14 69.76 64.70 75.14 69.13 73.92 67.60

DeepSeek-V2-Chat-Lite-16B 56.24 59.33 56.18 50.06 41.19 42.46 44.03 54.63 56.10 40.71 48.52
Gemma-2-IT-9B 76.22 77.12 79.86 72.25 75.47 74.44 74.89 77.32 72.64 78.57 72.04

GPT-3.5-Turbo-0125 75.68 77.58 73.09 70.49 67.64 70.09 71.03 77.17 71.55 67.00 71.12
GPT-4o 76.94 78.78 77.25 71.37 72.02 76.17 73.40 77.66 77.34 80.00 71.58

(b). 2-shot F1 scores on x-x tasks

Table 6: Detailed 2-shot F1 scores on en-x and x-x tasks in each language.
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en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr
LLaMA-3.1-8B 0.68 0.00 1.28 0.00 0.10 0.10 0.00 0.00 0.19 0.10 1.10
LLaMA-3.1-70B 60.20 54.59 63.73 48.90 69.09 66.86 56.83 67.88 56.69 56.09 61.50
Mistral-V0.3-7B 2.11 1.78 16.39 23.80 61.82 54.17 6.96 2.65 1.02 46.35 16.63

Qwen-2.5-7B 2.42 1.01 0.43 0.43 0.00 0.00 0.00 1.15 0.00 0.00 5.17
Qwen-2.5-72B 7.39 6.35 11.22 0.98 5.74 2.82 19.78 11.36 3.59 27.01 23.64

DeepSeek-V2-Lite-16B 8.90 1.87 1.69 26.75 46.80 4.76 3.68 2.27 0.47 35.17 10.31
Gemma-2-9B 0.00 0.10 9.78 2.37 0.50 0.20 0.34 3.15 0.00 2.23 2.37

LLaMA-2-Chat-7B 3.07 0.45 0.72 2.25 0.27 0.00 0.32 1.55 0.00 0.12 1.62
LLaMA-3.1-Instruct-8B 1.15 1.87 0.37 0.36 0.59 0.00 0.00 1.75 0.36 0.37 3.01
LLaMA-3.1-Instruct-70B 0.79 0.76 0.00 0.00 0.68 0.00 0.00 0.00 0.00 0.00 0.34
Mistral-V0.3-Instruct-7B 4.30 1.73 12.79 0.00 0.35 0.00 0.44 3.12 0.00 0.67 7.03

Qwen-2.5-Instruct-7B 1.89 0.71 0.76 0.38 0.00 0.00 0.00 0.68 0.00 0.00 2.91
Qwen-2.5-Instruct-72B 6.31 1.13 5.68 9.73 2.46 7.51 2.61 4.41 1.96 0.35 8.18

DeepSeek-V2-Chat-Lite-16B 5.43 2.35 0.90 0.41 4.47 1.33 0.94 4.09 0.65 0.66 4.74
Gemma-2-IT-9B 0.96 0.00 0.31 0.00 0.00 0.00 0.00 0.28 0.00 0.00 0.28

GPT-3.5-Turbo-0125 1.12 0.36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.32
GPT-4o 0.39 0.33 0.00 0.00 0.00 0.00 0.00 0.00 0.38 0.00 0.00

Table 7: 2-shot language error rates (%) on en-x xMRC tasks.

en-en en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr

LLaMA-3.1-8B 5.60 6.77 8.55 10.97 5.00 9.59 8.37 10.56 9.64 7.94 9.74 10.52
LLaMA-3.1-70B 1.20 1.98 2.41 2.19 2.62 4.12 2.33 2.35 1.71 1.57 2.70 4.94
Mistral-V0.3-7B 0.49 4.85 4.93 17.66 10.00 32.00 13.97 18.50 4.86 5.25 26.43 18.33

Qwen-2.5-7B 1.51 2.03 1.30 5.72 1.96 2.26 3.11 6.09 2.10 3.99 2.85 4.77
Qwen-2.5-72B 0.00 1.19 1.35 0.97 1.82 3.69 2.62 3.16 1.91 2.94 4.93 3.29

DeepSeek-V2-Lite-16B 1.87 3.26 2.33 11.97 2.39 20.61 10.10 8.04 4.27 2.76 15.97 11.23
Gemma-2-9B 1.02 1.34 1.38 5.39 2.60 6.51 4.69 4.98 3.68 2.64 5.05 6.98

LLaMA-2-Chat-7B 6.18 9.59 16.79 22.45 17.69 60.33 55.46 46.73 10.01 8.93 62.89 21.38
LLaMA-3.1-Instruct-8B 0.85 2.51 1.73 1.36 1.99 1.66 2.58 2.37 6.48 2.67 1.03 3.43
LLaMA-3.1-Instruct-70B 1.85 1.06 0.68 1.78 2.94 1.53 1.54 1.75 2.91 2.07 2.26 2.10
Mistral-V0.3-Instruct-7B 1.77 2.03 2.18 7.79 2.25 1.81 4.00 1.80 2.71 2.78 5.61 3.37

Qwen-2.5-Instruct-7B 2.75 2.47 3.20 3.42 4.04 2.78 5.38 3.25 2.36 2.56 2.04 3.80
Qwen-2.5-Instruct-72B 0.38 1.58 1.09 1.19 0.54 1.71 1.68 1.35 2.77 1.65 1.30 3.00

DeepSeek-V2-Chat-Lite-16B 0.58 4.28 2.93 9.77 3.27 6.80 4.98 6.31 6.69 8.60 6.15 5.39
Gemma-2-IT-9B 1.95 2.26 1.76 1.92 3.30 3.03 3.73 1.47 3.43 2.84 0.94 2.52

GPT-3.5-Turbo-0125 0.00 0.65 2.35 1.61 3.49 2.15 2.60 1.44 2.89 3.70 5.17 4.73
GPT-4o 0.00 0.45 0.86 1.56 0.50 0.00 0.92 1.00 3.57 2.56 0.00 4.00

Table 8: 2-shot generation failure error rates (%) on en-x xMRC tasks.
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en-en en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr

LLaMA-3.1-8B 4.80 4.03 1.83 7.08 2.83 5.38 3.56 2.99 2.45 2.70 6.42 7.81
LLaMA-3.1-70B 0.60 1.32 2.19 1.31 2.14 3.50 2.15 1.93 1.33 1.18 2.43 4.12
Mistral-V0.3-7B 0.00 3.77 4.11 16.78 9.62 31.16 12.50 18.17 4.32 4.94 26.43 16.90

Qwen-2.5-7B 1.29 1.11 1.11 4.45 1.57 1.69 2.63 5.41 1.75 3.59 2.63 4.17
Qwen-2.5-72B 0.00 1.19 1.35 0.97 1.82 3.69 2.62 3.16 1.91 2.45 4.93 2.88

DeepSeek-V2-Lite-16B 1.87 2.77 2.00 10.31 2.24 19.72 8.24 6.27 3.20 2.02 15.84 10.79
Gemma-2-9B 1.02 1.12 0.92 5.16 1.95 5.51 3.52 3.83 2.89 2.31 3.79 6.54

LLaMA-2-Chat-7B 5.41 8.78 16.60 3.98 3.23 60.21 55.46 45.03 3.28 8.74 6.37 20.64
LLaMA-3.1-Instruct-8B 0.00 2.15 0.69 1.02 1.99 0.83 2.01 1.78 5.83 2.34 1.03 3.43

LLaMA-3.1-Instruct-70B 0.00 0.35 0.34 1.42 2.67 1.22 0.77 0.70 1.94 1.38 1.51 0.90
Mistral-V0.3-Instruct-7B 0.00 1.22 1.09 7.07 1.02 1.36 2.67 1.20 0.39 1.93 4.84 1.53

Qwen-2.5-Instruct-7B 1.65 1.65 2.80 3.04 3.14 1.74 3.85 3.25 1.97 2.13 2.04 3.80
Qwen-2.5-Instruct-72B 0.00 1.05 0.82 0.95 0.54 0.57 1.26 0.81 1.66 1.10 0.78 2.00

DeepSeek-V2-Chat-Lite-16B 0.58 3.70 2.30 8.25 2.80 5.67 4.81 5.75 6.19 7.89 5.65 4.72
Gemma-2-IT-9B 0.65 1.36 0.88 0.96 2.83 3.03 2.90 0.98 2.45 1.90 0.47 0.84

GPT-3.5-Turbo-0125 0.00 0.65 2.35 1.61 2.91 1.67 2.60 1.44 2.89 3.70 4.65 4.05
GPT-4o 0.00 0.45 0.86 1.56 0.50 0.00 0.92 1.00 3.57 2.56 0.00 4.00

(a). Gibberish error.

en-en en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr

LLaMA-3.1-8B 0.00 0.16 0.00 0.00 0.00 0.34 0.18 0.18 0.00 0.00 0.22 0.00
LLaMA-3.1-70B 0.00 0.00 0.00 0.22 0.00 0.00 0.18 0.21 0.00 0.00 0.27 0.41
Mistral-V0.3-7B 0.00 0.00 0.00 0.00 0.19 0.17 1.10 0.00 0.00 0.31 0.00 0.00

Qwen-2.5-7B 0.22 0.92 0.19 0.21 0.39 0.38 0.48 0.34 0.35 0.40 0.22 0.20
Qwen-2.5-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

DeepSeek-V2-Lite-16B 0.00 0.00 0.00 0.37 0.00 0.38 0.62 0.16 0.00 0.37 0.13 0.00
Gemma-2-9B 0.00 0.00 0.00 0.00 0.65 0.25 0.88 0.38 0.00 0.33 0.63 0.00

LLaMA-2-Chat-7B 0.77 0.61 0.19 18.31 14.31 0.12 0.00 1.70 6.56 0.19 56.42 0.59
LLaMA-3.1-Instruct-8B 0.85 0.36 1.04 0.00 0.00 0.55 0.57 0.59 0.65 0.00 0.00 0.00

LLaMA-3.1-Instruct-70B 1.23 0.00 0.00 0.00 0.27 0.00 0.00 0.35 0.32 0.00 0.00 0.60
Mistral-V0.3-Instruct-7B 1.77 0.61 0.65 0.54 0.82 0.45 1.33 0.60 2.13 0.64 0.00 1.84

Qwen-2.5-Instruct-7B 0.55 0.41 0.40 0.38 0.45 0.35 1.15 0.00 0.00 0.43 0.00 0.00
Qwen-2.5-Instruct-72B 0.38 0.53 0.27 0.24 0.00 1.14 0.21 0.54 0.83 0.55 0.52 1.00

DeepSeek-V2-Chat-Lite-16B 0.00 0.19 0.21 1.01 0.47 0.81 0.17 0.56 0.33 0.53 0.33 0.67
Gemma-2-IT-9B 0.00 0.45 0.00 0.00 0.00 0.00 0.00 0.00 0.49 0.47 0.00 0.84

GPT-3.5-Turbo-0125 0.00 0.00 0.00 0.00 0.29 0.24 0.00 0.00 0.00 0.00 0.26 0.00
GPT-4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

(b). Refusal error.

en-en en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr

LLaMA-3.1-8B 0.80 2.58 6.72 3.89 2.17 3.87 4.63 7.39 7.19 5.24 3.10 2.71
LLaMA-3.1-70B 0.60 0.66 0.22 0.66 0.48 0.62 0.00 0.21 0.38 0.39 0.00 0.41
Mistral-V0.3-7B 0.49 1.08 0.82 0.88 0.19 0.67 0.37 0.33 0.54 0.00 0.00 1.43

Qwen-2.5-7B 0.00 0.00 0.00 1.06 0.00 0.19 0.00 0.34 0.00 0.00 0.00 0.40
Qwen-2.5-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.49 0.00 0.41

DeepSeek-V2-Lite-16B 0.00 0.49 0.33 1.29 0.15 0.51 1.24 1.61 1.07 0.37 0.00 0.44
Gemma-2-9B 0.00 0.22 0.46 0.23 0.00 0.75 0.29 0.77 0.79 0.00 0.63 0.44

LLaMA-2-Chat-7B 0.00 0.20 0.00 0.16 0.15 0.00 0.00 0.00 0.17 0.00 0.10 0.15
LLaMA-3.1-Instruct-8B 0.00 0.00 0.00 0.34 0.00 0.28 0.00 0.00 0.00 0.33 0.00 0.00

LLaMA-3.1-Instruct-70B 0.62 0.71 0.34 0.36 0.00 0.31 0.77 0.70 0.65 0.69 0.75 0.60
Mistral-V0.3-Instruct-7B 0.00 0.20 0.44 0.18 0.41 0.00 0.00 0.00 0.19 0.21 0.77 0.00

Qwen-2.5-Instruct-7B 0.55 0.41 0.00 0.00 0.45 0.69 0.38 0.00 0.39 0.00 0.00 0.00
Qwen-2.5-Instruct-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.00 0.28 0.00 0.00 0.00

DeepSeek-V2-Chat-Lite-16B 0.00 0.39 0.42 0.51 0.00 0.32 0.00 0.00 0.17 0.18 0.17 0.00
Gemma-2-IT-9B 1.30 0.45 0.88 0.96 0.47 0.00 0.83 0.49 0.49 0.47 0.47 0.84

GPT-3.5-Turbo-0125 0.00 0.00 0.00 0.00 0.29 0.24 0.00 0.00 0.00 0.00 0.26 0.68
GPT-4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

(c). Blank error.

Table 9: Detailed percentages (%) of generation failure error types (gibberish error, refusal error, and blank error) on 2-shot en-x
tasks.

en-en en-de en-es en-vi en-zh en-hi en-ar en-el en-ro en-ru en-th en-tr

LLaMA-3.1-Tuned-8B 78.80 74.07 69.85 72.12 71.03 69.23 67.57 69.35 71.54 71.86 71.12 71.02

(a). en-x

de-de es-es vi-vi zh-zh hi-hi ar-ar el-el ro-ro ru-ru th-th tr-tr
LLaMA-3.1-Tuned-8B 69.28 71.16 73.73 63.71 67.48 64.35 61.84 73.03 65.66 62.34 62.63

(b). x-x

Table 10: 2-shot F1 scores on en-x and x-x tasks for our finetuned LLaMA-3.1-8B.
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(a). Question hidden state similarity for balanced samples.
(b). Question hidden state similarity for en-superior sam-
ples.

(c). Context hidden state similarity for balanced samples.
(d). Context hidden state similarity for en-superior sam-
ples.

(e). Last-input-token hidden state similarity for balanced
samples.

(f). Last-input-token hidden state similarity for en-
superior samples.

Figure 16: Hidden state similarity between English and other languages on different parts of the selected samples in each layer
of the LLaMA-3.1-70B model.
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(a). Question hidden state similarity for balanced samples.
(b). Question hidden state similarity for en-superior sam-
ples.

(c). Context hidden state similarity for balanced samples.
(d). Context hidden state similarity for en-superior sam-
ples.

(e). Last-input-token hidden state similarity for balanced
samples.

(f). Last-input-token hidden state similarity for en-
superior samples.

Figure 17: Hidden state similarity between English and other languages on different parts of the selected samples in each layer
of the LLaMA-3.1-Instruct-70B model.
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(a). Question hidden state similarity for balanced samples.
(b). Question hidden state similarity for en-superior sam-
ples.

(c). Context hidden state similarity for balanced samples.
(d). Context hidden state similarity for en-superior sam-
ples.

(e). Last-input-token hidden state similarity for balanced
samples.

(f). Last-input-token hidden state similarity for en-
superior samples.

Figure 18: Hidden state similarity between English and other languages on different parts of the selected samples in each layer
of the LLaMA-2-Chat-7B model.

(a). "Balanced" samples for LLaMA-3.1-8B. (b). "En-superior" samples for LLaMA-3.1-8B.

(c). "Balanced" samples for LLaMA-3.1-70B. (d). "En-superior" samples for LLaMA-3.1-70B.

Figure 19: Last-input-token hidden state similarity between English and other languages in each layer of the base LLaMA
models.
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(a). Question hidden state similarity. (b). Context hidden state similarity.

(c). Last-input-token hidden state similarity.

Figure 20: Hidden state similarity between English and other languages on different parts of the balanced samples in each layer
for our finetuned LLaMA-3.1-8B model.
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