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Abstract001

Multilingual language models (LMs) some-002
times under-perform their monolingual coun-003
terparts, possibly due to capacity limitations.004
We quantify this “multilingual penalty” for005
lexical disambiguation—a task requiring pre-006
cise semantic representations and contextual-007
ization mechanisms—using controlled datasets008
of human relatedness judgments for ambiguous009
words in both English and Spanish. Compar-010
ing monolingual and multilingual LMs from011
the same families, we find consistently reduced012
performance in multilingual LMs. We then ex-013
plore three potential capacity constraints: rep-014
resentational (reduced embedding isotropy), at-015
tentional (reduced attention to disambiguating016
cues), and vocabulary-related (increased multi-017
token segmentation). Multilingual LMs show018
some evidence of all three limitations; more-019
over, these factors statistically account for the020
variance formerly attributed to a model’s mul-021
tilingual status. These findings suggest both022
that multilingual LMs do suffer from multiple023
capacity constraints, and that these constraints024
correlate with reduced disambiguation perfor-025
mance.026

1 Introduction027

In principle, training language models (LMs) on028

multiple languages should facilitate efficient cross-029

linguistic generalizations and widespread practical030

deployment. Yet as the number of languages on031

which a model is trained increases, multilingual032

models sometimes under-perform their monolin-033

gual counterparts (Conneau et al., 2020; Chang034

et al., 2024; Wang et al., 2020; Pfeiffer et al., 2022;035

Blevins et al., 2024), possibly due to insufficient036

model capacity (Chang et al., 2024). Here, we037

quantify the multilingual penalty associated with038

lexical disambiguation, and explore several distinct039

routes by which reduced capacity might manifest in040

multilingual LMs. We focus on lexical disambigua-041

tion in particular because it demands both precise042

semantic representations and well-developed mech- 043

anisms for disambiguation in context (Rivière and 044

Trott, 2025); additionally, it has been extensively 045

characterized across multiple disciplines, including 046

NLP (Schlechtweg et al., 2018, 2025; Haber and 047

Poesio, 2021; Trott and Bergen, 2021). 048

One potential source of reduced capacity is rep- 049

resentational: notwithstanding cross-linguistic gen- 050

eralizations, multilingual LMs must compress more 051

linguistic knowledge into the same number of di- 052

mensions, potentially reducing within-language 053

isotropy (Ethayarajh, 2019). Because some mul- 054

tilingual LMs maintain language-specific repre- 055

sentations (Chang et al., 2022), embeddings for 056

words from a given language might occupy a nar- 057

rower cone of vector-space (i.e., anisotropy) than 058

in a monolingual model. While the downstream 059

consequences of anisotropy are still under debate 060

(Machina and Mercer, 2024; Godey et al., 2024; 061

Rajaee and Pilehvar, 2022; Rudman et al., 2022), 062

reduced isotropy could limit a model’s ability to dis- 063

criminate distinct word meanings in context (e.g., 064

“tree bark” vs. “dog bark”). 065

A related possibility is reduced attentional capac- 066

ity. Attention heads likely play some role in contex- 067

tualizing the meaning of target ambiguous words 068

(Rivière and Trott, 2025). It is implausible that the 069

same attention head could perform disambiguation 070

across diverse languages—yet it is equally implau- 071

sible that specialized attention heads could develop 072

for each individual language. On net, this could 073

limit a multilingual LM’s ability to contextualize 074

ambiguous words using attention mechanisms. 075

A third possibility is reduced vocabulary capac- 076

ity. Multilingual LMs must cover far more words 077

with a comparably sized vocabulary; consequently, 078

more words will be segmented into multiple sub- 079

word tokens, which in turn may not reflect mean- 080

ingful morpheme boundaries (Arnett et al., 2024). 081

This could be particularly problematic for disam- 082

biguation: when target words are split across to- 083
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kens, extracting a coherent representation might084

be less straightforward. Indeed, there is some ev-085

idence that impaired performance in multilingual086

LMs can be attributed to challenges with tokeniza-087

tion (Rust et al., 2021).088

In the current work, we evaluate disambigua-089

tion in both English and Spanish, using tightly090

controlled datasets of human judgments about am-091

biguous words in minimal pair contexts (Trott092

and Bergen, 2021; Rivière et al., 2025). We also093

use monolingual/multilingual “minimal pairs”, i.e.,094

from the same model family (e.g., BERT). In095

Section 2.2.1, we first quantify the multilingual096

penalty; we then quantify and explore the poten-097

tial correlates of this penalty and ask which best098

accounts for the reduction in disambiguation perfor-099

mance (Section 2.2.5). All data and code required100

to reproduce the analyses in the current manuscript101

will be posted on GitHub when the anonymity pe-102

riod is over.103

2 Current Work104

2.1 Methods105

2.1.1 Datasets106

We used two datasets containing human relatedness107

judgments about ambiguous words across minimal108

pair contexts (e.g., “She liked the marinated lamb”109

vs. “She liked the friendly lamb”). RAW-C (Re-110

latedness of Ambiguous Words—in Context) con-111

tained judgments for 672 English sentence pairs112

(Trott and Bergen, 2021), while SAW-C (Spanish113

Ambiguous Words—in Context) contained judg-114

ments for 812 Spanish sentence pairs (Rivière et al.,115

2025). These datasets were selected for their tight116

experiment control (ambiguous words were embed-117

ded in minimal pair contexts) and their graded hu-118

man judgments about relatedness (consistent with119

recent work arguing for continuous representations120

of word meaning (Elman, 2009; Li and Joanisse,121

2021; Trott et al., 2023; Li, 2024)). Both datasets122

had been anonymized by previous work.123

2.1.2 Models124

We assessed 24 unique model instances: 10 mono-125

lingual English models, 10 monolingual Spanish126

models, and 4 multilingual models. Our selection127

of models was guided by two primary factors: first,128

because the Spanish disambiguating cue occurred129

after the target word, we identified a range of bidi-130

rectional models (Rivière et al., 2025); and sec-131

ond, we selected model families that contained132

both monolingual English models and monolingual 133

Spanish models, as well as multilingual variants. 134

Model families included ALBERT/ALBETO (Lan 135

et al., 2019; Cañete et al., 2020), BERT/BETO 136

(Devlin et al., 2018; Cañete et al., 2020), Distil- 137

BERT/DistilBETO (Sahn et al., 2019; Cañete et al., 138

2020), and RoBERTa (Liu et al., 2019; Gutiérrez- 139

Fandiño et al., 2022); all but one of these fami- 140

lies (ALBERT) also included at least one multilin- 141

gual variant, e.g., XLM-RoBERTa (Conneau et al., 142

2020), mBERT (Devlin et al., 2018), and Distil- 143

BERT (Sahn et al., 2019). A table listing all indi- 144

vidual model instances (along with their number of 145

parameters) can be found in Appendix A. 146

2.2 Results 147

2.2.1 Quantifying the “Multilingual Penalty” 148

As in past work (Trott and Bergen, 2021; Rivière 149

et al., 2025), disambiguation performance was as- 150

sessed by presenting each sentence pair from each 151

dataset to a given model instance. We then calcu- 152

lated the cosine distance between the contextual- 153

ized embeddings of the target word (e.g., “lamb”) 154

across all layers of that model. Finally, we re- 155

gressed human relatedness judgments against co- 156

sine distance and used the resulting R2 as a index 157

of how successfully representations from that layer 158

predicted relatedness. Multilingual models were 159

evaluated using both datasets, and monolingual 160

models were evaluated using only the dataset in the 161

target language. 162

As depicted in Figure 2, models ranged con- 163

siderably in their maximum performance, though 164

none surpassed human inter-annotator agreement 165

(Trott and Bergen, 2021; Rivière et al., 2025). We 166

then estimated the “multilingual penalty” by re- 167

gressing disambiguation performance from each 168

layer of each model models (R2) against several 169

factors: Log Parameter Count, Language (En- 170

glish vs. Spanish), and Multilingual status (Yes 171

vs. No); we also included random intercepts for 172

each model. Performance improved for bigger 173

models [β = 0.09, SE = 0.03, p = 0.001] and 174

later layer depths [β = 0.2, SE = 0.01, p < 175

.001]; multilingual models exhibited reduced per- 176

formance even controlling for these other factors 177

[β = −0.16, SE = 0.04, p < .001]. That is, rep- 178

resentations from multilingual LMs were worse at 179

predicting relatedness than were representations 180

from equivalent layers of monolingual LMs. (Note 181

that equivalent results were obtained using only 182
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Figure 1: The best-performing layers of multilingual
models generally exhibited reduced performance (as
measured by R2) compared to monolingual models of
equivalent size.

maximal R2 instead of the layer-wise measure; see183

Appendix B).184

2.2.2 Decreased Representational Isotropy in185

Multilingual Models186

As discussed above, there is no universally agreed-187

upon metric for evaluating the degree of isotropy in188

LM embeddings (Ethayarajh, 2019; Rudman et al.,189

2022). We focus here on Centered Isotropy, or CI,190

which is calculated by first centering and normaliz-191

ing all embeddings for a sentence, then computing192

the average cosine distance between each pair of193

embeddings (see Appendix C for alternative met-194

rics). For each layer of each model, we calculated195

the mean CI for each input sentence. We then fit a196

linear mixed model with mean CI as the dependent197

variable, fixed effects of Layer Depth, Multilin-198

gual status (and its interaction with Layer Depth),199

Language, and Log Parameter Count; and random200

intercepts for Target Word and LM. Multilingual201

LMs were associated with reduced mean CI overall202

[β = −0.02, SE = 0.004, p < 0.001] (see also203

Figure 2a); moreover, this reduction was exacer-204

bated at later layer depths [β = −0.01, p < .001].205

2.2.3 Decreased Attention to Disambiguating206

Cues in Multilingual Models207

Disambiguation performance is likely linked to the208

degree of attention directed from an ambiguous209

word (e.g., “lamb”) to potential disambiguating210

cues to the disambiguating cue (e.g., “marinated”)211

(Rivière and Trott, 2025). For each attention head212

in each model, we calculated the attention score be-213

tween the target word and the disambiguating cue.214

We then aggregated these scores by layer, comput-215

ing both the average and maximum attention across216

all heads in a layer. 217

In the English dataset (RAW-C), we found no ev- 218

idence that multilingual models exhibited reduced 219

attention to disambiguating cues (for either met- 220

ric). However, we did observe differences in maxi- 221

mal attention to disambiguating cues in the Span- 222

ish dataset (SAW-C), particularly in later layers 223

of multilingual models (see Figure 2b). This was 224

corroborated by the results of a statistical analysis 225

regressing Max. Attention against Layer Depth, 226

Multilingual status, Log Parameter Count, Lan- 227

guage, an interaction between Language and Mul- 228

tilingual status, and random intercepts for model. 229

The interaction effect was significant, with reduced 230

attention for multilingual models tested in Spanish 231

β = 0.09, SE = 0.03, p = .01]. (Note that the in- 232

teraction was also significant, albeit smaller, when 233

predicting mean attention.) 234

2.2.4 Increased Rate of Multi-Token Words 235

for Multilingual Models 236

For both datasets, we counted the number of to- 237

kens corresponding to both the target word (e.g., 238

“lamb”) and disambiguating cue (e.g., “marinated”) 239

for each LM’s tokenizer. We then built a series 240

of linear mixed models predicting Number of To- 241

kens (for the Target and Disambiguating Cue), with 242

Multilingual status, Language, and Log Parameter 243

Count as fixed effects, and random intercepts for 244

Model, Target Word, and Sentence. As predicted, 245

multilingual status was consistently associated with 246

a higher number of tokens for both the target word 247

[β = 0.23, SE = 0.01, p < 0.001] and the disam- 248

biguating cue [β = 0.43, SE = 0.04, p < .001]; 249

see also Figure 5. 250

2.2.5 Which Factors Account for Reduced 251

Disambiguation? 252

We then asked which factors accounted for the 253

“multilingual penalty”. We built a series of linear 254

mixed models predicting layer-wise disambigua- 255

tion performance from each factor—Cumulative 256

Maximum Attention to the disambiguating cue 257

across all layers up to layer ℓ; mean CI from ℓ; 258

and the mean number of tokens in the target word— 259

and assessed their fit using AIC (Akaike, 2003) 260

(lower AIC corresponds to better fit). All models 261

included baseline covariates (Log Parameter Count, 262

Layer Depth) and random intercepts for model; 263

AIC values were rescaled to this baseline. 264

As depicted in Figure 3, mean CI represented 265

only a marginal improvement over the Baseline 266

3



(a) Multilingual models exhibited reduced embedding isotropy
at equivalent layer depths.

(b) Attention heads in multilingual models directed less atten-
tion towards disambiguating cues in Spanish sentences than
those in monolingual models.

Figure 2: Compared to their monolingual counterparts, multilingual models models showed evidence of reduced
isotropy (left) and somewhat reduced attention to disambiguating cues (right).

Figure 3: The AIC (scaled to the Baseline model) asso-
ciated with linear mixed models predicting disambigua-
tion performance from various factors (lower is better).

model—roughly equivalent to Multilingual status267

alone. Tokenization and attention yielded sub-268

stantially better fit (∆AIC > 78). Crucially,269

when all three factors were combined, adding270

Multilingual status hurt model fit: the parame-271

ter was unnecessary because the other factors al-272

ready captured its explanatory power. In the full273

model, increased isotropy predicted increased R2274

[β = 1.2, SE = 0.27, p < .001] and multi-token275

words predicted decreased R2 [β = −0.58, SE =276

0.13, p < .001]. Counterintuitively, increased at-277

tention was associated with decreased performance278

[β = −0.14, SE = 0.02, p < .001].279

3 Discussion280

We set out to quantify and explain the apparent281

penalty faced by multilingual LMs in disambigua-282

tion tasks. First, we confirmed that multilingual283

LMs consistently under-performed their mono- 284

lingual counterparts on a disambiguation task in 285

both English and Spanish (Section 2.2.1). Sec- 286

ond, we found that multilingual LMs also dis- 287

played evidence of reduced isotropy (in both lan- 288

guages), reduced attentional capacity (in Spanish), 289

and a higher rate of multi-token words (in both 290

languages)—all potential correlates of a multilin- 291

gual penalty. Third, we found that the combination 292

of these factors statistically accounted for the vari- 293

ance explained by an LM’s multilingual status (Sec- 294

tion 2.2.5): that is, variance in isotropy, attention, 295

and tokenization better accounted for variance in 296

disambiguation performance than did a factor indi- 297

cating whether an LM was multilingual. These re- 298

sults confirm that multilingual LMs do suffer from 299

multiple kinds of capacity limitations, consistent 300

with prior work (Chang et al., 2024); and moreover, 301

that these correlate with reductions in disambigua- 302

tion performance. Although this work is limited in 303

scope and inferential power (see Section 4), it rep- 304

resents a proof-of-concept that at least in a subset 305

of LMs, the multilingual penalty is correlated with 306

measurable, relatively interpretable factors. 307

4 Limitations 308

A key limitation is scope: although the datasets ben- 309

efited from tight experimental control, they were 310

limited in size and covered only two languages (En- 311

glish and Spanish). Similarly, we relied on LMs 312

from a restricted set of families, none of which 313

are considered state-of-the-art; this limitation was 314

driven in part by the need to rely on bidirectional 315
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LMs (given that the ambiguous words in Spanish316

were always disambiguated by a word following317

the target), and by our aim to match multilingual318

LMs with monolingual LMs with similar training319

protocols and architectures. However, future work320

could investigate whether this multilingual penalty321

is observed in larger, state-of-the-art multilingual322

LMs across a variety of languages—and whether323

the same explanatory factors (i.e., reduced isotropy,324

reduced attention to disambiguating cues, and more325

multi-token words) consistently co-vary with mul-326

tilingual status.327

A related limitation is that our category of “mul-328

tilingual” LM was quite coarse. To the extent that329

it exists, the multilingual penalty likely depends on330

the number and distribution of languages on which331

an LM is trained (Chang et al., 2024). Future work332

could also assess LMs trained on a small number333

of related languages—and also vary the relative334

balance of training volume across languages—to335

investigate how much the multilingual penalty (and336

its correlates) depends on the amount and type of337

multilinguality.338

Certain findings were also surprising and raise339

questions about interpretation. For instance, we340

found a significant negative relationship between341

attention to disambiguating cues and overall disam-342

biguation performance—the opposite of our pre-343

dictions. One possibility is that better performance344

is actually driven by more distributed patterns of345

attention, perhaps reflecting greater redundancy;346

alternatively, our operationalization of “attention347

to the disambiguating cue” (i.e., the maximum at-348

tention from a given layer) could simply be flawed.349

This result also highlights the challenges of relying350

on attention maps in explanations of LM behav-351

ior (Jain and Wallace, 2019; Wiegreffe and Pin-352

ter, 2019), particularly in the absence of causal353

intervention or a fine-grained analysis of training354

dynamics (Rivière and Trott, 2025).355

This leads to a final limitation: notably, our356

analyses were correlational and do not establish a357

causal role for the factors we identified. It is possi-358

ble that a single factor causally accounts for each of359

the other variables (e.g., perhaps differences in tok-360

enization produce differences in measured isotropy361

or attention), or even that some unmeasured fac-362

tor is truly responsible for the multilingual penalty.363

Future research could ask whether causally inter-364

vening on these factors—i.e., isotropy, attention to365

disambiguating cues, and tokenization—improves366

disambiguation performance.367

5 Ethical Considerations 368

The primary ethical concerns relate to the infer- 369

ential limitations discussed above: it is possible 370

that limitations in our evaluation of multilingual 371

LMs could lead to an underestimation (or overes- 372

timation) of their performance, which would have 373

downstream effects on the relative risk of relying 374

on such models. 375
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A Full list of models576

B Analysis of maximal R2577

We carried out an additional analysis investigating578

which factors predicted maximal R2. First, we579

replicated the analysis of the multilingual penalty.580

As in the main manuscript, we found that overall581

performance was higher for bigger models [β =582

0.15, SE = 0.03, p < .001] and lower for models583

tested in Spanish [β = −0.1, SE = 0.03, p =584

.002]. Crucially, multilingual models exhibited585

Table 1: Language Models by Family

Model Multi. # Params

bert-base-cased No ∼ 108M
bert-base-uncased No ∼ 109M
bert-base-spanish-wwm-cased No ∼ 110M
bert-base-spanish-wwm-uncased No ∼ 110M
bert-base-multilingual-cased Yes ∼ 178M

distilbert-base-uncased No ∼ 66M
distilbert-base-spanish-uncased No ∼ 67M
distilbert-base-multilingual-cased Yes ∼ 135M

albert-tiny-spanish No ∼ 5M
albert-base-v1 No ∼ 12M
albert-base-v2 No ∼ 12M
albert-base-spanish No ∼ 12M
albert-large-v2 No ∼ 18M
albert-large-spanish No ∼ 18M
albert-xlarge-v2 No ∼ 59M
albert-xlarge-spanish No ∼ 59M
albert-xxlarge-v2 No ∼ 223M
albert-xxlarge-spanish No ∼ 223M

roberta-base No ∼ 125M
roberta-base-bne No ∼ 125M
roberta-large No ∼ 355M
roberta-large-bne No ∼ 355M
xlm-roberta-base Yes ∼ 278M
xlm-roberta-large Yes ∼ 560M

reduced performance even controlling for these 586

other factors [β = −0.22, SE = 0.04, p < .001]. 587

That is, an LM’s multilingual status was associated 588

with a 0.22 decrease in R2 relative to models of an 589

equivalent size tested on the same dataset. 590

C Additional Isotropy Metrics 591

As noted in the primary manuscript, researchers 592

use different metrics for evaluating embedding 593

isotropy, which suffer from different advantages 594

and disadvantages (Rudman et al., 2022). In ad- 595

dition to Mean Centered Isotropy, we evaluated 596

Mean Cosine Distance (the average cosine dis- 597

tance between all token embeddings for a given 598

sentence from a given layer) and Intra-Sentence 599

Similarity (the cosine distance between each indi- 600

vidual token embedding and the average embed- 601

ding for the sentence from a given layer). In gen- 602

eral, higher Mean Cosine Distance is interpreted as 603

more isotropic (i.e., embeddings are more widely 604

dispersed), and higher Intra-Sentence Similarity is 605

interpreted as less isotropic (i.e., embeddings are 606

all similar to the sentence average). As with Mean 607

Centered Isotropy, we observed evidence of de- 608

creased isotropy in multilingual models compared 609

to their monolingual counterparts, particularly at 610

later layers, in both metrics (see Figure 4). 611
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(a) Embeddings from multilingual models were closer on
average than embeddings from layers of an equivalent depth
of monolingual models.

(b) Individual token embeddings from multilingual models
were more similar on average to the mean sentence embed-
ding than embeddings from layers of an equivalent depth of
monolingual models.

Figure 4: Multilingual models showed evidence of reduced isotropy (lower average cosine distance between token
embeddings; and higher cosine similarity between individual token embeddings and the sentence average) relative
to monolingual models.

D Increased Rate of Multi-Token Words612

As described in the primary manuscript, tokeniz-613

ers for multilingual models were more likely to614

segment target words (and disambiguating words)615

into multiple tokens. A visual comparison of this616

difference is illustrated in Figure 5 below.617
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Figure 5: Multilingual models consistently segmented target words into more tokens than monolingual models.
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