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Abstract
We ask whether multilingual language models001
trained on unbalanced, English-dominated cor-002
pora use English as an internal pivot language—003
a question of key importance for understanding004
how language models function and the origins005
of linguistic bias. Focusing on the Llama-2 fam-006
ily of transformer models, our study uses care-007
fully constructed non-English prompts with a008
unique correct single-token continuation. From009
layer to layer, transformers gradually map an010
input embedding of the final prompt token to011
an output embedding from which next-token012
probabilities are computed. Tracking intermedi-013
ate embeddings through their high-dimensional014
space reveals three distinct phases, whereby in-015
termediate embeddings (1) start far away from016
output token embeddings; (2) already allow for017
decoding a semantically correct next token in018
middle layers, but give higher probability to its019
version in English than in the input language;020
(3) finally move into an input-language-spe-021
cific region of the embedding space. We cast022
these results into a conceptual model where023
the three phases operate in “input space”, “con-024
cept space”, and “output space”, respectively.025
Crucially, our evidence suggests that the ab-026
stract “concept space” lies closer to English027
than to other languages, which may have im-028
portant consequences regarding the biases held029
by multilingual language models.030

1 Introduction031

Most modern large language models (LLMs) are032

trained on massive corpora of mostly English text033

(Touvron et al., 2023; OpenAI, 2023). Despite034

this, they achieve strong performance on a broad035

range of downstream tasks, even in non-English036

languages (Shi et al., 2022). This raises a com-037

pelling question: How are LLMs able to generalize038

so well from their mainly English training data to039

other languages?040

*Equal contribution.

Figure 1: Illustration of logit lens, which applies lan-
guage modeling head (here, Llama-2-7B) prematurely
to latent embeddings in intermediate layers, yielding one
next-token distribution per position (x-axis) and layer
(y-axis). We show final tokens of translation prompt
(cf. Sec. 3.3) ending with “Français: "fleur" -中文: "”
(where “中文” means “Chinese”). Final layer correctly
ranks “花” (translation of “fleur”) on top, whereas inter-
mediate layers decode English “flower”. Color indicates
entropy of next-token distributions from low (blue) to
high (red). (Plotting tool: Belrose et al. (2023).)

Intuitively, one way to achieve strong perfor- 041

mance on non-English data in a data-efficient man- 042

ner is to use English as a pivot language, by first 043

translating input to English, processing it in En- 044

glish, and then translating the answer back to the 045

input language. This method has been shown to 046

lead to high performance when implemented ex- 047

plicitly (Shi et al., 2022; Ahuja et al., 2023; Huang 048

et al., 2023). Our guiding inquiry in this work is 049

whether pivoting to English also occurs implicitly 050

when LLMs are prompted in non-English. 051

In the research community as well as the popular 052

press, many seem to assume that the answer is yes, 053

epitomized by claims such as, “The machine, so to 054

say, thinks in English and translates the conversa- 055
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tion at the last moment into Estonian” (Piir, 2023).056

In this work, we set out to move beyond such spec-057

ulation and investigate the question empirically.058

The question is of major importance. On the one059

hand, implicitly using English as an internal pivot060

could bias LLMs toward Anglocentric patterns that061

could predispose the model to certain linguistic el-062

ements (lexicon, grammar, metaphors, etc.), while063

also shaping more profound behaviors related to064

emotional stance (Boroditsky et al., 2003) or tem-065

poral reasoning (Núñez and Sweetser, 2006). On066

the other hand, if LLMs do not use English as a067

pivot, it raises questions of how else they manage068

to work so remarkably well even in low-resource069

languages. Overall, the quest for an internal pivot070

language holds promise to advance our understand-071

ing of how LLMs function no matter if we succeed.072

Investigating the existence of an internal LLM073

language is complicated by the scale and notori-074

ously inscrutable nature of the neural networks075

behind LLMs, which after the input layer do not076

operate on discrete tokens, but on high-dimensional077

floating-point vectors. How to understand if those078

vectors correspond to English, Estonian, Chinese,079

etc.—or to no language at all—is an open problem,080

and the question of whether LLMs use an inter-081

nal pivot language has therefore, to the best of our082

knowledge, not been addressed empirically before.083

Summary of contributions. To overcome these084

hurdles, we draw on, and contribute to, the nascent085

field of mechanistic interpretability (cf. Sec. 2). In086

a transformer, each input token’s embedding vec-087

tor is gradually transformed layer by layer without088

changing its shape. After the final layer, an “un-089

embedding” operation turns the vector into a next-090

token distribution. Focusing on the Llama-2 family091

of models (Touvron et al., 2023)—among today’s092

largest open-source LLMs—we find that applying093

the “unembedding” operation prematurely in in-094

termediate, non-final layers—a technique called095

logit lens (Nostalgebraist, 2020)—already decodes096

a contextually appropriate token early on (Fig. 1),097

giving us a (limited) glimpse at the model’s other-098

wise hard-to-interpret numerical internal state.099

Exploiting this fact, we carefully devise prompts100

that allow us to determine whether a logit-lens-de-101

coded token is semantically correct and to what lan-102

guage it belongs (e.g., a prompt asking the model to103

translate French “fleur” [“flower”] to Chinese “花”;104

cf. Fig. 1). Tracking language probabilities across105

layers, we observe that no contextually appropriate106

tokens are decoded in the first half of layers, fol- 107

lowed by a sudden shift of probability mass onto 108

the English version (“flower”) of the correct next 109

token, and finally a shift to the correct next token 110

in the target language (“花”). 111

Expanding on this first evidence of English as 112

an internal pivot language, we analyze latent em- 113

beddings directly as high-dimensional Euclidean 114

points, rather than via the logit lens. This allows 115

us to draw a more nuanced picture of the anatomy 116

of Llama-2’s forward pass, suggesting that, in mid- 117

dle layers, the transformer operates in an abstract 118

“concept space” that is partially orthogonal to a 119

language-specific “token space”, which is reached 120

only in the final layers. In this interpretation, the 121

latent embeddings’ proximity to English tokens 122

observed through the logit lens follows from an 123

English bias in concept space, rather than from the 124

model first translating to English and “restarting” 125

its forward pass from there. 126

We conclude by discussing implications and fu- 127

ture directions for studying latent biases and their 128

effects—a crucial step toward trustworthy AI. 129

2 Related work 130

Multilingual language models. Multilingual lan- 131

guage models (LMs) are trained to simultaneously 132

handle multiple input languages. Examples include 133

mBERT (Devlin et al., 2018), mBART (Liu et al., 134

2020), XLM-R (Conneau et al., 2020), mT5 (Xue 135

et al., 2021), XGLM (Lin et al., 2022), mGPT (Shli- 136

azhko et al., 2022), BLOOM (Scao et al., 2022), 137

and PolyLM (Wei et al., 2023). Current frontier 138

models such as GPT-4, PaLM, and Llama-2, de- 139

spite performing better in English due to their An- 140

glocentric training data (Huang et al., 2023; Bang 141

et al., 2023; Zhang et al., 2023), still do well across 142

languages (Shi et al., 2022). 143

Researchers have devised numerous methods for 144

efficiently transferring LM capabilities across lan- 145

guages, e.g., by aligning contextual embeddings 146

(Schuster et al., 2019; Cao et al., 2020), relearning 147

embedding matrices during finetuning on a new 148

language (Artetxe et al., 2020), or repeatedly doing 149

so during pretraining (Chen et al., 2023). 150

Several approaches leverage English as a pivot 151

language. For instance, Zhu et al. (2023) show 152

that Llama can be efficiently augmented with mul- 153

tilingual instruction-following capabilities thanks 154

to its English representations. Prompting strate- 155

gies, too, can improve multilingual performance by 156
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leveraging English as a pivot language, e.g., by sim-157

ply first translating prompts to English (Shi et al.,158

2022; Ahuja et al., 2023) or by instructing LMs159

to perform chain-of-thought reasoning (Wei et al.,160

2022) in English (Huang et al., 2023).161

Mechanistic interpretability. The nascent field162

of mechanistic interpretability (MI) aims to re-163

verse-engineer and thereby understand neural net-164

works, using techniques such as circuit discovery165

(Nanda et al., 2023; Conmy et al., 2023), controlled166

task-specific training (Li et al., 2022; Marks and167

Tegmark, 2023), and causal tracing (Meng et al.,168

2022; Monea et al., 2023).169

For smaller models, e.g., GPT-2 (Radford et al.,170

2019) and Pythia (Biderman et al., 2023), MI ap-171

proaches such as sparse probing (Gurnee et al.,172

2023) have revealed monosemantic French (Gurnee173

et al., 2023) and German (Quirke et al., 2023) lan-174

guage neurons and context-dependent German n-175

gram circuits (subnetworks for boosting the proba-176

bility of German n-grams when the monosemantic177

German context neuron is active) (Quirke et al.,178

2023).179

The most relevant tools from the MI repertoire180

in the context of this work are the logit lens (Nos-181

talgebraist, 2020), tuned lens (Belrose et al., 2023),182

and direct logit attribution (Elhage et al., 2021),183

which decode intermediate token representations184

from transformer models in different ways. The185

logit lens does so by using the language model-186

ing head, which is usually only applied in the final187

layer, prematurely in earlier layers, without any ad-188

ditional training. The more sophisticated tuned lens189

additionally trains an affine mapping for transform-190

ing an intermediate latent state such that it mimics191

the token predictions made by the final latent state.192

Finally, direct logit attribution generalizes the logit193

lens by considering the logit contribution of each194

individual attention head.195

In this work, we heavily rely on the logit lens,196

described further in Sec. 3.2, as opposed to the197

tuned lens. The latter would defeat our purpose of198

understanding whether Llama-2, when prompted199

in non-English, takes a detour via English inter-200

nal states before outputting non-English text. As201

the tuned lens is specifically trained to map inter-202

nal states—even if corresponding to English—to203

the final, non-English next-token prediction, the204

optimization criterion would “optimize away” our205

signal of interest.206

3 Materials and methods 207

3.1 Language models: Llama-2 208

We focus on the Llama-2 family of language mod- 209

els (Touvron et al., 2023), some of the largest and 210

most widely used open-source models. The mod- 211

els were trained on a multilingual corpus that is 212

largely dominated by English, which comprises 213

89.70% of the corpus. However, given the size of 214

the training data (two trillion tokens), even a small 215

percentage of non-English training data still con- 216

stitutes a large number of tokens in absolute terms 217

(e.g., 0.17% = 3.4B German tokens, 0.13% = 2.6B 218

Chinese tokens). Consequently, Llama-2 is, despite 219

its English bias, considered a multilingual model. 220

Versions. Llama-2 comes in three model sizes, 221

with 7B/13B/70B parameters, 32/40/80 layers, and 222

embedding dimension d = 4096/5120/8192, re- 223

spectively. Across all model sizes, the vocabulary 224

V contains v = 32,000 tokens. Here we study all 225

model sizes, using 8-bit quantization (Dettmers 226

et al., 2022) in our experiments. 227

Architecture. Llama-2 is an autoregressive, de- 228

coder-only, residual-based transformer. Such mod- 229

els maintain the shape of the input data throughout 230

the computation process during a forward pass: 231

one embedding vector, a so-called latent, per in- 232

put token x1, . . . ,xn ∈ V , where n is the input se- 233

quence length. The initial latents h(0)1 , . . . ,h(0)n ∈Rd 234

are obtained from a learned embedding dictionary 235

that contains one fixed vector per vocabulary token. 236

Each of these latents is incrementally updated layer 237

by layer by adding a residual. The residual added 238

to the latent at position i in layer j is a function f j 239

of all preceding tokens’ latents h( j−1)
1 , . . . ,h( j−1)

i−1 : 240

h( j)
i = h( j−1)

i + f j

(
h( j−1)

1 , . . . ,h( j−1)
i−1

)
, (1) 241

where the resulting vector h( j)
i is still of dimen- 242

sion d. The function f j itself, called a transformer 243

block, is composed of a masked self-attention layer 244

followed by a feed-forward layer with a residual 245

connection and root mean square (RMS) normal- 246

ization in between (Vaswani et al., 2017; Touvron 247

et al., 2023). Due to RMS normalization, all latents 248

lie on a d-dimensional hypersphere of radius
√

d. 249

In pretraining, all transformer blocks f1, . . . , fm 250

(with m the number of layers) are tuned such that 251

the final latent h(m)
i for position i is well-suited 252

for predicting the token at position i+1. For pre- 253

diction, the final embedding vector is multiplied 254
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with a so-called unembedding matrix U ∈ Rv×d ,255

which yields a real vector zi =Uh(m)
i ∈ Rv contain-256

ing a so-called logit score zit for each vocabulary257

token t ∈ V . These scores are then transformed258

into probabilities P(xi+1 = t |x1, . . . ,xi) ∝ ezit via259

the softmax operation.260

3.2 Interpreting latent embeddings: Logit lens261

When transformers are deployed in practice, only262

the final latent vectors after the last transformer263

block are turned into token distributions by multi-264

plying them with U and taking a softmax. How-265

ever, since latents have the same shape in all layers,266

any latent can in principle be turned into a token267

distribution, by treating it as though it were a final-268

layer latent. Prematurely decoding tokens from269

latents this way, a method called the logit lens (cf.270

Sec. 2), can facilitate the inspection and interpreta-271

tion of the internal state of transformers. Using the272

logit lens, we obtain one next-token distribution273

P(xi+1 |h( j)
i ) per position i and layer j.274

We illustrate the logit lens in Fig. 1, where every275

cell shows the most likely next token when apply-276

ing the logit lens to the latent in that position and277

layer. As seen, the logit lens decodes contextually278

appropriate tokens already in intermediate layers.279

3.3 Data: Tasks for eliciting latent language280

Our goal is to explore whether Llama-2’s inter-281

nal, latent states correspond to specific natural lan-282

guages. Although the logit lens allows us to map283

latent vectors to token distributions, we still require284

a mapping from token distributions to languages.285

Doing so in general is difficult as many tokens286

are ambiguous with respect to language; e.g., the287

token “an” is commonly used in English, French,288

and German, among others. To circumvent this289

issue, we construct prompts x1 . . .xn where the cor-290

rect next token xn+1 is (1) obvious and (2) can be291

unambiguously attributed to one language.292

Prompt design. To ensure that the next token is293

obvious (criterion 1), we design three text comple-294

tion tasks where the next token xn+1 can be easily295

inferred from the prompt x1 . . .xn. In describing the296

tasks, we use Chinese as an example language.297

Translation task. Here the task is to translate the298

preceding non-English (e.g., French) word to Chi-299

nese. We show the model four words with their300

correct translations, followed by a fifth word with-301

out its translation, and let the model predict the302

next token (“中文” means “Chinese” below):303

Français: "vertu" -中文: "德"
Français: "siège" -中文: "座"
Français: "neige" -中文: "雪"
Français: "montagne" -中文: "山"
Français: "fleur" -中文: "

304

With such a prompt, Llama-2 can readily infer 305

that it should translate the fifth French word. We 306

carefully select words as described below and con- 307

struct one prompt per word by randomly sampling 308

demonstrations from the remaining words. 309

Repetition task. Similarly, we task the model to 310

simply repeat the last word, instead of translating 311

it, by prompting as follows: 312

中文: "德" -中文: "德"
中文: "座" -中文: "座"
中文: "雪" -中文: "雪"
中文: "山" -中文: "山"
中文: "花" -中文: "

313

Cloze task. As a slightly harder task, we consider a 314

cloze test, where the model must predict a masked 315

word in a sentence. Given a target word, we con- 316

struct an English sentence starting with the word 317

by prompting GPT-4, mask the target word, and 318

translate the sentence to the other languages. To 319

construct prompts, we sample two demonstrations 320

from the remaining words. An English example 321

before translation to the other languages follows: 322

A "___" is used to play sports like soccer and basket-
ball. Answer: "ball".
A "___" is a solid mineral material forming part of
the surface of the earth. Answer: "rock".
A "___" is often given as a gift and can be found in
gardens. Answer: "

323

Word selection. To enable unambiguous language 324

attribution (criterion 2), we construct a closed set 325

of words per language. As a particularly clean case, 326

we focus on Chinese, which has many single-token 327

words and does not use spaces. We scan Llama-2’s 328

vocabulary for single-token Chinese words (mostly 329

nouns) that have a single-token English translation. 330

This way, Llama-2’s probabilities for the correct 331

next Chinese word and for its English analog can 332

be directly read off the next-token probabilities. 333

For robustness, we also run all experiments on 334

German, French, and Russian. For this, we trans- 335

late the selected Chinese/English words and, for 336

each language, discard words that share a token pre- 337

fix with the English version, as this would render 338

language detection (cf. Sec. 3.4) ambiguous. 339

We work with 139 Chinese, 104 German, 56 340

French, and 115 Russian words (cf. Appendix A.1). 341
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Figure 2: Language probabilities for latents during Llama-2 forward pass, for (a) translation task from union of
German/French/Russian to Chinese, (b) Chinese repetition task, (c) Chinese cloze task. Each task evaluated for
model sizes (columns) 7B, 13B, 70B. On x-axes, layer index; on y-axes, probability (according to logit lens) of
correct Chinese next token (blue) or English analog (orange). Error bars show 95% Gaussian confidence intervals
over input texts (353 for translation, 139 for repetition and cloze).

3.4 Measuring latent language probabilities342

To investigate a hypothetical pivot language inside343

Llama-2, we apply the logit lens to the latents344

h( j)
n corresponding to the last input token xn for345

each layer j, obtaining one next-token distribution346

P(xn+1 |h( j)
n ) per layer. Our prompts (cf. Sec. 3.3)347

are specifically designed such that an intermediate348

next-token distribution lets us estimate the proba-349

bility of the correct next word in the input language350

as well as English. Since we specifically select351

single-token words in Chinese (ZH) as well as En-352

glish (EN), we can simply define the probability353

of language ℓ ∈ {ZH,EN} as the probability of the354

next token being ℓ’s version tℓ of the correct single-355

token word: P(lang = ℓ |h( j)
n ) := P(xn+1 = tℓ |h

( j)
n ).356

(For readability we also simply write P(lang = ℓ).)357

Note that this does not define a distribution over358

languages, as generally
∑

ℓ P(lang = ℓ)< 1.359

In other languages (and in corner cases in Chi-360

nese and English), we must account for multiple361

tokenizations and whitespaces (cf. Appendix A.2).362

4 Results 363

When presenting results, we first (Sec. 4.1) take a 364

probabilistic view via the logit lens (Sec. 3.2), for 365

all tasks and all model sizes. (Since the results are 366

consistent across languages, we focus on Chinese 367

here and refer to Appendix B for French, German, 368

and Russian.) Then (Sec. 4.2) we drill deeper by 369

taking a geometric view of how token embeddings 370

drift as the transformer computes layer by layer. 371

4.1 Probabilistic view: Logit lens 372

The logit lens gives us one set of language probabil- 373

ities (cf. Sec. 3.4) per input prompt and layer. Fig. 2 374

tracks the evolution of language probabilities from 375

layer to layer, with one plot per combination of 376

model size (columns) and task1 (rows). The x-axes 377

show layer indices, and the y-axis the language 378

probabilities P(lang = ZH) and P(lang = EN) aver- 379

aged over input prompts. 380

1In Fig. 2, translation task uses union of German, French,
and Russian as source languages. For individual source lan-
guages, as well as all target languages, cf. Appendix B.
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On the translation and cloze tasks a consistent381

picture emerges across model sizes. Neither the382

correct Chinese token nor its English analog garner383

any noticeable probability mass during the first half384

of layers. Then, around the middle layer, English385

begins a sharp rise followed by a decline, while386

Chinese slowly grows and, after a crossover with387

English, spikes on the last five layers. On the repe-388

tition task, Chinese already rises alongside English389

(discussed in Sec. 6). This is in contrast to all other390

languages, where English rises first (Appendix B).391

On top of the language probabilities (Sec. 3.4),392

the entropy of the full next-token distribution is393

shown as a heatmap above the plots. We again394

observe a consistent pattern across tasks and model395

sizes: high entropy in the first half of layers, while396

both P(lang = ZH) and P(lang = EN) are close to397

zero, followed by a sharp drop at the same time398

that P(lang = EN) rises. From there on, entropy399

remains low, with a slight rebound as probability400

mass shifts from English to Chinese.401

With 32,000 ≈ 215 tokens in the vocabulary, the402

early entropy of around 14 bits implies a close-to-403

uniform next-token distribution (around 15 bits).404

Path visualization. The plots of Fig. 2 only con-405

sider the probability of the correct Chinese next406

token and its English analog, without speaking to407

the remaining tokens. To form an intuition of the408

entire distribution, we use dimensionality reduc-409

tion to visualize the data. First, we define the410

distance between a latent hi at position i and a411

token t via the negative log-likelihood of t given412

hi, as computed by the logit lens (cf. Sec. 3.4):413

d(hi, t) =− logP(xi+1 = t |hi). Then, we use clas-414

sical multidimensional scaling to embed tokens415

and latents in an approximately distance-preserv-416

ing joint 2D space. (Intra-token and intra-latent417

distances are set to maxh,t d(h, t), which serves as418

a “spring force” pushing the 2D points apart.)419

A transformer’s forward computation for a given420

input token xi can now be visualized by connecting421

the 2D embeddings of the latents h( j)
i in subsequent422

layers j, as presented and explained in Fig. 3 (Ger-423

man-to-Chinese translation, 70B). We make two424

observations: (1) An English and a Chinese token425

cluster emerges, suggesting that the same latent426

also gives high probability to an entire language,427

in addition to the language-specific version of the428

correct next token. (2) Paths first pass through the429

English cluster, and only later reach the Chinese430

cluster. Taken together, the emerging picture is431
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Figure 3: Latent trajectories through transformer
layers. 2D embedding of latents (◦) and output tokens
(×) found via multidimensional scaling. Latents for
same prompt connected by rainbow-colored path, pro-
ceeding from layer 1 (red) to 80 (violet). Labels for
correct Chinese next tokens (one per prompt) in blue,
for English analogs in orange. Takeway: latents reach
correct Chinese token after detour through English.

that, when translating a German word to Chinese, 432

Llama-2 takes a “detour” through an English sub- 433

space. 434

So far, we have characterized the transformer’s 435

intermediate latent states from a probabilistic per- 436

spective, by studying the next-token distributions 437

obtained via the logit lens. For a deeper understand- 438

ing, we next take a geometric perspective and ana- 439

lyze latents directly as points in Euclidean space, 440

i.e., before mapping them to token probabilities. 441

4.2 Geometric view: A 8192D space Odyssey 442

Simplistically, the task solved by an autoregressive 443

transformer is to map the input token embeddings 444

of the current prefix to the output embedding of 445

the next token. The task is solved incrementally, 446

each layer modifying (by adding a residual) the 447

latent vector produced by the previous layer, a pro- 448

cess that, geometrically, describes a path through 449

d-dimensional Euclidean space. We now set out 450

to characterize this path. Since the probabilistic 451

view (Fig. 2) gave consistent results across tasks 452

and model sizes, we focus on one task (translation) 453

and one model size (70B, i.e., d = 8192). 454

Embedding spheres. Output token embeddings 455

(rows of the unembedding matrix U) and la- 456

tents h cohabitate the same d-dimensional Eu- 457

clidean space. In fact, due to RMS-normalization 458

(Sec. 3.1), latents by construction live on a hy- 459
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persphere of radius
√

d ≈ 90.1. Additionally, by460

analyzing the 2-norm of output token embeddings461

(mean 1.52, SD 0.23), we find that the latter also462

approximately lie on a sphere, of radius 1.52.463

Token energy. Importantly, token embeddings464

occupy their sphere unevenly; e.g., the first 25%465

[54%] of principal components account for 50%466

[80%] of the total variance. To build intuition, first467

consider a hypothetical extreme case where tokens468

lie in a proper subspace (“token subspace”) of the469

full d-dimensional space (even though, empirically,470

U has rank d). If a latent h has a component orthog-471

onal to the token subspace, it encodes information472

that is irrelevant for predicting the next token based473

on h alone (since logits are scalar products of latent474

and token vectors). The orthogonal component can475

still be important for the computations carried out476

by later layers and for predicting the next token in477

those layers. But the logit lens, which decodes la-478

tents into tokens prematurely in intermediate layers,479

will be blind to the orthogonal component.480

A latent h’s angle with the “token subspace” thus481

measures how much of h is relevant for immedi-482

ately predicting the next token. Concretely, we con-483

sider the mean squared cosine between h and the to-484

ken embeddings (rows of U) to capture how much485

of h’s “energy” translates into logit scores. For in-486

terpretability, we normalize by the mean squared487

cosine among token embeddings themselves,2 ob-488

taining what we call h’s squared token energy489

E(h)2 =
1
v∥Ûh∥2

2 / ∥h∥2
2

1
v2 ∥ÛÛ⊤∥2

F
=

v
d

∥Ûh∥2
2

∥ÛÛ⊤∥2
F

(2)490

(Û being U with 2-normalized rows), which cap-491

tures h’s proximity to “token subspace”, compared492

to a random token’s proximity to “token subspace”.493

We visualize token energy and its relation to494

other key quantities in Fig. 4. As a function of495

layer (Fig. 4(b)), root mean squared token energy496

is low (around 20%) and mostly flat before layer 70,497

when it suddenly spikes—just when next-token pre-498

dictions switch from English to Chinese (Fig. 4(c)).499

In sum, Fig. 4(a–c) reveals three phases:500

1. Phase 1 (layers 1–40): High entropy (14 bits,501

nearly uniform), low token energy, no lan-502

guage dominates.503

2. Phase 2 (layers 41–70): Low entropy (1–2504

bits), low token energy, English dominates.505

2In practice, we use Û⊤Û instead of ÛÛ⊤ in (2), which
has equal Frobenius norm but is more efficient to compute.

Figure 4: Anatomy of transformer forward pass when
translating to Chinese (cf. Sec. 3.3). Layer-by-layer evo-
lution of (a) entropy of next-token distribution, (b) token
energy, (c) language probabilities. As latents are trans-
formed layer by layer, they go through three phases
(Sec. 4.2), (d) traveling on a hypersphere, here in 3D
instead of actual 8192D (Sec. 5). “甜” means “sweet”.

3. Phase 3 (layers 71–80): Low entropy, high 506

token energy (up from 20% to 30%), Chinese 507

dominates. 508

5 Conceptual model 509

Next, we formulate a conceptual model that is con- 510

sistent with the above observations. 511

In order to predict the next token, the trans- 512

former’s job essentially consists in mapping the 513

input embedding of the current token to the output 514

embedding of the next token. Phase 1 is focused on 515

building up a better feature representation for the 516

current token from its input embedding, by dealing 517

with tokenization issues (e.g., integrating preced- 518

ing tokens belonging to the same word), integrating 519

words into larger semantic units, etc. This phase is 520

not yet directly concerned with predicting the next 521

token, with latents remaining largely orthogonal 522

to output token space (low token energy), leading 523

to small dot products between latents and output 524

token embeddings, and thus to high entropy. 525

In Phase 2, latents live in an abstract “concept 526

space”, which, unlike in Phase 1, is no more or- 527

thogonal to the output token space. Rather, latent 528

“concept embeddings” are closer to those output 529

token embeddings that can express the respective 530

concept (across languages, synonyms, etc.), lead- 531

ing to low entropy. Among the concept-relevant 532

tokens, English variants lie closer to the concept 533

embedding than non-English variants (due to the 534

model’s overwhelming exposure to English during 535

training), leading to higher probabilities for En- 536

glish than Chinese tokens. Despite the correlation 537
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between concept and token embeddings, concept538

embeddings also carry much information that goes539

beyond output tokens (including input-specific con-540

textual information and information about the tar-541

get language), leading to a still-low token energy.542

In Phase 3, the model maps abstract concepts to543

concrete words/tokens in the target language. Infor-544

mation that is irrelevant for next-token prediction545

is discarded, leading to a spike in token energy.546

Sketch. This model is illustrated—with a strongly547

simplified toy-like sketch—in Fig. 4(d). In this548

picture, the model operates in 3D (rather than the549

actual 8192D) space. All embeddings (output to-550

kens and latents) lie on a sphere around the origin.551

Token embeddings lie on the equator and are mostly552

spread out along the x-axis (left/right), which cap-553

tures language (English left, Chinese right). The554

y-axis (front/back) captures concepts, in this toy555

picture along a 1D “sweetness” scale. The z-axis556

(bottom/top) provides an extra degree of freedom557

that can be used to store information about context,558

language, etc. A transformer forward pass moves559

along the surface of the sphere. In Phase 1, the la-560

tent starts out at the north pole, orthogonal to both561

output token and concept embeddings. Phase 2 ro-562

tates the latent into concept space; English tokens563

are more likely because their embeddings have a564

stronger concept component y. Finally, Phase 3565

rotates the latent along the equator into the target566

language’s hemisphere, onto the output token that567

best captures the active concept in that language.568

6 Discussion569

In our attempt to answer whether Llama-2 mod-570

els internally use English as a pivot language,571

we found that latent embeddings indeed lie fur-572

ther from the correct next token in the input lan-573

guage than from its English analog, leading to574

overwhelmingly English internal representations as575

seen through the logit lens. It might thus be tempt-576

ing to conclude that, yes, Llama-2 uses English577

as an implicit pivot, similar to researchers’ prior578

use of English as an explicit pivot (Shi et al., 2022;579

Ahuja et al., 2023; Huang et al., 2023). But our580

answer must be more nuanced, as much of the la-581

tents’ “energy” points in directions that are largely582

orthogonal to output token embeddings and thus583

do not matter for next-token prediction. The model584

can use these directions as extra degrees of freedom585

for building rich feature representations from its586

raw inputs (Yosinski et al., 2014, 2015; Geva et al.,587

2022), which could be seen as forming an abstract 588

“concept space”. In this interpretation, the model’s 589

internal lingua franca is not English but concepts— 590

concepts that are biased toward English. Hence, 591

English could still be seen as a pivot language, but 592

in a semantic, rather than a purely lexical, sense. 593

Our experiments involve three text completion 594

tasks. The translation and cloze tasks operate at a 595

semantic level, whereas the word repetition task is 596

purely syntactic. Yet, in most languages (Fig. 7) 597

the pattern is similar to that for the two other tasks, 598

with tokens first going through an “English phase”— 599

possibly because recognizing that the task is to sim- 600

ply copy a token requires semantic understanding, 601

which is achieved only in concept space, which in 602

turn is closer to English token embeddings. 603

This said, note that the English-first pattern is 604

less pronounced on the repetition task (Fig. 7), 605

where the input language rises earlier than on the 606

other tasks or, for Chinese (Fig. 7(e)) even simul- 607

taneously with, or faster than, English. This might 608

be due to tokenization: for Chinese we explicitly 609

chose 100% single-token words, as opposed to only 610

13% for Russian, 43% for German, and 55% for 611

French (Table 1). With this in mind, Fig. 7 shows 612

that languages with higher rates of single-token 613

words stray further from the English-first pattern. 614

In other words, where language-specific tokens 615

are available, the detour through English is less 616

pronounced. This supports prior concerns about 617

the importance of tokenization, which not only bur- 618

dens minority languages with more tokens per word 619

(Artetxe et al., 2020), but, as we show, also forces 620

latents through an English-biased semantic space. 621

Future work should investigate in what ways an 622

English bias in latent space could be problematic, 623

e.g., by biasing downstream model behavior. We 624

see promise in designing experiments building on 625

work from psycholinguistics, which has shown that 626

concepts may carry different emotional values in 627

different languages (Boroditsky et al., 2003) and 628

that using one word for two concepts (colexifica- 629

tion) may affect cognition (Di Natale et al., 2021). 630

Future work should also study how English bias 631

changes when decreasing the dominance of English 632

during training, e.g., by applying our method to 633

Llama-2 derivatives with a different language mix 634

(Goddard, 2023; Plüster, 2023; Huang, 2023; Kim, 635

2023), or by using less Anglocentric tokenizers. 636

Such work will give important clues for decreas- 637

ing English bias and enabling more equitable AI. 638
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Limitations639

In this paper, we focus on the Llama-2 family640

of language models, which limits the claims we641

can make about other English-dominated models.642

Moreover, since the proposed method relies on643

model parameters, little can be said about the more644

widely used closed source models. Nonetheless,645

the methods outlined in this paper can be straight-646

forwardly applied to other autoregressive trans-647

formers and generalized to non-autoregressive ones648

(given their parameters are available), a direction649

that warrants future exploration.650

Additionally, the tasks outlined in the paper are651

simple and provide a highly controlled, yet toy,652

context for studying the internal language of LLMs.653

This is essential as a first step to illustrate existence,654

but future work should extend to a wider range of655

tasks; these may include more culturally sensitive656

problems, popular use-cases (cf. 6), and on a tech-657

nical level analysis that goes beyond single-tokens.658

While we present a “concept space” in our inter-659

pretation (Sec. 5), we have limited understanding660

of the structure of this space in its original high-661

dimensional form. In turn, the 3-dimensional intu-662

ition we form may not hold in the original space.663

We believe that better understanding and mapping664

out this concept space is an important future di-665

rection and will result in a stronger basis for the666

presented conceptual model.667

Finally, the logit lens grants us approximate ac-668

cess to the internal beliefs about what should be669

the output at a given sequence position, everything670

else contained in the intermediate representations,671

e.g., information to construct keys, queries, values,672

or to perform intermediate calculations that do not673

directly contribute to the output beliefs, remains674

hidden and only enters the logit lens-based part of675

our analysis as noise.676
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A Additional methodological details 905

A.1 Word translation 906

A detail that we omitted in the main paper for 907

brevity is how we translate the English words re- 908

sulting from the procedure outlined in Sec. 3.3 909

to French, German, and Russian. During these 910

translations we translated both the individual words 911

alongside their cloze sentences using DeepL3. For 912

each word translation, we include the context of the 913

cloze task to disambiguate homonyms. We then 914

filter the translations to remove words that have 915

the same prefix token across English and the target 916

language. For example, the French translation of 917

the word “photograph”, “photographier”, shares 918

the “photo” prefix token. Additionally, we parse 919

through the translations and filter any cloze transla- 920

tions where the target word doesn’t align with the 921

expected word from the individual word translation, 922

which was due to failures in the DeepL translation. 923

These filterings result in a different number of final 924

words across the different languages. 925

We provide the numbers for the aggregated 926

translation task (Tab. 1), repetition task (Tab. 2), 927

cloze-task (Tab. 3), and individual translation 928

tasks (Tab. 4). 929

Total Single Token

de 287 126
fr 162 88
ru 324 45
zh 353 353

Table 1: Aggregated translation task dataset sizes.

Total Single Token

de 104 45
en 132 132
fr 56 31
ru 115 15
zh 139 139

Table 2: Repetition task dataset sizes.

Total Single Token

de 104 45
en 132 132
fr 56 31
ru 115 15
zh 139 139

Table 3: Cloze task dataset sizes.

3https://www.deepl.com/translator
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de en fr ru zh

de – 120 (120) 56 (31) 105 (15) 120 (120)
en 104 (45) – 57 (31) 114 (15) 132 (132)
fr 93 (40) 118 (118) – 104 (15) 118 (118)
ru 90 (41) 114 (114) 49 (26) – 115 (115)
zh 104 (45) 132 (132) 57 (31) 115 (15) –

Table 4: Translation statistics between languages, in-
cluding total numbers and single-token translations (in
brackets).

A.2 Computing language probabilities930

In order to compute language probabilities, we931

search Llama-2’s vocabulary for all tokens that932

could be the first token of the correct word in the re-933

spective language. In particular, we search Llama-934

2’s vocabulary for all prefixes of the word without935

and with leading space4. For Chinese and Russian936

we also consider tokenizations based on the UTF-8937

encodings of their unicode characters. For a lan-938

guage ℓ and its corresponding target word w, we939

define940

P(lang = ℓ) :=
∑

tℓ∈Start(w)

P(xn+1 = tℓ), (3)941

where Start(w) denotes the set of starting tokens of942

the word w.943

For example, if the correct next Chinese word944

is “花” (“flower”), which can be tokenized either945

using the single token “花” or via its UTF-8 encod-946

ing “<0xE8>·<0x8A>·<0xB1>”, we have P(lang=947

ZH) = P(xn+1 = “花”)+P(xn+1 = “<0xE8>”) and948

P(lang = EN) = P(xn+1 = “f”)+P(xn+1 = “fl”)+949

P(xn+1 = “flow”) + P(xn+1 = “_f”) + P(xn+1 =950

“_fl”) + P(xn+1 = “_flo”) + P(xn+1 = “_flow”) +951

P(xn+1 = “_flower”) (all the token-level prefixes952

of “flower” and “_flower”).953

B Additional results954

Here we provide the results for all languages: Chi-955

nese, English, French, German, and Russian.956

Language probability. Language probability plots957

(with entropy heatmaps) for the aggregated trans-958

lation task are in Fig. 5, for the repetition task in959

Fig. 7, and, for the cloze task in Fig. 9. Addition-960

ally, we provide the translation task results for indi-961

vidual language pairs in Fig. 11, Fig. 13, Fig. 15,962

Fig. 17, Fig. 19.963

We observe the same pattern—noise in the early964

layers, English in the middle, target language in the965

4Represented by “_”.

end—across almost all languages and model sizes. 966

The only exception is the Chinese repetition task. 967

Energy. Energy (Sec. 4.2) plots for the aggregated 968

translation task are in Fig. 6, for the repetition task 969

in Fig. 8, and, for the cloze task in Fig. 10. Ad- 970

ditionally, we provide the translation task results 971

for individual language pairs in Fig. 12, Fig. 14, 972

Fig. 16, Fig. 18, Fig. 20. 973

Energy plots are consistent with the theory out- 974

lined in Sec. 5. 975
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Figure 5: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a
word from all non-English input languages to output language. There is one column per model size. The x-axis
shows the layer number of the model, and the y-axis the total probability mass falling on the correct token across
languages. The orange line illustrates the probability of the correct target word in English and the blue line shows
it for the non-English output language. We do not include the probability the input language since it is zero
throughout. Means and 95% Gaussian confidence intervals have been computed over the input examples, numbers
in Appendix A.
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(c) Translation (-> RU)
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Figure 6: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from all non-English input languages to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the energy. Means and 95% Gaussian confidence intervals have been
computed over the input examples, numbers in Appendix A.
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Figure 7: Figures illustrate the repetition task where Llama-2 7B, 13B, and 70B are tasked with copying a non-
English word. There is one column per model size. The x-axis shows the layer number of the model, and the y-axis
the total probability mass falling on the correct token across languages. The orange line illustrates the probability of
the correct target word in English and the blue line shows it for the non-English output language. Means and 95%
Gaussian confidence intervals have been computed over the input examples, numbers in Appendix A.
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(b) Repetition (EN)

0 5 10 15 20 25 30 35 40
layer

0.10

0.15

0.20

0 10 20 30 40 50 60 70 80
layer

0.2

0.3

0.4

0 5 10 15 20 25 30
layer

0.3

0.4

0.5

en
er

gy

(c) Repetition (FR)
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Figure 8: Figures illustrate the energy plots for the repetition task where Llama-2 7B, 13B, and 70B are tasked
with copying a non-English word. There is one column per model size. The x-axis shows the layer number of the
model, and the y-axis the energy. Means and 95% Gaussian confidence intervals have been computed over the input
examples, numbers in Appendix A.
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Figure 9: Figures show the same plots only for the cloze task where the correct token is defined in a fill-in-the-blank
setting. In the plots, we illustrate the results for German. Means and 95% Gaussian confidence intervals have been
computed over the input examples, numbers in Appendix A.
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(c) Cloze task (FR)
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Figure 10: Figures show the same plots only for the cloze task where the correct token is defined in a fill-in-the-blank
setting. In the plots, we illustrate the results for German. Means and 95% Gaussian confidence intervals have been
computed over the input examples, numbers in Appendix A.
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(c) Translation (DE->RU)
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(d) Translation (DE->ZH)
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Figure 11: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from non-English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the total probability mass falling on the correct token across languages.
The orange line illustrates the probability of the correct target word in English and the blue line shows it for the
non-English output language. We do not include the probability the input language since it is zero throughout. Means
and 95% Gaussian confidence intervals have been computed over the input examples, numbers in Appendix A.
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(b) Translation (DE->FR)
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(c) Translation (DE->RU)
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(d) Translation (DE->ZH)
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Figure 12: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from non-English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the energy. Means and 95% Gaussian confidence intervals have been
computed over the input examples, numbers in Appendix A.
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(b) Translation (EN->FR)
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(c) Translation (EN->RU)
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(d) Translation (EN->ZH)
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Figure 13: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a
word from English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the total probability mass falling on the correct token across languages.
The orange line illustrates the probability of the correct target word in English and the blue line shows it for the
non-English output language. We do not include the probability the input language since it is zero throughout. Means
and 95% Gaussian confidence intervals have been computed over the input examples, numbers in Appendix A.
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Figure 14: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from English input language to output language. There is one column per model size. The x-axis shows the layer
number of the model, and the y-axis the energy. Means and 95% Gaussian confidence intervals have been computed
over the input examples, numbers in Appendix A.
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Figure 15: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from non-English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the total probability mass falling on the correct token across languages.
The orange line illustrates the probability of the correct target word in English and the blue line shows it for the
non-English output language. We do not include the probability the input language since it is zero throughout. Means
and 95% Gaussian confidence intervals have been computed over the input examples, numbers in Appendix A.
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(b) Translation (FR->EN)
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Figure 16: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from non-English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the energy.Means and 95% Gaussian confidence intervals have been
computed over the input examples, numbers in Appendix A.
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Figure 17: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from non-English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the total probability mass falling on the correct token across languages.
The orange line illustrates the probability of the correct target word in English and the blue line shows it for the
non-English output language. We do not include the probability the input language since it is zero throughout. Means
and 95% Gaussian confidence intervals have been computed over the input examples, numbers in Appendix A.
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(c) Translation (RU->FR)
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Figure 18: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from non-English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the energy. Means and 95% Gaussian confidence intervals have been
computed over the input examples, numbers in Appendix A.
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Figure 19: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from non-English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the total probability mass falling on the correct token across languages.
The orange line illustrates the probability of the correct target word in English and the blue line shows it for the
non-English output language. We do not include the probability the input language since it is zero throughout. Means
and 95% Gaussian confidence intervals have been computed over the input examples, numbers in Appendix A.

27



0 5 10 15 20 25 30
layer

0.3

0.4

en
er

gy

(a) Translation (ZH->DE)

0 5 10 15 20 25 30 35 40
layer

0.10

0.15

0.20

0.25

0 10 20 30 40 50 60 70 80
layer

0.15

0.20

0.25

0.30

0.35

0 5 10 15 20 25 30
layer

0.3

0.4

0.5

0.6

en
er

gy

(b) Translation (ZH->EN)
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(c) Translation (ZH->FR)
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(d) Translation (ZH->RU)
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Figure 20: Figures illustrate the translation task where Llama-2 7B, 13B, and 70B are tasked with translating a word
from non-English input language to output language. There is one column per model size. The x-axis shows the
layer number of the model, and the y-axis the energy. Means and 95% Gaussian confidence intervals have been
computed over the input examples, numbers in Appendix A.
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