
1 

 1 
Point-by-Point Reply: CELL-D-25-05586 2 

 3 
We would like to thank our reviewers for their thoughtful and constructive 4 
comments! We appreciate their precious time and efforts. In our view, the paper 5 
benefited greatly from considering all the recommendations. Below, we provide 6 
point-by-point responses to all queries. All changes in the revised manuscript are 7 
indicated with purple text. 8 
 9 
Reply formatting guide: 10 
Reviewer remarks: blue box, black text 11 
Author response: black text, Arial 12 
Changes in the manuscript: purple, Times New Roman  13 
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Reviewer #1:  14 
 15 

General remarks 

In this work the authors investigated Spanish and English word representations in bilingual 
speakers using single cell recordings from the hippocampus taken during a variety of listening 
and speaking tasks. The core finding is that though translated words in English and Spanish 
evoke different population activity, the relational distances between words tend to be 
preserved across languages. Words in English and Spanish have distinct codes but largely 
similar geometries. Overall, I found the results and analysis here compelling. They build nicely 
off a long line of work in natural language processing and language neuroscience which 
emphasizes representational distances as a neural underpinning for semantic similarity. The 
results here bolster this view by showing roughly the same semantic geometry holds in a 
translated set of words with the same meaning, though the overall map may be rotated across 
languages. I have a few suggestions that I believe would improve the manuscript. 

 16 
We appreciate Reviewer 1’s kind words; below, we provide a point-by-point response to 17 

concerns raised. 18 
 19 
 20 

1. Translation Neurons 

Overall, I'm fairly unclear about what the analysis of the "translation neurons" is adding to the 
findings. The authors name this group of neurons and then perform a set of analyses which 
show they have no impact on the basic representational scheme purported to support 
translation. This is more or less stated outright in the discussion "These neurons may play an 
important role in translation... However, even when we remove these neurons from our 
analysis, the semantic geometry is still robustly maintained, suggesting that these neurons do 
not play a necessary role in translation." Given the evidence presented it's hard to see how 
they would be sufficient for translation either. Moreover, it's a bit strange to do a single neuron 
analysis on words paired by their meaning, and then go on to posit that semantic maps which 
encode meaning exist in the structure of population activity. At the very least I would change 
the name here, and maybe front load the fact that though this phenomenon exists in single 
neurons it doesn't play a significant role in the semantic maps that serve as the main 
mechanism of translation.  

 21 
Both reviewers raise similar concerns about our claims regarding translation neurons. 22 

This shared concern reflects our failure to make our scientific position about these neurons clear 23 
in the writing of the original manuscript.  24 

 25 
What our position is: We agree with Reviewer 1 that the translation neurons have no 26 

measurable impact on the population-level geometry that we believe are the foundation of 27 
translation. 28 
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 29 
The reason we led off with the translation neuron finding is that we reasoned that many 30 

readers would not be familiar with the geometric approach to analysis of physiological data. In 31 
the narrative flow of our paper, the translation neurons are, in essence, the stepping stone to 32 
the core message, which is the geometric one.  33 

 34 
It is clear, though, that in the mind of the reader (including both reviewers) this narrative 35 

organization results in seemingly contradictory messages. 36 
 37 
Our proposed solution is what Reviewer 1 suggests: to “front load the fact that though 38 

this phenomenon exists in single neurons it doesn't play a significant role in the semantic maps 39 
that serve as the main mechanism of translation”.  40 

 41 
Both reviewers also suggest we use a different term instead of “translation neurons.” We 42 

have renamed these neurons “cross-language neurons”. 43 
 44 
Now we discuss this more straightforwardly in the revised Abstract, Results, and 45 

Discussion. (And we have removed mention of these neurons from the Introduction). For 46 
example, the revised Abstract now says “However, neurons’ semantic tunings differed substantially 47 
by language, suggesting language-specific neural implementations. Instead, the crucial driver of 48 
translation was a preserved geometric organization of neural responses between the two languages, one 49 
that did not depend on neuron level functional overlap.” 50 

 51 
Moreover, we now cover these neurons more briefly in the revised Results and move on 52 

much more quickly to the geometry findings. 53 
 54 
And, from the revised Discussion: 55 
 56 
Cross-language neurons. We identify a new class of what we call “cross-language neurons,” 57 

whose responses to co-translated words are correlated. Such neurons would have similar responses to, for 58 
example, “maybe” and “quizás.” These neurons may contribute to translation; however, they do not play 59 
an essential, or even a major role: even when we exclude them from our analysis, cross-language 60 
semantic geometry is robustly maintained (Table S3). Moreover, while their tuning functions are more 61 
aligned than other neurons, they are not perfectly aligned, indicating that they are not simply amodal 62 
conceptual representations. Consistent with this, their response fields span multiple semantic categories 63 
(e.g., Figure 2C), which differentiates them from the canonical amodal concept-related neurons, concept 64 
cells (Quian Quiroga et al., 2005; Quian Quiroga, 2012). Word-level decomposition confirms that their 65 
cross-language correlations are driven by a relatively sparse subset of words. These words are constrained 66 
along fewer latent semantic axes in mBERT space than other neurons which did not show cross-language 67 
correlation (Table S1-S2). We speculate that they may be the extreme end of a larger distribution of 68 
neurons whose shared population-level geometry contributes to translation. 69 
 70 
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I also wonder if a more fine grained analysis might clarify things. For example, in purported 
translation neurons, is a particular subset of words primarily contributing to the positive 
correlation effect, and do all of these words have a discernible semantic class? If so, this 
would presumably imply that the neuron in question contributes in an outsized way to a given 
semantic axis, which meshes more coherently with subsequent arguments. 

 71 
 This is a very insightful suggestion. We conducted the following analyses and listed the 72 
results below. In summary, the cross-language neurons are driven by a relatively sparse subset 73 
of words. These driver words did not cluster into discernible semantic categories. These words 74 
are constrained along fewer latent semantic axes in mBERT space. 75 

Because cross-language neurons are not the key findings supporting across-language 76 
translation (preserved geometry is), we only briefly referenced the Table S1 and Table S2 in the 77 
main text: 78 

 79 
“Word-level decomposition confirms that their cross-language correlations are driven by a relatively 80 
sparse subset of words. These words are constrained along fewer latent semantic axes in mBERT space 81 
than other neurons which did not show cross-language correlation (Table S1-S2). We speculate that they 82 
may be the extreme end of a larger distribution of neurons whose shared population-level geometry 83 
contributes to translation.” 84 
 85 
 86 

 See Table S1 and Table S2 below. 87 
 88 

Table S1. Driver word properties of cross-language versus non-cross-language neurons 89 
(Study1). 90 
Cross-language neurons required significantly fewer words to explain their cross-language 91 
correlations, confirming that a particular subset of words disproportionately contributes. 92 
However, these driver words did not cluster into discernible semantic categories. Indeed, the 93 
mean semantic cluster index was identical between groups. That is, driver words of cross-94 
language neurons were no more semantically similar to one another than those of non-cross-95 
language neurons, which argues against the possibility that these neurons simply respond to a 96 
single named category (e.g., “animals” or “emotions”). Critically, despite equivalent pairwise 97 
semantic similarity, the driver words of cross-language neurons spanned fewer independent 98 
semantic dimensions. Because pairwise cosine similarity is a scalar average that collapses all 99 
directional information, it is insensitive to the anisotropy of the distribution; two sets of words 100 
can have identical average pairwise distances yet differ in how their variance is distributed across 101 
principal axes. Therefore, we calculated the participation ratio (PR), which provides a continuous 102 
measure of how many independent semantic dimensions the driver words effectively span. A 103 
lower PR indicates that the driver words cluster along fewer embedding dimensions (i.e., occupy 104 
a more semantically constrained subspace), whereas a higher PR indicates that they spread across 105 
a broader range of semantic directions. We found the driver words have lower participation ratio 106 
than non-cross-language neurons. 107 
 108 

Commented [1]: can we just state clearly what the 
answer to the question is? the reviewer doesnt want to 
have to read all this - they just want a simple yes or no 

Commented [2]: Done 
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 109 
Stimulu

s 
n 

(cro
ss-

lang
uag
e) 

Selectivity (K80%) Cluster Index (similarity) Participation Ratio 
(dimensionality) 

Cross- 
Language 
neurons 

Non-
cross-

language 
neurons 

d Cross- 
Languag

e 
neurons 

Non-cross-
language 
neurons 

d Cross- 
Language 
neurons 

Non-
cross-

language 
neurons 

d 

K 6 21.6 ± 6.4 18.3 ± 5.9 0.56 0.663 ± 
0.002 

0.664 ± 
0.003 

-0.092 66.5 ± 3.4 65.6 ± 3.4 0.27 

A1 20 16.3 ± 5.8 25.6 ± 
14.1 

-0.66** 0.666 ± 
0.011 

0.667 ± 
0.004 

-0.295 55.3 ± 
12.6 

62.7 ± 6.5 -1.13*** 

A2 11 19.2 ± 9.1 24.3 ± 
14.6 

-0.35 0.696 ± 
0.004 

0.691 ± 
0.005 

0.927** 47.4 ± 4.4 47.9 ± 5.3 -0.10 

A3 8 17.2 ± 
11.1 

30.0 ± 
17.1 

-0.75* 0.693 ± 
0.019 

0.690 ± 
0.006 

0.536 41.0 ± 
17.4 

49.7 ± 6.7 -1.28*** 

KN-
neuropix
el 

9 26.6 ± 3.7 28.4 ± 5.2 -0.35 0.651 ± 
0.004 

0.652 ± 
0.004 

-0.294 56.9 ± 2.6 57.6 ± 3.4 -0.19 

Pooled 54 19.3 ± 8.0 25.7 ± 
13.4 

-0.48*** 0.673 ± 
0.019 

0.673 ± 
0.015 

0.017 53.4 ± 
12.4 

57.2 ± 8.7 -0.44** 

 110 
Table Note. Values in each cell are mean ± SD.  111 
d = Cohen’s d (negative indicates cross-language neurons < non-cross-language neurons). 112 
Selectivity (K80%): percentage of words needed to explain 80% of positive cross-language correlation 113 
mass.  114 
Cluster Index: mean pairwise cosine similarity among driver words in mBERT embedding space. 115 
Participation Ratio: effective dimensionality of driver word embeddings.  116 
*p < .05, **p < .01, ***p < .001 117 
 118 

Table S2. Driver word properties of cross-language versus non-cross-language neurons 119 
(read aloud task, Study 2, word level). 120 
In the read aloud task, we performed the same driver word analysis as in Study 1 (listening). 121 
Because most results were reported at the word level, we did not extend this analysis to the phrase 122 
level. Of 73 valid neurons, 61 were classified as cross-language neurons (83.6%), leaving only 12 123 
non-cross-language neurons. 124 
Because cross-language neurons vastly outnumbered non-cross-language neurons (61 vs. 12), the 125 
bootstrap procedure was inverted: in each of 100 iterations, 12 cross-language neurons were 126 
randomly subsampled (without replacement) and compared to the fixed set of 12 non-cross-127 
language neurons. Although the cluster index differed significantly between groups, the absolute 128 
difference was negligible (Δ = 0.010), suggesting that the semantic similarity structure of driver 129 
words was virtually identical across neuron types; the statistical significance likely reflects the 130 
large effective sample size in the bootstrap rather than a meaningful biological difference. 131 

 132 
Stimu

lus 
n (cross-

language) 
Selectivity (K80%) Cluster Index (similarity) Participation Ratio 

(dimensionality) 
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Cros
s- 

Lang
uage 
neur
ons 

Non-cross-
language 
neurons 

d Cross- 
Languag

e 
neurons 

Non-cross-
language 
neurons 

d Cross- 
Language 
neurons 

Non-
cross-

language 
neurons 

d 

Word-
speech 61 17.4 

± 3.0 33.8 ± 16.4 -2.35*** 0.807 ± 
0.006 

0.797 ± 
0.004 

1.722**

* 28.4 ± 4.0 34.7 ± 5.6 -1.47*** 

 133 
Table Note. Values in each cell are mean ± SD.  134 
d = Cohen’s d (negative indicates cross-language neurons < non-cross-language neurons). 135 
Selectivity (K80%): percentage of words needed to explain 80% of positive cross-language correlation 136 
mass.  137 
Cluster Index: mean pairwise cosine similarity among driver words in mBERT embedding space. 138 
Participation Ratio: effective dimensionality of driver word embeddings.  139 
*p < .05, **p < .01, ***p < .001. 140 
 141 

 142 
Revised Method (see below) 143 
 144 
Word-level contribution analysis for cross-language neurons (Table S1 and Table S2).  145 
For each cross-language neuron in Study 1, across all stimulus sets, we decomposed the cross-146 

language Pearson correlation into per-word contributions and defined “driver words” as the minimal set 147 
accounting for 80% of the positive contribution mass. We compared across-language neurons to size-148 
matched bootstrap samples of non-across-language neurons (100 iterations per group) on three properties 149 
of these driver words: (1) selectivity (the percentage of the driver words), (2) semantic clustering (mean 150 
pairwise cosine similarity of driver word mBERT embeddings, tested against permutation null, 151 
permutation=1000, we named it as cluster index), and (3) effective dimensionality, the participation ratio 152 
(PR) of the driver words’ embedding matrix. For each neuron, we extracted the mBERT embeddings 153 
(Layer 11) of its driver words, performed PCA via singular value decomposition, and computed PR = 154 
(Σλ_i)² / Σλ_i², where λ_i are the eigenvalues. PR ranges from 1, when all variance is concentrated along 155 
a single principal axis, to the number of non-zero eigenvalues, when variance is uniformly distributed 156 
across all axes. It thus provides a continuous measure of how many independent semantic dimensions the 157 
driver words effectively span. A lower PR indicates that the driver words cluster along fewer embedding 158 
dimensions (i.e., occupy a more semantically constrained subspace), whereas a higher PR indicates that 159 
they spread across a broader range of semantic directions. To ensure a fair comparison, PR values of 160 
cross-language neurons were compared against size-matched bootstrap samples of non-cross-language 161 
neurons (100 iterations per group), so that any difference in participation ratio reflects genuine differences 162 
in the semantic geometry of driver words rather than differences in sample size. 163 

In the read aloud task, we performed the same driver word analysis as in Study 1 (listening). 164 
Because the majority of results were reported at the word level, we did not extend this analysis to the 165 
phrase level. Because cross-language neurons vastly outnumbered non-cross-language neurons (61 vs. 166 
12), the bootstrap procedure was inverted: in each of 100 iterations, 12 cross-language neurons were 167 
randomly subsampled (without replacement) and compared to the fixed set of 12 non-cross-language 168 
neurons. 169 



7 

 170 
Summary of revisions related to comment 1: 171 
(1) We renamed the “translation neurons” to “cross-language neurons” 172 
(2) We revised Abstract, Results, and Discussion to de-emphasize these neurons, and removed 173 
mention of these neurons from the Introduction. In general, we now cover these neurons more 174 
briefly in the revised Results and move on much more quickly to the geometry findings. 175 
(3) We conducted the additional analyses for driver words and listed the results in Table S1 and 176 
Table S2. We added the analysis procedure to the Methods. 177 
(4) We added one Discussion paragraph addressing the cross-language neurons  178 
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2. LLM Analysis and Implications 

I think the LLM analyses need a bit more scope and I don't think the evidence is wholly 
aligned with all of the authors interpretations. The crux is that "both the brain and mBERT 
achieve shared representational geometries (same computational goal) through similar 
algorithms (language-specific semantic readout axes)" seems only half correct. While I think 
the identification of the algorithmic basis of semantics is well founded, the paper overall is 
about translation of semantics. The neural data suggests this occurs because the geometry of 
population activity across languages is preserved despite the fact that word-by-word 
representations are quite different. The analyses presented do not demonstrate that this is 
happening in mBERT. As the authors probe deeper into mBERT layers they found that word 
representations for Spanish and English tended to converge (Fig. 3B.). This is consistent with 
the hypothesis that mBERT performs translation by mapping different languages to a shared, 
language agnostic semantic space. In this case translating through shared geometry is trivially 
true, since pushing translated words towards the same representations leads to absolutely 
equivalent geometries across language (as opposed to equivalence up to rotation).  

 179 
 180 
The reviewer here is talking about our side-by-side comparison between mBERT and 181 

the neural data. We show that both mBERT and hippocampus exhibit shared cross-language 182 
geometry at the population level. However, the reviewer points out that our data broadly suggest 183 
inconsistent single neuron tuning in the hippocampus, while mBERT shows consistent unit-level 184 
tuning. By this logic, we are wrong to imply that the brain recapitulates mBERT, at least at the 185 
neuron/unit level.  186 

 187 
We fully agree with the reviewer, and, on reflection, we think that this shows what 188 

appears to be a disjunction between the solution used by mBERT and the one used by 189 
hippocampus. In short, while both systems use a shared geometric solution, they diverge in 190 
whether this shared geometry is a direct consequence of the underlying abstract tuning of the 191 
units (mBERT) or whether it occurs despite a lack of alignment at the neuron level 192 
(hippocampus).  193 

 194 
In other words: mBERT solves the problem of translation by building out a bank of 195 

translation units (equivalent to what we now call our cross-language neurons), while the brain 196 
does it (for the most part) without relying on any specialized cross-language neurons (see 197 
above). We now make this clear in the following new text added to the revised Discussion: 198 

 199 
We also consider the relationship between mBERT and the brain. At the population level, the 200 

representational geometry of mBERT (layers 9-11; Figure S2A-S2C) resembles that of the hippocampus. 201 
Both represent words as high-dimensional vectors with linearly decodable structure and exhibit cross-202 
language geometric alignment in which translation equivalents occupy similar relative positions (Devlin 203 
et al., 2019; Pires et al., 2019; Wu et al., 2022). Importantly, this alignment is layer-selective: brain-204 
mBERT correlations were negative in early layers, shifted positive around layers 4-6, and peaked in 205 
layers 9-11 (Figure S2), indicating that the hippocampus aligns specifically with higher semantic layers 206 
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rather than mBERT’s full hierarchy. Both systems achieve shared geometry through language-specific 207 
subspaces constructed from overlapping populations (neurons in the brain, embedding dimensions in 208 
mBERT; Figure S4), though mBERT’s cross-language subspace alignment far exceeds that observed in 209 
the brain at every layer. At the single-unit level, a fundamental difference emerges: the vast majority of 210 
‘units’ are cross-language correlated units, 100% units of higher layers of mBERT (>=layer 6) are cross-211 
language correlated units (Table S5). Meanwhile, neurons with similar tuning functions (“cross-language 212 
neurons”) are rare in our dataset (5.2%-19.4%, but 83.6% in speech production only). What might 213 
account for this difference? One potential reason is a scale mismatch: mBERT similarities are computed 214 
over thousands of dimensions that average across many representational factors, whereas a single neuron 215 
may reflect a narrow, idiosyncratic subset of features. A second possibility is that mBERT is partly driven 216 
by surface form regularities—shared subword structure, orthography, and distributional cues (for 217 
example, “universe” and “universo”) whereas neurons in semantic regions may be more strictly organized 218 
around conceptual content. Finally, there may be a deeper representational difference: mBERT encodings 219 
are relatively linear and factorized, so related words align in clean vector subspaces, whereas neural codes 220 
may be more curved, multi-lobed, and context-dependent (Perich et al., 2025). 221 
 222 

This is also partly borne out by the analysis in Fig. 5c. where the authors correctly point out 
across vs. within language semantic subspace alignment is significantly different in both 
hippocampus and mBERT, but fail to mention that the absolute alignment in mBERT is vastly 
larger than values observed in the brain. 

 223 
 224 

First we apologize that we did not make this point clearer. We do so now in the revised 225 
text.  226 

 227 
“Despite the similar semantic geometry, the manifold constructed from semantic axes for English 228 

and Spanish were less aligned than the within-language subspaces both for mBERT (K, A1, A2, A3, KN, 229 
speech-word, all p<0.001) and hippocampus (K, A1, A2, A3, speech-word, all p<0.001; KN-Neuropixel, 230 
p>0.05, Figure 6C). But the absolute across-language subspace alignment value in mBERT is 231 
substantially larger than values (both within and across-language subspace alignment) observed in the 232 
brain (Figure S4A). ” 233 

 234 
Moreover, the reviewer’s larger point is true: mBERT and the brain are not identical, 235 

especially at the neuron level, and this is worth noting. The paragraph added to the Discussion 236 
(see previous response) now makes this point clearly. 237 
 238 

Taking the layer with maximum across language similarity seems like a reasonable thing to do 
for the brain-machine alignment in Fig. 4. and the regression analyses presented in Fig. 3. But 
again, using this layer as a model for how the hippocampus represents semantics seems 
doomed from the start precisely because these regression analyses show that across 
language word representations in the brain are not similar.  
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In summary, mBERT is used well as an analysis tool to establish facts about the semantic 
space, but the authors have yet to demonstrate that it is a good model of translation based on 
the evidence presented. 

 239 
The reviewer makes a key distinction - while mBERT is a good tool for investigating the 240 

brain, our original manuscript was not careful enough in accounting for differences between 241 
mBERT and the brain in how translation is implemented. In particular, as discussed above, 242 
there appears to be a qualitative difference between what is going on at the unit level, even if 243 
the population / geometric level is similar. We now have revised the manuscript to emphasize 244 
this point. In particular, the following paragraph in the Discussion deals directly with this 245 
question: 246 
  247 

We also consider the relationship between mBERT and the brain. At the population level, the 248 
representational geometry of mBERT (layers 9-11; Figure S2A-S2C) resembles that of the hippocampus. 249 
Both represent words as high-dimensional vectors with linearly decodable structure and exhibit cross-250 
language geometric alignment in which translation equivalents occupy similar relative positions (Devlin 251 
et al., 2019; Pires et al., 2019; Wu et al., 2022). Importantly, this alignment is layer-selective: brain-252 
mBERT correlations were negative in early layers, shifted positive around layers 4-6, and peaked in 253 
layers 9-11 (Figure S2), indicating that the hippocampus aligns specifically with higher semantic layers 254 
rather than mBERT’s full hierarchy. Both systems achieve shared geometry through language-specific 255 
subspaces constructed from overlapping populations (neurons in the brain, embedding dimensions in 256 
mBERT; Figure S4), though mBERT’s cross-language subspace alignment far exceeds that observed in 257 
the brain at every layer. At the single-unit level, a fundamental difference emerges: the vast majority of 258 
‘units’ are cross-language correlated units, 100% units of higher layers of mBERT (>=layer 6) are cross-259 
language correlated units (Table S5). Meanwhile, neurons with similar tuning functions (“cross-language 260 
neurons”) are rare in our dataset (5.2%-19.4%, but 83.6% in speech production only). What might 261 
account for this difference? One potential reason is a scale mismatch: mBERT similarities are computed 262 
over thousands of dimensions that average across many representational factors, whereas a single neuron 263 
may reflect a narrow, idiosyncratic subset of features. A second possibility is that mBERT is partly driven 264 
by surface form regularities—shared subword structure, orthography, and distributional cues (for 265 
example, “universe” and “universo”) whereas neurons in semantic regions may be more strictly organized 266 
around conceptual content. Finally, there may be a deeper representational difference: mBERT encodings 267 
are relatively linear and factorized, so related words align in clean vector subspaces, whereas neural codes 268 
may be more curved, multi-lobed, and context-dependent (Perich et al., 2025). 269 
 270 

We revised Figure 6 to remove the claim “brain-machine similarity”, as well as the Figure 271 
caption. 272 

revised Figure 6: 273 
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 274 
 275 

The clear question based on these observations is whether or not the earlier layers in 
mBERT, which exhibit lower word representation correlations, also exhibit the same 
geometries across languages. It would be nice if the authors repeated some of the analyses in 
Fig. 5 for earlier layers in mBERT to establish this fact either way. To be clear either result 
would be a valuable contribution. Even if mBERT doesn't exhibit these computational 
features, it would clearly suggest two valid schemes for translation (across language 
representational convergence in mBERT, and rotational equivalence in the hippocampus), 
and future theoretical and complimentary language experiments might adjudicate the 
advantages of each. 

 276 
The reviewer helpfully suggests a new analysis that can help us get a handle on these 277 

issues: examination of the lower layers of mBERT. 278 
We have now performed these analyses. In summary: 279 
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1. At the single-unit level: in mBERT, the vast majority of ‘units’ are cross-language 280 
correlated units. And essentially all units of higher layers of mBERT (>=layer 6) 281 
are cross-language correlated units 282 

2. At the population level, neural and semantic geometry (mBERT) aligned well in 283 
higher layers 9-11. 284 

3. mBERT’s cross-language subspace alignment at every layer far exceeds that 285 
observed in the brain 286 

 287 
In detail: 288 
 289 
We conducted three analyses to better understand the features of lower layers of 290 

mBERT. 291 
 292 

1. At the single-unit level: in mBERT, the vast majority of ‘units’ are cross-language 293 
correlated units. All units of higher layers of mBERT (>=layer 6) are cross-language 294 
correlated units (see Table S5). 295 
 296 
Table S5 297 
 298 

  299 

As described above, this is very different from how the brain works, where such units are 300 
rare. 301 
 302 

2. The hippocampal populational geometry aligns well with mBERT semantic geometry in 303 
layers 9-11. 304 
 305 

 We repeated the brain-mBERT RSA (Figure 4) across all 13 mBERT layers (layers 0-12) 306 
for each stimulus set. Across all five stimulus sets (K, A1, A2, A3, and KN) in Study 1, speech 307 
production (word-level; Study 2) as well as the conversation task (Study3), the correlation 308 
between neural and semantic RDMs was negative in layers 0-1, progressively shifted toward 309 
positive values around layers 4-6, and peaked with statistical significance in layers 9-11. This 310 
trajectory mirrors the known progression from subword tokenization to contextualized semantic 311 
representations in transformer architectures (Figure S2, see below). 312 

Layer K A1 A2 A3 KN Speech-word 

layer0 99.7% 99.5% 97.3% 97.0% 99.2% 83.1% 

layer1 99.9% 100% 99.2% 100% 99.9% 90.4% 
layer2 100% 100% 100% 100% 100% 94.1% 
layer3 100% 100% 100% 100% 100% 97.8% 
layer4 100% 100% 100% 100% 100% 99.5% 
layer5 100% 100% 100% 100% 100% 99.7% 
>=layer6 100% 100% 100% 100% 100% 100% 



13 

 313 
Figure S2. Brain-mBERT alignment at each mBERT layer. 314 
We repeated the brain-mBERT alignment analyses (Figure 4) across all 13 mBERT layers (layers 0-12) 315 
for each stimulus set. Across all five stimulus sets (K, A1, A2, A3, and KN) in Study1, speech production 316 
(word-level) in Study 2,  as well as the conversation task in Study 3, the correlation between neural and 317 
semantic RDMs was negative in layers 0-1, progressively shifted toward positive values around layers 4-318 
6, and peaked with statistical significance in layers 9-11.  319 
*p < .05, **p < .01, ***p < .001, permutation test (1000 iterations). 320 
Related to Figure 4. 321 
 322 
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3. Across all mBERT layers, the mBERT semantic geometry is similar between English and 323 
Spanish with rotated subspaces. 324 

 325 
We repeated the subspace alignment analyses (Figure 6) across all 13 mBERT layers 326 

using stimulus set K (3457 words). Cross-language subspace alignment was significantly lower 327 
than within-language alignment at every layer (all p < 0.001; Figure S4A), confirming that 328 
English and Spanish semantic subspaces are consistently rotated relative to each other 329 
throughout the model hierarchy. Meanwhile, per-neuron participation correlations between 330 
languages were significantly positive across all layers (all p < 0.001; Figure S4B), with the 331 
strongest correlations emerging in higher layers (layers 5-12, Spearman rho > 0.8).  332 

 333 

 334 
Figure S4. Cross-language subspace alignment and “neuron” participation in subspace 335 
construction at every layer of mBERT. 336 
(A) Cross-language subspace alignment (using stimulus set K as an example) is significantly smaller than 337 
within-language half-split baselines at every layer of mBERT.  338 
(B) If we treated the embedding dimension of mBERT as a neuron, the per-artificial neuron participation 339 
strength in the top subspace (explaining > 95 % variance) was highly correlated between languages (all 340 
rho>0.650, all p<0.001) at every layer of mBERT, showing that mBERT utilized the same “hardware” to 341 
construct language-specific semantic readout axes to achieve the shared meaning. 342 
*p < .05, **p < .01, ***p < .001, permutation test (1000 iterations) 343 
Related to Figure 6. 344 
 345 
 346 
Summary of revisions related to comment 2 347 
(1) We revised the Results Section related to Figure 6 348 



15 

(2) We revised Figure 6 to remove the claim “brain-machine similarity”, as well as the Figure 349 
caption. 350 
(3) We added Supplemental Figure S2 and Figure S4. 351 
(4) We added one Discussion paragraph to discuss the relationships between mBERT and 352 
hippocampus for across-language representation.  353 
 354 

3. More Global Measures of Rotation 

The ability to predict translated word representations via the Procrustes analysis as presented 
in Fig. 6 G-H is persuasive, and gives strong validation to the rotated geometry picture 
presented throughout the paper. However, it left me wanting some more global measures of 
how cleanly the semantic space as a whole rotates from one language to another. 
 
As a start, it would be nice to see how the prediction accuracy for target word representation 
changes based on which neighboring words are selected. The authors might plot prediction 
accuracy as a function of the nearness of the 5 anchor words (accuracy for the 5 nearest as 
shown, but also for the 2th-6th nearest as anchors, the 3rd-7th, and sliding the window 
onwards). This would be a quick way to show how local truly rotational translation is.  

 355 
The reviewer asks a fascinating question about whether geometric rotations are global 356 

or local and suggests a method for testing this idea. We agree that this question is important 357 
and we have now implemented the suggestion. In short, our new results support the global 358 
hypothesis. 359 

 360 
In the original analysis, the target word was included in the local neighborhood used to 361 

estimate the Procrustes transformation. Our intention was to test whether local neighborhoods 362 
are geometrically alignable across languages, using the target as part of that local structure. 363 
However, we acknowledge that describing this as “prediction” was misleading, since the target 364 
contributed to fitting its own transformation. We apologize for the lack of clarity and have revised 365 
the analysis accordingly. 366 

 367 
In the revised analysis, we explicitly exclude the target word from the anchor 368 

neighborhood, so the rotation is learned entirely from neighboring words and then applied to 369 
predict the held-out target; and we test predictions for all words in the vocabulary rather than a 370 
random subsample.  371 

 372 
 We first systematically determine the optimal number of anchor words by systematically 373 
varying K from 3 to 100. For each target word, we identified its k nearest semantic neighbors in 374 
English neural space (excluding the target itself), learned a local Procrustes rotation from these 375 
anchor pairs, and evaluated prediction accuracy on the held-out target. Then we apply the 376 
sliding window to see the prediction accuracy change. While Reviewer 1 did not specifically 377 
request these changes, they clearly are in line with the spirit of the reviewer’s request. We then 378 
performed the specific analyses suggested by the reviewer. 379 

 380 
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We revised the Results for Figure 5: 381 
 382 

“To test whether preserved semantic structure could support single-word neural 383 
prediction, we used local Procrustes alignment (Figure 5G, Methods). For each target word, we 384 
identified its k nearest neighbors in English neural space (excluding the target itself for held-out 385 
prediction aim), learned a rotation matrix from these neighbors’ cross-language response pairs, 386 
and predicted the target’s Spanish response. Prediction accuracy was quantified as angular error 387 
between predicted and actual vectors. We optimized anchor size (k = 15-19 across datasets; 388 
Figure S3A) and found median angular errors of 30-61° for listening and word-speech tasks (see 389 
example for stimulus set K in Figure 5H, all results see Figure S3E), significantly exceeding null 390 
(all p < 0.001). Sliding window analysis showed that even distant neighbors (positions 50-100) 391 
predicted nearly as well as the nearest neighbors (<1° decay), indicating a near-global rather than 392 
strictly local transformation (Figure S3B & C)…” 393 

 394 
Revised Figure 5G-J: 395 

 396 
 397 

 398 
 399 

Figure S3-A-B-C: 400 
 401 
 402 
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 403 
 404 
Figure S3. Extended results for local geometric structure enables cross-language prediction 405 
(A) Optimal anchor size. Mean cosine similarity between predicted and actual Spanish neural 406 
response vectors as a function of anchor set size (k = 3-100). Purple line shows observed 407 
prediction accuracy (±SEM); black dashed line shows null distribution mean with ±2 SD band 408 
(gray shading). Black dots indicate anchor sizes where null was explicitly computed (1000 409 
permutations). Large purple dot marks optimal k for each dataset. Prediction accuracy peaks at k 410 
= 15-19 depending on dataset and remains stable across anchor sizes. The high null baseline 411 
reflects shared global covariance between the two neural spaces; the consistent observed 412 
advantage above null reflects the additional precision gained from true semantic correspondence. 413 
(B) Sliding window analysis. Mean cosine similarity as a function of window start position at 414 
optimal k. Position 1 uses neighbors ranked 1-k; position n uses neighbors ranked n to n+k-1. 415 
Accuracy decays by less than 1° across 100 window positions and remains far above null 416 
throughout, indicating the cross-linguistic transformation approximates a near-global rotation 417 
rather than a strictly local one. 418 
(C) Per-word sliding window trajectories. Individual word trajectories across window positions. 419 
Near-horizontal profiles indicate gradual decay; absence of clustered sharp drops suggests no 420 
discrete neighborhood boundaries. 421 
 422 
We added the analysis description to Method: 423 
 424 
Local geometric cross-language prediction (Figure 5G-J) 425 

To test whether preserved semantic geometry could support single-word neural decoding 426 
across languages, we implemented a local Procrustes alignment approach. All neural firing rate 427 
vectors were L2-normalized to unit length, which ensures that prediction accuracy reflects 428 
directional alignment in neural state space rather than differences in firing rate magnitude. 429 
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Anchor size optimization. We first determined the optimal number of anchor words by 430 
systematically varying K from 3 to 100. For each target word, we identified its k nearest semantic 431 
neighbors in English neural space (excluding the target itself), learned a local Procrustes rotation 432 
from these anchor pairs, and evaluated prediction accuracy on the held-out target.  433 

Held-out prediction. For each target word with English response vector , we 434 
identified its nearest K semantic neighbors (K was the optimal anchor size from above analysis 435 
step) in English neural space using cosine distance (explicitly excluding the target word itself), 436 
then extracted these neighbors’ responses in both languages to form matrices  (English, 437 

) and  (Spanish, ). After centering both matrices by subtracting 438 
column means (  and ), we computed the cross-covariance matrix 439 

 and performed singular value decomposition 440 
. The optimal orthogonal rotation matrix was obtained as , and the 441 

predicted Spanish response was computed as , then L2-442 
normalized to unit length. Prediction accuracy was quantified as cosine similarity and angular 443 
error  in degrees (arccos of cosine similarity). 444 

Statistical significance. We tested predictions for all words in each dataset (datasets with 445 
matched English-Spanish words, including all stimulus sets in Study 1 and words from short 446 
phrases in Study 2). Statistical significance was assessed against 1000 null permutations where 447 
we (1) randomly shuffled English-Spanish word pairings using derangement (ensuring no correct 448 
translations), (2) randomly selected Spanish prediction targets, and (3) used randomly selected 449 
words (excluding the target) rather than true nearest neighbors as anchors for learning rotation 450 
matrix Q, thereby destroying both semantic correspondence and neighborhood structure while 451 
preserving neural response distributions. P-values were computed as the proportion of null means 452 
achieving equal or greater accuracy than the observed mean. 453 

Sliding window analysis. To test whether the cross-linguistic rotation is local or global, 454 
we applied a sliding window approach. Instead of using the fixed nearest neighbors (positions 1 455 
to K, where K represents the optimal anchor size), we shifted the window to use progressively 456 
more distant neighbors (for example, if K=17, then we have positions 2-18, 3-19, ..., up to 457 
positions 84-100). If the rotation were strictly local, prediction accuracy should decay sharply 458 
beyond the immediate neighborhood. 459 

  460 
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 461 
 462 

I would also suggest using a method which can determine the extent to which decaying 
accuracy is gradual or sharp (averaging over all word predictions would smooth potentially 
sharp drops in prediction accuracies for individual words), as sudden decays in accuracy 
would be indicative of a definitive local semantic neighborhood where rotations are valid. 

 463 
To address the reviewer’s specific concern about whether averaging across words might 464 

mask sharp drops for individual words, we examined per-word sliding window trajectories. The 465 
evidence uniformly supports gradual rather than sharp decay (see revised Figure S3C below). 466 

First, the total per-word change was negligible: for each word, we fit a linear slope to its 467 
cosine similarity across the 50 sliding windows. The mean slope was -0.00016 per window, 468 
corresponding to a total decline of only Δ = 0.009 cosine similarity (< 1°) across the full range of 469 
neighborhood distances. Second, the largest single-step fluctuations for individual words 470 
showed no consistent boundary: the positions of maximum drops were broadly scattered across 471 
all window positions (mean position = 26.1 out of 49, SD = 14.1), closely matching the 472 
theoretical expectation of a uniform distribution (mean = 25.0, SD = 14.1). If definitive local 473 
neighborhoods existed, we would expect drops to cluster at a consistent distance; instead, the 474 
results suggest stochastic fluctuation rather than systematic boundary crossings.  475 

 476 
 477 
Figure S3C 478 

 479 
Figure S3 480 
(C) Per-word sliding window trajectories. Individual word trajectories across window positions. Near-481 
horizontal profiles indicate gradual decay; absence of clustered sharp drops suggests no discrete 482 
neighborhood boundaries. 483 
 484 
 485 
We added the analysis to the Method accordingly. 486 

 487 
Per-word trajectory analysis. To determine whether accuracy decay was gradual or sharp 488 

at the individual word level, we computed sliding window trajectories for each word separately. 489 
For each word, we calculated: (1) the overall slope of accuracy versus window position, and (2) 490 
the maximum single-step drop across adjacent windows. Sharp drops were defined as single-step 491 
decreases exceeding 2 standard deviations below the mean derivative across all words and 492 
windows. 493 

 494 
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 495 

Even keeping the the 5 closest words as anchors, it would be interesting to see how the 
absolute closeness of the anchors effects accuracy (i.e. prediction accuracy as a function of 
the mean proximity of the 5 anchors). It may be that extremely tight clusters over synonyms 
(e.g. happy, elated, overjoyed…) have less coherence then clusters with conceptual structure 
(e.g. car, plane, train, bus…). 

 496 
The reviewer asked a very insightful question. We did this investigation, and the results 497 

clearly supported the reviewer’s intuition.  498 
First, words embedded in coherent, tight neighborhoods, where neighbors are similar to 499 

each other, are predicted most accurately. Words in sparse or irregular regions of the neural 500 
space are predicted least accurately (Figure S3D). 501 

 502 
Figure S3D 503 

 504 
 505 
Figure S3. 506 
(D) Neighborhood tightness predicts accuracy. Relationship between neighbor-cluster tightness (mean 507 
pairwise neural cosine similarity among k anchors) and prediction accuracy for each word. Strong 508 
positive correlations (Spearman rho = 0.37-0.59, all p < 0.001) indicate that words in tighter, more 509 
coherent neighborhoods are predicted more accurately. 510 
 511 

We also did this analysis based on the pairwise semantic cosine similarity (original 512 
mBERT embedding space), the conclusions are the same (Spearman rho = 0.20-0.38, all p < 513 
0.001). 514 
 515 

Second, we found that a more structurally rich organization would perform held-out 516 
prediction better. We computed the effective dimensionality (participation ratio from PCA) of 517 
each anchor set. The effective dimensionality reflects the geometric structure of the local 518 
neighborhood: low values indicate redundant anchors that span a low-dimensional neural 519 
subspace, while high values indicate structured anchors that span multiple dimensions. This 520 
metric allowed us to test the hypothesis that highly structured neighborhoods might predict 521 
better than redundant ones (Figure 5I-5J). 522 
 523 
Figure 5I-5J 524 
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 525 
 526 

We revised the Results (for Figure 5) as: 527 
 528 
“…We further found that the neighbor-cluster tightness strongly predicted accuracy 529 

(Spearman rho= 0.37-0.59; Figure S3D). Most importantly, higher effective dimensionality of 530 
anchor sets, indicating rich structured rather than redundant neighborhoods (Figure 5I), was 531 
associated with better prediction (Spearman rho = 0.09-0.31, all p<0.001; Figure 5J). This aligns 532 
with work showing that high-dimensional neural geometry supports cross-condition 533 
generalization (Fusi et al., 2016; Bernardi et al., 2020). Structured neighborhoods spanning 534 
multiple neural dimensions provide richer geometric constraints for estimating the rotation, 535 
enabling better generalization to held-out words than redundant low-dimensional clusters…” 536 

 537 
We added the analysis to the Method accordingly. 538 

Local geometry features. To examine what properties of local neighborhoods predict 539 
accuracy, we computed two metrics for each target word at optimal K (neighbors at positions 1 to 540 
k, excluding the target itself): (1) neighbor-cluster tightness, defined as the mean pairwise neural 541 
cosine similarity among the K neighbors. (2) The effective dimensionality of each anchor set 542 
using the participation ratio from PCA on the centered anchor matrix. The effective 543 
dimensionality reflects the neural geometric structure of the local neighborhood: low values 544 
indicate redundant anchors that span a low-dimensional neural subspace, while high values 545 
indicate structured anchors that span multiple dimensions. This metric allowed us to test the 546 
hypothesis that highly structured neighborhoods might predict better than redundant ones. 547 
 548 

 549 
Summary of revisions related to comment 3 550 
(1) We conducted additional analyses including anchor size optimization, sliding window 551 
analysis, per-word sliding window trajectories, neighbor-cluster tightness, and anchor set 552 
effective dimensionality. 553 
(2) We revised the Results Section related to Figure 5 554 
(3) We revised Figure 5H and added Figure 5I and Figure 5J. 555 
(4) We added Supplemental Figure S3. 556 
(5) We added the analysis procedures to the Methods. 557 
 558 
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 559 
 560 

Minor Issues 

It's tempting to reach for the cognitive maps analogy in the discussion but I wasn't totally 
convinced by this. The results aren't really a semantic place code, nor do they represent an 
invariant semantic basis as grid cells do for space. 

 561 
Given that this was speculation, and given the reviewer’s concerns, we have removed 562 

this paragraph from the Discussion.  563 
 564 

I found the arrow pointing from Fig 4F. to G. a bit confusing because in F the graphic talks 
about spearman correlation and then G talks about pairwise distances. It's eventually clear 
what's happening if one follows the text closely but I feel like the graphic only confuses things 
as is. 

 565 
We have revised this figure and its related figure caption for clarity. First, we removed 566 

the confusing arrow. And we added the results from speech production (word level, from Study 567 
2: Read Aloud task) based on Reviewer #2’s comments, where we used mBERT to extract the 568 
embeddings for the words in phrase, therefore the results from all studies can be comparable. 569 
Lastly, we explicitly labeled the correlation with rho (Spearman correlation, to avoid possible 570 
confusion with Pearson correlation r). 571 

The revised Figure 4 is reproduced below.  572 
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 573 
 574 
 575 
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Fig. 5H. should be fleshed out a bit more. It's not clear that the angles shown are an average 
over many words and we have no idea about the spread of prediction accuracies across 
words based on this graphic. 

 576 
We have revised Figure 5H for clarity. The revised figure is reproduced here. Also see 577 

Figure S3E for more details for every dataset with matched English-Spanish words. 578 
 579 
Figure 5H: 580 

 581 
 582 
Figure S3E: 583 

 584 
 585 
 586 

In addition to Fig 3F. it would be nice to have a summary plot of the degree of misalignment in 
beta coefficients across all words. 

 587 
We thank the reviewer for this suggestion. We now provide the requested summary in 588 

Figure S1.  589 
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For each neuron, we fit a ridge regression model where the firing rate across all words is 590 
predicted by the 100 principal components of semantic embeddings. This yields a single 100-591 
dimensional tuning vector (beta coefficients) per neuron per language, representing that 592 
neuron’s sensitivity to different semantic features. 593 
 To provide a more comprehensive summary, we now include Figure S1 (see below), 594 
which displays the distribution of cross-language tuning similarity (Pearson correlation between 595 
English and Spanish tuning vectors) across all neurons for each study.  596 
  597 

 598 
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Figure S1. The distribution of cross-language tuning similarity (Pearson correlation 599 
between English and Spanish tuning vectors) across all neurons for each study.  600 
Related to Figure 3. 601 
  602 
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Reviewer #2  603 
 604 

General remarks 

Yan and colleagues use a novel recording technique (neurons in humans) to characterize 
semantic representation of a novel population (bilingual speakers of English and Spanish). 
Specifically, they had 4 subjects complete up to three distinct tasks in both English and 
Spanish: a listening task, a reading aloud task, and a naturalistic conversation task while 
neurons were recorded from their hippocampus either in the epilepsy monitoring unit or during 
resective surgery. The authors compare the firing properties of neurons during both 
languages. 
Overall, they find that there is a small amount of overlap between neuronal firing for 
words/phrases that mean the same thing in both languages, but that the patterns of 
population activity as differences between word pairs are maintained. Further, the authors 
show similar results in the activation patterns of an LLM (mBERT), suggesting similarities in 
how information is represented in both brains and LLMs. 
Overall, this is a very interesting study that records from a very novel population. I have some 
questions/concerns listed below. 

 605 
We thank the reviewer for these kind and supportive words, below, we provide a point-606 

by-point response to concerns raised. 607 
 608 

1. In general, it would be helpful to motivate the behavior a bit more clearly: Why is it 
important to not have a completely separate or completely overlapping semantic space? What 
is the behavioral evidence against these positions? How does the neural encoding shown 
here support this view? 

 609 
We appreciate the opportunity to add additional clarification on this core conceptual 610 

aspect of our paper.  611 
 612 
In short:  613 
 614 

● The value of having some overlap between semantic spaces is the ability to 615 
translate.  616 

● The value of having some difference between semantic spaces is the ability to 617 
use a language appropriate to a situation, and to remain stably in that language. 618 

 619 
For example, a bilingual speaker needs to conjure up a particular word based on its 620 

meaning, but also to do so in the language appropriate for the circumstance. When speaking 621 
with Spanish-speaking friends, they would need to conjure the word “hermana” and with 622 
English-speaking friends they need to conjure the word “sister.” Thus, while the words may have 623 
identical (or nearly identical) meanings, the circumstances where a particular word is 624 
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appropriate are different. But if the semantic space is fully identical, with identical readouts, then 625 
there is no principled way to differentiate them. 626 

 627 
So the encoding problem is that the brain needs BOTH at the same time: (1) 628 

translability, (2) context-specificity. Matched geometry with orthogonal readout axes is a 629 
straightforward way to solve this problem. 630 

 631 
We have now added the following paragraph to the Discussion to clarify this important 632 

point: 633 
 634 
How geometry provides simultaneous shared meaning and language-specific readout. Bilinguals 635 
need to resolve a control problem that monolinguals do not face: they must not only select a word 636 
that matches their intended meaning but also select between available equivalent words in 637 
different languages. That is, a bilingual speaker who wants to order a glass of water may choose a 638 
different equivalent term in El Paso and Ciudad Juárez. That may feel effortless, but it requires a 639 
specialized representational scheme that allows for simultaneous, readout-dependent semantic 640 
coding, while also allowing for translatability. In other words, bilingual representations are a 641 
manifestation of a broader category of generalization/differentiation problems. The need for 642 
simultaneous generalization and differentiation is one that is difficult to solve with single neurons 643 
but that is readily solved with population codes (Barak et al., 2013; Bernardi et al., 2020; 644 
Johnston et al., 2024; Libby & Buschman, 2021; Tang et al., 2020; Tian et al., 2024; Xie et al., 645 
2022). We speculate that language context (provided by surrounding words, interlocutor cues, 646 
and even general knowledge) could gate which readout axes’ rotation is active (Rigotti et al., 647 
2013).  648 

 649 

2. The first sentence of the abstract is grammatically incorrect: "We can understand and 
express similar concepts in multiple languages. To understand how it does so, …" 

 650 
Fixed. Now the first sentence of abstract is: 651 
 652 
“The human brain has the remarkable ability to comprehend and express similar concepts in 653 
multiple languages.” 654 

 655 

3. I am not sure that 'translation neurons' is the right term for what you show. I think they are 
in fact more akin to semantic neurons. While the authors point out that the firing patterns are 
not entirely identical, it is unclear if this is a fair benchmark. I think that in order to show that 
these are 'translation' neurons, you would have to add an actual translation task (hear 
language 1, say language 2), which would be super interesting but also probably beyond the 
scope of this work. 

 656 
 657 

Reviewers 1 and 2 both raised similar concerns about both our presentation of these 658 
neurons and the name we chose for them. In the revised version, we term “cross-language 659 
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neurons”. Following both reviewers’ suggestions, we have also put extra work into explaining 660 
what these neurons do and do not account for. In short, we now make it clearer that the bulk 661 
of the brain’s translation capacity comes from shared geometry, not from special 662 
neurons. We do this through revisions to the Abstract, Introduction (where we now do not 663 
discuss them), Results (where we greatly shorten this section, to de-emphasize them), and 664 
Discussion, where we now discuss this this way: 665 

 666 
Cross-language neurons. We identify a new class of what we call “cross-language neurons,” 667 

whose responses to co-translated words are correlated. Such neurons would have similar responses to, for 668 
example, “maybe” and “quizás.” These neurons may contribute to translation; however, they do not play 669 
an essential, or even a major role: even when we exclude them from our analysis, cross-language 670 
semantic geometry is robustly maintained (Table S3). Moreover, while their tuning functions are more 671 
aligned than other neurons, they are not perfectly aligned, indicating that they are not simply amodal 672 
conceptual representations. Consistent with this, their response fields span multiple semantic categories 673 
(e.g., Figure 2C), which differentiates them from the canonical amodal concept-related neurons, concept 674 
cells (Quian Quiroga et al., 2005; Quian Quiroga, 2012). Word-level decomposition confirms that their 675 
cross-language correlations are driven by a relatively sparse subset of words. These words are constrained 676 
along fewer latent semantic axes in mBERT space than other neurons which did not show cross-language 677 
correlation (Table S1-S2). We speculate that they may be the extreme end of a larger distribution of 678 
neurons whose shared population-level geometry contributes to translation. 679 
 680 

4. Lines 64-65: "However, these findings do not tell us how the brain matches corresponding 
concepts between languages while simultaneously maintaining a functional separation." I 
would like to know more about this functional separation? What is the purpose here? What 
would happen if the semantic maps for each language were the same? Or perhaps, how are 
they not the same behaviorally? 

 681 
This comment raises a similar point to Comment 1. In short, the functional separation is 682 

derived from the rotation in the embedding geometry. Our data do not directly tell us why the 683 
embedding geometry is rotated, but the literature on coding geometry provides a strong 684 
suggestion: geometric rotation often serves a gating function. In this case, speakers need to 685 
select not just a word that has a meaning, but a word that is appropriate to the current context. If 686 
a speaker is talking to their American friends or their Mexican friends, they may conjure different 687 
words with the same meaning. And selecting the right word requires linguistic gating. We have 688 
added the following paragraph to the Discussion to clarify this point: 689 

 690 
How geometry provides simultaneous shared meaning and language-specific readout. Bilinguals 691 
need to resolve a control problem that monolinguals do not face: they must not only select a word 692 
that matches their intended meaning but also select between available equivalent words in 693 
different languages. That is, a bilingual speaker who wants to order a glass of water may choose a 694 
different equivalent term in El Paso and Ciudad Juárez. That may feel effortless, but it requires a 695 
specialized representational scheme that allows for simultaneous, readout-dependent semantic 696 
coding, while also allowing for translatability. In other words, bilingual representations are a 697 
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manifestation of a broader category of generalization/differentiation problems. The need for 698 
simultaneous generalization and differentiation is one that is difficult to solve with single neurons 699 
but that is readily solved with population codes (Barak et al., 2013; Bernardi et al., 2020; 700 
Johnston et al., 2024; Libby & Buschman, 2021; Tang et al., 2020; Tian et al., 2024; Xie et al., 701 
2022). We speculate that language context (provided by surrounding words, interlocutor cues, 702 
and even general knowledge) could gate which readout axes’ rotation is active (Rigotti et al., 703 
2013).  704 

 705 

5. Lines 75-88: What brain regions were used in the cited works? This would be important to 
situate and motivate the current study. 

 706 
These studies focus on classic language regions on the lateral surface of the cerebral 707 

cortex. In other words, not the hippocampus. 708 
 709 
There are two reasons why the hippocampus has generally been ignored: (1) these 710 

lateral areas are well-established regions for language, so there is a bias towards studying 711 
them, and (2) the hippocampus is tricky to image due to well-known susceptibility artifacts and 712 
its structural anatomy, so it is often bypassed. Nonetheless, the close association of the 713 
hippocampus with conceptual representation provides a strong motivation for studying it in this 714 
translation study, which is focused on cross-modal conceptual representation. 715 

 716 
In any case, we have added the following sentence to the revised Introduction: 717 
 718 
Regions that elicit overlapping responses include classic language regions, such as the inferior 719 
frontal gyrus (IFG) and posterior temporal cortex, as well as several others not as closely 720 
associated with language.  721 
 722 
And this text into the revised Introduction: 723 
 724 
The hippocampus has often been ignored in language research, in part due to difficulty imaging 725 
it; however, our laboratory has demonstrated that single neurons in the hippocampus track 726 
meanings of words during both listening and monolingual speech production 727 

 728 

6. The authors use the words language and meaning/semantics interchangeably. I presume 
they are focused on the latter (i.e. if you presented pictures the space would be the same)? If 
so, this should be clarified and the usage of the term language should be reserved for the 
appropriate context in the manuscript. 

 729 
We apologize for this. We have now revised the manuscript to ensure consistent correct 730 

usage of these terms. 731 
 732 
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7. Lines 141-142: How would the removal of the anterior temporal lobe affect semantic 
processing in the hippocampus (for the neuropixel recordings)? This is especially important 
given the role for semantics in the ventral temporal stream. 

 733 
The reviewer raises a fascinating question. As the reviewer correctly notes, our 734 

Neuropixel recordings (n=1 patient) occurred in the hippocampus following the resection of the 735 
anterior temporal lobe. That in turn raises questions about whether semantic processing is 736 
modified. Perhaps surprisingly, the answer seems likely to be no. We have another manuscript 737 
about this, with several more patients, using English speech only (Katlowitz et al., 2025). 738 

 739 
https://www.biorxiv.org/content/10.1101/2025.04.09.648012v1.full 740 
 741 
 In that manuscript, we show strong quantitative overlap between semantic encoding in 742 

awake and anesthetized patients. The key figure (Figure 4 in that paper) is reproduced below 743 
for convenience. In this figure, the pink data refers to the awake patients while the other colors 744 
refer to anesthetized. Overall, these two datasets overlap surprisingly closely.  745 
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 746 
 747 
Moreover, our results collected here show a similar pattern. We find very little difference 748 

between the codes for semantics in the awake patients and the resected (and anesthetized) 749 
patient. In any case, we have added the following new text to the revised Discussion (in the 750 
paragraph on Limitations of the Study):  751 

 752 
“Finally, some of our data come from an anesthetized patient whose anterior temporal lobe had 753 

been resected prior to recording (but the Spanish data from the same patient have never been published or 754 
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analyzed). Both the anesthesia and the resection may have altered patterns of responding (but see 755 
Katlowitz et al., 2025), although we find largely similar results between this patient and our other three” 756 
 757 

8. Line 224: Introduction is misspelled. 

 758 
We thank the reviewer for pointing this out. Given other revisions, this passage no longer 759 

appears in the revised manuscript.  760 
 761 

9. I think the contrast of interest here is not translation vs. anti-translation, but translation vs. 
separate firing. Are there neurons that respond to a word in one language but not in the 
other? 

 762 
The reviewer raises an interesting question: whether there are language-specific 763 

neurons. This is different from a question we did address, which is whether the translation 764 
neurons (called “cross-language neurons” in the revision) are real or a statistical artifact, which 765 
we did by comparing their preponderance to ostensible anti-translation neurons. While we did 766 
not answer the reviewer’s question in our original manuscript, we agree with the reviewer that it 767 
is a good question to answer. 768 

In short, the answer to the reviewer’s question is no. Neurons, in general, have complex, 769 
mixed tuning, and respond, on average, with equal intensity for words in both languages. 770 
Although a very small number (below chance) of neurons appeared responsive in only one 771 
language in some stimulus sets, these counts did not exceed chance expectations (binomial 772 
test, all p > 0.300). In contrast, cross-language overlap was significantly enriched across the 773 
population for all stimulus sets (Wilcoxon signed-rank test, all p < 0.001). In other words, it 774 
appears that the language separation, like the language linkage, occurs through high-775 
dimensional population geometry rather than through specialized neurons. 776 

 777 
In detail:  778 
 779 
To address this question, we conducted the following analyses and reported our results 780 

below. 781 
 782 
From the revised Methods:  783 
 784 
Whether there are language-specific neurons (Table S4) 785 
To test whether individual hippocampal neurons were driven by the same words across languages 786 

or by different words in each language (language-specific or “separate” firing), we performed a word-787 
level overlap analysis. For each neuron, firing rates were z-scored within each language across all words. 788 
A neuron was considered responsive to a word if its firing rate exceeded a fixed threshold (z > 1, that is, 789 
~top 16% responsive words). This yielded two binary response sets per neuron: English-responsive words 790 
and Spanish-responsive words. Responsive words were partitioned into three mutually exclusive 791 
categories: words eliciting responses in both languages (shared), words eliciting responses only in 792 
English, and words eliciting responses only in Spanish. To assess whether the observed overlap between 793 
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English- and Spanish-responsive word sets exceeded chance expectations given each neuron’s marginal 794 
response rates, we used an exact hypergeometric test (without replacement). For each neuron, the null 795 
distribution assumed random overlap between English-responsive and Spanish-responsive word sets, 796 
conditioned on the total number of words, the number of English-responsive words, and the number of 797 
Spanish-responsive words. We computed the probability of observing an overlap greater than or equal to 798 
the empirical overlap under this null. Neurons with p < 0.05 were classified as showing overlap 799 
enrichment beyond chance. Based on this analysis, neurons were categorized as pure-shared (only shared 800 
responses), pure-separate (only language-specific responses), or mixed (both shared and language-801 
specific responses). 802 

 803 
From the revised Results: 804 
 805 
Table S4. No language-specific neurons 806 
In the stimulus set K and KN (Study1), at the single-neuron level, no neuron was selectively 807 

active in only one language. Every neuron exhibited a mixture of shared and language-specific word 808 
responses. In the stimulus set A1, A2, A3 (Study1) and read aloud task (speech production, word level, 809 
Study2), although a small number of neurons appeared responsive in only one language, these counts did 810 
not exceed the rate expected by chance (binomial test, all p >0.300). For all stimulus sets, across the 811 
population, cross-language overlap was significantly enriched relative to chance (Wilcoxon signed-rank 812 
test, all p<0.001; Cohen’s d > 0.30).  This matches our broader conclusion: shared meaning is not 813 
implemented by special neurons, but by population geometry.  814 
 815 

 stimulus-K stimulus-A1 stimulus-A2 stimulus-A3 stimulus-KN Speech-word 
mixed 105 101 92 119 172 72 
Pure shared 0 0 0 0 0 0 
Pure selective 0 2 4 8 0 2 
selective-neurons 
above chance? 

p=1.000 p=0.967 p=0.713 p=0.303 p=1.000 p=0.890 

cross-language 
overlap exceeded 
chance 

p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 

 816 
 817 

10. It is interesting that for production, the correlation at the phrase level is so much lower 
than that at the word level. Why is this? I presume it is because these neurons are tuned at 
the word level, but it would be useful to explain further. Is there something about the phrases 
that are correlated that drive similar firing compared to those that are not (but 'should be')? 

 818 
The reviewer accurately describes a pattern that is observed in our data, but that we did 819 

not dwell on in our original manuscript. Indeed, for production, our data indicate that 820 
hippocampal neurons are most strongly tuned at the word level (also see our response to 821 
comments #13-#14 below). We have now done some additional analyses that confirm and 822 
modestly extend the original observation. The reviewer’s surprise is therefore well justified, and 823 
we agree it is worth noting this point more clearly. We do not know why but we are inclined to 824 
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agree with the reviewer’s intuition that these neurons are simply more selectively tuned for 825 
meaning at the word level than the phrase level.  826 

One reason this is notable is that, in the listening data (reception), the word and phrase 827 
level are very similar in terms of both encoding model performance and in terms of decoding 828 
model. That vast majority of data, of course, comes from the listening condition. But it is often 829 
assumed that production will mirror it. However here we report a clear dissociation in the 830 
production level (when words are produced in isolation). We note that the neural embeddings 831 
for production are not nearly as well understood as for reception, so it is perhaps not as 832 
surprising that things are different between the two modalities.  833 

 834 
Our extended analyses: 835 
 836 
Phrase-level cross-language neurons are a subset of word-level cross-language 837 

neurons. All 4 phrase-level cross-language neurons were also identified at the word level, with 838 
zero phrase-only cross-language neurons, indicating that phrase-level detection captures the 839 
strongest end of a continuous distribution rather than a distinct population. 840 

Word-level cross-language neurons show above-chance phrase-level correlations. 841 
The 58 word-level-only cross-language neurons do show cross-language similarity at the phrase 842 
level, but at sub-threshold effect sizes. Using a permutation baseline (1000 shuffles of Spanish 843 
phrase assignments), 67.2% (39/58) of these neurons showed phrase-level correlations above 844 
their individual permutation null means, significantly exceeding the 50% expected by chance 845 
(binomial test, p = 0.006). However, only 3/58 (5.2%) exceeded their individual permutation null 846 
at p < 0.05, confirming that the per-neuron effects are real but too small to detect individually 847 
with 99 phrases. 848 

The dominant factor is effect size reduction from phrase-level averaging. Observed 849 
effect sizes were dramatically smaller at the phrase level (mean r = 0.03) compared to the word 850 
level (mean r = 0.29; paired sign-rank p<0.001). We believe this may occur because these 851 
neurons are tuned at the word level, and averaging firing rates across 3-4 words within each 852 
phrase compresses word-specific semantic signals. In particular, English and Spanish 853 
translations of the same phrase often differ in word order and in the number of content versus 854 
function words (e.g., “let’s have fun” / “vamos a divertirnos”), so the semantic contribution of 855 
individual words does not align temporally within the phrase-level averaging window. Combined 856 
with the smaller sample size (99 phrases vs. 287 matched words), this effect size reduction 857 
could account for the large difference in detection rates between phrase-level and word-level 858 
analyses. 859 

 860 
Therefore, we added the following text into the Results: 861 
 862 
“A subset of neurons met the cross-language neuron criterion for both listening (Figure 2E) and 863 
speaking (Figure 2F; also see Table S1-Table S2). Note that sessions of the listening task 864 
(Study1) and speech production (Study2) were collected on different days, so we cannot tell if the 865 
same cross-language neurons contribute to speaking and listening. The difference between phrase 866 
level and word level likely reflects signal attenuation from averaging across words within each 867 
phrase, as phrase-level effect sizes were substantially smaller than word-level effect sizes (mean r 868 
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= 0.03 vs. 0.29; Wilcoxon signed-rank test, p<0.001). All phrase-level cross-language neurons 869 
were also identified at the word level, and 67.2% of word-level-only cross-language neurons 870 
showed phrase-level correlations above their permutation null (binomial test, p = 0.006), 871 
confirming that the cross-language signal exists at the phrase level but maybe too weak for per-872 
neuron detection...” 873 

 874 

11. How was the initial number of neurons established? Are these just isolated neurons, or 
are they neurons that fire to any stimuli? Please clarify. 
12. Relatedly, are these single isolated neurons or multi-units? This should be clarified. 

 875 
 876 

We apologize for neglecting these methodological points.  877 
 878 
We used all neurons, not just responsive neurons. (This is a consistent lab policy, and 879 

we believe it is important because preselecting responsive neurons can introduce a variety of 880 
statistical problems, many of them subtle). 881 

 882 
For this study, we focused on isolated neurons. While using multi-unit activity has a 883 

great deal of utility in many cases, here we adopted the more conservative approach of limiting 884 
our analyses to isolated units. 885 

 886 
The following text now appears in the revised Methods: 887 
 888 
“The initial number of neurons was simply the total number of neurons that we collected. All 889 

preprocessing was done by a lab member blind to the goals of the study. In preprocessing (spike sorting), 890 
we only kept the isolated neurons. We analyzed all collected neurons, and did not restrict analyses to task-891 
responsive neurons.” 892 
 893 

13. It would be helpful to use word2vec to analyze the data from the listening experiments to 
better compare to the production experiments. I understand the motivation, but now there is a 
confound of model between the two experiments. Using word2vec would also allow for the 
analysis of all datasets for your analyses in each use case. 
14. Lines 322-323: Did the variance explained by 100 components differ substantially 
between the two different models? 

 894 
 Since these two comments are related, we combined them and addressed them 895 
together. Though our central aim is not to compare or contrast results between listening and 896 
production experiments, we agree that it would be informative to use the same LLM model in 897 
the production study as the other experiments did. 898 

 899 
We unified analyses with mBERT embeddings 900 

 After considering the reviewer’s suggestion for consistency, we now use mBERT to 901 
study the read-aloud task. Since most of the experiments were done in contextual situations, to 902 
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better capture the across-language understanding, we re-did the analysis by using the mBERT 903 
for production (read aloud task). For the following reasons: 904 
 (1) mBERT is trained on 104 languages simultaneously with a shared vocabulary and 905 
shared transformer parameters. This results in semantically equivalent words across languages 906 
(e.g., “dog” and “perro”) being naturally embedded in the same representational space without 907 
requiring any post-hoc alignment procedures. In contrast, word2vec models are trained 908 
separately for each language, producing embedding spaces that are not inherently aligned. 909 
Aligning word2vec spaces across languages requires additional steps, such as learning 910 
projection matrices from bilingual dictionaries or performing joint PCA (like our previous 911 
version), which introduces methodological assumptions. 912 

(2) The speech production experiment still required some context because of the short 913 
phases we chose. e.g., “your sister is tall” and “now I am hungry” (see Supplementary Table 3 in 914 
Silva et al., 2024). Since the task presented the English and Spanish in interleaved order, and 915 
fortunately, mBERT can still capture within-phrase contextual information through its 916 
transformer architecture. Therefore, we can extract embeddings for isolated phrases (without 917 
cross-phrase context). This provides richer semantic representations compared to the static 918 
word embeddings from Word2Vec. 919 

(3) Within the mBERT (original dimensions=768), the first 100 PCs explain 69.71% of 920 
total variance in K, 72.99% in KN, 70.65% in A1, 74.49% in A2, 74.49% in A3 and 82.94% in 921 
speech-word level (read aloud task). Now the 100 PCs for mBERT embeddings for the read 922 
aloud task (speech production) explained 82.94% of total variance. The higher variance 923 
explained in the speech production task reflects the smaller vocabulary size (288 vs. 3457 924 
matched words in K, for example), which constrains the effective dimensionality of the 925 
embedding matrix. 926 

 927 
Related revisions in METHODS 928 
mBERT embeddings extraction for short phrase in read aloud task: 929 

We extracted mBERT embeddings using the pretrained bert-base-multilingual-cased 930 
model from HuggingFace Transformers. Each phrase was tokenized and passed through the 931 
model independently (i.e., without cross-phrase context), with input formatted as [CLS] phrase 932 
[SEP]. We extracted hidden states from layer 11 (of 13 transformer layers), as middle-to-late 933 
layers have been shown to capture more semantic rather than syntactic information. For phrases 934 
containing multiple words, we obtained word-level embeddings by averaging the hidden states of 935 
all subword tokens belonging to each word. The resulting embeddings were 768-dimensional 936 
vectors for each word. 937 
 938 
Updated results for the read-aloud task (Figure 3B and Figure 3H) 939 
Accordingly, we updated the text in Results as: 940 
 941 
“For Study 2 (read aloud task), words were produced in short phrases without narrative context. 942 
We therefore extracted mBERT embeddings for each phrase independently (Methods). Both 943 
Layer 10 and Layer 11 showed the highest cross-language similarity for matched translation pairs 944 
(Figure 3B, blue line); we used Layer 11 for consistency with Studies 1 and 3.” 945 
 946 
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We have also updated the manuscript to report validation statistics (for joint PCA) 947 
aggregated across all analyses. Because all analyses used unified mBERT embeddings, we 948 
updated the following text as: 949 

 950 
“..To validate this shared PCA space, we conducted two control analyses. First, for each shared 951 
component, we computed the fractional contribution of each language to the total variance 952 
explained by that component, which yielded nearly balanced contributions (English = 0.509; 953 
Spanish = 0.491). Second, we confirmed that each principal component derived from the joint 954 
PCA showed a strong correlation between English and Spanish scores (average correlation, r = 955 
0.501, all PCs, p < 0.001), indicating that both languages aligned along the same semantic axes. 956 
These results confirm that the shared PCA captured common axes for both languages.” 957 
 958 
The across-language tuning similarity is marginally significantly lower than the within-959 

language tuning similarity (paired Wilcoxon (within > cross): p = 0.06). We updated Figure 3H. 960 
We explained the results as consistent with the high proportion of cross-language neurons at 961 
the word level in this condition (83.6%), indicating that individual neurons’ semantic tuning is 962 
largely shared across languages when processing words during speech production (isolated 963 
from the broader semantic contexts). 964 

 965 
Accordingly, we updated the text in Results as: 966 
 967 
“For Study 2 (speech production) at the word level, however, the cross-language tuning 968 
correlation did not significantly differ from within-language tuning correlations (Wilcoxon 969 
signed-rank test, p = 0.06, Figure 3H). This result is consistent with the high proportion of cross-970 
language neurons observed at the word level in Study 2 (83.6%, Figure 2F). Cross-language 971 
neurons (n = 115) showed significantly higher cross-language tuning similarity (mean = 0.14, SD 972 
= 0.11) than other neurons (n = 560, mean = -0.01, SD = 0.15; Welch’s t-test: t(204) = 11.83, p < 973 
0.001), suggesting that when words are produced in isolation, hippocampal neurons may exhibit 974 
largely language-invariant semantic tuning. Taken together, semantic tuning profiles generally 975 
differ across languages, with the notable exception of isolated word production, where cross-976 
language neurons maintain similar tuning across English and Spanish.” 977 
 978 
Revised Figure 3 (see below): 979 
 980 
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 981 
 982 
 983 
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Added brain-LLM alignment analysis for Study 2 (Figure 4H) 984 
We added a new panel as Figure 4H to show the brain-LLM alignment for the read 985 

aloud task, and updated the Results accordingly (see below). Therefore, all studies (study1, 986 
study2, study3) have the results (we used Layer 11, because based on the mBERT embeddings 987 
for the read aloud task, both Layer 10 and Layer 11 show the highest cross-language similarity 988 
across the matched words) 989 

 990 
Related revisions in RESULTS for Figure 4 991 
“... This alignment demonstrates that word pairs that are distant in the LLM semantic map (e.g., 992 

“human” and “galaxy”) are also distant in the neural semantic map, while close word pairs (e.g., “cat” 993 
and “dog”) in the LLM semantic map would be close in the neural semantic map. These alignments are 994 
robust in both English and Spanish. Study 2 (read aloud task) also showed similar brain-model alignment 995 
(Figure 4H; Spearman’s rho = 0.090-0.103, all p < 0.01, permutation test). Study 3 (conversation) 996 
showed … ” 997 

 998 
Revised Figure 4 (see below): 999 
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 1000 
 1001 
 1002 
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Additional subspace and neuron participation analyses for Figure 6C-6D-6E 1003 
We added the speech production results (word level) into Figure 6 for the subspace 1004 

alignment and neuron participation ratio analyses. 1005 
Of note, we reported Spearman correlation value in Figure 6E in the revised manuscript, 1006 

which is robust to outlier-driven effects (also see our responses for comment#20) 1007 
 1008 
Related revisions in RESULTS for Figure 6 1009 
 1010 
“...Despite the similar semantic geometry, the manifold constructed from semantic axes for 1011 

English and Spanish were less aligned than the within-language subspaces both for mBERT (K, A1, A2, 1012 
A3, KN, speech-word, all p<0.001) and hippocampus (K, A1, A2, A3, speech-word, all p<0.001; KN-1013 
Neuropixel, p>0.05, Figure 6C). But the absolute across-language subspace alignment value in mBERT 1014 
is substantially larger than values (both within and across-language subspace alignment) observed in the 1015 
brain (Figure S4A). The reduction in alignment from within-language to cross-language conditions was 1016 
comparable between the hippocampus and mBERT (hippocampus=0.11±0.06 vs. mBERT-1017 
Layer11=0.13±0.07, p = 0.44, Wilcoxon signed-rank test; Figure 6D) ...” 1018 
 1019 

 “… Each neuron’s participation strength (the sum of squared loadings across the top 1020 
eigenvectors, reflecting how heavily it contributes to these coordination modes), was highly correlated 1021 
between languages (Figure 6E; K: rho=0.87; A1: rho=0.93; A2: rho=0.93; A3: rho=0.88; KN-1022 
Neuropixel: rho=0.68; speech-word, rho=0.90,  all p<0.001; mBERT all layer results, see Figure 1023 
S4B) ...” 1024 

 1025 
Revised Figure 6 (see below): 1026 

 1027 
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 1028 
 1029 

15. Line 333: I think there is a word missing ('to' after regression?) 

 1030 
 1031 

We thank the Reviewer for pointing this out. Now we have fixed it. 1032 
 1033 
 1034 

16. Lines 563-570: did you statistically compare the embedding match with and without the 
translation neurons (as opposed to simply showing that the effect is still present without the 
translation neurons)? This would be useful to establish the relative importance of these 
neurons in this alignment. 

 1035 
We agree with the reviewer that adding this information would be helpful. We now do so 1036 

in the revised manuscript, summarized in the following table. 1037 
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Specifically, we chose the Steiger’s Z-test for dependent correlation difference 1038 
significance test. To test whether cross-language neurons (previously called “translation 1039 
neurons”) disproportionately contribute to cross-language representational alignment, we 1040 
compared the observed drop in English-Spanish RDM (as well as in neural-LLM correlation) 1041 
upon removing cross-language neurons against a null distribution generated by randomly 1042 
excluding the same number of neurons 1000 times. The results show no differences (all 1043 
p>0.400), indicating that cross-language neurons do not contribute more to cross-language 1044 
geometric similarity than a random subset of equal size. We repeat such analysis for every 1045 
stimulus set. 1046 

 1047 
Revised in paper: 1048 
 1049 
(1) We added Table S3. 1050 
 1051 
Table S3. Cross-language neurons did not affect shared representation geometry.  1052 
We chose the Steiger’s Z-test for dependent correlation difference significance test. To test whether cross-1053 
language neurons disproportionately contribute to cross-language representational alignment, we 1054 
compared the observed drop in English-Spanish RDM (as well as in neural-LLM correlation) upon 1055 
removing cross-language neurons against a null distribution generated by randomly excluding the same 1056 
number of neurons 1000 times. The results show no differences (all p>0.400), indicating that cross-1057 
language neurons do not contribute more to cross-language geometric similarity than a random subset of 1058 
equal size. We repeated such analysis for every stimulus set. 1059 
 1060 

neural-LLM K A1 A2 A3 KN 

r_with spanish r=0.209*** 
 

r=0.132*** 
 

r=0.152*** 
 

r=0.190*** 
 

r=0.263*** 
 

english r=0.161*** r=0.134*** r=0.173*** r=0.199*** r=0.202*** 

r_without spanish r=0.208*** 
 

r=0.164*** r=0.153*** r=0.188*** 
 

r=0.259*** 
 

english r=0.160*** r=0.174*** r=0.171*** r=0.199*** r=0.199*** 

Steiger’s Z 
(r_without vs. 
r_with) 

spanish z = 0.329,  
p = 0.742 

z=-21.751, 
p<0.001 

z=-0.563, 
p=0.573 

z = 0.846, 
p = 0.397 

z=2.105,     
p=0.035 

english z = 0.675,  
p = 0.500 

z=-28.278, 
p<0.001 

z=1.029, 
p=0.303 

z = 0.723, 
p = 0.469 

z=2.136,     
p=0.033 

Permutation p-
value for (Δr vs. 
Δr_random) 

spanish p=0.751 p=1.00 p=0.764 p=0.511 p=0.206 

english p=0.747 p=1.00 p=0.636 p=0.506 p=0.041 

 1061 
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English-Spanish neural 
geometry similarities 

K A1 A2 A3 KN 

r_with r=0.477*** 
 

r=0.255*** 
 

r=0.281*** 
 

r=0.358*** 
 

r=0.385*** 
 

r_without r=0.474*** r=0.341*** r=0.223*** r=0.316*** r=0.379*** 

Steiger’s Z 
(r_without vs. r_with) 

Z = 3.758,  
p = 0.0001 

Z = -62.502, 
p<0.0001 

Z = 2.447,  
p = 0.01 

Z = 3.963,  
p < 0.0001 

Z = 3.656,  
p = 0.0002 

Permutation p-value for (Δr 
vs. Δr_random) 

p=0.773 p =1.000 p=0.736 p=0.486 p=0.606 

 1062 
Table Note. r_with = Cross-language RDM similarity (with cross-language neurons);  1063 
r_without = Cross-language RDM similarity (without cross-language neurons);  1064 
Δr = r_with − r_without;  1065 
Δr_random = mean Δr from random neuron exclusion (of equal size) (mean ± SD) 1066 
*p < .05, **p < .01, ***p < .001 1067 

 1068 
 1069 
(2) We added the details into the related Results as below 1070 
 1071 
Cross-language neurons are not essential for cross-language neural semantic geometry 1072 

We next confirmed that the previously identified cross-language neurons are not responsible for 1073 
the cross-language geometry match. To test this, we repeated the analyses above excluding the cross-1074 
language neurons (that is, the ones that showed similar English-Spanish firing profiles, identified in 1075 
Figure 2, n=115). We found that even after excluding these neurons, we still observed brain-model 1076 
alignment within languages (all p <0.001) and cross-language neural semantic map correlations (all p 1077 
<0.001). Critically, the drop in correlation upon removing cross-language neurons did not exceed what 1078 
would be expected from removing a random subset of equal size (Table S3).   1079 
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 1080 

17. I'm a bit confused about the relationship between the translation neurons and the overall 
semantic tuning. On the one hand, the first part of the paper seems to highlight the existence 
of these neurons, but then in the rest of the paper, there is the view that they place a small or 
even inconsequential role in the overlapping semantic space is eschewed. It would be helpful 
to clarify their role (although granted, this is talked a bit about in the discussion). 

 1081 
We apologize for this confusion, which is our fault. We note that Reviewer 1 raised a 1082 

similar point. In brief, we believe that the translation neurons (which we now call “cross-1083 
language neurons”) have a very small, if any, role. Why then did we begin our story by focusing 1084 
on them? We did so because we thought it would be a kind of narrative stepping stone to the 1085 
core analyses of the paper, the geometric analyses. In retrospect, we can see that our approach 1086 
was confusing. We have now opted to keep these neurons in the paper, but to de-emphasize 1087 
them, and to discuss their limitations more clearly, including in the Abstract, Results (we 1088 
shortened this section considerably), and Discussion, and by not mentioning them in the 1089 
Introduction.  1090 

 1091 
From the revised Discussion: 1092 
 1093 
Cross-language neurons. We identify a new class of what we call “cross-language neurons,” 1094 

whose responses to co-translated words are correlated. Such neurons would have similar responses to, for 1095 
example, “maybe” and “quizás.” These neurons may contribute to translation; however, they do not play 1096 
an essential, or even a major role: even when we exclude them from our analysis, cross-language 1097 
semantic geometry is robustly maintained (Table S3). Moreover, while their tuning functions are more 1098 
aligned than other neurons, they are not perfectly aligned, indicating that they are not simply amodal 1099 
conceptual representations. Consistent with this, their response fields span multiple semantic categories 1100 
(e.g., Figure 2C), which differentiates them from the canonical amodal concept-related neurons, concept 1101 
cells (Quian Quiroga et al., 2005; Quian Quiroga, 2012). Word-level decomposition confirms that their 1102 
cross-language correlations are driven by a relatively sparse subset of words. These words are constrained 1103 
along fewer latent semantic axes in mBERT space than other neurons which did not show cross-language 1104 
correlation (Table S1-S2). We speculate that they may be the extreme end of a larger distribution of 1105 
neurons whose shared population-level geometry contributes to translation. 1106 
 1107 

18. There is no information presented about the timing of the tuning of these neurons for 
perception or production. This is important to better understand the role of these neurons in 
semantic processing for language. Similarly, it would be useful for the read aloud task to 
compare the alignment of tuning to the visual presentation of the word versus the utterance. 

 1108 
We followed the reviewer’s suggestion and added the following analysis. The results 1109 

showed the semantic encoding peaked ~200-250 ms after visual onset and ~300-400 ms before 1110 
speech onset (see the figure below), indicating that hippocampal neurons encode semantic 1111 
content during both retrieval and pre-articulatory preparation. These numbers, which we now 1112 
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report, are not particularly surprising, and are broadly in line with numbers from other studies 1113 
(including our own, Chavez et al., 2025). 1114 

 1115 

 1116 
 1117 

 We added the details and results into the revised text in the Methods 1118 
 1119 
Temporal dynamics of semantic encoding (Study 2) 1120 
To characterize the timing of semantic encoding during reading aloud, we performed a sliding 1121 

window analysis aligned to two events: visual onset (when the phrase appeared on screen) and speech 1122 
onset (when the participant began speaking). We used 50-ms non-overlapping windows spanning -500 to 1123 
1000 ms relative to each phrase and each patient. Following previous research (Chavez et al., 2025), for 1124 
each window, we extracted spike counts and fit Poisson generalized linear models (GLM) with ridge 1125 
regularization to predict neural responses from semantic features. Predictors included the first 100 1126 
principal components of mBERT embeddings (z-scored), phrase duration (z-scored), and their 1127 
interactions, yielding 201 features total. Model performance was quantified as ΔLLH, the difference 1128 
between the actual model log-likelihood and the median log-likelihood from 100 null models in which 1129 
phrase-neural correspondence was shuffled. The analysis revealed that semantic encoding peaked ~200-1130 
250 ms after visual onset and ~300-400 ms before speech onset, indicating that hippocampal neurons 1131 
encode semantic content during both retrieval and pre-articulatory preparation. Although our timing 1132 
analysis (based on Patient 2 and Patient 3) suggested peaks at 300-400 ms before speech onset, we 1133 
adopted the more conservative 200 ms pre-shift established by Chavez et al. (2025) using a larger cohort 1134 
(n = 10 patients) to ensure robustness across patients. 1135 
 1136 

19. For the analysis in Figure 5, why was the closest 5 words chosen? What are the 
parametric properties of using k words instead of 5? 

 1137 
 The reviewer raises a fascinating question (the similar question as Reviewer#1 did). 1138 

In short, the original choice of k=5 was arbitrary, and we have now systematically 1139 
optimized this parameter. 1140 
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We varied anchor size from k=3 to k=100 and found that prediction accuracy peaks at 1141 
k=15-19 depending on the dataset, albeit with minimal variation across the full range (Figure 1142 
5G-J; see below). This parameter insensitivity supports the hypothesis that the cross-linguistic 1143 
transformation approximates a near-global rotation rather than depending critically on a specific 1144 
neighborhood size. 1145 

 1146 

 1147 
 1148 

 1149 
We revised the Results for Figure 5: 1150 
 1151 

To test whether preserved semantic structure could support single-word neural prediction, 1152 
we used local Procrustes alignment (Figure 5G, Methods). For each target word, we identified 1153 
its k nearest neighbors in English neural space (excluding the target itself for held-out prediction 1154 
aim), learned a rotation matrix from these neighbors’ cross-language response pairs, and 1155 
predicted the target’s Spanish response. Prediction accuracy was quantified as angular error 1156 
between predicted and actual vectors. We optimized anchor size (k = 15-19 across datasets; 1157 
Figure S3A) and found median angular errors of 30-61° for listening and word-speech tasks (see 1158 
example for stimulus set K in Figure 5H, all results see Figure S3E), significantly exceeding null 1159 
(all p < 0.001). 1160 
 1161 
We added the analysis description to Method: 1162 
 1163 
Local geometric cross-language prediction (Figure 5G-J) 1164 

To test whether preserved semantic geometry could support single-word neural decoding 1165 
across languages, we implemented a local Procrustes alignment approach. All neural firing rate 1166 
vectors were L2-normalized to unit length, which ensures that prediction accuracy reflects 1167 
directional alignment in neural state space rather than differences in firing rate magnitude. 1168 
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Anchor size optimization. We first determined the optimal number of anchor words by 1169 
systematically varying K from 3 to 100. For each target word, we identified its k nearest semantic 1170 
neighbors in English neural space (excluding the target itself), learned a local Procrustes rotation 1171 
from these anchor pairs, and evaluated prediction accuracy on the held-out target.  1172 

Held-out prediction. For each target word with English response vector , we 1173 
identified its nearest K semantic neighbors (K was the optimal anchor size from above analysis 1174 
step) in English neural space using cosine distance (explicitly excluding the target word itself), 1175 
then extracted these neighbors’ responses in both languages to form matrices  (English, 1176 

) and  (Spanish, ). After centering both matrices by subtracting 1177 
column means (  and ), we computed the cross-covariance matrix 1178 

 and performed singular value decomposition 1179 
. The optimal orthogonal rotation matrix was obtained as , and the 1180 

predicted Spanish response was computed as , then L2-1181 
normalized to unit length. Prediction accuracy was quantified as cosine similarity and angular 1182 
error  in degrees (arccos of cosine similarity). 1183 

Statistical significance. We tested predictions for all words in each dataset (datasets with 1184 
matched English-Spanish words, including all stimulus sets in Study 1 and words from short 1185 
phrases in Study 2). Statistical significance was assessed against 1000 null permutations where 1186 
we (1) randomly shuffled English-Spanish word pairings using derangement (ensuring no correct 1187 
translations), (2) randomly selected Spanish prediction targets, and (3) used randomly selected 1188 
words (excluding the target) rather than true nearest neighbors as anchors for learning rotation 1189 
matrix Q, thereby destroying both semantic correspondence and neighborhood structure while 1190 
preserving neural response distributions. P-values were computed as the proportion of null means 1191 
achieving equal or greater accuracy than the observed mean. 1192 

 1193 
 1194 

20. For figure 6E, it appears that the effect is being largely driven by a small population of 
neurons (at least for K and A1). It is hard to see because of the size of the figure, but is this in 
fact the case? If so, it would be useful to characterize the properties of these neurons that 
enable them to facilitate this effect. 

 1195 
The reviewer raised a concern about whether the results were driven by extreme values, 1196 

as the figures in our previous version were indeed small (we have now adjusted the figure size 1197 
and did control analyses, see below). 1198 

To test whether the participation correlation was driven by a small subset of high-1199 
participation neurons, we performed two additional analyses. First, we replaced Pearson 1200 
correlation with Spearman rank correlation, which is robust to outlier-driven effects. Spearman 1201 
correlations remained high across all stimulus sets (all Spearman rho > 0.677, p < 0.001), 1202 
confirming that the effect is not driven by a few extreme values.  1203 

Second, we progressively removed the top 5-30% highest-participation neurons and 1204 
recomputed the correlation at each step. The Spearman rank correlation remained very 1205 
significant even after removing the top 30% of neurons (all stimulus sets, K, A1, A2, A3, KN-1206 
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neuropixel and word speech, p<0.001; Figure S5, purple line). We then progressively removed 1207 
the bottom 5-30% lowest-participation neurons and recomputed the correlation at each step. 1208 
The Spearman rank correlation still remained very significant (all stimulus sets, K, A1, A2, A3, 1209 
KN-neuropixel and word speech, p<0.001; Figure S5, green line). Together, these results 1210 
demonstrate that the effect is not driven by a small subset of extreme neurons. 1211 

 1212 
Revised in the paper: 1213 
 1214 

(1) We have added these results to the Figure S5 and mentioned it in the main text. 1215 
 1216 
“Each neuron’s participation strength (the sum of squared loadings across the top eigenvectors, 1217 
reflecting how heavily it contributes to these coordination modes), was highly correlated between 1218 
languages (Figure 6E; K: rho=0.87; A1: rho=0.93; A2: rho=0.93; A3: rho=0.88; KN-Neuropixel: 1219 
rho=0.68; speech-word, rho=0.90,  all p<0.001; mBERT results, see Figure S4B). These effects 1220 
are not driven by a small subset of extreme neurons (see control analysis in Figure S5).” 1221 
 1222 
Figure S5 1223 
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 1224 
 1225 

Figure S5. The robustness of per-neuron participation strength. 1226 
(A-E) We progressively removed the top 5-30% highest-participation neurons and recomputed the 1227 
Spearman correlation at each step. The Spearman rank correlation remained very significant even after 1228 
removing the top 30% of neurons (all stimulus sets, K, A1, A2, A3, KN-neuropixel in Study 1 and word 1229 
speech in Study 2, p<0.001; purple line). We then progressively removed the bottom 5-30% lowest-1230 
participation neurons and recomputed the correlation at each step. The Spearman rank correlation 1231 
remained very significant (all stimulus sets, K, A1, A2, A3, KN-neuropixel in Study 1, and word speech 1232 
in Study 2, p<0.001; green line). Together, these results demonstrate that the effect is not driven by a 1233 
small subset of extreme neurons.  1234 
*p < .05, **p < .01, ***p < .001, permutation (1000 iterations) 1235 
Related to Figure 6. 1236 
 1237 

 1238 
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(2) And we reported the Spearman rho correlation in Figure 6E (see below) in the revised 1239 
manuscript. 1240 

 1241 

 1242 
 1243 


