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Feature-based encoding of face identity by 
single neurons in the human amygdala and 
hippocampus
 

Runnan Cao    1  , Jinge Wang2,12, Chujun Lin    3,12, Emanuela De Falco    4,12, 
Alina Peter5,12, Hernan G. Rey6, Peter Brunner7, Jon T. Willie    7, 
James J. DiCarlo    5, Alexander Todorov8, Ueli Rutishauser9, Xin Li    10, 
Nicholas J. Brandmeir11 & Shuo Wang    1,7 

Neurons in the human amygdala and hippocampus are classically thought to 
encode a person’s identity invariant to visual features. However, it remains 
largely unknown how visual information from higher visual cortical areas 
is translated into such a semantic representation of an individual person. 
Here, across four experiments (3,581 neurons from 19 neurosurgical patients 
over 111 sessions), we demonstrate a region-based feature code for faces, 
where neurons encode faces on the basis of shared visual features rather 
than associations of known concepts, contrary to prevailing views. Feature 
neurons encode groups of faces regardless of their identity, broad semantic 
categories or familiarity; and the coding regions (that is, receptive fields) 
predict feature neurons’ response to new face stimuli. Together, our results 
reveal a new class of neurons that bridge perception-driven representation 
of facial features with mnemonic semantic representations, which may form 
the basis for declarative memory.

How the human brain encodes and stores different face identities in 
memory is one of the most fundamental and intriguing questions in 
neuroscience. Two extreme hypotheses have been proposed. The 
‘feature-based model’ posits that face representations are encoded 
by a broad and distributed population of neurons1–4. In this model, 
recognizing a particular individual requires access to many neurons, 
with each neuron responding to many different faces that share spe-
cific visual features, such as shape and skin tone5,6. A specific type of 
feature-based coding, axis-based feature coding, has been found in the 
non-human primate inferotemporal (IT) cortex using single-neuron 

recordings7–10 and in humans using functional magnetic resonance 
imaging11–13. In these studies, the activity of neurons/voxels para-
metrically correlated with facial features along specific axes in face 
space. At the other extreme, the ‘exemplar-based model’ posits that 
explicit facial representations in the brain are formed by highly selec-
tive (sparse), yet visually invariant, neurons14–17. Identity neurons that 
selectively respond to many different images of a specific person’s face 
embody exemplar-based coding. Such neurons have been identified in 
the human amygdala and hippocampus16,17 and are thought to be part 
of the building blocks of episodic memory17. A hallmark of identity 
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Feature-based coding of face identities
We next asked whether the multiple identities that M-ID neurons 
responded to were related. Some M-ID neurons are known to encode 
conceptually related identities (for example, Bill Clinton and Hillary 
Clinton)18–20, showing that the response of these M-ID neurons is inde-
pendent of visual features16,17,21. However, it is unknown whether M-ID 
neurons can also encode visually (rather than conceptually) similar 
identities (that is, identities sharing a similar visual appearance, for 
example, similar face and eye shape, skin or hair colour; see refs. 19,23 
for analysis of low-level physical image similarities). To answer this 
question, we applied the following steps: (1) we extracted visual fea-
tures from each stimulus and used these features to construct a feature 
space that indicated the relationship between the stimuli based on 
their appearance (Fig. 1a top left, and Supplementary Figs. 3 and 4); 
(2) we recorded single-neuron activity from the amygdala and hip-
pocampus and extracted the neural response to each stimulus for each 
individual neuron (Fig. 1a bottom left); (3) for each neuron, we projected 
its response to each stimulus onto the feature space by multiplying its 
response magnitude to the corresponding stimulus location in the 
feature space, resulting in a response-weighted two-dimensional (2D) 
spike density map (Fig. 1a top right and Supplementary Fig. 5); and (4) 
to perform statistical analysis, select significant neurons and iden-
tify coding regions, we conducted a permutation test by shuffling the 
response to each stimulus and comparing the observed vs permuted 
spike density maps (Fig. 1a bottom right and Supplementary Fig. 5). 
We based our subsequent analyses on the selected neurons with cod-
ing regions.

First, we extracted visual features from the pictures shown to 
the patients using a pre-trained deep neural network (DNN) Visual 
Geometry Group (VGG)-16 trained to recognize faces (Fig. 1a; see Sup-
plementary Fig. 3a,b for DNN architecture and visualization of DNN 
features). Facial features were represented by the activation of thou-
sands of units in the network (that is, the DNN features); we reduced 
the dimensionality of the DNN features to construct a 2D face feature 
space using t-distributed stochastic neighbour embedding (t-SNE) 
for each DNN layer (Fig. 1a,c,e,j and Supplementary Fig. 4a; note that 
quantifications are in this t-SNE space but we replicated our results 
in the full dimensional space of the DNN (Supplementary Fig. 2k);  
also note that the pairwise distance between faces in the full dimen-
sional space is preserved in the t-SNE space as shown in Supplemen-
tary Fig. 3d). The dimensions of the face feature space represented 
the major variations in faces that led to successful recognition of 
the identities by the DNN. Note that this face feature space was  
derived solely from the images shown to participants without using 
any neural responses (Fig. 1a). We first compared the pattern of neural 
responses of M-ID neurons to features of the later (higher-level) DNN 
layers. In these later layers, faces of the same identity are clustered 
(see below). Later, we continued to compare the response of neu-
rons to features in the earlier DNN layers, in which face identities are  
not clustered.

neurons is that their responses are clustered by high-level conceptual 
or semantic relatedness (for example, Bill Clinton and Hillary Clinton) 
rather than by shared visual features18–20.

Feature-based and exemplar-based models of face processing 
are not mutually exclusive; they may operate at different stages of 
processing, with the former thought to give rise to the latter. However, 
the neural computations bridging these two forms of encoding remain 
poorly understood. To address this question, we seized a unique oppor-
tunity to directly record single-neuron activity in the human brain and 
utilized computational algorithms based on deep learning to examine 
face coding in the human amygdala and hippocampus (Fig. 1a). We 
identify a potential key missing link between the representation of 
specific facial features (feature-based coding) and the representation 
of specific people (exemplar-based coding) in the amygdala and hip-
pocampus. We show that a subset of neurons in the human amygdala 
and hippocampus carry a ‘region-based feature code’ for face identity, 
suggesting an intermediate representation linking feature-based cod-
ing and exemplar-based coding.

Results
Identity neurons
We recorded from 2,082 neurons in the amygdala and hippocampus 
(collectively referred to as the medial temporal lobe (MTL)) of 12 neu-
rosurgical patients (5 males; 38 sessions in total; Supplementary Table 1 
and Supplementary Fig. 1) while they performed a one-back task. In this 
task, patients were instructed to respond whenever an identical image 
was repeated (Fig. 1b; accuracy = 75.2% ± 20.0%, mean ± s.d. across ses-
sions). Participants viewed 500 natural face images of 50 celebrities (10 
different images per celebrity/identity). A total of 1,577 neurons had an 
overall average firing rate greater than 0.15 Hz and we restricted our 
analysis to this subset of neurons, which included 753 neurons from 
the amygdala, 505 neurons from the anterior hippocampus, and 319 
neurons from the posterior hippocampus (Supplementary Table 2).

To select ‘identity neurons’, we first used a one-way (1 × 50) analysis 
of variance (ANOVA) to identify neurons with a significantly unequal 
response to different identities (P < 0.05) in a window of 250–1,250 ms 
following stimulus onset. We imposed a second criterion to identify 
which identities a neuron was selectively responding to (selected 
identities): the neural response to such an identity was required to be 
at least 2s.d. above the mean of the neural responses to all identities. 
A total of 155 identity neurons satisfied both criteria (9.83%, binomial 
P = 1.67 × 10−15; Fig. 1d,i, and Supplementary Fig. 2a and Supplementary 
Table 2; see Supplementary Results for analysis of reliability of identity 
selectivity), consistent with previous work16,18,21,22. Of the 155 identity 
neurons, 53 responded to a single identity only (here referred to as 
‘single-identity (S-ID) neurons’16,21) and the remaining 102 neurons each 
responded to multiple identities (here referred to as ‘multiple-identity 
(M-ID) neurons’18,19; Supplementary Fig. 2b–g; see also Supplementary 
Information). On average, M-ID neurons encoded 2.48 ± 0.61 identities 
(Supplementary Fig. 2h).

Fig. 1 | Feature-based neuronal coding of face identities. a, Overview of 
procedure and analysis pipeline. Faces from 50 celebrity identities were used 
for neural recordings. We used the VGG-Face model to extract visual features 
from each image and constructed a face feature space using t-SNE. We then 
projected the firing rate onto the face feature space to obtain a spike density 
map in the feature space. Lastly, by comparing the observed vs permuted spike 
density maps, we identified coding regions within the feature space. b, One-
back task. c, The face feature space constructed by t-SNE for the DNN layer FC7. 
d–m, Two example neurons that encoded visually similar identities. d–h, Cell 
57. i–m, Cell 128. d,i, Neuronal responses to 500 faces (50 identities). Trials are 
aligned to face stimulus onset and are grouped by individual identity. In each 
boxplot, the central mark represents the median, box edges indicate the 25th and 
75th percentiles, whiskers extend to non-outlier extremes, and circles denote 
outliers. e,j, Projection of the firing rate onto the FC7 feature space. Each colour 

represents a different identity. The size of the dot indicates the firing rate.  
f,k, Estimate of the spike density in the feature space. By comparing the observed 
(top) vs permuted (bottom) responses, we could identify a region where the 
observed neuronal response was significantly higher in the feature space. This 
region was defined as the tuning region of a neuron. This region was defined as 
the tuning region of a neuron (delineated by the red and cyan outlines in c,e,j). 
g,l, A range of new faces (shown in dashed rectangles) synthesized based on 
the latent code of the anchor faces (that is, faces from the encoded identities at 
the extremes of each feature dimension) using StyleGAN2. Coordinates of the 
synthesized faces were linearly interpolated in the feature space. The original 
faces are plotted using the same coordinates as in e and j. h,m, A range of new 
faces synthesized around the average face using StyleGAN2. The standard 
deviation of the visual features across all faces from the encoded identities in the 
region determined the axis for extrapolating to a series of new faces.
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The feature space demonstrated an organized structure. For exam-
ple, in the second fully connected (FC) layer FC7 (which is towards 
the top of the DNN hierarchy and demonstrates clustering of identi-
ties; Supplementary Figs. 3 and 4a), faces of the same identity were 
clustered, Feature Dimension 2 represented a gender dichotomy, and 
darker skinned faces were clustered at the bottom left corner of the fea-
ture space (Fig. 1c). Because the DNN had no access to semantic infor-
mation or conceptual knowledge about the faces (for example, gender, 
ethnicity, social traits), faces were distributed in the DNN-derived 
feature space purely based on their visual appearance.

We next asked whether the response of M-ID neurons to seem-
ingly unrelated identities could be understood in this unbiased visual 
feature space. We projected the neuronal responses of a given neuron 
to each face onto the feature space (that is, multiplying the firing rate of 
each face to its corresponding location in the feature space to derive a 
response-weighted 2D feature map; Fig. 1a,e,j; see Supplementary Fig. 5 
for details). This revealed that some M-ID neurons were selective to dif-
ferent identities that were clustered together in the face feature space 
(Fig. 1e,j; see Supplementary Fig. 6 for more examples), suggesting 
that these M-ID neurons responded to face identities that were visually 
similar (for example, similar in face shape or skin tone). To formally 
quantify the tuning of M-ID neurons (Fig. 1a; see Methods and Supple-
mentary Fig. 5 for a step-by-step illustration of the selection procedure), 
we estimated a continuous spike density map in the 2D feature space 
(Fig. 1f,k top) and used a permutation test (1,000 runs; Fig. 1f,k bottom) 
to identify the region(s) that had a significantly higher spike density 
above chance (red/cyan outlines in Fig. 1c,e,j; significant pixels were 
selected with permutation P < 0.01 and cluster size thresholds). This 
region indicates the part of the feature space to which a neuron was 
tuned. We refer to such neurons as exhibiting ‘region-based feature cod-
ing’ because they coded a certain region in the feature space. Through 
visualization of visual features, we observed that faces in a tuning region 
shared a combination of similar features such as skin tone, eye shape, lip 
thickness and so on (Fig. 1g,l); and synthesized faces around the average 
face of a tuning region further revealed the variation of visual features 
in the tuning region (Fig. 1h,m). At the population level, we found that 
for 42/102 M-ID neurons (41.2%), all the identities to which the neurons 
responded were clustered in feature space in the same region. We refer 
to these as ‘feature M-ID neurons’ (Supplementary Fig. 2a). The remain-
ing M-ID neurons encoded identities distributed in separate locations in 
the feature space that were not part of the same region, and we referred 

to these neurons as ‘non-feature M-ID neurons’. Therefore, feature M-ID 
neurons encoded identities that shared similar facial features, that is, 
they were visually similar.

In the DNN, the level of feature abstraction, and thus the clustering 
of identities, increases from earlier layers to later layers (Supplemen-
tary Figs. 3 and 4a). We therefore expect that feature M-ID neurons best 
reflect the facial features represented in later DNN layers. Indeed, we 
observed feature M-ID neurons only in the later DNN layers Pool5 (25 
neurons), FC6 (27 neurons), FC7 (30 neurons) and FC8 (30 neurons; 
some neurons appeared in multiple layers; Supplementary Fig. 4a; see 
Supplementary Fig. 7a,d for a breakdown of amygdala and hippocam-
pal neurons). The tuning region of an individual feature M-ID neuron 
covered 1.82–9.82% of the 2D feature space, with a similar mean cover-
age across layers (Fig. 2a; note that we adjusted the kernel size to be pro-
portional to the feature dimensions such that the percentage of space 
coverage was independent of the size of the feature space). In contrast, 
the response of an individual S-ID or non-feature M-ID neuron covered 
a significantly smaller region in the feature space (Fig. 2a; two-tailed 
two-sample t-test: P < 0.001 for all comparisons). This result was as 
expected because the identities (and thus the tuning regions) encoded 
by non-feature M-ID neurons were not contiguous with each other and 
were further apart (Fig. 2b). As a whole, the neuronal population that 
we sampled covered 46–52% of the 2D feature space (Fig. 2c and Sup-
plementary Fig. 2i; some areas were encoded by multiple neurons), 
suggesting that these neurons encoded a variety of visual features; and 
the tuning regions of non-feature M-ID neurons were more distributed 
compared with feature M-ID neurons. The distribution of pairwise 
distance between faces within each neuron’s tuning region(s) further 
showed that feature M-ID neurons had a single, large tuning region, 
whereas non-feature M-ID neurons had smaller, non-contiguous tun-
ing regions that were more widely distributed across the feature space 
(Fig. 2d and Supplementary Fig. 2j).

Visual similarity vs conceptual association
Were the multiple identities to which M-ID neurons responded con-
ceptually related? To address this question, we next assessed whether 
there was a relationship between the visual similarity of the faces and 
their conceptual associations (that is, association between identities 
through concepts).

First, 5 patients we recorded from rated how conceptually related 
they thought each pair of identities was using an established paradigm 

Fig. 2 | Population summary of region-based feature coding in identity 
neurons and comparison between visual similarity and conceptual 
association. a, Percentage of feature space covered by the tuning regions of 
identity neurons (feature M-ID: n = 25, 27, 30, 30 for Pool5, FC6, FC7 and FC8, 
respectively; non-feature M-ID: n = 77, 75, 72, 72; S-ID: n = 53, 53, 53, 53).  
b, Normalized distance between M-ID neurons’ selected identities in the feature 
space (see a for the number of neurons). Error bars denote ±s.e.m. across neurons 
and dots show individual values. Two-tailed two-sample t-test (Bonferroni 
correction): ***P < 0.001. c, The aggregated tuning regions of the neuronal 
population. Colour bars show the number of neurons with tuning regions in 
a given area. Percentage in the upper right corner shows the percentage of 
feature space covered by at least one neuron. d, Distribution of pairwise distance 
between faces in each neuron’s tuning region(s). S-ID: n = 53; feature M-ID: n = 30; 
non-feature M-ID: n = 72. e, Feature M-ID neurons did not differentiate familiar 
vs unfamiliar selected identities (two-tailed paired t-test, P > 0.05). Each dot 
represents a neuron. Error bars denote ±s.e.m. across neurons. f, Correlation 
between conceptual association ratings and visual similarity ratings. Error bars 
denote ±s.e.m. across participants (n = 5 for patients and n = 40 for general 
controls) and dots show individual values. g, Separate populations of M-ID 
neurons encoding visual features (that is, visual similarity) and concepts (that is, 
conceptual association). h, Response of all M-ID neurons as a function of visual 
similarity and conceptual association. Shown are the differences between S–S 
and S–NS pairs. Each circle represents a neuron. The colour of the circle indicates 
the classification of the neuron, as shown in g. i, DNN feature distance for each 

subpopulation of M-ID neurons (feature only: n = 16; concept only: n = 6; both: 
n = 21; neither: n = 19). j, Conceptual association ratings for each subpopulation 
of M-ID neurons. S–S, pairs of identities that a neuron was selective to. S–NS,  
pairs of identities where a neuron was selective to one but not selective (NS) to 
the other. Error bars denote ±s.e.m. across neurons and dots show individual 
values. Two-tailed two-sample t-test (uncorrected for multiple comparisons): 
*P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 0.0001. k, Web-association score  
for M-ID neurons. Error bars denote ±s.e.m. across neurons and dots show 
individual values. Left: feature M-ID neurons (n = 38). Right: non-feature M-ID 
neurons (n = 54). We applied a two-tailed one-sample t-test to compare within 
each neuronal group and a two-tailed two-sample t-test to compare between 
neuronal groups (uncorrected for multiple comparisons). NS, not significant.  
l, Correlation between patients’ visual similarity ratings and DNN feature similarity 
(that is, the negative of the DNN feature distance) for each DNN layer. m, Pearson 
correlation between DNN feature similarity and web-association scores (1,225 
pairs of identities). Filled circles represent significant correlations (permutation 
test: P < 0.05; Bonferroni correction for multiple comparisons across DNN layers) 
and open circles represent non-significant correlations. Shaded area denotes ±s.d. 
across 1,000 permutation runs. n, The absolute difference (abs. diff.) in social trait 
judgements between identity pairs (n = 42 feature M-ID neurons). All-NS, all other 
pairs (that is, all excluding S–S pairs). In each boxplot, the central mark represents 
the median, box edges indicate the 25th and 75th percentiles, whiskers extend to 
non-outlier extremes, and circles denote outliers. Two-tailed two-sample t-test 
(uncorrected for multiple comparisons): ***P < 0.001.
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that has revealed neural coding of association between concepts (for 
example, neural correlates of conceptual associations between celeb-
rities and between personally relevant people)18,19 (Supplementary 
Fig. 8a). They subsequently also rated how visually similar they thought 
each pair of identities was (Supplementary Fig. 8b). Conceptual asso-
ciation strength was positively correlated with visual similarity (Pear-
son’s correlation: P < 0.001 for all patients; two-tailed paired t-test 
of r against 0 for the group: r = 0.40 ± 0.18 (mean ± s.d.), t(4) = 4.93, 

P = 0.008, d = 1.76, 95% CI: 0.17, 0.62; Fig. 2f). This was also the case for 
faces familiar to a particular patient. To further confirm this finding, 
we repeated our analyses with data from 40 control participants from 
the general population. Again, we found that participants’ concep-
tual association ratings were correlated with their ratings of visual 
similarity (r = 0.52 ± 0.19, t(39) = 17.6, P < 10−19, d = 2.72, 95% CI: 0.46, 
0.57; Fig. 2f). While the notable correlation suggests that conceptual 
associations can be explained by the measure of visual similarity to a 
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considerable degree (note that conceptual associations were always 
rated first to prevent patients from using visual similarity as a strategy 
to judge conceptual associations), a sizable degree of the variance 
(48–60%) in one cannot be explained by the other. Compatible with 
this finding, we found separate populations of M-ID neurons encod-
ing conceptual associations and visual similarities (Fig. 2g; see Fig. 2h 
for a scatterplot of conceptual associations vs visual similarities; note 
that here visual similarity was indexed using DNN feature distance, 
but similar results were derived using visual similarity ratings; Sup-
plementary Information). We confirmed that neurons encoding visual 
similarities (a subset of feature M-ID neurons) had a smaller feature 
distance (Fig. 2i; two-tailed paired t-test: t(15) = 6.00, P = 2.44 × 10−5, 
d = 1.77, 95% CI: 0.05, 0.11) and neurons encoding conceptual associa-
tions had a greater conceptual association ratings (Fig. 2j; t(5) = 2.90, 
P = 0.034, d = 1.07, 95% CI: 0.09, 1.55) for the pairs of encoded/selected 
identities compared with the other pairs, as expected. Interestingly, we 
found that neurons encoding visual similarities had even lower con-
ceptual association ratings for the pairs of encoded identities (Fig. 2j; 
t(15) = 4.36, P = 5.59 × 10−4, d = 1.21, 95% CI: 0.29, 0.85), whereas neurons 
encoding conceptual associations had even larger feature distance 
(Fig. 2i; t(5) = 5.11, P = 0.0037, d = 1.54, 95% CI: 0.04, 0.11). We obtained a 
consistent result in neurons encoding both visual similarities and con-
ceptual associations (Fig. 2i,j) and in neurons encoding neither visual 
similarities nor conceptual associations (Fig. 2i,j). Furthermore, we 
replicated our results using visual similarity ratings from the patients 
(Supplementary Fig. 8g–n) and the average (that is, consensus) ratings 
acquired from the general controls (Supplementary Fig. 8c–f,k–n). 
Together, although conceptual association strength was correlated 
with visual similarity, we found separate populations of M-ID neurons 
encoding conceptual associations and visual similarities. In particular, 
there were M-ID neurons whose response could only be explained by 
visual similarity.

Second, we used a web-association metric18, in which the names 
of celebrities were paired in internet searches to determine the degree 
of their association based on search results (Supplementary Fig. 9a; 
see Methods for details). We restricted our analysis to the identities 
each patient rated as familiar, but similar results were found when we 
included all identities (both familiar and unfamiliar). We found that 
the web-association scores between pairs of encoded identities were 
not significantly greater than between the other pairs (Fig. 2k left; 
two-tailed paired t-test: t(37) = 0.80, P = 0.43, d = 0.17, 95% CI:−0.31, 
0.13). This was also the case for non-feature M-ID neurons (Fig. 2k right; 
t(53) = 0.76, P = 0.45, d = 0.09, 95% CI: −0.07, 0.15). Web-association 
scores were correlated with conceptual association ratings of the 
patients (Supplementary Fig. 8o; P < 0.05 for all patients; t(4) = 5.53, 
P = 0.0052, d = 1.97, 95% CI: 0.06, 0.17) and general controls (Sup-
plementary Fig. 8o; t(39) = 14.8, P < 10−13, d = 2.29, 95% CI: 0.09, 0.11; 
Supplementary Fig. 8p; mean rating: r(1,255) = 0.16, P = 4.5 × 10−8), 
indicating that this web-based metric captured variance meaningful for 
our participants. Therefore, the encoding of visually similar identities 
by M-ID neurons was not likely explained by conceptual associations 
as measured by web-association scores.

Third, visual similarity ratings from both patients and general con-
trols were correlated with DNN feature similarity (that is, the negative of 
the DNN feature distance; Fig. 2l and Supplementary Fig. 8q; n = 1,000 
permutation runs), especially in the later layers. We also found that 
the DNN feature similarity (the negative of the full feature distance) 
was not correlated with the web-association scores in the later layers 
we analysed (Fig. 2m), and the pairwise distance in the t-SNE feature 
space was not correlated with the web-association scores (P > 0.05 for 
all layers; Supplementary Fig. 9b). This suggests that the organization 
of the feature space could not be explained by conceptual associations 
measured by the web-association scores.

Fourth, 6 of our recorded patients provided social trait judge-
ments of the stimuli using a comprehensive set of social traits24 (see 

Methods). We found that the pairs of identities encoded by the feature 
M-ID neurons were not more similar in social trait judgements than the 
other pairs (Fig. 2n; all P > 0.05 except for ‘feminine’ because the feature 
space was organized by gender (Fig. 1c), but feature M-ID neurons did 
not encode gender per se as shown above). Furthermore, we found that 
the absolute difference in social trait judgements between identity 
pairs was largely uncorrelated with visual similarity (Supplementary 
Fig. 8r) and conceptual association (Supplementary Fig. 8s), suggesting 
that our results could not be explained by the concept of social traits 
(that is, relatedness in social traits).

Fifth, we found that M-ID neurons encoding visual similarity (that 
is, feature M-ID neurons; 264 ms relative to stimulus onset) responded 
earlier than M-ID neurons encoding conceptual associations (387 ms; 
permutation P = 0.007; see Methods for differential latency analysis). 
We also observed that feature M-ID neurons (264 ms) responded ear-
lier than S-ID neurons (438 ms; permutation P < 0.001; see also Sup-
plementary Fig. 2g). Therefore, our results indicate that feature M-ID 
neurons are involved in an earlier stage of the processing hierarchy 
(see Discussion).

Lastly, using data from a publicly available dataset containing 
well-characterized identity neurons recorded in response to famous 
and/or familiar faces19, we replicated the findings from our own dataset 
by again identifying distinct subsets of neurons that encoded visual 
facial features only, conceptual associations only, or both (Supplemen-
tary Information, and Supplementary Figs. 10 and 11).

Together, our results reveal two types of M-ID neurons: one type 
that responds to visually related identities (our new finding), and 
another that responds to conceptually related identities (extending 
previous work; see Discussion for a comprehensive summary).

A broader category of feature neurons
Different faces of the same identity were not clustered in the feature 
spaces formed by earlier and intermediate layers of the DNN (Supple-
mentary Figs. 3c and 4a). We therefore next asked whether there were 
neurons that coded for sets of faces with similar visual features—as 
assessed by earlier DNN layers—independent of face identity. If so, 
such neurons would, by definition, be feature coding neurons. Using 
the same method to select identity neurons based on later DNN layers, 
we identified a broader category of ‘feature neurons’ that were tuned to 
specific regions of the feature space from each DNN layer (see Fig. 3a,b 
for examples and Fig. 3c for a summary; see Supplementary Fig. 7b,e 
for a breakdown of amygdala and hippocampal neurons), regardless 
of whether the neuron was an identity neuron.

Feature neurons mostly appeared in DNN layers where faces 
started to become clustered by identities. Therefore, feature neurons 
primarily encode higher-level visual information related to identifi-
cation rather than lower-level image characteristics. Six of the later 
DNN layers (Conv5_2, Conv5_3, Pool5, FC6, FC7 and FC8) contained 
an above-chance number of feature neurons at the population level 
(Fig. 3c), and we restricted our analysis to these feature neurons. The 
number of identities (Fig. 3d) and faces (Fig. 3e) covered by the tun-
ing region of feature neurons indicated the size of the ‘receptive field’ 
(in the feature space) of these feature neurons. The tuning region of 
each feature neuron covered approximately 2.5–11% of the feature 
space (Fig. 3f), and the total observed neuronal population covered 
approximately 61–87% of the feature space (Fig. 3g). With increasing 
levels of abstraction, tuning regions in later layers Pool5, FC6, FC7 and 
FC8 contained fewer identities (Fig. 3d; two-tailed two-sample t-test: 
P < 0.001 for all comparisons) but more faces (Fig. 3e; P < 0.001) com-
pared with the preceding convolutional layers. Encoded faces were 
also more widely distributed in the FC layers than the preceding layers 
(Fig. 3h; two-tailed two-sample t-test on feature distance: P < 0.0001).

Although an appreciable proportion of feature neurons were also 
identity neurons, some feature neurons were not identity neurons (that 
is, neither S-ID nor M-ID neurons; red bars in Fig. 3c; in particular in 
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convolutional layers; see Fig. 3b for an example) because they covered 
a region in the face space where faces from the same identity were 
not clustered. Therefore, identity selectivity was not necessary for 
feature-based coding. In other words, feature neurons can respond 
to faces that were adjacent in the feature space but were not from the 
same identity.

Were feature neurons more likely to be identity neurons (that is, 
either S-ID or M-ID neurons) than other neurons? Feature neurons 
had a higher proportion (104/417, 24.94%) of identity neurons com-
pared with the entire neuronal population (155/1,577, 9.83%; χ2-test: 
P = 3.33 × 10−16; Fig. 3i; note that feature neurons here included those 
from layer Conv5_2 and Conv5_3 even though identity neurons could 
in principle only emerge in layers with clustering of faces; see Sup-
plementary Fig. 7c,f for a breakdown of amygdala and hippocampal 

neurons), suggesting that region-based coding is a key component in 
identity selectivity.

Notably, we assessed whether the response of MTL neurons 
could be understood as axis based7,9 or norm based25, as observed 
in non-human primate studies in the IT cortex. The axis-based code 
assumes that each neuron encodes one or a few specific feature 
dimensions (for example, texture, shape), while the norm-based 
code hypothesizes that neurons encode the relative distance between 
a given face and the prototype or average representation of faces 
stored in the brain. In contrast to the macaque IT cortex7,9, only the 
response of a small and non-significant proportion of MTL neurons 
could be explained by an axis code (Supplementary Information 
and Supplementary Fig. 13). Similarly, in contrast to the macaque 
IT cortex25, the response of MTL neurons could not be explained by 
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Fig. 3 | Characterization of feature neurons. a,b, Two example feature neurons 
that encoded visually similar faces. a, Cell 908. b, Cell 687. Legend conventions 
as in Fig. 1. c, The number of (Nr) feature neurons identified from each DNN layer. 
Blue denotes feature neurons that were also identity neurons. The black dashed 
line denotes the chance level for all feature neurons (estimated using a DNN with 
the same structure but random activations), and the blue dashed line denotes the 
chance level for feature neurons that were also identity neurons. The black fine-
dashed line shows our cut-off threshold (set at 5%). d, The number of identities 
encoded by feature neurons. e, The number of faces encoded by feature neurons 
(that is, the number of faces that fell within the tuning region of a feature neuron). 
d–f, For each box, the central line is the median, the edges of the box are the 25th 

and 75th percentiles, the whiskers extend to the most extreme data points the 
algorithm considers to be not outliers, and the outliers are plotted individually. 
n = 166, 132, 144, 134, 114, 117 for Conv5_2, Conv5_3, Pool5, FC6, FC7 and FC8, 
respectively. f, Percentage of feature space covered by the tuning regions of 
feature neurons. g, The aggregated tuning regions of the neuronal population.  
h, Distribution of pairwise distance between faces in each feature neuron’s 
tuning region. Legend conventions as in Fig. 2. i, The number of identity neurons 
in the whole population (left) and among feature neurons (right). Blue refers 
to the number of identity neurons (n = 155 for the whole population and n = 104 
for feature neurons). Red denotes the number of non-identity feature neurons 
(n = 312). Grey is the number of non-identity neurons (n = 1,422).
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a norm-based code either (Supplementary Information and Sup-
plementary Fig. 14a–c). Furthermore, responses in the human MTL 
and macaque IT were best explained by different processing stages 
in our DNN (Supplementary Fig. 13n,o), and region-based feature 

coding could be observed in the norm polar face space as well (Sup-
plementary Fig. 14d–i).

Lastly, we tested the dependence of the feature space and stimuli 
in identifying feature neurons (Supplementary Information). Feature 
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Fig. 4 | Validation and generalization of region-based feature coding with 
unfamiliar and model faces. a–h, Results from the FBI Twins dataset.  
i–m, Results from the FaceGen dataset. a, An example neuron demonstrating 
region-based feature coding. The size of the dot indicates the firing rate. The  
red outline delineates the tuning region of the neuron in the feature space.  
b, The number of identified feature neurons using the FBI stimuli. Only 
DNN layers with an above-chance number of feature neurons (based on our 
simulations) are shown. c, Percentage of feature space covered by the tuning 
regions of feature neurons. d, Distribution of pairwise distance between faces 
in each feature neuron’s tuning region. e, The aggregated tuning regions of 
the neuronal population. Legend conventions as in Fig. 2. f,g, Example CelebA 
feature neurons showing elevated responses for FBI stimuli falling in their tuning 
regions. The feature spaces were constructed for combined CelebA and FBI 
stimuli. The size of the dot indicates the firing rate. The red outline delineates 
the tuning region of the neuron (identified by the CelebA stimuli). Black dots are 
faces from the CelebA stimuli. Grey dots are faces from the FBI stimuli. Magenta 
dots are FBI stimuli falling in the tuning region of the neuron. Note that in the 

face feature space combining the CelebA and FBI stimuli, the clustering based 
on gender and skin colour was retained and similar to the feature spaces using 
the CelebA stimuli only. f, Cell 178. g, Cell 210. h, Population results comparing 
neuronal responses to the FBI stimuli falling in vs out of the tuning region (n = 26). 
Each dot represents a neuron. Error bars denote ±s.e.m. across neurons. Asterisks 
indicate a significant difference between In vs Out responses using a one-tailed 
paired t-test (**P < 0.01). i–k, Two example neurons demonstrating region-based 
feature coding. Note that the feature space was constructed using parameters 
(that is, features) used to synthesize the faces rather than DNN features. The 
dimensions of the feature space are the first shape and tone/texture principal 
components (PCs) used to generate the stimuli. Note that face shape varied along 
Feature Dimension 1, and skin colour varied along Feature Dimension 2. i, Cell 
243. j, Feature space. k, Cell 275. The red and cyan outlines delineate the tuning 
regions. l,m, Population summary (n = 61). l, The aggregated tuning regions of 
the neuronal population. m, Distribution of pairwise distance between faces in 
each feature neuron’s tuning region. Legend conventions as in Fig. 2.
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neurons could be identified using other face recognition DNNs (Supple-
mentary Information). Although to some extent region-based feature 
coding could still be observed in feature spaces constructed using 
DNNs trained for object recognition (for example, AlexNet (Supple-
mentary Fig. 15a,b) and ResNet (Supplementary Fig. 15e–h)), there were 
fewer feature neurons (Supplementary Information), suggesting that 
MTL neurons were sensitive to the organization of the feature space; 
hence the organization of the feature space played a critical role in 
identifying feature neurons. In addition, by projecting non-face stimuli 
onto the AlexNet (Supplementary Fig. 15c,d), ResNet (Supplementary 
Fig. 15i–l) or the original VGG-Face (Supplementary Fig. 15m–p) feature 
spaces, we found that faces had unique visual features, and feature 
neurons encoded higher-level visual features related to faces rather 
than lower-level visual features that might be common between face 
and non-face stimuli.

Together, by surveying each DNN layer for region-based feature 
coding independent of identity coding, we revealed a broader category 
of feature neurons. In particular, feature neurons derived from the 
Conv5_2 and Conv5_3 feature spaces, where faces of the same identity 
are not clustered, do not qualify as identity neurons. This suggests that 
the encoding of visual features is independent of the identity-based 
encoding of conceptual associations.

Region-based feature coding predicts responses to  
novel stimuli
We conducted two additional experiments to assess whether 
region-based feature coding generalized to new sets of novel images. 
First, we recorded from 837 neurons in the same 10 patients (27 ses-
sions; firing rate > 0.15 Hz; accuracy = 75.7% ± 23.0%, mean ± s.d. 
across sessions) using face stimuli from the FBI Twins dataset (Fig. 4a), 
which were all novel to our patients. We applied the same DNN to 
extract facial features and construct feature spaces. We again found 
region-based feature coding by single neurons in this experiment (see 
Fig. 4a and Supplementary Fig. 16a,b for examples, and Fig. 4b–e for 
group results). Notably, we recorded the responses of a subset of the 
same 699 neurons to both the CelebA stimulus set (which we used 
in our principal experiment) and the FBI Twins dataset to directly  
investigate the generalizability of region coding across these two 
tasks. In the common feature space for the CelebA and FBI stimuli, 
the tuning region of 26 (out of 146) CelebA feature neurons over-
lapped with identities from the FBI stimuli (Fig. 4f,g and Supple-
mentary Fig. 16c–e). Across all 26 neurons, FBI stimuli within the 
CelebA feature neurons’ tuning regions elicited significantly greater 
responses than FBI stimuli outside those regions (right-tailed paired 
t-test: t(25) = 2.61, P = 0.0076, d = 0.18, 95% CI: 0.56, ∞; see Fig. 4f,g 
for examples and Fig. 4h for group results). This demonstrates that 
region-based feature coding generalized across different image sets 
and to novel stimuli unfamiliar to the participants (see also Supple-
mentary Information).

Second, we recorded from a separate population of 658 neu-
rons (25 sessions from 6 patients; firing rate > 0.15 Hz) while patients 
performed a trustworthiness or dominance judgement task using 
FaceGen model faces (Fig. 4i–m)26, which contained only feature 
information but little identity information. Behaviourally, the ratings  
from our patients were consistent with the consensus ratings26  
(Pearson correlation: r = 0.23 ± 0.14 (mean ± s.d.) across sessions 
for trustworthiness and r = 0.39 ± 0.18 for dominance; two-tailed 
t-test against 0: both P < 0.001), indicating that they were performing 
the task as instructed. Again, we found region-based feature cod-
ing (61 neurons, above chance; each neuron covered 2.50% ± 0.66% 
(mean ± s.d.) of the feature space; see Fig. 4i–k for examples and 
Fig. 4l,m for group results). FaceGen model faces contain little concep-
tual information about face identities, suggesting that region-based 
feature coding likely does not depend on conceptual associations 
between face identities.

Together, these additional experiments suggest that region-based 
feature coding can generalize to new and unfamiliar face stimuli and 
may operate independently of conceptual associations.

Discussion
Our results reveal that a subset of identity neurons in the human amyg-
dala and hippocampus encodes face identities that are related visually 
(that is, faces sharing similar features) rather than conceptually (for 
example, Bill and Hillary Clinton). We further show a broader cate-
gory of feature neurons exhibiting region-based feature coding. The 
response of feature neurons depends neither on identity selectivity nor 
on face familiarity, gender, race or low-level features, and their tuning 
regions can be validated using new face stimuli. Lastly, we show that in 
contrast to the macaque IT cortex, feature-based coding in the human 
MTL is primarily region based rather than axis based.

The amygdala and hippocampus are downstream of the 
face-selective regions in the higher visual cortex, where feature-based 
coding for faces is first evident11–13. Despite being downstream from 
face-selective areas, in the human MTL no feature-based encoding of 
faces has been reported so far. Instead, only exemplar-based coding 
has been demonstrated16,17. This indicates that the format of the neural 
representation is fundamentally different in the MTL compared with 
the higher visual cortex. The key finding of our present study is that 
visual feature-based coding of faces persists in the MTL, a brain region 
located downstream of the visual ventral stream, where high-level 
visual processing is thought to be completed. In particular, our results 
suggest a possible mechanism for how the brain transitions from a 
perception-driven representation of features in the higher visual 
cortex to a memory-driven representation of semantics in the MTL: 
MTL neurons receive processed visual information from the higher 
visual cortex (specifically, axes of the face feature space encoded 
by axis-coding cells7) and encode a region in the high-level feature 
space such that they become selective to the identities that fall into 
this region, thereby providing a bridge between the feature-based 
and exemplar-based coding mechanisms. We hypothesize that 
region-coding neurons serve as a basis for semantic representations in 
the MTL, which in turn are the basis for declarative memory27. Indeed, 
our latency analysis supports the proposed processing hierarchy: 
the encoding of visual features precedes the encoding of concepts 
(feature M-ID neurons responded earlier than M-ID neurons encod-
ing conceptual associations) and feature-based coding is earlier than 
exemplar-based coding (feature M-ID neurons responded earlier 
than S-ID neurons). Therefore, our findings bridge the two extreme 
hypotheses by revealing an intermediate region-based feature code 
in the MTL.

Although it may not be possible to entirely discount any sort of 
conceptual association in explaining our results, our results could not 
be simply attributed to conceptual associations of identities. First, fea-
ture neurons encode unfamiliar identities (shown by both a subset of 
CelebA stimuli and all FBI stimuli that were unfamiliar to the patients), 
for which patients cannot have formed much conceptual knowledge; 
feature coding exists in DNN layers where faces of the same identity 
are not clustered; and feature coding could not be explained by sim-
ple conceptual knowledge of race, gender or age (that is, cross-race, 
cross-gender or cross-age effects could not explain our results), or 
social trait judgements. Feature-based coding of identities was even 
observed for synthetic model faces, of which patients had little concep-
tual knowledge. Second, when patients had a considerable knowledge 
of the identities (Supplementary Figs. 10 and 11; all familiar stimuli), 
we observed a dissociation of coding of visually similar identities 
and coding of conceptually associated identities, consistent with our 
results using the CelebA stimuli (Fig. 2; including both familiar and 
unfamiliar stimuli). Furthermore, conceptual association measured 
using web-association scores neither explained feature-based coding 
nor correlated with DNN features.
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On the other hand, coding visual features in the human MTL is not 
mutually exclusive from but may complement the well-known coding 
of conceptual associations18,19. Indeed, we found separate subsets of 
neurons that encoded either visual features or conceptual associa-
tions, as well as neurons in which both measures explained response 
variance (Fig. 2g,h; neurons encoding both measures may represent 
an intermediate step between feature-only and concept-only neu-
rons). Furthermore, when we analysed an independent dataset with 
well-characterized identity neurons19 (Supplementary Figs. 10 and 
11), we also found feature-based coding in addition to the coding of 
conceptual associations, highlighting an under-appreciated role of 
MTL neurons in these previous studies18,19. Therefore, MTL neurons 
embody two forms of coding of face identities that complement each 
other. Moreover, concept neurons and encoding of conceptual asso-
ciations have also been found to be prominent in non-face stimuli17–19; 
thus, it is necessary to investigate feature-based coding in a broader 
object space (see ref. 28). Furthermore, identity coding interacts with 
face familiarity coding29, a topic that requires further investigation.

Neurons in the human MTL have been shown to demonstrate 
prominent categorical responses to visual objects (that is, visual selec-
tivity)30 and facial expressions of emotions (that is, emotion selectiv-
ity)31,32. Region-based feature coding may also provide an account for 
visual and emotion selectivity: objects or emotions falling within the 
coding region of a neuron may elicit an elevated response. A future 
direction will be to construct the feature space for objects in general 
(for example, using the convolutional neural network AlexNet) and 
investigate region-based feature coding in this feature space. A face 
feature space in the MTL also supports the hypothesis that cognitive 
maps in the hippocampus33 may generalize across diverse dimensions 
in life experiences34.

Previous research on identity neurons primarily used familiar 
faces16,18,21. In the present study, we found that region-based feature cod-
ing of face identity was independent of face familiarity, similar to feature 
coding by primate IT neurons that even encode computer-generated 
faces7,9. It is also worth noting that in contrast to the traditional 
axis-based face spaces where axes of the space and coordinates of faces 
are fixed7,25, the feature space constructed by t-SNE in the present study 
varies as a function of the input stimuli because it models the similarity 
between all input stimuli (but note that our results were robust to the 
construction of the feature space and could be replicated using Euclid-
ean distance of full DNN features). Therefore, our observed feature 
neurons in the human MTL may demonstrate a form of similarity-based 
or manifold-based coding (that is, finding meaningful low-dimensional 
structures hidden in the high-dimensional observations using nonlinear 
dimensionality reduction)35,36, which may in turn support the MTL’s 
critical role in face recognition, classification and memory.

Methods
Patients
There were 38 sessions across 12 patients in total (Supplementary 
Tables 1 and 2). All participants provided written informed consent using 
procedures approved by the Institutional Review Boards of West Virginia 
University (WVU) and Washington University in St. Louis (WUSTL). 
Patients were not financially compensated for participating in this study.

No statistical methods were used to pre-determine sample 
sizes, but our sample sizes are larger than those reported in previous 
publications32,37–40. This study was not preregistered. Participants were 
not grouped and hence no randomization was performed.

Stimuli
We used faces of celebrities from the CelebA dataset41. We selected 50 
identities with 10 images for each identity, totalling 500 face images 
(Fig. 1a). To avoid the confounding effects of cross-race or cross-gender 
influences, our selected stimuli included both genders (33 of the 50 
identities were male) and multiple races (40 identities were Caucasian, 

9 identities were African-American and 1 identity was biracial). We also 
ensured sufficient variance in both visual appearance (for example, 
gender, race, age) and semantic information (for example, level of 
fame, familiarity) of the selected identities. We used the same stimuli 
for all patients.

All images had the same resolution, and the faces had a similar size 
and position in the images41. The DNN (see below for details) could well 
recognize the faces (98.20 ± 4.38% accuracy, mean ± s.d. across identi-
ties); however, the DNN was not able to recognize faces based only on 
the background (3.84 ± 11.12% accuracy; in contrast, the accuracy for 
cropped faces was 97.40 ± 5.27%). We also confirmed that the DNN had 
a similar accuracy in recognizing feature M-ID neurons’ selected identi-
ties (98.05 ± 3.33%) vs non-selected identities (98.89 ± 4.59%; two-tailed 
two-sample t-test: t(48) = 0.52, P = 0.61, d = 0.19, 95% CI: −0.04, 0.02). 
Furthermore, although African-American faces had a lower brightness, 
within each race group there was no significant difference between 
selected identities (Caucasian: 117.18 ± 39.00; African-American: 
97.53 ± 43.40) vs non-selected identities (Caucasian: 119.60 ± 37.15; 
African-American: 105.51 ± 39.91; Caucasian: t(398) = 0.47, P = 0.10, 
d = 0.06, 95% CI: −12.42, 7.59; African-American: t(88) = 0.55, P = 0.73, 
d = 0.18, 95% CI: −36.68, 20.72). Therefore, the response of feature M-ID 
neurons could not simply be explained by image resolution, brightness 
or background. Lastly, we asked patients to indicate whether they were 
familiar with each identity in a follow-up survey. We confirmed with the 
patients that they were able to visually distinguish different identities 
and recognize those with which they were familiar. It is also worth not-
ing that in the present study we focused on the coding of ‘identities’ 
rather than ‘concepts’. Therefore, we did not expect the patients to be 
familiar with all identities and we did not inquire about their depth of 
knowledge regarding the identities, simply whether they recognized 
them (that is, face familiarity).

We further used two validation datasets (Fig. 4). First, we used 
a newly collected FBI Twins Dataset that included pairs of coloured 
photos with the following relationships: identical twins (IT), mirror 
twins (MT), fraternal twins (FT), mother–child (MC), father–child (FC) 
and spouses (SP). Therefore, this dataset contained faces with various 
levels of similarity, and all faces from this dataset were unfamiliar to 
the patients. The photographing conditions were well controlled to 
ensure similar background and lighting, and all photos were of high 
resolution (3,840 × 5,760 pixels). There was one face per identity and 
a total of 144 faces.

Second, we used a FaceGen Dataset with model faces, which nota-
bly contains only feature information but no real identity information. 
We used the FaceGen Modeller programme (v.3.1, http://facegen.com) 
to randomly generate 300 faces (see ref. 26 for detailed procedures). 
FaceGen constructs face space models using information extracted 
from 3D laser scans of real faces. To create the face space model, the 
shape of a face was represented by the vertex positions of a polygonal 
model of fixed mesh topology. With the vertex positions, a principal 
component analysis (PCA) was used to extract the components that 
accounted for most of the variance in face shape. Each principal com-
ponent (PC) thus represented a different holistic non-localized set of 
changes in all vertex positions. The first 50 shape PCs were used to 
construct faces that had a symmetric shape. Similarly, because skin 
texture is also important for face perception, 50 texture PCs based on 
PCA of the red, green and blue (RGB) values of the faces were also used 
to represent faces. The resulting 300 faces were randomly generated 
from the 50 shape and 50 skin texture components with the constraint 
that all faces were set to be Caucasian. It is worth noting that each PC is 
a feature dimension of the face space.

Conceptual association and visual similarity ratings of  
our stimuli
After the neural recordings, patients were asked to rate the conceptual 
association and visual similarity between each pair of the 50 CelebA 
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identities (n = 1,225 in total) using a 7-point Likert scale. Ratings of 
conceptual association and visual similarity were collected in separate 
sessions lasting 20 to 30 min each. In each trial, two different identities 
were presented to the participants side by side. For the rating of concep-
tual associations, patients were instructed to assess “How conceptually 
related do you think each pair of identities is?”. For visual similarity 
ratings, patients were instructed to evaluate “How visually similar 
do you think each pair of identities is?”. We also collected conceptual 
association and visual similarity ratings from 45 participants from the 
general population via Prolific to obtain normative data.

To evaluate the internal consistency and reliability of the rating 
measures42, we estimated the intraclass correlation coefficient (ICC) 
using a two-way random-effects model for consistency across mean 
ratings. The ICC was calculated using the ‘ICC(2k)’ function in the 
‘psych’ package in R. We found that both the ratings of visual similarity 
(ICC = 0.93, d.f. = 1,223, lower bound = 0.91, upper bound = 0.94) and 
conceptual association (ICC = 0.95, d.f. = 1,223, lower bound = 0.94, 
upper bound = 0.95) were highly consistent across participants.

Social trait judgement ratings of our stimuli
To understand whether social trait judgements could explain our 
results, we used a set of social traits that most comprehensively char-
acterize social trait judgements24, including warm, critical, compe-
tent, practical, feminine, strong, youthful and charismatic (Fig. 2n and 
Supplementary Fig. 8r–t). These social traits represent the four core 
psychological dimensions of comprehensive trait judgements of faces 
(warmth, competence, femininity and youth; 2 traits per dimension), 
and they were well validated in the previous study24. Patients were asked 
to rate the faces on 8 social traits using a 7-point Likert scale in an online 
rating task. We further acquired social trait ratings of the faces from 
500 participants from the general population (age: 26.20 ± 7.11 years 
(mean ± s.d.), 180/500 females). Identical to the neurosurgical patients 
from the current study, online participants rated the faces on 8 social 
traits using a 7-point Likert scale.

Experimental procedure
We used a one-back task for CelebA and FBI stimuli. In each trial, a single 
face was presented at the centre of the screen for a fixed duration of 
1 s, with a uniformly jittered interstimulus interval (ISI) of 0.5–0.75 s 
(Fig. 1b). Each image subtended a visual angle of approximately 10°. 
Patients pressed a button if the present face image was identical to 
the immediately previous image. Approximately 9% of the trials were 
one-back repetitions. Each face was shown once, except when repeated 
in one-back trials. We excluded all one-back trials to have an equal 
number of trials for each face. This task kept patients attending to 
the faces but avoided potential biases from focusing on a particular 
facial feature (for example, compared to asking patients to judge a 
particular facial feature). The order of faces was randomized for each 
patient. This task procedure has been shown to be effective to study 
face representation in humans43.

For FaceGen stimuli, patients performed two face judgement 
tasks. In each task, there was a judgement instruction, that is, patients 
judged how trustworthy or how dominant a face was. We used a 1–4 
scale: ‘1’: not trustworthy/dominant at all, ‘2’: somewhat trustworthy/
dominant, ‘3’: trustworthy/dominant and ‘4’: very trustworthy/domi-
nant. Each image was presented for 1.5 s at the centre of the screen. One 
patient performed an additional passive-viewing task. We combined 
data from all tasks for analysis.

Although judgement instructions might potentially impact the 
response of MTL neurons (but note that all responses of each neuron 
were under the same instruction), it provided an opportunity to inves-
tigate whether feature-based coding could be generalized to tasks with 
explicit judgement instructions rather than passive viewing only. Nota-
bly, we further used the consensus ratings of the stimuli from ref. 26  
to dissociate the coding of facial trustworthiness/dominance from 

feature-based coding of visual similarity. Although faces within a fea-
ture neuron’s tuning region were visually similar and thus had similar 
facial trustworthiness/dominance, we found that other non-selected 
faces could be similarly trustworthy/dominant in comparison to the 
selected faces. In other words, faces with similar facial trustworthi-
ness/dominance were not all clustered within a feature neuron’s tun-
ing region but distributed in the feature space. Therefore, feature 
neurons did not encode facial trustworthiness or dominance per se, 
and feature-based coding could be generalized to tasks with explicit 
judgement instructions.

Stimuli were presented using MATLAB with Psychtoolbox 3 (ref. 44)  
(http://psychtoolbox.org) (screen resolution: 1,600 × 1,280 pixels).

Feature extraction and construction of feature space
We used the well-known DNN implementation based on the VGG-16 
convolutional neural network (CNN) architecture45 to extract features 
for each face image (see Supplementary Fig. 3a for details). The same 
network was also used in recent work43 as the computational model for 
deep face feature extraction. The VGG-16 model was pre-trained with 
the VGG-Face dataset, and we refer to it here as the VGG-Face model.

To confirm the model’s ability to discriminate between different 
identities and to ensure its suitability as a feature extractor, we per-
formed fine tuning of the network. Initially, we fine tuned the FC8 layer 
exclusively. During this fine-tuning process, we utilized all images of 
the 50 identities in the CelebA dataset, with each identity having 16–30 
images. In addition, we modified the output layer of our model to have 
50 units, corresponding to the number of identities in the dataset. For 
the training process, we divided the stimuli, with two-thirds serving 
as the training set and the remaining stimuli as the testing set. We 
utilized the Adam optimizer with an initial learning rate of 5 × 10−4 for 
the training process, which consisted of 10 epochs in total. To facili-
tate the convergence of the loss function, we applied a learning rate 
scheduler after each epoch, updating the learning rate by multiply-
ing a decreasing factor (Ƴ = 0.9). During the fine-tuning process, we 
updated the weights by computing the cross-entropy loss on random 
batches of four face images, which were scaled to 224 × 224 pixels 
for back propagation. To evaluate performance, we employed 5-fold 
cross-validation, which yielded an accuracy of approximately 95%. The 
high accuracy in identity discrimination suggested that the network 
effectively extracted all relevant features and was suitable for further 
analysis. Therefore, we focused solely on fine tuning the FC8 layer 
while keeping all other layers frozen, utilizing this transferred model 
for subsequent feature extraction. Overall, our fine-tuning approach 
allowed us to validate the discriminative ability of the pre-trained 
model, leverage its extracted features and consider the sufficiency of 
the network’s top layer for our analysis.

It is worth noting that our DNN was trained on both Caucasian 
and African-American identities, and our DNN could recognize both 
races equally well (Caucasian: 98.05% ± 4.59%; African-American: 
98.89% ± 3.33%; two-tailed two-sample t-test: t(48) = 0.52, P = 0.61, 
d = 0.19, 95% CI: −0.04, 0.02). Importantly, we used the same param-
eters for all identities, and the DNN had no knowledge about the race 
of the identities. Therefore, the organization of the feature space and 
clustering of identities with similar brightness or race was entirely 
derived from the input images and learning by the DNN.

We subsequently applied the t-SNE algorithm to project 
high-dimensional features into a two-dimensional feature space 
(Fig. 1a,c). t-SNE is a variation of stochastic neighbour embedding 
(SNE)46, a commonly used method for multiple-class high-dimensional 
data visualization47. We applied t-SNE for each layer, with the cost 
function parameter (Perp) of t-SNE representing the perplexity of the 
conditional probability distribution induced by a Gaussian kernel. 
Perplexity determines the balance between preserving local structure 
and capturing global structure in the low-dimensional embedding. The 
formula for perplexity is the exponent of the average log likelihood 
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of the probabilities of each face neighbouring relative to each of the 
other faces. Because a sparse distribution of faces could lead to a larger 
tuning region, we adjusted the distribution of faces using the t-SNE 
perplexity parameter so that the faces were distributed approximately 
homogeneously (Supplementary Fig. 4). Notably, we conducted a 
robustness analysis by varying the perplexity parameter and examining 
the resulting number of feature neurons (Supplementary Fig. 4b–d). We 
found that the number of selected feature neurons in the layer FC7 was 
very stable across perplexity parameters, confirming that our results 
were robust to the perplexity parameter. In addition, we conducted 
a robustness analysis by varying the size of the Gaussian kernel and 
examining the resulting number of feature neurons (Supplementary 
Fig. 4e). We found that the number of selected feature neurons was 
stable across kernel sizes and did not drop except at extreme values. 
This analysis confirmed that our results were robust to the size of the 
Gaussian kernel.

It is worth noting that neither feature extraction nor construction 
of the feature spaces utilized any information from neurons. Therefore, 
clustering of neurally encoded identities in the feature spaces was not 
by construction.

Electrophysiology
We recorded, using implanted depth electrodes in the amygdala and 
hippocampus, from patients with pharmacologically intractable epi-
lepsy. Target locations in the amygdala and hippocampus were deter-
mined by the neurosurgeon solely on the basis of clinical need and 
verified using post-implantation computed tomography (Supplemen-
tary Table 1). At each site, we recorded from eight 40-μm microwires 
inserted into a clinical electrode as described previously48,49. Efforts 
were always made to avoid passing the electrode through a sulcus and its 
attendant sulcal blood vessels; hence the location varied but was always 
well within the body of the targeted brain area. Microwires projected 
medially out at the end of the depth electrode, and examination of the 
microwires after removal suggests a spread of approximately 20–30 
degrees. Bipolar wide-band recordings (0.1–9,000 Hz), referenced to 
one of the eight microwires, were sampled at 32 kHz and stored continu-
ously for offline analysis using a Neuralynx system. The raw signal was 
filtered with a zero-phase lag 300–3,000 Hz bandpass filter, and spikes 
were sorted using a semi-automatic template matching algorithm as 
described previously50. Units were carefully isolated, and recording 
and spike sorting quality were assessed quantitatively (Supplementary 
Fig. 1). Although there might be dependency between neurons to some 
extent, as a convention in the vast literature of human single-neuron 
recordings51, neurons from each individual recording session were 
considered independent even if they were from the same patient.

Consistent with our previous studies32,37–40, only single units with 
an average firing rate of at least 0.15 Hz throughout the entire task were 
considered. Trials were aligned to stimulus onset. For CelebA and FBI 
stimuli, we used the mean firing rate in a time window of 250–1,250 ms 
after stimulus onset as the response to each face. For FaceGen stimuli, 
we used the mean firing rate in a time window of 250–1,750 ms after 
stimulus onset as the response to each face.

Neural recordings from a monkey
One male rhesus macaque (Macaca mulatta) was used in this study. All 
procedures conformed to local and US National Institutes of Health 
guidelines, including the US National Institutes of Health Guide for Care 
and Use of Laboratory Animals. All experiments were performed with 
the approval of the MIT Institutional Animal Care and Use Committee.

The monkey passively viewed the original CelebA stimuli. In each 
trial, the monkey first viewed a white central fixation point (0.2 degrees 
of visual angle (DVA)) on a grey background for 300 ms to initiate a 
trial. Then, 8 faces were presented for 100 ms each, each followed by 
a blank (grey) screen for an ISI of 100 ms. The central fixation point 
persisted through the trial, and fluid reward was given if the monkey 

successfully fixated through the entire trial. The intertrial interval 
of blank grey screen was at least 500 ms. We recorded 4,155 trials in 
total, and we rejected 666 trials where the monkey broke the fixation 
(±2 DVA). For each round of presentation, we generated a random 
sequence for the 500 faces, and we used different sequences for dif-
ferent rounds of presentation. On average, each face was presented 
55.7 ± 1.49 (mean ± s.d.) times. Note that we randomly inserted one grey 
image in each round of presentation as a control stimulus for baseline 
subtraction and normalization.

The monkey was chronically implanted with two Utah arrays 
(Blackrock Microsystems) in the anterior and central IT cortex (see  
refs. 52,53 for details). Each array consisted of one 10 × 10 electrode 
grid with 96 active iridium oxide electrodes. Each electrode was 1.5 mm 
long with an inter-electrode distance of 400 μm. During each recording 
session, bandpass filtered (0.1–7,500 Hz) neural activity was recorded 
continuously at a sampling rate of 20 kHz using an Intan Recording 
Controller (Intan Technologies). We detected the multi-unit spikes after 
the raw data were zero-phase bandpass filtered between 300–6,000 Hz 
(Matlab ellip function, fourth order with 0.1 decibel pass-band rip-
ple and 40 dB stop-band attenuation), and we used multi-unit activ-
ity (MUA) for analyses. A multi-unit spike event was defined as the 
threshold crossing when voltage (falling edge) deviated by more than 
3 s.d. of the raw voltage values. We estimated internal consistency for 
each channel using a standardized image set that was run before the 
recording session on the same day and we accepted 53 MUA channels 
(from two arrays) that showed sufficient internal consistency (>0.6). 
Consistent with previous studies52,53, we used the mean firing rate in 
a time window of 70–180 ms after stimulus onset as the response to 
each face. We averaged the response from repeated presentations 
for each face.

Selection of identity neurons
To select identity neurons (Figs. 1 and 2), we first used one-way ANOVA 
to identify neurons with significantly unequal responses to different 
identities. We next imposed an additional criterion to identify the 
‘selected identities’: the neural response of an identity was 2s.d. above 
the mean of neural response from all identities (note that the mean 
neural response could be considered as a baseline for the epochs when 
images were shown, even if we did not subtract a baseline). These identi-
fied identities whose response stood out from the global mean were 
the encoded identities. We refer to the neurons that encoded a single 
identity as S-ID neurons and those that encoded multiple identities as 
M-ID neurons.

We were able to select a similar set of neurons using the same 
criteria from previous studies18,19. Note that because identity neurons 
may respond to only a few stimuli, an overall response to stimulus onset 
might not be observed. Therefore, given such sparseness of firing of 
MTL neurons, we did not impose face responsiveness (overall change 
of activity in response to stimulus onset compared to baseline) as a 
criterion for neuron selection.

Selection of feature neurons
To select feature neurons (Figs. 3 and 4), we first estimated a continuous 
spike density map in the feature space by smoothing the discrete firing 
rate map using a 2D Gaussian kernel (kernel size = feature dimension 
range × 0.2, s.d. = 4). We then estimated statistical significance for each 
pixel by permutation testing: in each of the 1,000 runs, we randomly 
shuffled the labels of faces. We calculated the P value for each pixel 
by comparing the observed spike density value to those from the null 
distribution derived from permutation. We applied a mask to exclude 
pixels from the edges and corners of the spike density map where there 
were no faces because these regions were susceptible to false positives 
given our procedure. We lastly selected the region with significant 
pixels (permutation P < 0.01, cluster size > 2.5% of the pixels within the 
mask; note that in Fig. 2a we did not apply the threshold for minimum 
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cluster size for S-ID and non-feature M-ID neurons to compare across 
different categories of identity neurons). If a neuron had a region 
with significant pixels, the neuron was defined as a ‘feature neuron’ 
and demonstrated ‘region-based feature coding’. We selected feature 
neurons for each individual DNN layer. Because the distribution of 
faces was more sparse for the FBI stimuli, we used a larger kernel (kernel 
size = feature value range × 0.3) and a lower threshold for cluster size 
(>1.6% of the pixels within the mask). Note that when we constructed 
the FBI face space, we also included additional faces for each identity in 
different viewpoints (5 faces in total) to stabilize the t-SNE projection. 
Lastly, given the configuration of the FaceGen face space, we consid-
ered clusters whose size was greater than 1.8% of the total number of 
pixels of the face space. Qualitatively the same results were derived 
when we used different thresholds to define feature neurons.

Conceptual association neurons and visual similarity neurons
For each neuron, we calculated the mean score between pairs of identi-
ties to which the neuron was selective (S–S), and between pairs in which 
the neuron was selective to one identity but not the other (S–NS). We 
selected conceptual association neurons or visual similarity neurons 
from M-ID neurons by comparing conceptual association ratings or 
DNN feature distances between the S–S pair vs all S–NS pairs using a 
two-tailed paired t-test (P < 0.01). Among a total of 62 neurons from 5 
patients who provided conceptual association and visual similarity rat-
ings, we found a subset of 16 neurons that only encoded visual features 
(note that to be comparable with the selection of conceptual associa-
tion neurons, we here selected visual feature neurons by comparing fea-
ture distance between S–S vs S–NS pairs, but the selected visual feature 
neurons substantially overlapped with the feature M-ID neurons as we 
described above), a subset of 6 neurons that only encoded conceptual 
associations, a subset of 21 neurons that encoded both visual features 
and conceptual associations, and a subset of 19 neurons that encoded 
neither visual features nor conceptual associations. Notably, in Fig. 2g, 
the feature-only neurons (blue) were part of the feature M-ID neurons 
(blue and yellow), which also included neurons encoding both visual 
similarities and conceptual associations (yellow).

Identity selectivity index
To assess each neuron’s selectivity to different identities, we defined 
an identity selectivity index (Supplementary Fig. 2b) as the d′ between 
the most-preferred and least-preferred identities:

Identity selectivity index = μbest − μleast

√
1
2
(σ2best + σ2least)

(1)

where μbest and μworst denote the mean firing rate for the most-preferred 
and least-preferred identities, respectively, and σ2

best and σ2
worst denote the 

variance of firing rate for the most-preferred and least-preferred identi-
ties, respectively. A similar index was used in previous studies to assess the 
level of selectivity to different faces43. It is worth noting that the identity 
selectivity index was not used to select identity neurons or estimate the 
number of neurons that were identity selective. Instead, the identity 
selectivity index was used to quantify the degree of identity selectivity 
for the identity and non-identity neurons that had already been selected.

Response ratio
Response ratio (Supplementary Fig. 2c,d) was calculated for each 
identity by first dividing by the response of the most-preferred identity 
and then ranking the identities from the most preferred to the least 
preferred. The response ratio of the most-preferred identity is thus 1. 
We compared the response ratios for each ordered identity between 
S-ID/M-ID vs non-identity neurons using a two-tailed two-sample t-test 
(corrected for multiple comparisons using false discovery rate (FDR)54). 
A steeper change from the best to the worst identity indicates a stronger 
identity selectivity.

Depth of selectivity index
To summarize the response of identity neurons, we quantified the 
depth of selectivity (DOS) for each neuron (Supplementary Fig. 2e): 

DOS =
n−(∑n

j=1r j)/rmax
n−1

, where n is the number of identities (n = 50), rj is the 

mean firing rate to identity j and rmax is the maximal mean firing rate 
across all identities. DOS varies from 0 to 1, with 0 indicating an equal 
response to all identities and 1 an exclusive response to one identity, 
but not to any of the other identities. Thus, a DOS value of 1 is equal to 
maximal sparseness of identity coding. The DOS index has been used 
in many previous studies investigating visual selectivity38,55,56.

Population decoding of face identities
For population decoding of face identities (Supplementary Fig. 2f,g), 
we pooled all recorded neurons into a large pseudo-population. Fir-
ing rates were z-scored individually for each neuron to give an equal 
weight to each unit regardless of baseline firing rate. We used a maxi-
mal correlation coefficient (MCC) classifier as implemented in the 
MATLAB Neural Decoding Toolbox (NDT)57. The MCC estimates a mean 
template for each class i and assigns a class to each test trial. We used 
8-fold cross-validation, that is, all trials were randomly partitioned 
into 8 equal-sized subsamples, of which 7 subsamples were used as the 
training data and the remaining single subsample was retained as the 
validation data for assessing the accuracy of the model, and this process 
was repeated 8 times, with each of the 8 subsamples used exactly once 
as the validation data. We then repeated the cross-validation procedure 
50 times for different random train/test splits. Statistical significance 
of the decoding performance for each group of neurons against chance 
was estimated by calculating the percentage of bootstrap runs (50 in 
total) that had an accuracy below chance (that is, 2% when decoding all 
identities). Statistical significance for comparing between groups of 
neurons was estimated by calculating the percentage of bootstrap runs 
(50 in total) where one group of neurons had a greater accuracy than 
the other. Spikes were counted in 500 ms bins with a step size of 50 ms. 
The first bin started at −500 ms relative to trial onset (with its centre at 
−250 ms), and we tested 31 consecutive bins, ending with the final bin 
spanning 1,000 to 1,500 ms after trial onset. For each bin, a different 
classifier was trained and tested. For both tests, we used FDR54 to cor-
rect for multiple comparisons across time points. The same decoding 
approach was used in our previous studies58,59 and has been shown to 
be very effective in studying neural population activity.

Web-association score
We employed a web-based association metric (Fig. 2k) to study the 
relationship between different identities. To estimate the degree of 
relationship between the 50 celebrity identities, we used an internet 
search engine (Google) and compared the number of hits to the joint 
searches with the number of hits to the individual searches. The ration-
ale is that the name of associated concepts will often appear together 
in web pages. The web-association score for each identity pair was 

calculated as aij = log2(
hits(identityiANDidentityj)
hits(identityi)×hits(identityj)

). Because we used celebrity 

faces, all identities were well searchable from the internet and could 
thus give a reasonable number of hits to calculate web-association 
values. We lastly normalized the web-association value using z-scoring. 
Similar results were derived using the search engine Bing. The 
web-association score has been shown to be effective in revealing 
‘universal associations’ between identities in a previous study18.

Differential latency
We conducted a spike train analysis to estimate differential response 
latency for each group of neurons (that is, feature M-ID, M-ID neurons 
encoding conceptual associations, S-ID)38. We binned spike trains into 
1-ms bins and computed the cumulative sum. We then averaged the 
normalized cumulative sums for encoded identities and non-encoded 
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identities, respectively, and compared, at every point of time, whether 
the normalized cumulative sums were different between encoded iden-
tities and non-encoded identities (two-tailed paired t-test; P < 0.005; 
FDR-corrected). The first time point of the significant cluster (cluster 
size > 20 time points) was used as the estimate of differential latency. 
Note that this method is not sensitive to differences in baseline firing 
rates between neurons, as the latency estimate is pairwise for each 
neuron individually.

To assess statistical significance, we applied a bootstrap proce-
dure with 1,000 runs. In each run, to ensure a fair comparison between 
groups, we randomly selected 27 neurons from both feature M-ID 
neurons (n = 42) and S-ID neurons (n = 53) to match the number of M-ID 
neurons encoding conceptual associations (n = 27). We then compared 
the average latency of one group with the bootstrap distribution of the 
other group to obtain P values.

Regression analyses
To identify neurons that encoded a linear combination of facial 
features, we employed both partial least squares (PLS) regression 
with VGG-Face DNN feature maps and linear regression with the two 
dimensions of the t-SNE feature space (Supplementary Fig. 13). The 
PLS method has been shown to be effective in studying the neural 
response to DNN features9,60. For PLS, we used 4 components for each 
layer (explaining at least 80% of the variance; we selected the number 
of components with a 10-fold cross-validation to minimize the predic-
tion error). For both approaches, we used a permutation test with 1,000 
runs to determine whether a neuron encoded a significant face model. 
In each run, we randomly shuffled the face labels and used 50% of the 
faces as the training dataset. We used the training dataset to construct 
a model (that is, deriving regression coefficients), predicted responses 
using this model for the remaining 50% of faces (that is, test dataset), 
and computed the Pearson correlation between the predicted and 
actual response in the test dataset. The distribution of correlation coef-
ficients computed with shuffling (that is, null distribution) was eventu-
ally compared to the one without shuffling (that is, observed response). 
If the correlation coefficient of the observed response was greater than 
95% of the correlation coefficients from the null distribution, this face 
model was considered significant. This procedure has been shown to 
be very effective in selecting units with significant face models7. The 
correlation coefficient could also indicate the model’s predictability 
and thus be compared between different neurons (Supplementary 
Fig. 13). Similar results were derived using face models from refs. 7,26.

Pairwise distances in the face space
We employed a pairwise distance metric43 to compare neural coding of 
face identities between human/monkey neurons and VGG-Face DNN 
units (Supplementary Fig. 13n,o). For each pair of identities, we used the 
dissimilarity value (1 − Pearson’s r)61 as a distance metric. The human/
monkey neuronal distance metric was calculated between firing rates 
of all recorded neurons, and the DNN distance metric was calculated 
between feature weights of all DNN units. For human neurons, we used 
the mean firing rate in a time window of 250–1,250 ms after stimulus 
onset as the response to each face62. For monkey neurons, we used the 
mean firing rate in a time window of 70–180 ms after stimulus onset as 
the response to each face52,53. We then correlated the human/monkey 
neuronal distance metric and the DNN distance metric. To determine 
statistical significance, we used a non-parametric permutation test with 
1,000 runs. In each run, we randomly shuffled the face labels and calcu-
lated the correlation between the human/monkey neuronal distance 
metric and the DNN distance metric. The distribution of correlation 
coefficients computed ‘with’ shuffling (that is, null distribution) was 
eventually compared to the one ‘without’ shuffling (that is, observed 
response). If the correlation coefficient of the observed response was 
greater than 95% of the correlation coefficients from the null distribu-
tion, it was considered ‘significant’. A significant correlation indicated 

that the DNN face space had some correspondence to the human/
monkey neuronal face space43. We computed the correlation for each 
DNN layer so that we could determine the specific layer to which the 
neuronal population most closely corresponded.

Norm-based coding and norm polar face space
To test norm-based coding (Supplementary Fig. 14), we first averaged 
all 500 CelebA faces shown to patients to derive the average face (that 
is, the origin of the face space). We still used the same VGG-Face DNN to 
extract features from the average face. We next calculated the Euclidean 
distance from each face to the average face using full DNN features and 
correlated the Euclidean distance to the firing rate of a neuron. If a neu-
ron showed a significant correlation, it embodied norm-based coding.

To construct the norm polar face space, we used t-SNE to extract 25 
dimensions from full DNN features for each face (including the average 
face). Using t-SNE features, we calculated the radial coordinate (that is, 
radius; Euclidean distance to the average face) and the angular coordi-
nate (that is, azimuth; vector angle with the average face) for each face. 
Similar results were derived using full DNN features.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data supporting the findings of this study, including the CelebA 
dataset, FBI dataset, FaceGen dataset and monkey dataset, are pub-
licly available on OSF at https://doi.org/10.17605/OSF.IO/36KZC 
(ref. 63). We also analysed identity neurons from a publicly available 
human single-neuron dataset (https://doi.org/10.25392/leicester.
data.8796335.v1).

Code availability
The source code for this study is publicly available on OSF at https://
doi.org/10.17605/OSF.IO/36KZC (ref. 63).
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