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Single-neuron encoding of rapidly learned 
visual information reshapes human 
perception
 

Marcelo Armendariz    1,2,10  , Julie Blumberg3,10, Jed Singer1, Franz Aiple4, 
Jiye Kim    1, Nuria Domínguez-Iturza    5,6, Armin Brandt7, Peter Reinacher    8,9, 
Andreas Schulze-Bonhage    7 & Gabriel Kreiman    1,2 

Humans can swiftly learn to recognize visual objects after minimal 
exposure. Integrating new information with existing knowledge requires 
forming enduring neuronal representations to enable future recognition. 
Yet, the neuronal mechanisms in the human brain underlying such rapid 
perceptual changes remain unclear. Here we recorded single-neuron 
activity in occipital cortex (OC) and medial temporal lobe (MTL) regions 
as participants rapidly learned to recognize degraded images. OC and 
MTL neurons modulated their activity to encode newly learned visual 
information and reshape perception. Population decoding revealed that 
OC neurons required additional processing time to resolve the identity of 
learned images, with delayed neuronal responses in the MTL. Our findings 
suggest that OC supports recognition after rapid learning via extensive 
recurrent processing, potentially involving higher-order neocortical areas, 
without relying on feedback from MTL. These results provide mechanistic 
constraints for biologically plausible models of visual recognition and 
few-shot visual learning.

Humans and other primates display a remarkable ability to visually 
recognize objects. The main family of models to describe visual rec-
ognition capabilities is based on hierarchical deep neural networks1–6. 
Current instantiations of such networks are typically trained via back-
propagation through millions of examples when learning from scratch, 
but also when fine tuning an existing pre-trained network7–10.

In stark contrast to such long training processes, humans can 
swiftly learn to recognize visual objects with just one or a few expo-
sures. A striking example of rapid learning is the sudden recognition 
of a degraded black-and-white image of an object (Mooney image)11 

(Fig. 1a). These degraded Mooney images tend to be unrecognizable 
initially. However, Mooney images become easily interpretable after 
a brief exposure to the original intact version of the image12–14 (Fig. 1b). 
This perceptual ability for rapid learning develops gradually in late 
childhood (7–9 years) and is crucial for integrating new information 
with prior knowledge15,16. Rapid learning necessitates the formation of 
enduring neuronal signatures to enable subsequent recognition. Thus, 
newly acquired experience embedded in neural circuits dramatically 
shapes the perception of future incoming visual stimuli15,17–19. Despite 
extensive behavioral characterization, the neuronal mechanisms 
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of that image (Fig. 1d, turquoise). After exposure to these learning 
sequences, participants were shown the same Mooney images again 
(Fig. 1d, blue). Additional grayscale images were also presented, 
though no longer shown sequentially with the corresponding Mooney 
images. Different Mooney and grayscale images were interleaved 
throughout the task. Using this design, we defined three trial cat-
egories: ‘pre-learning’, where Mooney images were presented before 
learning occurred; ‘grayscale’, where the original grayscale images 
were presented; and ‘post-learning’, where Mooney images were pre-
sented after the learning process. Mooney image recognition rapidly 
and drastically grew from almost none before learning to high levels 
after learning (Fig. 1e), requiring only one or a few learning sequences 
(on average, 1.8 ± 1). Overall, grayscale images were highly recogniz-
able, with participants performing on average at 93% ± 5% accuracy 
(mean ± s.d. across sessions, n = 34 sessions) (Fig. 1f). For the Mooney 
images, recognition was poor in the pre-learning condition, with an 
accuracy of 4% ± 2% and greatly improved for the post-learning con-
dition, reaching 83% ± 15%. Performance was statistically different 
between conditions (Gray versus Pre, P = 1.4 × 10−12; Gray versus Post, 
P = 5.5 × 10−5; and Pre versus Post, P = 1.4 × 10−12; two-sided Wilcoxon 
signed-rank test). In addition, we measured reaction times from stim-
ulus onset to participants’ responses (Fig. 1g). Response times were 
longer for recognized Mooney images (post-learning: median 0.53 s, 
IQR 0.44–0.57 s, mean 0.52 s) than for grayscale images (median 
0.48 s, IQR 0.41–0.52 s, mean 0.48 s) (Post versus Gray, P = 2 × 10−5; 
two-sided Wilcoxon signed-rank test), suggesting that interpreting 
the learned Mooney stimuli required additional cognitive effort. 
Unrecognized Mooney images (pre-learning) elicited the slowest 
responses overall (median 0.60 s, IQR 0.49–0.72 s, mean 0.63 s) (Pre 
versus Gray, P = 3.6 × 10−7; Pre versus Post, P = 4.3 × 10−7, two-sided 
Wilcoxon signed-rank test).

During this task, we recorded spiking activity from a total of 1,104 
single neurons in medial OC and medial temporal brain areas in 34 
sessions from 13 patients with pharmacologically resistant epilepsy 
who were chronically implanted with hybrid macro- and microelec-
trodes for seizure monitoring (Fig. 1h, Supplementary Figs. 1 and 2, 
and Supplementary Table 1). The recordings included 163 neurons 
from the medial OC, 212 in the parahippocampal cortex (PHC), 49 in 
the entorhinal cortex, 343 in the hippocampus and 337 in the amygdala 
(Supplementary Table 2).

We characterized eye movements during the task in 13 ses-
sions across ten healthy participants (Extended Data Fig. 1). These 

underlying perceptual changes induced by rapid learning in the human 
brain are not well understood.

Previous neurophysiological recordings in monkeys showed 
that neurons in the temporal visual cortex can adapt their selectivity 
to represent recently learned degraded versions of objects such as 
Mooney images20. On the basis of noninvasive methods, rapid learning 
in humans is thought to modulate activity in a broad range of neocorti-
cal regions, including visual areas and frontoparietal regions21–24. How-
ever, little is known about the mechanisms underlying how individual 
neurons modify their response patterns after learning and how rapid 
and all-or-none perceptual changes are orchestrated by the neuronal 
dynamics across different regions.

Here, we recorded the spiking activity of 1,104 single neurons in 
medial occipital and temporal regions of the human brain in patients 
with pharmacologically resistant epilepsy, while 13 participants learned 
to rapidly recognize novel Mooney images. Participants demonstrated 
the hallmark characteristics of essentially all-or-none perceptual 
changes triggered by one or a few exposures to grayscale counterparts 
to the Mooney images. Neurons in both the occipital cortex (OC) and 
medial temporal lobe (MTL) modulated their responses to encode 
newly learned Mooney images. OC neurons required additional time 
to process the identity of learned Mooney images compared with intact 
grayscale images, with MTL neurons showing delayed responses. The 
learning-induced dynamics in OC may indicate the need for extensive 
recurrent processing, potentially involving top-down feedback from 
higher cortical areas, before information reaches MTL.

Results
Rapid learning during image recognition and single-neuron 
recordings
We designed an image recognition task to investigate changes in per-
ception following rapid learning. In total, 13 participants were shown 
sequences of images and were instructed to report whether they 
recognized the identity of the depicted objects. Images consisted 
of two-tone black-and-white pictures (Mooney images) (Fig. 1a) and 
their corresponding grayscale counterparts (Fig. 1b). In each trial, an 
image was shown for 500 ms, followed by a blank screen for 1,300 ms 
(Fig. 1c). Participants were first exposed to the Mooney versions of 
the images, which they did not recognize (Fig. 1d, red). After exposure 
to the Mooney images, brief learning sequences were introduced. 
These sequences involved presenting participants with the original 
grayscale image followed by the corresponding Mooney version 

Fig. 1 | Experimental design, behavior and recording sites. a, Examples 
of Mooney images. b, Examples of grayscale images. c, An example trial 
displaying stimulus and blank screen durations. Participants reported whether 
they recognized the object on the screen via button press (‘yes’ or ‘no’). d, An 
illustration of the learning process for Mooney images. The sequence depicts 
Mooney images before learning (pre-learning, red frame) and after learning 
(post-learning, blue frame), with the learning phase marked by a double-headed 
turquoise arrow. Pre-learning Mooney images are unrecognizable, as indicated 
by the response ‘no’ shown beneath the image. After multiple presentations of 
pre-learning Mooney images, a grayscale and a Mooney image depicting the same 
object are shown in immediate succession to facilitate learning of the Mooney 
image. During the learning sequence, both the grayscale and Mooney images are 
recognized (‘yes’ beneath the images). Following the learning sequence, Mooney 
images can be recognized. The colored frames were added for illustration 
purposes and were not visible during the task. Note that this panel illustrates a 
sequence for a single image (camel); the full sequence included multiple images, 
either grayscale or Mooney (pre- or post-learning), interleaved throughout the 
session, as indicated by the ellipses between stimuli (Methods). e, The proportion 
of Mooney images recognized across trials during an example session. Trials for 
each image are aligned with respect to its learning event (trial 0), indicated by a 
downward arrow. The session included multiple images, and each dot represents 
the mean accuracy across the different images. Mooney image recognition 
rapidly and drastically grew from almost none to almost perfect after learning. 

Post-learning trials (positive numbers, blue dots) show the proportion of 
Mooney images recognized after learning. Pre-learning trials (negative numbers, 
red dots) show that later-recognized Mooney images were not recognized before 
learning, even though the images were identical. f, Behavioral performance 
during the recognition task across all sessions. Before learning (‘Pre’, red), 
participants exhibited low performance (4%). Grayscale images (‘Gray’, gray) 
and Mooney images after learning (‘Post’, blue) were highly recognizable (93% 
and 83%, respectively). Each dot represents a session (n = 34). Asterisks indicate 
statistically significant differences between conditions (Post versus Gray, 
P = 5.5 × 10−5; Pre versus Gray, P = 1.4 × 10−12; and Pre versus Post, P = 1.4 × 10−12; two-
sided Wilcoxon signed-rank test, Bonferroni-corrected). g, Response times (RTs) 
relative to image onset. Participants responded faster to grayscale images than 
to post-learning Mooney images, and slowest to pre-learning Mooney images. 
Box plots show the median (center line), 25th and 75th percentiles (box bounds), 
and whiskers extending to the minimum and maximum values of the response 
time distributions across sessions (n = 34). Asterisks show statistically significant 
differences between conditions (Post versus Gray, P = 2 × 10−5; Pre versus Gray, 
P = 3.6 × 10−7; and Pre versus Post, P = 4.3 × 10−7; two-sided Wilcoxon signed-rank 
test, Bonferroni-corrected). h, Electrode locations across all participants. Each 
dot represents a microwire bundle location, mapped onto a standardized MNI152 
brain template (left) and a 3D brain model (right). All dots are displayed in the 
same hemisphere for visualization purposes only. The color of each dot denotes 
the microwire bundle location.
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participants exhibited similar recognition patterns to the 13 patients 
with epilepsy, with high recognition of Mooney images only after 
learning, and longer reaction times for recognized Mooney images 
compared with grayscale images (compare Extended Data Fig. 1 and 
Fig. 1). In the majority of trials (~83%), participants made no saccades 
during image presentation (0–0.5 s). The low incidence of saccades 
may be explained by the brief stimulus presentation and small image 
size, allowing participants to perceive the entire image in a single 
glance. In the subset of trials with saccades (~17%), the latency to the 
first saccade from image onset was 267 ± 33 ms. There were no signifi-
cant differences across conditions in either the proportion of trials 
with saccades (Gray versus Pre, P = 0.17; Gray versus Post, P = 0.52; 
and Pre versus Post, P = 0.38; two-sided Wilcoxon signed-rank test) 
or the timing of the first saccade (Gray versus Pre, P = 0.49; Gray ver-
sus Post, P = 0.99; and Pre versus Post, P = 0.49; two-sided Wilcoxon 

signed-rank test). After image offset (0.5–1 s), saccades were rare, 
occurring in fewer than ~7% of trials, with no differences across 
conditions (Gray versus Pre, P = 0.5; Gray versus Post, P = 0.09; and 
Pre versus Post, P = 0.59; two-sided Wilcoxon signed-rank test). We 
also analyzed blink behavior and found that blinks were negligi-
ble during stimulus presentation (<3% of trials), occurring mostly 
after stimulus offset. No differences in blink rates were observed 
across conditions. In addition, to test whether performance could be 
explained by associative learning, the task included control trials in 
which a grayscale image was sequentially paired with a mismatched 
Mooney image. Participants readily recognized the grayscale images 
but were unable to identify the following unrelated Mooney images 
(mean accuracy 7%, comparable to pre-learning Mooney recogni-
tion) and did not misattribute the identity of the grayscale image to 
the Mooney image.
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Neuronal latency and selectivity reflect hierarchical 
processing across brain regions
We first identified visually responsive neurons. A neuron was consid-
ered responsive if its firing rate showed significant modulation to any 
of the presented images, during a 500-ms interval (matching stimulus 
duration) from 200 to 700 ms after image onset, compared with the 
baseline period (−500 to 0 ms before image onset). Significance was 
determined using a permutation test (1,000 iterations) with a thresh-
old P < 0.05, corrected for false discovery rate (FDR). We identified 
318 visually responsive neurons (29% of the total). Of these, 105 were 
located in the OC (64% of the total number of neurons in this area), 
90 in the PHC (42%), 53 in the hippocampus (15%), 59 in the amygdala 
(17%) and 11 in the entorhinal cortex (22%) (Fig. 2a). We will refer to the 
neurons in the hippocampus, amygdala and entorhinal cortex together 
as the MTL, comprising 123 visually responsive neurons. Representa-
tive examples are shown in Extended Data Fig. 2a–d. For instance, 
Extended Data Fig. 2a illustrates the responses of a hippocampal neuron 

to a specific image in its pre-Mooney, grayscale and post-Mooney ver-
sions. This neuron exhibited distinct response patterns across condi-
tions, with the highest responses observed in the grayscale condition. 
Subsequent analyses were based only on visually responsive neurons.

We next estimated the onset latencies for responsive neurons. 
Response latency was defined as the first significant change in the 
neuron’s firing rate relative to the baseline period after stimulus onset 
for the grayscale images, taking the earliest latency across the images 
for each neuron (Methods). Response latencies significantly differed 
between areas with the fastest responses in the OC (median 155 ms, 
interquartile range IQR 129–204 ms), followed by the PHC (median 
161 ms, IQR 138–248 ms) and the MTL (median 322 ms, IQR 272–392 ms) 
(P = 8.7 × 10−11, Kruskal–Wallis test) (Fig. 2b).

Next, we characterized the response properties of the recorded 
neurons. We quantified neuronal selectivity using a selectivity index 
(SI)25 (Methods), computed from responses to the grayscale images. 
Selectivity differed across regions (Kruskal–Wallis, P = 0.0001). MTL 
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Fig. 2 | Neurons show different response latencies and visual selectivity 
across brain regions. a, The proportion and count of visually responsive 
neurons across human brain regions. Neurons in the hippocampus (Hipp.), 
amygdala (Amyg.) and entorhinal cortex (Ento.) are collectively referred to as the 
MTL from here on. Visually responsive neurons showed statistically significant 
modulation of their firing rates during image presentation (grayscale or 
Mooney) compared with the baseline period (two-sided permutation test, 1,000 
iterations, P < 0.05, FDR corrected). The ring chart shows the number of visually 
responsive neurons (dark-gray segments; OC, n = 105; PHC, n = 90; and MTL, 
n = 123) relative to the total number of recorded neurons (colored segments). 
Percentages indicate the proportion of responsive neurons within each brain 
region (reported in aggregate for the MTL). b, The distribution of neuronal 
response latencies across brain regions. Response latency was defined as the 
time from grayscale stimulus onset to the first significant change in firing rate 
relative to baseline (Methods). Latencies differed significantly across regions 
(P = 8.7 × 10−11, Kruskal–Wallis test). c, The stimulus SI, computed from responses 
to grayscale images. d, The SNR of neuronal responses across regions. e, The 
stimulus discriminability (d′), computed by comparing responses with preferred 
versus least-preferred stimuli. Dots in c–e show the distribution of values across 
neurons, with kernel density outlines, the horizontal line marking the median 
and the black dot marking the mean. Asterisks in c and d indicate statistically 

significant differences between regions (two-sided Wilcoxon rank-sum test; c: 
OC versus MTL, P = 1.6 × 10−5; PHC versus MTL, P = 1.2 × 10−3; d: OC versus MTL, 
P = 1.4 × 10−10; OC versus PHC, P = 0.02; and PHC versus MTL, P = 6.6 × 10−4); the 
absence of an asterisk in c–e indicates no significant difference. f,g,h, An example 
of a highly selective neuron in the hippocampus. Panels show the spiking activity 
in response to different images (Images 1–4) in the pre-learning Mooney (f), 
grayscale (g) and post-learning Mooney (h) conditions. This neuron responded 
only to Image 1 (turquoise) for the grayscale (g) and post-learning Mooney (h) 
images, but not in the pre-learning condition (f). Raster plots (top) show spiking 
activity (each dot represents a spike event) across trials (rows) and over time. 
Colors correspond to different images. Responses are shown for a subset of four 
images that were presented during the task. Trials are grouped by image for 
visualization. The light-gray rectangle in the background indicates the image 
presentation interval. Mean firing rates (bottom) are shown separately for each 
image as post-stimulus time histograms (solid colored lines; the bin size is 250 ms 
and the step size is 10 ms). Shaded areas represent s.e.m. across trials. Firing 
rates for the Mooney images increased after learning (h) compared with before 
learning (f). i,j,k, The spiking activity of an example neuron in the OC, shown 
with the same conventions as in f–h. This neuron responded to multiple stimuli 
(Images 1–4) and exhibited firing rate modulation depending on the image and 
condition.

http://www.nature.com/natureneuroscience


Nature Neuroscience

Article https://doi.org/10.1038/s41593-026-02496-6

neurons exhibited the highest selectivity compared with OC and PHC 
(SI 0.67) (Fig. 2c). PHC and OC neurons showed similar selectivity 
indices (SI 0.56). We next quantified the signal-to-noise ratio (SNR) of 
neuronal responses (Fig. 2d), which differed across regions (Kruskal–
Wallis, P = 2.6 × 10−5) with OC neurons showing the highest SNR (8.9), 
followed by PHC (7.3) and MTL (4.3). Finally, we assessed the ability of 
neurons to discriminate between stimuli by computing a d-prime (d′) 
index comparing responses to preferred versus least-preferred stimuli 
(Fig. 2e; Methods). Despite differences in SNR, d′ discriminability was 
comparable across regions (Kruskal–Wallis, P = 0.21). SNR and d′ pat-
terns remained consistent across time (Supplementary Fig. 3).

Figure 2f–k shows the spiking activity (top, raster plots; bottom, 
mean firing rates) of two example neurons in response to different 
images (color-coded, Images 1–4) (Supplementary Fig. 4) and across 
conditions. Figure 2f–h illustrates a highly selective neuron in the hip-
pocampus. In the grayscale condition, this neuron responded only to 
Image 1 (Fig. 2g, turquoise). A second example, Fig. 2i–k, shows the 
spiking activity of a neuron in the OC that responded to multiple images. 
This neuron exhibited firing rate modulation depending on the image 
and condition. For instance, responses to Images 1 (turquoise) and 4 
(purple) were higher in the grayscale condition (Fig. 2j) compared with 
the Mooney conditions (Fig. 2i,k). However, for Image 3 (yellow), firing 

rates were slightly lower in the grayscale condition compared with the 
Mooney conditions. Additional example neurons are shown in Extended 
Data Figs. 2 and 3. Overall, these results are consistent with a hierarchical 
organization in visual processing, where both selectivity and latencies 
increase as neural signals flow from the occipital region to the MTL.

Learning enhances neuronal stimulus selectivity
Modulation in the responses to grayscale images compared with 
their Mooney counterparts (Fig. 2g versus Fig. 2f,h; Fig. 2j versus 
Fig. 2i,k; Extended Data Fig. 3b versus Extended Data Fig. 3a,c; and 
Extended Data Fig. 3e versus Extended Data Fig. 3d,f) could be expected 
and may reflect the large differences between the two types of images 
at the pixel level. Remarkably, firing rates were also modulated between 
the identical post- and pre-learning Mooney images. For instance, the 
hippocampal neuron in Fig. 2 remained unresponsive to all Mooney 
images before learning (Fig. 2f), but its firing rate was selectively 
modulated in response to Mooney Image 1 after learning (Fig. 2h). See 
Extended Data Fig. 2 for additional examples showing a direct compari-
son between the responses to specific images across conditions and 
Extended Data Fig. 3 for further examples in the same format as Fig. 2.

We examined whether our population of neurons exhibited 
enhanced stimulus selectivity after learning. Specifically, we tested if 
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time points (P < 0.05, Bonferroni-corrected. Peak significance: b, P = 1.6 × 10−11; 
c, P = 7.7 × 10−6; e, P = 9.1 × 10−8; h, P = 2.9 × 10−11; and i, P = 3.6 × 10−5) indicated by 
a black line and asterisk above the curves. Shaded areas represent s.e.m. across 
neurons. Time zero marks the image onset, and the shaded gray area (0–0.5 s) 
indicates the stimulus presentation period.
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stimulus preferences defined by grayscale image responses transferred 
to Mooney images following learning. For each neuron, we defined 
the most and least preferred images based solely on responses in the 
grayscale condition. We then computed the average normalized firing 
rates across neurons for the preferred versus nonpreferred images in 
the pre- and post-learning Mooney conditions (Fig. 3).

As expected for the grayscale condition, responses were stronger 
for the preferred versus the nonpreferred stimulus in all three regions 
(Fig. 3b,e,h). For Mooney images, OC neurons showed little selec-
tivity before learning (Fig. 3a). After learning, however, responses 
to preferred images were significantly greater than responses to 
nonpreferred images (P < 0.05, two-sided Wilcoxon signed-rank 
test, corrected; Fig. 3c). This selectivity emerged during stimulus 
presentation, with significant differences arising at ~300–350 ms 
after image onset, markedly later than for the grayscale images 
(~100–150 ms; Fig. 3b). Similarly, neurons in the MTL did not encode 
stimulus preference before learning (Fig. 3g), but selectivity emerged 
after learning at ~350–400 ms (Fig. 3i; P < 0.05, corrected), again later 
than for the grayscale condition (~250 ms). The PHC did not show 

a reliable increase in preference selectivity either before or after 
learning (Fig. 3d,f).

Overall, these results indicate that stimulus preference emerges  
with learning in neurons of the OC and MTL. After learning, Mooney 
images evoke response patterns consistent with neurons’ grayscale- 
defined preferences, demonstrating experience-dependent refine-
ment of neuronal selectivity.

Neuronal representations of Mooney images become more 
discriminable after learning
To further investigate how learning shapes neuronal representations, 
we asked whether learning enhances overall discriminability of activity 
patterns for Mooney images. Both pre- and post-learning conditions 
included the same stimuli, providing identical visual input. However, 
only post-learning Mooney images could be readily recognized (Fig. 1d–
f). We hypothesized that this perceptual difference would sharpen 
neuronal representations at the population level.

To test this, we trained linear decoders to discriminate between 
response patterns for different image identities separately for each 
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Fig. 4 | Learning enhances the neuronal discriminability of Mooney images. 
a–c, Decoding accuracy over time for image identity in the pre-learning Mooney 
(a), grayscale (b) and post-learning Mooney (c) conditions for OC neurons. d–f, 
The same as in a–c, but for PHC neurons. g–i, The same as in a–c, but for MTL 
neurons. Decoding was performed using pseudopopulations of neurons pooled 
across participants, with image identity predicted using an SVM with a linear 
kernel (bin size 250 ms, step size 25 ms). Three-class decoders were constructed 

using the three images that elicited the most neuronal responses per session 
(chance 33%; Methods). The horizontal dashed line indicates chance level. The 
shaded area represents the 95% confidence interval centered on the mean of the 
empirical null distribution obtained by shuffling the labels (500 iterations). Time 
zero marks the image onset, and the shaded gray area (0–0.5 s) indicates the 
stimulus presentation period.

http://www.nature.com/natureneuroscience


Nature Neuroscience

Article https://doi.org/10.1038/s41593-026-02496-6

condition. Decoding was assessed using pseudopopulations con-
structed across participants26,27 (Methods). For each region, we pooled 
responsive neurons and used their responses as features to predict 
image identity across time (support vector machine (SVM) with a linear 
kernel; bin size 250 ms, step size 25 ms; Methods). Because different 
sessions used distinct subsets of images, we selected the top three 
images from each session on the basis of responses in the grayscale con-
dition. Images were ranked by the number of neurons that responded 
to them, and the three highest-ranked images were labeled Images 
1–3 to construct three-class decoders (Methods). All three regions 
showed the highest image discriminability in the grayscale condition 
(OC 90%, PHC 93%, MTL 76%; P < 0.05, permutation test versus empirical 
null distribution; chance 33%) (Fig. 4b,e,h), but performance diverged 
for the Mooney conditions. Neurons in OC significantly decoded 
Mooney images both before and after learning, with decoding accu-
racy increasing after learning (pre-Mooney 62%, post-Mooney 80%; 
P < 0.05, permutation test) (Fig. 4a,c). By contrast, neurons in PHC and 
MTL did not show significant decoding before learning (Fig. 4d,g) but 
did so after learning (PHC 63%, MTL 57%) (Fig. 4f,i). In all cases, reliable 
decoding emerged during image presentation and briefly persisted 
after stimulus offset before returning to chance level. Together, these 
findings indicate that learning reshapes neuronal responses to iden-
tical stimuli, enhancing the discriminability of Mooney representa-
tions. Complementary analyses corroborated these learning-induced 
changes, showing reliable decoding of pre- versus post-learning Mooney 
responses at both the single-neuron and population levels (P < 0.05, per-
mutation test) (Extended Data Fig. 4a,d–f). Moreover, discrimination 
between grayscale and pre-learning Mooney responses was stronger 
than between grayscale and post-learning Mooney responses (P < 0.05; 
Extended Data Fig. 4b,c,g–i and Supplementary Fig. 5), suggesting that 
learning makes neuronal responses to Mooney images more similar to 
those evoked by grayscale images.

We conducted additional control analyses to assess the potential 
impact of time-dependent changes in neuronal excitability28–32. We 
assessed whether neurons systematically changed their firing rate 
over time (Supplementary Fig. 6a; Methods). Only a small proportion 
of neurons (~3%, permutation test) exhibited significant slope trends. 
To determine whether these trends were specific to the responsive 

population, we compared the distributions of slopes between respon-
sive and nonresponsive neurons (Supplementary Fig. 6b). Nonrespon-
sive neurons showed a comparable distribution of firing rate trends 
to responsive neurons (P = 0.1, Kolmogorov–Smirnov test), with ~3% 
exhibiting significant slopes, consistent with the proportion observed 
in the responsive population. Because the nonresponsive population 
shared similar trend distributions but lacked stimulus selectivity, we 
repeated the decoding analyses using these neurons to assess whether 
such time-dependent trends could account for the observed effects. 
Decoding on the basis of nonresponsive neurons did not exceed 
chance in any region (Supplementary Figs. 7 and 8), suggesting that fir-
ing rate drifts do not account for our findings. We next performed two 
additional conservative control analyses focusing on neurons with the 
most extreme firing rate trends. First, we repeated the decoding analy-
ses using the responsive neuron population after removing neurons 
with the largest firing rate trends. Specifically, we excluded neurons 
with slopes deviating by more than 1 s.d. from zero (trend-controlled 
population; Supplementary Fig. 6c). Our findings remained robust 
after excluding these neurons (Supplementary Fig. 9), suggesting 
that changes in overall excitability do not account for the observed 
effects. We then constructed a control population by selecting non-
responsive neurons with the largest firing-rate trends, with slopes 
deviating by more than 1 s.d. from zero (trend-dominated popula-
tion; Supplementary Fig. 6d), and repeated the decoding analyses. 
In this trend-dominated population, decoding did not yield signifi-
cant image discriminability in any region (Supplementary Fig. 10), 
indicating that firing-rate trends alone were insufficient to produce 
reliable decoding.

Overall, these results show that learning enhanced neuronal 
representations, making Mooney images more discriminable across 
occipital and medial temporal regions, with effects emerging during 
stimulus presentation.

Neuronal patterns for grayscale images generalize to Mooney 
images after learning
To further understand the content encoded by neuronal populations 
before versus after learning, we assessed whether activity patterns 
elicited by grayscale images generalized to two-tone Mooney images. 

Fig. 5 | Generalization to learned Mooney images is delayed in OC and 
MTL. a–c, Generalization matrices in OC for: grayscale to post-learning 
Mooney (Gray-to-Post) (a), grayscale to pre-learning Mooney (Gray-to-Pre) 
(b) and pre-learning to post-learning Mooney (Pre-to-Post) (c). Generalization 
was assessed by training a decoder with one condition and testing with the 
other, including the responses of neurons as features. Each matrix entry x,y 
indicates the mean decoding accuracy of image identity for the two train–test 
configurations across conditions as follows: first, we computed decoding 
accuracy by training with the grayscale at time y and testing with the Mooney 
condition at time x; second, we computed decoding accuracy by training with 
the Mooney at time x and testing with the grayscale condition at time y; third, 
the mean of these two values corresponds to entry x,y. Accuracies correspond to 
three-class decoders (chance of 33%) of the top three images chosen on the basis 
of their responses in the grayscale condition (Methods). The x and y axes indicate 
time points of neuronal activity for the corresponding conditions. Time zero 
marks image onset. The small pictures above the matrices indicate the conditions 
included in the generalization matrix (gray frame for grayscale, blue frame for 
post-learning Mooney and red frame for pre-learning Mooney). The dashed black 
line represents the matrix diagonal, where conditions were trained and tested at 
the same time points. The dashed line square represents the image presentation 
interval. Solid red lines delineate statistically significant decoding, assessed with 
a one-sided permutation test against an empirical null distribution generated 
by shuffling condition labels (200 iterations, cluster-corrected; P < 0.05). d–f, 
Generalization matrices in MTL. Panels and data follow the same conventions 
as in a–c. g–i, Generalization asymmetry corresponding to decoding profiles in 
a, b and c, respectively. We quantified the deviation of peak decoding from the 
diagonal to measure generalization asymmetry. Deviation of the distribution 

to the right indicates that neuronal patterns for grayscale images generalize 
to later activity for the post-learning Mooney images. Asterisks indicate a 
statistically significant deviation of the decoding peak from the diagonal, 
assessed with a resampling-based test (200 iterations; Methods). Deviation was 
considered significant if at least 95% of the values fell on the same side of zero 
as the observed deviation (OC: P < 0.005, 125-ms deviation in g). The absence of 
asterisks indicates no statistically significant deviation from the diagonal. j–l, 
Generalization asymmetry in MTL corresponding to the decoding profiles in 
d, e and f, respectively. Data use the same conventions as in g–i (MTL: P = 0.04, 
100-ms deviation in j). Results for the OC are color-coded in purple, and MTL in 
green. m, Comparison of Gray-to-Post generalization in the OC and MTL. The 
ellipses illustrate generalization asymmetry in the OC (purple) and MTL (green), 
corresponding to a and d, respectively. In both cases, peak generalization falls 
below the diagonal, occurring earlier in the OC than in the MTL. The ellipses 
span the interquartile range of the probability density functions of peak 
generalization (Extended Data Fig. 6a,d). The shaded gray area with dashed lines 
delineates the stimulus presentation period. n, A summary of generalization 
times for Gray-to-Post. Downward arrows and numbers indicate the median 
peak generalization times for grayscale (gray box) and post-learning Mooney 
(blue box) images in the OC (top, purple background) and MTL (bottom, green 
background). Box plots show the median (center line), 25th and 75th percentiles 
(box bounds), and whiskers extending to the minimum and maximum values 
of the marginals of the probability density functions (Extended Data Fig. 6a,d). 
Statistical significance was assessed with the same resampling-based test as in 
g and j (200 iterations; OC: P < 0.005, MTL: P = 0.04). The vertical dashed line at 
time zero indicates image presentation onset, and the shaded gray area in the 
background represents the presentation period.
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If neurons changed their firing patterns after learning to reflect image 
identity, then patterns encoding grayscale images would be expected 
to generalize to Mooney images after learning, but not (or to a lesser 
extent) before learning. To test this hypothesis, we employed a 

cross-condition decoding approach in which classifiers were trained 
on one condition and tested on another across time (Fig. 5a–f). As in 
the previous within-condition decoding analyses, we selected the top 
three images from each session on the basis of grayscale responses to 
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construct three-class decoders (Methods; chance 33%). At each time 
point and for every pair of conditions, decoders were used to predict 
image identity from neuronal activity patterns.

We examined generalization of neuronal responses for grayscale 
to Mooney images (‘Gray-to-Post’ and ‘Gray-to-Pre’) separately for each 
region. Figure 5a shows Gray-to-Post generalization for neurons in the 
OC. Each entry at time x,y indicates the mean decoding accuracy for 
two train–test configurations: first, the classifier was trained with the 
responses to grayscale images at time y and tested with the responses 
to post-learning Mooney images at time x; second, the classifier was 
trained with the responses to post-learning Mooney images at time x 
and tested with the responses to grayscale images at time y. OC neurons 
showed significant decoding for Gray-to-Post (P < 0.05, versus empiri-
cal null distribution; chance 33%; Fig. 5a) and Gray-to-Pre (Fig. 5b) 
generalization. Decoding accuracies were higher for Gray-to-Post 
(up to 62%) than for Gray-to-Pre (49%), and remained significant for 
~200 ms after image offset for the post-learning Mooney images. We 
next evaluated generalization in MTL neurons, which showed signifi-
cant transfer of image identity information only after learning, with 
decoding accuracy reaching 50% for Gray-to-Post (P < 0.05; Fig. 5d), 
and chance-level performance for Gray-to-Pre (Fig. 5e).

In addition, we asked whether neural responses would generalize 
from pre- to post-learning Mooney images, given that the visual input 
was identical despite the change in perception, from unrecognized to 
recognized. We found that pre-to-post generalization was significant 
in OC neurons (up to 65%) (Fig. 5c), with decoding mostly confined to 
the image presentation interval. By contrast, MTL neurons showed 
no significant pre-to-post generalization, with decoding remaining at 
chance level (Fig. 5f). Generalization analyses in the PHC revealed no 
significant decoding across conditions (Extended Data Fig. 5).

As with the within-condition decoding analyses, we conducted 
control analyses to assess the potential influence of firing-rate trends 
on the generalization results. Repeating the generalization analyses 
using the nonresponsive neuron population yielded no generaliza-
tion in any region (Supplementary Fig. 11). Results remained robust 
when analyses were restricted to the trend-controlled population 
(Supplementary Fig. 12). Finally, decoding in the trend-dominated 
population showed no evidence of generalization in any region 
(Supplementary Fig. 13), confirming that firing-rate trends alone can-
not account for the observed generalization effects.

Consistent with the within-condition decoding results, neuronal 
response patterns evoked by grayscale images generalized to Mooney 
images predominantly after learning. This generalization emerged dur-
ing stimulus presentation and was observed across OC and MTL, further 
suggesting that learning reshapes neuronal representations such that 
Mooney responses converge toward those evoked by grayscale images.

Generalization of neuronal responses for grayscale to learned 
Mooney images is delayed in OC and MTL
We further analyzed the temporal dynamics of the cross-condition 
generalization matrices (Fig. 5a–f). Entries along the diagonal reflect 
generalization from grayscale images to post-learning Mooney images 
at matched time points, while entries above or below the diagonal 
indicate cross-time generalization.

In the OC, the Gray-to-Post generalization matrix exhibited an 
asymmetric profile with a prominent off-diagonal peak (Fig. 5a). 
We quantified this asymmetry by estimating the probability den-
sity function of peak decoding times via resampling (Methods). 
The decoding peak deviated 125 ms from the diagonal (P < 0.005, 
empirical distribution versus the diagonal) (Fig. 5g), indicating 
that neuronal patterns in response to grayscale images at 175 ms 
most closely resembled those for post-learning Mooney images at 
300 ms (Extended Data Fig. 6a). To evaluate whether generaliza-
tion favored early or late neuronal responses, we compared decod-
ing accuracies above and below the diagonal. Decoding accuracy 
was significantly higher at later compared with earlier time points 
in the Gray-to-Post case (Supplementary Fig. 14a,d). By contrast, 
the generalization profiles for Gray-to-Pre and Pre-to-Post were 
centered on the diagonal and no difference was observed between 
early and late decoding stages (Fig. 5h,i, Extended Data Fig. 6b,c and 
Supplementary Fig. 14b,c,e,f).

As in the occipital region, the Gray-to-Post generalization profile 
in MTL was also asymmetric, with higher accuracies falling below 
the diagonal and the decoding peak 100 ms off-diagonal (Fig. 5j). 
Thus, neuronal patterns in response to grayscale images at 325 ms 
were most similar to those for learned Mooney images at 425 ms 
(Extended Data Fig. 6d), and generalization was again higher at later 
stages (Supplementary Fig. 15). Gray-to-Pre and Pre-to-Post generaliza-
tion profiles in the MTL showed no significant asymmetry with respect 
to the diagonal (Fig. 5k,l and Extended Data Fig. 6e,f).

c

0 0.25 0.50 0.75 1.00

Latency (s)
Post-learning Mooney

0

0.25

0.50

0.75

1.00

G
ra

ys
ca

le
la

te
nc

y 
(s

)

0 0.25 0.50 0.75 1.00

Latency (s)
Post-learning Mooney

0

0.25

0.50

0.75

1.00

*

G
ra

ys
ca

le
la

te
nc

y 
(s

)

ba
OC

OC

MTL

Latency summary

150–155

*

300 410

0 200 400 600

Time (ms)

–0.4 –0.2
0

0.2
0.4

–0.4 –0.2
0

0.2
0.4 Time (s)

Time (s)

MTL Grayscale
Post-learning
Mooney

Fig. 6 | Neurons in MTL respond later to learned Mooney images compared 
with grayscale images. a,b, Scatter plots of neuronal response latencies for 
grayscale (y axis) versus post-learning Mooney images (x axis) in the OC (a) and 
MTL (b). Each dot represents the response latency of a neuron to an individual 
image. The tilted distribution represents the differences between latencies for 
grayscale and post-learning Mooney images. The distribution centered at zero 
indicates no latency difference between conditions. The asterisk in b denotes 
significant latency differences (P = 0.0001, two-sided Wilcoxon signed-rank test) 
between grayscale and post-learning Mooney images in MTL. Thus, dots largely 
falling below the diagonal (dashed line) indicate that neuronal responses to 
post-learning Mooney images are delayed with respect to responses to grayscale 

images. c, A summary of neuronal response latencies. Downward arrows and 
accompanying numbers indicate the median latency for grayscale (gray box) and 
post-learning Mooney (blue box) images in the OC (top, purple background) and 
MTL (bottom, green background). In the OC, latencies did not differ between the 
two conditions (150 ms for post-Mooney and 155 ms for grayscale), and arrows 
overlapped. Box plots show the median (center line), 25th and 75th percentiles 
(box bounds), and whiskers extending to the minimum and maximum values 
of the latency distributions in a and b. The asterisk denotes significant latency 
differences (P = 0.0001, two-sided Wilcoxon signed-rank test). The vertical 
dashed line at time zero indicates image presentation onset, and the shaded gray 
area in the background represents the presentation period.
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Together, these findings uncovered key neuronal dynam-
ics induced by learning. Consistent with the behavioral findings, 
grayscale-to-Mooney generalization emerged only after learning. 
The more pronounced below-diagonal decoding indicates that 
neuronal patterns for grayscale images predominantly generalize 
to post-learning Mooney images at a late processing stage. Thus, 
with additional processing time, responses to learned Mooney 
images evolve to resemble those elicited by grayscale images. For 
pre-to-post Mooney generalization, where images are identical, the 
observed on-diagonal decoding in OC might reflect shared low-level 
visual representations.

Finally, we summarized the timing of Gray-to-Post generalization 
in OC and MTL (Fig. 5m,n). Consistent with hierarchical processing, 
peak generalization occurred earlier in OC (175 ms and 300 ms, in 
grayscale and post-learning Mooney conditions, respectively) than in 
MTL (325 ms and 425 ms). The generalization delays were comparable 
across regions (125 ms in OC and 100 ms in MTL), suggesting that the 
temporal lag observed in OC may propagate to MTL, with MTL not 
contributing additional delays.

Neurons in MTL respond later to learned Mooney images 
compared with grayscale images
Both OC and MTL neuronal populations showed delayed generalization 
from grayscale to Mooney images after learning. To determine whether 
this generalization delay was reflected in the timing of individual neu-
ronal responses, we computed response latencies to grayscale and 
post-learning Mooney images in OC and MTL (Fig. 6a,b). In OC, response 
latencies did not differ between conditions (Fig. 6a,c). By contrast, 
MTL neurons responded significantly later to post-learning Mooney 
images than to grayscale images (time difference of 110 ms; P = 0.0001, 
two-sided Wilcoxon signed-rank test; Fig. 6b,c). These results suggest 
that MTL neurons fire only after earlier stages have devoted additional 
processing time to resolving the identity of the learned Mooney images.

Discussion
We investigated how the neuronal dynamics induced by rapid learn-
ing in the human brain reshape perception using degraded two-tone 
Mooney images11. Mooney images are unrecognizable before learning. 
However, after brief exposure to the corresponding grayscale images, 
recognition of Mooney images increases dramatically11,12,14,16,21. Par-
ticipants in our study showed essentially all-or-none recognition of 
Mooney images mediated by rapid learning. In addition, recognizing 
Mooney images after learning required additional processing time 
compared with grayscale images.

Medial occipital neurons showed lower selectivity and faster 
responses, while MTL neurons showed higher selectivity and slower 
responses (Fig. 2), reflecting hierarchical processing from the ventral 
visual pathway to downstream areas in the MTL33–36. The time required 
for visual signals to reach the human MTL was longer compared with 
other primates37–39. Rapid learning led to changes in firing patterns in 
neurons in medial occipital and temporal regions. Despite identical 
visual input, neurons in these areas showed increased stimulus selectiv-
ity, accompanied by enhanced discriminability of Mooney images after 
learning (Figs. 2–4). Previous studies in monkeys showed that neurons in 
the inferior temporal cortex, known for their role in representing objects 
and faces, change their activity in response to Mooney images after 
exposure to their intact versions20, following learned associations40–42, 
and while building size-invariant object representations43. Although 
we did not have neurons in inferior temporal cortex areas, the occipital 
and medial temporal regions examined here—which are generally less 
selective for complex shapes such as faces and objects than the inferior 
temporal cortex—exhibited clear experience-dependent modulation, 
suggesting that rapid learning extends beyond object-selective areas 
to engage broader visual circuits. While we did not measure receptive 
fields, prior receptive field mapping studies in humans indicate that 

neurons in ventromedial and dorsomedial OC at the recorded locations 
typically have relatively large receptive fields (>4°)28,44,45, comparable to 
the image size used here (5°). Moreover, human imaging46 and monkey 
invasive studies47,48 suggest that the ventral visual regions sampled here 
process mid-level visual features such as curvature, shape and color 
relevant for object recognition. In humans, neuroimaging studies have 
revealed learning-related effects on the representation of Mooney face 
and object images in high-level visual cortex, including the occipital 
and fusiform areas, as well as in the precuneus and adjacent parietal 
regions implicated in top-down attention21,24,49. Moreover, single-shot 
associative memories of unrelated concepts are represented by neurons 
in the human MTL50. Linking the work in monkeys and humans, our 
results demonstrate that the effects of recently acquired experience 
are reflected in neuronal activity in both visual cortex and MTL regions.

Following learning, neuronal responses to Mooney images became 
more similar to those evoked by their grayscale counterparts (Figs. 2, 3 
and 5). Consistently, neuroimaging studies suggested that the represen-
tation of Mooney images is more similar to the representation of intact 
images after learning22,23. We observed generalization in both OC and 
MTL, although it was weaker in MTL, which may partly be explained by the 
lower SNR of neuronal responses in MTL compared with OC. Decoding 
Mooney images after learning required additional processing time com-
pared with the processing of intact grayscale images (Fig. 5), consistent 
with behavioral results showing slower response times for post-learning 
Mooney images (Fig. 1g). The generalization delays for degraded Mooney 
images (~125 ms) are reminiscent of those previously reported in human 
visual areas (110–160 ms) when participants had to recognize highly 
occluded objects compared with whole objects27. Furthermore, stud-
ies in monkeys have shown that objects that are harder to recognize 
take longer to be reliably decoded from neurons in the primate ventral 
stream51. These delays may indicate the need for recurrent processing, 
involving signals from other visual areas as well as top-down feedback 
from areas in the frontal and temporal lobes52–55. Unlike these studies, 
our work used learning to facilitate recognition. Learning transformed 
an essentially impossible recognition task (pre-Mooney) into a challeng-
ing but solvable task (post-Mooney), enabling the brain to reconstruct 
visual objects from impoverished images. In contrast to learning new 
images—which may require neocortical neurons to expand their tuning 
to encode novel objects56—recognizing Mooney images may rely on 
learning figure-ground segregation and image completion processes. 
The effects of learning in our study may manifest through extensive 
recurrent processing to solve object identity in the human brain, which 
might involve top-down feedback from higher-order cortical areas19,57,58.

Our analyses reveal that key neuronal dynamics that support rec-
ognition after learning occur faster in OC than in MTL, highlighting 
their distinct roles in learning-induced visual recognition across the 
processing hierarchy. The generalization delay (~100 ms) and increased 
response latency (~110 ms) in MTL are consistent with the delayed emer-
gence of generalizable patterns in OC, which appear ~125 ms later for 
Mooney images than for grayscale images. A plausible interpretation 
is that the delayed generalization in MTL may reflect the relatively late 
arrival of visual information from earlier neocortical processing stages, 
including OC. Although direct causality is not established in the current 
work, these findings are consistent with a model in which the additional 
processing required in OC—and potentially other neocortical regions—
after learning constrains the temporal dynamics of MTL responses.

Overall, learning-related changes at the neuronal level emerged 
during image presentation (Figs. 3c,i, 4c,i and 5a,d). The brief stim-
ulus duration and small image size likely minimized saccades and 
allowed the entire stimulus to be perceived within a single glance. 
In OC, Pre-to-Post generalization (Fig. 5c) and above-chance image 
discriminability before learning (Fig. 4a) suggest that Mooney image 
processing engages shared visual feature representations independ-
ent of recognition. However, once the Mooney images are learned, 
neuronal representations evolve to integrate the visual input with newly 
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acquired knowledge, enabling decoding of object identity in OC within 
~300 ms (Fig. 5a). By contrast, chance-level Pre-to-Post generalization 
in MTL (Fig. 5f) suggests limited or no involvement in the processing of 
low-level visual features of the images. Instead, MTL appears to encode 
abstract representations related to image identity, resolving object 
identity of learned Mooney images within ~425 ms (Fig. 5d). Decoding 
persisting after stimulus offset (Figs. 4 and 5, and Extended Data Fig. 4) 
may partially reflect short-term visual memory of recently perceived 
stimuli, as well as noncontent-specific post-recognition processes, 
including attentional and decisional mechanisms23.

Experience-driven synaptic changes in neuronal circuits are 
fundamental to learning59 and engage multiple processes and brain 
regions60. Rapidly storing memory traces is often attributed to MTL 
structures18,34,50,61, which facilitate memory reinstatement in neocor-
tical regions via feedback18,40. However, whether all forms of rapid 
learning require the participation of the MTL remains unclear. The 
behavioral effects observed here are reminiscent of the phenomenon 
of priming, in which perceptual identification of objects can be facili-
tated by single exposure to related stimuli17. Yet, whereas classical 
priming is typically fast and short-lived, the rapid learning of Mooney 
images persists for weeks or longer12. By contrast, perceptual learning is 
long-lasting, but gradual and generally involves training60. Recent work 
suggests that priming and perceptual learning may co-exist to support 
perceptual improvements while remaining distinct mechanisms62. A 
recent study14 argued that rapid one-shot perceptual learning may 
be conceptualized as a form of priming with long-term effects63. This 
study14 found that memory-impaired patients with lesions in the MTL 
performed similarly to healthy control participants on a rapid one-trial 
perceptual learning task, suggesting cortical changes may occur inde-
pendently of the MTL. Although the perceptual effects persisted for 
several days, the patients’ memory of the test was impaired, arguing 
against the involvement of associative memory13,14. The spatiotemporal 
dynamics presented here, with generalizable representations emerg-
ing earlier in OC and delayed neuronal responses in MTL, suggest that 
recognition after rapid perceptual learning may rely on neocortical 
processing without requiring feedback from MTL.

The last decade has seen remarkable progress in the development 
of successful artificial intelligence algorithms. Such algorithms are 
typically trained on large datasets in a supervised fashion (however, 
see examples demonstrating few-shot and zero-shot performance 
capabilities64,65). Humans can use few-shot and unsupervised cues to 
rapidly learn, as strikingly demonstrated by recognition of impover-
ished two-tone Mooney images. Our single-neuron data characterize 
how learning-induced spatiotemporal dynamics encode new visual 
information reshaping perception. Unlike other forms of fast learning 
that require recruiting the MTL, rapid perceptual changes may primar-
ily rely on neocortical processing. The current study provides initial 
steps toward understanding the dynamic interplay between visual 
cortex and MTL memory structures to instantiate rapid and unsuper-
vised learning and provides constraints for developing computational 
models that include recurrent computations for rapid learning.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41593-026-02496-6.
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Methods
Participants
The participants undergoing neuronal recordings were 13 adult patients 
(34 sessions; 5 female; aged 25–50 years; Supplementary Table 1) with 
epilepsy who were implanted with hybrid macro- and microelectrodes 
for epilepsy monitoring and evaluation for treatment of drug-resistant 
epilepsy, at the Freiburg Epilepsy Center in Freiburg im Breisgau, Ger-
many. Electrode placement was solely determined by the need to local-
ize epileptogenic regions. The electrode locations were determined 
using post-implantation computed tomography co-registered with 
preoperative MRI. These locations were then transformed into stand-
ardized MNI152 space and plotted on a template brain for visualization 
purposes only (Fig. 1h). All participants volunteered for this study and 
gave informed consent. The experimental procedures were approved 
by the Ethics Committee of the University of Freiburg, Freiburg im 
Breisgau, Germany.

Experimental task
Participants performed an image recognition task that included 
grayscale and two-tone Mooney images (Fig. 1). Stimuli depicted ani-
mals, objects and people, presented as grayscale pictures (Fig. 1b and 
Supplementary Fig. 4) and their corresponding two-tone Mooney coun-
terparts11 (Fig. 1a). They viewed sequences of images and reported rec-
ognition with a button press in a two-alternative forced-choice manner 
(‘yes’ or ‘no’). The first time a given Mooney image was recognized, par-
ticipants were asked to verbally report the identity of the image to con-
firm successful recognition. No further verbal reports were requested 
for subsequent presentations of recognized images. Responses were 
marked as incorrect if the object was not correctly identified, and 
participants received accuracy feedback. At the beginning of each 
session, participants received basic instructions for the task and were 
shown examples of Mooney and the corresponding grayscale pictures 
to illustrate the image sequence. Participants did not receive directions 
regarding how or where to fixate. Sessions were divided into blocks 
solely to allow participants to take brief breaks and reduce fatigue, 
and block boundaries had no task-related significance. Images were 
presented in blocks of 60 trials, and participants completed on aver-
age 16.6 ± 3.3 blocks (mean ± s.d.) per session (Supplementary Table 1 
shows the number of sessions for each participant). Sessions ended 
when a maximum of 25 blocks was reached, or earlier if a participant 
wanted to stop. In each trial, a grayscale or Mooney image (5° × 5° 
visual angle) was presented at the center of the screen for 500 ms 
followed by a blank screen with a fixation cross for 1,300 ms (Fig. 1c). 
All trials in the task had identical temporal structure, differing only in 
the image presented.

At the start of the session, participants were exposed to the 
Mooney versions of four different images, intermixed during presen-
tation, which were largely unrecognized (pre-learning Mooney images) 
(Fig. 1d, left, red frame; Fig. 1e,f). The set of images presented increased 
over the task based on participants’ behavior. For instance, if partici-
pants recognized the identity of a Mooney image before learning, that 
image was no longer presented, the learning sequence for that image 
was omitted, and a new Mooney image was introduced in the sequence. 
This resulted in an interleaved presentation structure, with blocks 
containing balanced presentations of four to five distinct images. Par-
ticipants were exposed to up to ten different images over the course of 
the task. After multiple presentations of unrecognized Mooney images 
(30 trials), participants were presented with a learning sequence. Each 
learning sequence consisted of two trials in which a Mooney image was 
immediately preceded by its corresponding grayscale image to facili-
tate learning (Fig. 1d, middle, turquoise frame). Learning sequences 
represented a small fraction of the total trials in a session (~2–3%). 
Participants reported recognition of the depicted object for each trial 
within the learning sequence, as in all other trials. An image was marked 
as learned once the participant successfully recognized both the 

grayscale and Mooney versions. The learning sequence was repeated 
until both versions were correctly identified. In most cases, images 
required only a single learning sequence within a session, reflecting 
rapid learning (median of 1). Once an image was learned, no further 
learning sequences for that image were presented. After learning, the 
Mooney images were presented again (now as post-learning Mooney 
images) (Fig. 1d, right, blue frame). As the experiment progressed and 
Mooney images transitioned from the pre-learning to post-learning 
condition, new previously unseen Mooney images were introduced 
into the sequence, with pre- and post-learning images presented inter-
mixed across the session. Grayscale images were also interleaved with 
Mooney images throughout the task, with the proportion of trials bal-
anced across the three conditions (one-third each). Participants who 
completed multiple sessions (Supplementary Table 1) were shown dif-
ferent images in each session. Behavioral performance was measured 
as the proportion of recognized images per condition (Fig. 1e,f), and 
response times were defined as the interval between stimulus onset 
and the participant’s button press indicating recognition.

Eye tracking
To assess eye movements during visual recognition, we conducted the 
image recognition task described above in an independent cohort of 
healthy participants (13 sessions across ten individuals, five female, 
aged 24–65 years). Eye position was recorded using an infrared-based 
eye tracker (EyeLink 1000, SR Research) sampling at 500 Hz. Calibra-
tion was performed at the beginning of each session using a standard 
nine-point grid and was accepted only when the validation error was 
less than 1° of visual angle (mean validation error: 0.35°). The Eyelink 
system’s default settings were used to define fixation and saccade 
onsets. Visual stimuli and trial structure matched those used in the 
patient recordings, and participants received the same instructions 
as patients for performing the task, without any additional directions 
regarding eye movements or fixation.

Neurophysiological recordings and spike sorting
We conducted extracellular electrophysiological recordings in patients 
using Behnke–Fried electrodes (Ad-Tech), which contained eight 
microwires (40 μm in diameter) located at the tip of the electrode 
shaft66–68. Microelectrode coverage included the OC, PHC, entorhinal 
cortex, hippocampus and amygdala (Supplementary Table 2). Elec-
trodes implanted in the OC were primarily located in the ventromedial 
portion of the occipital lobe (Supplementary Fig. 1), within the anterior 
part of the lingual gyrus, and falling within regions corresponding to 
visual areas VO, V8, V4v and V3v based on multimodal cortical parcella-
tion atlases69,70. One exception was an electrode located in the dorsome-
dial occipital lobe, in the superior portion of the cuneus, bordering the 
parieto-occipital sulcus and falling within the region corresponding to 
area V3d. We recorded broadband signals (0.1–9,000 Hz) at a sampling 
rate of 30 kHz using the NeuroPort system (Blackrock). Subsequently, 
these signals were filtered offline between 300 and 3,000 Hz using 
a zero-phase digital filter. We performed spike detection and sort-
ing for each microwire using the semiautomated template-matching 
OSort algorithm71.

Single-neuron analysis
To identify visually responsive neurons, we compared firing rates dur-
ing the interval from 200 to 700 ms after image onset with the baseline 
period, defined as the −500 to 0 ms interval before image onset. This 
interval maximized the detection of visually responsive neurons and 
followed similar windows used in previous work72,73. We also evaluated 
alternative earlier windows (100–600 ms and 150–650 ms), which 
yielded similar results. Neurons were considered visually responsive 
if their firing rates significantly changed (increased or decreased) 
in response to at least one image (either grayscale or Mooney). Sig-
nificance was assessed using a two-sided permutation test (1,000 

http://www.nature.com/natureneuroscience


Nature Neuroscience

Article https://doi.org/10.1038/s41593-026-02496-6

iterations) with P < 0.05, corrected for FDR. FDR correction involved 
shuffling the labels of firing rates and repeating the analysis 1,000 
times to generate a null distribution of results. The P threshold for 
visual responsiveness was then adjusted to ensure that fewer than 5% 
of neurons were expected to be identified as responsive by chance. 
Neurons in the hippocampus, amygdala and entorhinal cortex were 
considered together as the MTL. Subsequent analyses were based only 
on the visually responsive neurons (Fig. 2a).

We measured neuronal response latency as the time from stimulus 
onset to the first significant change in firing rate relative to the baseline 
period (Fig. 2b). For each responsive neuron, we estimated the instan-
taneous firing rate by convolving its spike train with an asymmetric 
kernel function74

R(t) = (1 − e−t/τg )e−t/τd ,

where τg = 1 ms and τd = 25 ms are the growth and decay constants, 
respectively. Latency was determined as the time point where the 
instantaneous firing rate exceeded 3 s.d. from the baseline for at least 
100 ms. Latency distributions were compared across regions using 
the Kruskal–Wallis test.

Stimulus selectivity (Fig. 2c) was assessed using an SI based on 
Quiroga et al.25, bounded between 0 and 1, with higher values indicating 
greater selectivity. The SI is defined as

SI = 1 − 1
M

M
∑
j=1

R(T j),

with Tj = fmin + j(fmax − fmin)/M being equidistant thresholds between the 
minimum and maximum firing rates (fmin, fmax), j = 1, …, M; and M being 
the number of thresholds used (here, M = 1,000). R(T) denotes the 
relative number of stimuli eliciting responses larger than T, given by

R(T) = 1
N

N
∑
i=1

θ(fi − T), θ (x) = {
1, x > 0

0, x ≤ 0
,

where fi is the firing rate of a neuron to stimulus i (i = 1, …, N), and N is 
the number of stimuli presented.

For each neuron, we quantified the SNR as the number of stand-
ard deviations by which the stimulus-evoked firing rate exceeded the 
mean baseline activity (Fig. 2d). Regional differences in SNR and their 
consistency over time were assessed by computing SNR separately per 
block within the session (Supplementary Fig. 3a).

Discriminability (d′) between preferred and least-preferred stimuli 
(Fig. 2e) was computed for each neuron as

d′ =
μpref − μleast

√
1
2
(σ2pref + σ2least)

where μpref and μleast are the mean responses of a neuron to its pre-
ferred and least-preferred stimuli, and σ2

pref and σ2
least are the corre-

sponding response variances across trials. Higher d′ values indicate 
a greater discriminability. Discriminability consistency over time was 
assessed by computing d′ separately for each block in the session 
(Supplementary Fig. 3b).

Stimulus preference
To evaluate the emergence of stimulus preference with learning (Fig. 3), 
we defined, for each neuron, the most and least preferred images on 
the basis of responses to the grayscale condition alone, independently 
of the Mooney responses. We then computed the average normalized 
firing rate across neurons for these preferred versus nonpreferred 
images in the pre- and post-learning Mooney conditions separately for 
each brain region. Responses were analyzed in nonoverlapping 50-ms 
time bins. At each time bin, a two-sided Wilcoxon signed-rank test was 

performed across conditions, and time points were considered signifi-
cant if P < 0.05 after correction for multiple comparisons.

Decoding analysis
Single-trial decoding analyses were conducted using neuronal 
responses as features at either the pseudopopulation (Fig. 4) or indi-
vidual neuron level (Extended Data Fig. 4a–c). Pseudopopulations were 
constructed by aggregating neurons recorded across sessions26,27,75.

For each neuron, baseline firing rate was subtracted on a 
trial-by-trial basis to reduce slow drifts in neural activity. Responses 
were then z-scored using normalization parameters estimated from 
the training set (mean subtraction and division by standard devia-
tion across trials), and the same parameters were applied to the test 
set72. The decoders used SVMs with a linear kernel, as they provide a 
well-established method for assessing the performance of feature 
representations of stimulus data in discrete classification tasks and 
are particularly suitable for high-dimensional neural datasets26,76. Each 
binary classifier learned a decision function

f (x) = wTx + b,

with feature vector x, weight vector w and bias term b. The parameters 
w and b were estimated by solving the optimization problem

min
w,b,ξ

1
2 ‖w‖

2 + C
N
∑
i=1

ξi

subject to

yi (wTx + b) ≥ 1 − ξi, ξi ≥ 0,

where (xi, yi) are the training samples with labels 𝑦i ∈ {–1,1}, ξi are slack 
variables allowing misclassification, and C is the regularization parame-
ter balancing margin size and error penalty. Performance was estimated 
using five-fold cross-validation. Decoding across time was assessed 
using a 250-ms sliding window, with steps of 25 ms.

For within-condition image decoding, we used three-class decod-
ers (chance of 33%) (Fig. 4). To account for differences in the number 
of images across sessions, we selected the top three images per ses-
sion, ranked by the number of neurons responding in the grayscale 
condition. Multiclass classification was implemented using the fitce-
coc function in MATLAB (R2022b, MathWorks) with a one-versus-all 
scheme, which constructs a set of binary SVM learners and combines 
their outputs to assign class labels73,77. To pool images across sessions, 
we arbitrarily labeled images in each session as Images 1–3, and then 
grouped those with the same labels. This approach is suitable because 
the SVM algorithm requires that each class elicits distinct neuronal 
responses to separate patterns in a high-dimensional space, inde-
pendent of image identity73. Using this procedure, cross-time image 
decoding was computed separately for each condition.

For condition decoding, we used binary classifiers (chance of 50%) 
trained to discriminate between pre- versus post-learning conditions 
(Extended Data Fig. 4d–f), grayscale versus pre-learning and grayscale 
versus post-learning (Extended Data Fig. 4g–i). Each classifier label 
included different images. For instance, the pre-learning label con-
tained only pre-learning Mooney images, but these depicted different 
objects, such as a camel, a tool or people. Because different sessions 
contained varying numbers of images, we balanced the number of tri-
als across sessions by randomly subsampling those with more images.

We determined significance by comparing decoding performance 
to an empirical null distribution. The null distribution was generated 
by shuffling the condition labels and running decoding for 500 itera-
tions. Time points where decoding exceeded the 95th percentile of 
the null distribution for at least 250 ms were considered significantly 
different from chance.
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Generalization analysis
We assessed generalization following a cross-condition population 
decoding approach, training decoders on one condition and test-
ing them on another condition72,78. SVMs with a linear kernel were 
employed using a 250-ms sliding window with 25-ms steps. Pseu-
dopopulations of neurons, pooled across sessions, were used to build 
classifiers. Classifiers were first trained to predict image identity 
from neuronal patterns in one condition. We then froze the classifier 
weights and tested predictions on neuronal patterns from a second 
condition. Following the same procedure as the within-condition 
decoding analyses, we selected the top three images from each ses-
sion to train and test the decoders (chance of 33%). Using this proce-
dure, we computed cross-time generalization profiles for Gray-to-Post 
(Fig. 5a,d), Gray-to-Pre (Fig. 5b,e) and Pre-to-Post (Fig. 5c,f). For 
each case, we computed both possible train–test combinations. For 
instance, in the Gray-to-Post generalization, we first trained on the 
grayscale condition and tested on the post-learning Mooney condi-
tion to estimate decoding accuracy at each time point. Then, we 
repeated this process in reverse order, training on the post-learning 
Mooney condition and testing on the grayscale condition. Each entry 
at time x,y in the generalization matrix (for example, Fig. 5a) rep-
resents the mean decoding of these two train–test combinations. 
Significance was assessed by comparing decoding performance 
to an empirical null distribution generated by shuffling condition 
labels (200 iterations). Significant decoding was defined at P < 0.05 
(cluster-size correction for multiple comparisons)73.

We quantified deviation of the generalization profiles from the 
diagonal by computing the probability density function of peak decod-
ing (Extended Data Fig. 6). For each generalization profile, we resam-
pled our data 200 times and ran our decoder as described above. Each 
iteration produced an x,y coordinate for peak decoding. Thus, each 
entry in the probability density function represents the frequency 
of that coordinate being identified as the maximum peak decoding. 
We then calculated the deviation from the diagonal (in milliseconds) 
as the difference between x and y. We compared the distribution of 
deviations from the diagonal against the null hypothesis that these 
deviations are zero (Fig. 5g–l). If 95% of the values in the distribution 
are greater (or lower) than zero, the deviation is considered significant. 
A positive deviation indicated that the patterns for the condition on 
the y axis generalized to later times for the condition on the x axis. A 
negative deviation indicated that the patterns for the y axis condition 
generalized to earlier times for the x axis condition. We then statis-
tically compared the mean decoding accuracies below and above 
the diagonal. For each generalization profile, we selected one cluster 
from each side of the diagonal and compared their mean decoding 
(Supplementary Figs. 14 and 15). These clusters included all significant 
time points on both sides of the diagonal and their corresponding 
symmetric points. This process was repeated 200 times by resampling 
our data. We then employed a permutation test to compare the two 
distributions, determining significance at P < 0.05.

Control analysis
To assess the impact of excitability changes on our decoding analy-
ses, we quantified firing rate changes over time for each neuron 
(Supplementary Fig. 6). For each neuron, we computed the mean fir-
ing rate during the post-stimulus interval (0–1 s) on every trial and fit 
a linear model yi = α + βti, where yi denotes the firing rate across trials, 
ti corresponds to the time of trial i and α is the intercept. To determine 
whether firing rates changed systematically over the course of the 
experiment, we tested whether the slope parameter β differed sig-
nificantly from zero using a permutation test, in which trial order was 
shuffled 1,000 times. Neurons were considered significant at P < 0.05 
(permutation test, corrected for multiple comparisons). We computed 
β slopes for both responsive and nonresponsive neuronal populations 
and compared their distributions using a Kolmogorov–Smirnov test.

Statistics and reproducibility
No statistical method was used to predetermine sample size. Our sample 
size is comparable to those reported in previous human single-neuron 
intracranial studies72,73. No data were excluded from the analyses. Of 
the 1,104 recorded neurons, 318 were identified as visually responsive 
and used in subsequent analyses (see above). The experiments were 
not randomized. The investigators were not blinded to the experi-
mental conditions during data collection or analysis. Comparisons 
between conditions or groups were assessed using two-sided Wilcoxon 
signed-rank or rank-sum tests. Comparisons across more than two 
groups were performed using the Kruskal–Wallis test. Visual respon-
siveness of neurons was assessed using a permutation test. Decoding 
and generalization analyses were evaluated using permutation tests, 
in which significance was determined by comparing observed values 
to empirical null distributions generated by shuffling condition labels.

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

Data availability
Data supporting the main findings in this study are available at https://
kreimanlab.com/code/rapid-visual-learning-in-the-human-brain/. 
The grayscale and Mooney images used in the experiments are also 
available at this link.

Code availability
Code supporting the main findings in this study is available at https://
kreimanlab.com/code/rapid-visual-learning-in-the-human-brain/ 
and via Zenodo at https://doi.org/10.5281/zenodo.21708343 (ref. 79).
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Extended Data Fig. 1 | Eye movements were similar across conditions. 
a, Performance during the recognition task with eye tracking. Participants 
exhibited poor image recognition for Mooney images before learning (Pre, red; 
6%) and nearly perfect recognition for Grayscale images (Gray, gray; 99%). After 
learning, recognition for Mooney images improved to 95% (Post, blue). Each dot 
represents one session (n = 13; compare to Fig. 1f). Asterisks indicate statistically 
significant differences between conditions (Post versus Gray, P = 0.004; Pre 
versus Gray, P = 0.0002; Pre vs Post, P = 0.0002, two-sided Wilcoxon signed-rank 
test, Bonferroni-corrected). b, Response times (RT) relative to image onset. 
Participants were slower to recognize Mooney images compared to Grayscale 
images. Box plots show the median (center line), 25th and 75th percentiles (box 
bounds), and whiskers extending to the minimum and maximum values of the 
response time distributions across sessions (n = 13). Asterisks show statistically 
significant differences between conditions (Post vs Gray, P = 0.0007; Pre vs 
Gray, P = 0.0007; Pre vs Post, P = 0.005, two-sided Wilcoxon signed-rank test, 
Bonferroni corrected; compare to Fig. 1g). c, Percentage of trials with saccades 
during the image presentation interval (0–0.5 s). Participants made no saccades 

in most trials (~83%) and the rates of saccades were comparable across conditions 
(P > 0.05, two-sided Wilcoxon signed-rank test). d, Percentage of trials with 
saccades after the image presentation interval (0.5–1 s). Saccades were rare, 
occurring in fewer than ~7% of trials, with no differences across conditions 
(P > 0.05, two-sided Wilcoxon signed-rank test). Bars in c and d show the mean, 
error bars represent s.e.m., and dots represent individual sessions. e, Latency 
to first saccade from image onset. When saccades occurred, they happened on 
average at 267 ms, and there were no significant differences across conditions 
(P > 0.05, two-sided Wilcoxon signed-rank test). Box plots show the median 
(center line), 25th and 75th percentiles (box bounds), and whiskers extending to 
the minimum and maximum values of the distribution (n = 13). f, Percentage of 
trials with eye blinks during the image presentation interval (0–0.5 s). Blinks 
were negligible during stimulus presentation (<3% of trials). g, Percentage of 
trials with blinks after the image presentation interval (0.5–1 s). Participants 
blinked predominantly after stimulus offset (~60%), with no differences across 
conditions (P > 0.05, two-sided Wilcoxon signed-rank test). Bars in f and g show 
the mean, error bars represent s.e.m., and dots represent individual sessions.
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Extended Data Fig. 2 | Examples of visually responsive neurons. a–d, Spiking 
activity of 4 example neurons in response to individual images. Raster plots 
(top) show spiking activity (each dot represents a spike) for an image across 
trials (rows) and over time. Insets show the mean extracellular spike waveform 
for each neuron. Colors correspond to spiking activity of an image across 
the three different conditions: Pre-learning Mooney (red), Grayscale (gray), 

and Post-learning Mooney (blue). The corresponding Mooney and Grayscale 
images are shown above the raster plots. Trials are grouped by condition for 
visualization. The light gray rectangle indicates the image presentation interval. 
Mean firing rates (bottom) are shown separately for each condition (solid 
colored lines; bin size is 250 ms and step size is 10 ms). Shaded areas represent 
s.e.m. across trials.
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Extended Data Fig. 3 | Spiking activity for example neurons across images 
and conditions. a–c, Spiking activity of an example neuron in the hippocampus 
in response to different images in the Pre-learning Mooney (a), Grayscale (b), 
and Post-learning Mooney (c) conditions. d–f, Spiking activity of an example 

neuron in the occipital cortex in the Pre-learning Mooney (d), Grayscale (e), 
and Post-learning Mooney (f) conditions. Insets in panels c and f show the mean 
extracellular spike waveform for each neuron. Data use the same conventions as 
Fig. 2 in the main text.

http://www.nature.com/natureneuroscience


Nature Neuroscience

Article https://doi.org/10.1038/s41593-026-02496-6

a
1

105
1

90

Time (seconds)

1

123

M
TL

ne
ur

on
s

PH
C

ne
ur

on
s

O
C

ne
ur

on
s

Time (seconds)
0 0.5 1

Time (seconds)

b

d

Gray vs Pre
Gray vs Post

MTL population

0 0.5 1

PHC population

0 0.5 1

0 0.5 1

PHC population

0 0.5 1

MTL population

D
ec

od
in

g 
ac

cu
ra

cy
 (%

)

40

60

80

100

0 0.5 1

OC population

40

60

80

100

D
ec

od
in

g 
ac

cu
ra

cy
 (%

)

OC population

0 0.5 1

c

Pre vs Post

45

50

55

60

D
ec

od
in

g 
(%

)

fe

g ih

Pre vs Post Gray vs Pre Gray vs Post

Time (seconds) Time (seconds) Time (seconds)

Time (seconds) Time (seconds) Time (seconds)

0 0.5 1 0 0.5 1

Extended Data Fig. 4 | Neuronal activity is modulated by learning. a–c, 
Single-neuron decoding accuracy for Pre- versus Post-learning Mooney images 
(a), Grayscale versus Pre-learning Mooney images (b), and Grayscale versus 
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Mooney images (blue) for OC (g), PHC (h), and MTL (i). In d–i, decoders were 
binary linear classifiers (support vector machine; chance = 50%) using sliding 
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chance level. Colored shaded areas around the chance line represent the 95% 
confidence interval centered on the mean of the empirical null distribution 
obtained by shuffling the labels (500 iterations). Solid lines below the curves 
indicate time points with significantly above-chance decoding, assessed with 
a one-sided test against the empirical null distribution (P < 0.05; corrected for 
multiple comparisons across time; see Methods). The solid turquoise line below 
the curves in g–i represents time points with significant differences between 
the two curves, assessed with a two-sided permutation test (P < 0.05). Time 
zero indicates image onset and the shaded gray area represents the stimulus 
presentation period.
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Extended Data Fig. 6 | Peak decoding probability reveals asymmetric 
generalization dynamics in OC and MTL. a–c, Probability density functions 
of peak decoding in OC corresponding to the generalization profiles shown in 
Fig. 5a–c. The matrices were computed using a resampling method to identify 
the maximum decoding (Methods). Each matrix entry represents the probability 
of observing the decoding maximum at that position. The sum of all entries 
in each matrix equals 1. Peak decoding below the diagonal suggests delayed 
generalization from Grayscale to Post-learning Mooney images. Time zero 
indicates image onset, the black dashed line represents the matrix diagonal, and 
the square with white dashed lines represents the image presentation interval. 

For Gray-to-Post generalization in OC (a), peak decoding probability is highly 
concentrated below the diagonal around coordinates [175, 300] ms (Grayscale 
and Post-learning Mooney coordinates, respectively), suggesting delayed 
generalization from Grayscale to Post-learning Mooney images in OC. Conversely, 
for Pre-to-Post (c), peak decoding probability falls largely on the diagonal. d–f, 
Probability density functions of peak decoding in MTL corresponding to the 
generalization profiles shown in Fig. 5d–f. For Gray-to-Post generalization in MTL 
(d), peak decoding probability is highly concentrated below the diagonal around 
coordinates [325, 425] ms (Grayscale and Post-learning Mooney coordinates, 
respectively), indicating delayed generalization in MTL.

http://www.nature.com/natureneuroscience


1

n
atu

re p
o

rtfo
lio

  |  rep
o

rtin
g

 su
m

m
ary

A
p

ril 2
0

2
3

Corresponding author(s): Gabriel Kreiman, Marcelo Armendariz

Last updated by author(s): 2026/07/28

Reporting Summary
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 

Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 

AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 

Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection Neurophysiological data were collected using the NeuroPort system (Blackrock Microsystems, Salt Lake City, UT, USA) and hybrid depth 

electrodes (Ad-Tech, Oak Creek, Wisconsin, USA). See the Methods section for a detailed description.

Data analysis Data analyses were performed with MATLAB 2022b (The MathWorks, Inc., Natick, MA, USA), using Statistics and Machine Learning Toolbox 

toolboxes and custom MATLAB code.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 

reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 

- Accession codes, unique identifiers, or web links for publicly available datasets 

- A description of any restrictions on data availability 

- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

Data and code supporting the main findings of this study are available at the following link: 

https://kreimanlab.com/rapid-visual-learning-in-the-human-brain
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Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 

and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender The study patients were 5 female and 8 male. The Methods section contains the self-reported gender for all patients. Sex and 

gender were not part of the study design.

Reporting on race, ethnicity, or 

other socially relevant 

groupings

Race, ethnicity, or other socially relevant groupings were not part of the study design.

Population characteristics The study patients were 13 adult patients (5 female, 8 male; aged 25 to 50 years) with epilepsy who were implanted with 

hybrid macro- and microelectrodes for epilepsy monitoring and evaluation for treatment of drug-resistant epilepsy, at the 

Freiburg Epilepsy Center in Freiburg im Breisgau, Germany. Supplementary Table 1 provides information on each patient

Recruitment The study participants were adult patients undergoing surgery for epilepsy monitoring and evaluation for treatment of drug-

resistant epilepsy. Patients who were capable of and willing to perform the task were included in the study. All participants 

volunteered for this study and gave informed consent.

Ethics oversight The experimental procedures were approved by the Ethics Committee of the University of Freiburg, Freiburg im Breisgau, 

Germany.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size We recorded spiking activity from a total of 1,104 single neurons in medial occipital and temporal brain areas in 34 sessions from 13 patients. 

No statistical method was used to predetermine sample size. Our sample size is comparable to those reported in previous human single-

neuron intracranial studies.

Data exclusions No participants were excluded from the analyses. Of the 1,104 neurons, we identified 318 visually responsive neurons which were used in the 

analyses.

Replication Analyses were performed at the population level, separately for each anatomical region and at the single-neuron level. Permutation tests and 

corrections for multiple comparisons were used to assess significant effects.

Randomization All participants and sessions were included in the analyses and recorded neurons were not assigned to experimental groups. Neurons were 

grouped based on their anatomical region to perform region-specific analyses.

Blinding Participants were not informed about the research questions of the study. Participants were only given basic instructions to perform the 

image recognition task. The investigators were not blinded to the experimental conditions during data collection or analysis.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 

system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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Materials & experimental systems

n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods

n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches, 

gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the 

number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe 

the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor 

was applied.

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If 

plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Authentication Describe any authentication procedures for each seed stock used or novel genotype generated. Describe any experiments used to 

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism, 

off-target gene editing) were examined.
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