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ABSTRACT

The ability to selectively modulate neural activity in the human brain has profound im-
plications for both basic neuroscience and clinical applications. However, approaches for
achieving neural control in humans remain limited. Here we demonstrate that deep neural
network models trained on intracranial recordings can predict which natural images will drive
or suppress activity at specific cortical sites in the human brain. We recorded stereotactic
electroencephalography (SEEG) from epilepsy patients viewing thousands of images in a
rapid serial visual presentation experiment, establishing the first human intracranial dataset
designed for model-based stimulus optimization. Using pretrained image models combined
with linear regression, we identified visual stimuli that successfully modulated neural activity
in predicted directions at targeted recording sites. We found that visual reliability was highest
in occipital and temporal regions, though neural target stability varied substantially across
recording days. Our systematic analysis of scaling laws revealed that model performance
improves approximately linearly with the logarithm of training set size, with stimulus diversity
contributing more than repeated presentations for a fixed experimental budget. Models
improved iteratively when retrained with feedback from previous sessions, demonstrating
successful closed-loop refinement of model predictions. Our framework extends prior work in
non-human primates to human intracranial electrophysiology, establishing a proof-of-concept
for stimulus-based neural control in humans. These results open new avenues for non-invasive
therapeutic interventions for neurological disorders and for causal testing of computational
theories of human sensory processing.
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Experimental setup, model, and key questions. (a) Schematic of a
subject with implanted SEEG probes viewing successive images on the screen.
Neural data was recorded as subjects viewed images in a rapid serial visual
presentation (RSVP) setup. (b) The RSVP task. Images from various datasets
(OASIS, ImageNet, and TrailerFacesHQ) were presented in rapid succession
(on average every 250 ms), with subjects required to maintain fixation on
a central cross and perform an auxiliary attention task (see Methods). (c)
Overview of our model-based experimental approach and main questions. On
the left, a sketch shows a set of responses to training images being provided as
input to a pre-trained neural network model (such as a convolutional neural
network, depicted as layers), followed by a linear readout layer that is trained
to predict the neural response recorded at a specific SEEG site. Once trained,
this model enables us to take a large set of candidate images and predict which
stimuli will most strongly drive or suppress the targeted neural site.

Split-half correlation reveals neural sites with reliable visual encoding

in the human cortex. For results in all neural sites, see Figures 3.3, 3.4, 3.5.

Visual reliability is highest in occipital and temporal cortex. Orthog-
onal brain map showing all SEEG neural sites as dots. Dot size and color
represent the split-half correlation coefficient R computed using one repeat
per image. Highest reliability is observed in occipital and temporal regions.
Based on the measure from Figure 2.2. . . . . . .. .. . ... ... ... ..
Some neural sites maintain stable representations across days while
others degrade. Scatter plots for four example neural sites showing response
correlations across days. For each target, the y-axis shows the neural response
on the first recording day (Day 2). The x-axis shows: (left) the response to the
same image presented again on the same day; (middle) the response on Day 5;
(right) the response on Day 7 (subject MIT003) or Day 13 (subject MIT002).
Each dot represents one image. Some targets like ROLI7-8 maintain high
correlations across all days, demonstrating remarkable stability throughout
the subject’s hospital stay. Other targets like RTHA2-3 show substantially
degraded stability over time. In this figure, each response was averaged across
4 repeats per image. . . . . ... ..o e
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A minority of neural sites are both reliable and stable across days.
Bar plot showing the proportion of neural sites in each experimental subject
across three categories: total sites (all electrode pairs), reliable sites, and
stable+reliable sites (see Main Text and Methods for definitions). Only a
subset of all sites show reliable visual responses, and only a further subset of
those maintain stability across recording days. . . . . .. .. .. ... ...
Neural target stability varies over time post-surgery. Y-axis shows
stability, defined as the correlation of neural responses for the same set of images
presented on different recording days, divided by the split-half correlation on
the first recording day (at 4 repeats per image). All stability values are further
normalized by dividing by their value on the first recording day. X-axis shows
the post-surgery day. Only reliable targets are included in this analysis.

Adversarially trained ResNet-50 achieves highest prediction of neural
responses. Left: Test R? for four example neural sites across different
pretrained architectures. Right: Mean test R? across N = 23 stable and
reliable targets, normalized by the noise ceiling of each target. Each bar
corresponds to a different pretrained image model. Training and test sessions
were conducted on different days, providing a strong test of model generalization
and ensuring that models capture stable aspects of neural representations. All
test data consisted of 4 repeats per image, regardless of the training setup.
Error bars represent standard error of the mean across targets. . . . . . ..
Model-selected stimuli successfully drive and suppress neural activity.
Each panel shows one neural target. Three bars represent mean voltage in
the target neural site for different image categories: (gray) random images
— randomly selected new images shown on that day (N > 200); (red) drive
images — the 30 highest-activating images from the whole dataset according
to the model’s predictions (N = 30); (blue) suppress images — the 30 most
suppressing /deactivating images according to the model’s predictions (N = 30).
Error bars show standard error of the mean across all images in each category.
Statistical significance: *p < 0.05, **p < 0.01, **p < 0.001. . . ... ... ..
Iterative model training across days improves model prediction. . .
Prediction performance scales log-linearly with training data size.
Test R? as a function of training dataset size (number of unique images
on x-axis) and number of repeats per image (different colored lines). Left:
Representative targets showing individual scaling behavior. Right: Mean
across N = 23 stable and reliable targets, normalized by noise ceiling. Shaded
regions represent standard error of the mean across 10 random seeds (for
individual targets on left) or across targets (for population average on right).
Results are shown for adversarially trained ResNet-50. Test performance was
evaluated on a fixed, separate day with 4 repeats per image, regardless of
training setup. The relationship between test R? and number of training
images is approximately linear on the log scale. Additionally, increasing the
number of repeats per image in the training set improves downstream test
performance. . . . ...
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3.1

More unique images outperform more repeats for a fixed total budget.
Test R? as a function of total budget size in images (x-axis) and number of
repeats per image (different colored lines). Identical to Figure 2.10, but with
the x-axis showing the total budget size in images instead of the number of
UNique IMAages. . .« . v v v v e e e e e e e e
Neural sites show distinct patterns of semantic category selectivity.
For each representative neural target, images from the ImageNet validation set
and TrailerFacesHQ dataset (N = 50,000 total images) were passed through
the trained model to obtain predictions. Images were then grouped by their
class labels, and the mean + standard deviation of model predictions was
computed for each class (shown as error bars on x-axis). We show the top-
and bottom-10 image classes in terms of their mean predicted responses for
each target. . . . . . . . L L
Example drive and suppress stimuli for representative neural sites.
Each panel (a—d) shows results for one neural site, with four rows of 10 example
images each. Row 1 (“drive”): Images predicted by the model to maximally
drive neural activity at the target site. Row 2 (“high”): Images from the first
recording session (used for model training) that empirically elicited the highest
neural responses. Row 3 (“low”): Images from the first recording session that
empirically elicited the lowest neural responses. Row 4 (“suppress”): Images
predicted by the model to maximally suppress neural activity. . . . . . . ..
Multi-target optimization achieves selective neural modulation. For
two example neural sites, this figure shows target and off-target effects of
noninvasive modulation, in the same format as Figure 2.8. Top row: optimiza-
tion performed on a single target site without constraining off-target effects.
Bottom row: optimization performed with multi-target constraints, driving or
suppressing the target while keeping off-target responses within 0.3 standard
deviations of the random image baseline. . . . . . .. ... ... ... ...

Hardware setup for neural recording and stimulus presentation. A
task laptop presents stimuli on a monitor via HDMI and logs behavioral
responses via a USB mouse. A physics lab-grade photodiode (DET36A2) is
placed on the monitor to capture precise stimulus onset timing; its analog
signal is sent via BNC cable to the Blackrock NeuroPort for synchronization.
The subject’s implanted SEEG clinical leads connect to a custom splitter box,
which passively splits the signals. One path goes to the clinical EEG system
for standard hospital monitoring; the other path goes via touch-proof cables to
a Blackrock amplifier, then over fiber optic to the NeuroPort, and finally via
Ethernet to a central host PC for research recording. This configuration enables
identical neural signals to be recorded in parallel by both the clinical system
and the research system, time-locked to stimulus onset via the photodiode.
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Detailed task paradigm showing the rapid serial visual presentation

(RSVP) setup with the auxiliary attention task (dog detection).
Images from multiple datasets are presented sequentially at variable intervals.

Patients maintain fixation on the central cross and respond with a mouse click
whenever they detect a dog in the images. Correct detections within 2 seconds
produce an upward sound; incorrect clicks (no dog in previous 2 seconds)
produce a downward sound. At the end of each session, patients receive
performance feedback and an in-game medal based on their dog detection
ACCUTACY.  « « o o v e e e e e e e e e
Automatic target extraction pipeline for patient MITO001. Each panel
corresponds to one neural site (bipolar electrode pair). The heatmap shows the
split-half correlation coefficient R computed on the training split of images as
a function of response window parameters: the x-axis shows the start time of
the averaging window relative to image onset, and the y-axis shows the window
duration. The star marks the parameter combination yielding the highest
training split-half correlation. The text adjacent to each star indicates the
test split-half correlation at those optimal parameters, providing an unbiased
estimate of visual reliability for that target configuration. . . . .. .. . ..
Automatic target extraction pipeline for patient MIT002. Same format
as Figure 3.3. . . . . Lo
Automatic target extraction pipeline for patient MIT003. Same format
as Figure 3.3. . . . . ..o
Visual reliability across all neural sites for patient MITO001. Each
panel shows one neural site (bipolar electrode pair). The x-axis shows time
relative to image onset (0 ms). The y-axis shows the split-half correlation
coefficient R. Red shading indicates time points where p < 0.001. This figure
extends Figure 2.2 from the main text by showing all recorded electrodes rather
than representative examples. . . . . . . .. ... 0L
Visual reliability across all neural sites for patient MIT002. Same
format as Figure 3.6. . . . . . .. ..
Visual reliability across all neural sites for patient MIT003. Same
format as Figure 3.6. . . . . . .. ..o

Intra-day visual reliability remains stable across recording days. Each
bar represents the mean split-half correlation coefficient computed within a
single recording day, averaged across all time steps (—0.1 to 0.9 s relative

to image onset) and across all neural sites (without filtering for reliability).
Error bars indicate standard deviation across neural sites. (a) Patient MIT002.

(b) Patient MIT003. Neither patient showed statistically significant changes in
intra-day reliability across recording days (all pairwise comparisons p > 0.08),
suggesting that the capacity for visual encoding remains stable throughout the
hospital stay. . . . . . . ..
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Raw voltage sample distributions across recording days for patient
MITO002. Each panel corresponds to one neural site (bipolar electrode pair).
Histograms show the distribution of all raw voltage samples collected from each
electrode on each recording day, with different colors representing different
days. Distributions were Windsorized by removing the top and bottom 1% of
samples to reduce the influence of outliers. Some electrodes exhibit remarkably
stable distributions across days (nearly overlapping histograms), while others
show changes in distribution width or shape. Electrodes that were used as
drive/suppress targets in the main analyses are highlighted with red borders.
Raw voltage distributions for patient MIT003. Same format as Fig-
ure A2, . L e
Relationship between distribution stability and cross-day reliability.
Each point: one electrode for one day pair. X-axis: cross-day stability for
images (cross-day correlation for repeated images on different days divided
by the split-half correlation on the first recording day). Y-axis: raw acquired
samples distribution stability for that target (min(SD,/SDy, SD;/SD,)). Both
patients show significant positive correlation: electrodes with stable signal
properties exhibit higher cross-day visual reliability. . . . . ... ... ...

Raw photodetector output (y-axis, millivolts) as a function of time
(x-axis). This example displays the photodetector response to five successive
image onsets. For each onset, the voltage rises sharply and then decays
exponentially. . . . ... oo
Z-scored derivative of the photodetector signal for a representative
time segment in an example recording session. The y-axis shows the
z-score of the temporal derivative; the x-axis shows time. Arrows correspond
to ongoing image onsets. . . . . . ..o 00000 e
Event-triggered average of the photodetector signal, time-locked to
high-threshold crossings. The y-axis shows signal magnitude in millivolts;
the x-axis shows time in seconds relative to the threshold crossing. The solid
line indicates the mean across all crossings, and the shaded region indicates
the standard deviation. . . . . . .. ..o oo
Cross-correlation between the template waveform and the full record-
ing session. The y-axis shows the correlation coefficient; the x-axis shows
time. Correlation values approach 1 at times when the recorded signal closely
matches the template, corresponding to image onset times. . . . .. . . ..
Histogram of timing differences between expected task triggers from
the task computer and photodetector-extracted triggers. The y-axis
shows the number of triggers; the x-axis shows offset in milliseconds.

Validation of trigger-to-image correspondence. The figure shows cor-
relations between inter-trigger intervals from the photodetector pipeline and
expected inter-stimulus intervals from the task computer. The analysis is per-
formed across 20 time bins (columns), each representing 5% of the recording
session. Five rows show correlations at different trigger offsets: —2, —1, 0, +1,
and +2 (blue for negative offsets, black for zero, red for positive). . . . . . .
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C.1 Off-target effects of drive and suppress stimuli across the brain.

Each row corresponds to a different neural site being targeted for driving
or suppression. Points represent neural sites in an orthographic brain map
projection. Color indicates the mean activity of each site in response to
the drive/suppress stimuli designed for the target site, normalized by that
site’s response to random images (z-scored relative to mean and standard
deviation). The large dot (2x size) indicates the target site for which stimuli
were optimized. All other points show off-target effects: how stimuli optimized
for one site affect activity at other sites across the brain. . . . . .. ... ..
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Chapter 1

Introduction

The ability to collect large-scale datasets of brain responses to corpuses of naturalistic sensory
stimuli has opened up new possibilities in systems neuroscience [1]. In particular, this advance
has enabled the creation of computational models that predict neural responses in a purely
data-driven manner. Deep neural network models trained to predict neural activity have
proven remarkably effective at capturing response properties of visual cortex [2-5] and higher-
level cognitive brain regions such as the language network [6-10]. These trained models can
be effectively used to extract scientific knowledge about the processing of information in the
brain [11-13], and provide insights into feature selectivity and representational geometry that
were previously inaccessible. Moreover, the models have been leveraged as tools for neural
control: they allow researchers to design optimal stimuli that drive or suppress targeted
neural populations. This approach has been pioneered in non-human primates to control
neural activity in inferotemporal (IT) cortex [14-16].

Here, we extend this model-based neural control framework to the human visual system
using stereotactic electroencephalography (SEEG). SEEG, recorded from patients undergoing
clinical monitoring for epilepsy, combines the high temporal resolution of electrophysiology
with the spatial specificity of intracranial recordings in the human brain.

The ability to selectively control neural activity in the human brain may have profound
implications for next-generation brain-computer interfaces and treatments of neurological
disorders. A non-invasive approach that could drive or suppress targeted neural activity
patterns through carefully designed sensory stimuli would open new therapeutic avenues for
epilepsy patients as well as for those with conditions ranging from chronic pain and PTSD to
depression and anxiety, where maladaptive neural patterns may be selectively modulated.
Beyond clinical applications, spatially and temporally precise neural control would enable
causal testing of computational theories of human cognition, allowing researchers to perturb
neural populations of interest. This work establishes that such control is achievable in the
human brain using model-based visual stimulus optimization. By demonstrating that deep
learning models trained on intracranial recordings can successfully predict which natural
images will drive or suppress activity at specific cortical sites, we provide a proof-of-concept
for stimulus-based neural control in humans. While the current implementation relies on
SEEG recordings in surgical patients, the framework generalizes to other modalities of neural
recording (EEG, fMRI, fUSI, etc.) and other sensory modalities (audio, video, etc.).

Our approach proceeds in three stages, following prior work [13,14]. First, we collect
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SEEG responses to a large corpus of natural images, establishing a dataset of visually-evoked
neural activity at many simultaneously recorded sites across the brain. Second, we train
encoding models that predict SEEG responses based on deep neural network representations
of images. Then, we use these models to identify new images that are predicted to selectively
modulate activity at targeted recording sites, and finally we test these predictions in our
experimental setup.

Contributions

In this work, we make four core contributions:

1. We establish a map of visual selectivity across regions in the human brain, revealing
which areas have reliably predictable visual responses.

2. We introduce the first dataset of intracranial EEG (iEEG) responses to rapid serial
visual presentation (RSVP) of natural images in humans.

3. We demonstrate that our model-guided framework can successfully identify visual
stimuli that selectively drive and suppress activity at specific neural sites. Moreover,
we show that targeted stimulation can modulate one site without strongly affecting
other sites, establishing the selectivity of neural control.

4. We systematically characterize the scaling laws of model performance as a function of
both dataset size and the number of image repeats, providing principled guidance for
future experimental design.

These results establish the feasibility of model-based visual stimulus optimization for
human intracranial electrophysiology, opening new avenues for investigating the structure of
human visual representations.

1.1 Related Work

Predicting brain responses to sensory stimuli using pretrained models

Using pretrained models to predict brain responses to sensory stimuli is a growing field of
research, with various pretrained vision models (such as ResNet-50, CLIP, DINO, ViT, etc.)
being used to predict brain responses to sensory stimuli [2-5,17].

For language, large language models (LLMs) have been used to predict responses in the
human language network and other fMRI targets to language stimuli [8,9]. While fMRI
allows for building models of the responses in the human brain, the temporal resolution of
fMRI is limited to seconds. This limitation is addressed in our work with SEEG, which offers
millisecond temporal resolution and the spatial specificity of individual electrode contacts.

Model-based neural control

Our work builds on a growing body of research using computational models for neural control.
In non-human primates, deep neural network models trained on neural responses to natural

18



images have enabled the synthesis of images that precisely modulate activity in specific
populations of IT cortex neurons [12,14-16]. There exists similar work in mice [13]. Our
work extends this framework to the human brain.

Recent work has extended the control framework to human neural responses to language
using functional magnetic resonance imaging (fMRI; [6,7]). Our work extends this framework
to visual stimuli in the human brain using SEEG.

Capturing neural responses to visual stimuli using SEEG

While there are plenty of existing human datasets of fMRI responses to language [18-20)]
and visual [21,22] stimuli, including multimodal datasets which can combine video and
audio [23-25] and also similar EEG datasets [26-28], datasets using human intracranial
electrophysiology (SEEG, ECoG, etc.) are very sparse. There exists a large dataset in
ECoG for pose estimation (AJILE; [29,30]) and smaller SEEG datasets of human language
production [31,32] and multimodal stimuli (movies; [33]). The closest existing dataset for our
purposes is the BrainTreebank dataset [34], which was collected in a hospital environment
using naturalistic stimuli (movies). However, it did not have the necessary temporal precision
of the alignment of neural data to stimulus presentation (see Appendix B for our trigger
extraction pipeline).

Scaling laws of neural prediction

The scaling laws analysis, i.e. predicting the performance of the model in relation to dataset
and model size, is a well-established technique in the field of nature language processing
[35,36]. More recently, this technique has been applied to models predicting neural responses
to sensory stimuli [10,37] and also in the self-supervised setting when predicting masked
regions of neural activity [37-40]. Our work investigates the scaling laws of neural prediction
performance as a function of SEEG dataset size (see Section 2.6).
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Chapter 2

Results

In this section, we present the results of our study. We investigated the visual reliability
of neural responses across brain regions (Section 2.1), the stability of the responses over
time (Section 2.2), the performance of our predictive models (Section 2.3), and our model-
guided neural control framework (Section 2.4). Furthermore, we studied the iterative model
improvement (Section 2.5), scaling laws of prediction performance (Section 2.6), semantic
categories of drive and suppress stimuli (Section 2.7), and finally we investigated the spatial
selectivity of our stimulation protocol across multiple targets (Section 2.8).

2.1 Visual reliability varies across brain regions

To investigate which brain regions can be reliably modulated by visual stimuli, we recorded
stereotactic electroencephalography (SEEG) signals from epilepsy patients viewing natural
images in a rapid serial visual presentation (RSVP) experiment setup (Figure 2.1a). The
experimental setup consisted of subjects viewing successive images on a screen in front of them
while neural data was recorded using SEEG probes. We used images from multiple datasets,
such as OASIS [41], ImageNet [42], and TrailerFacesHQ [43]. These images were presented
rapidly in succession with variable time intervals between them, such that on average, each
image was presented every 250 milliseconds (Figure 2.1b). To monitor subjects’ attention
throughout the data acquisition sessions and increase subject engagement, we included an
auxiliary task (described in detail in Methods). Throughout the experiment, subjects were
instructed to maintain fixation on a cross presented at the center of the screen. Figure 2.1c
shows a diagram of our model-based experimental approach.

In each subject, neural activity was recorded across around 100 SEEG electrode contacts
from n = 469 to n = 1319 images, with each image repeated for a total of m =4 to m = 12
times within a single recording session. Each pair of adjacent SEEG electrode contacts
defines a neural site (we use the bipolar montage, re-referencing the signal by taking the
difference between adjacent electrode contacts; see Methods, Section 3). We quantified the
visual reliability of each neural site using a split-half correlation approach (Figure 2.2a). For
a given neural site, suppose each of N images is presented m times. For each image, we
randomly divide its m repeats into two halves. For each half, we average the neural responses
for every image, producing two N-dimensional vectors, V(¢) and V’(¢). The responses are
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Figure 2.1: Experimental setup, model, and key questions. (a) Schematic of a subject
with implanted SEEG probes viewing successive images on the screen. Neural data was
recorded as subjects viewed images in a rapid serial visual presentation (RSVP) setup. (b)
The RSVP task. Images from various datasets (OASIS, ImageNet, and TrailerFacesHQ)
were presented in rapid succession (on average every 250 ms), with subjects required to
maintain fixation on a central cross and perform an auxiliary attention task (see Methods).
(¢) Overview of our model-based experimental approach and main questions. On the left, a
sketch shows a set of responses to training images being provided as input to a pre-trained
neural network model (such as a convolutional neural network, depicted as layers), followed
by a linear readout layer that is trained to predict the neural response recorded at a specific
SEEG site. Once trained, this model enables us to take a large set of candidate images and
predict which stimuli will most strongly drive or suppress the targeted neural site.

22



measured as a function of time relative to image onset (which corresponds to timepoint ¢t = 0).
The split-half correlation is then defined as the Pearson correlation coefficient between these
two vectors across all N images. The underlying assumption is that if the same image is
presented twice, the neural response of a reliable neural site should be the same. A high
split-half correlation would indicate that most of the response variance at that neural site is
explained by variability in the visual input, whereas a correlation near zero would suggest
that neural activity mostly varies independently of the visual input.

Figure 2.2b shows the visual reliability of four representative neural sites. We found that
visual reliability emerged shortly after image onset and persisted throughout the presentation
period, with reliability persisting well beyond the image offset, all the way up to about 1
second after image onset. The reliability increased predictably with the number of image
repeats that were averaged together (Figure 2.2b, right panels). Shuffling the image order
between the two halves abolished these correlations (gray dashed lines in Figure 2.2b).

To identify the optimal response time windows for each neural site, we used an automated
target extraction pipeline that sweeps over different window parameters (see Methods,
Section 3.7).

Across the brain, visual reliability was highest in occipital and temporal regions (Figure 2.3).
This distribution is consistent with the known hierarchy of visual processing, with early visual
areas in occipital cortex and higher-level areas in temporal cortex showing the strongest
stimulus-driven responses [44,45].

2.2 Stability of neural targets over time

Having established that many neural sites show reliable visual responses within a recording
session, we next asked whether these representations remain stable across multiple days.

We compared neural responses to n = 55 images which were repeatedly presented on three
different recording days for each subject. In Figure 2.4, the scatter plots show the neural
response to each image on the first recording day (Day 2; y-axis), compared against: (1) the
response to the same image presented again on the same day (left panel, x-axis), (2) the
response on Day 5 (middle panel, x-axis), and (3) the response on Day 7 for subject MIT003
or Day 13 for subject MIT002 (right panel, x-axis). Each dot represents one image that was
shown to the subject on the different recording days. In this section, “neural response” means
the averaged response across 4 repeats per image.

Some neural sites, such as ROLI7-8, maintained remarkably stable representations through-
out the subject’s hospital stay, with correlations remaining high across all recording sessions
(r = 0.75,0.76,0.78 on Days 2, 5, and 13, respectively). Other sites, such as RTHA2-3,
showed degraded stability on later days, with correlations diminishing substantially over time
(r =0.44,0.18 on Days 2 and 13, respectively).

We investigated what could be the reason for decreased stability of targets across days, and
found that the stability of the targets is correlated with the stability of the standard deviation
of the distribution of the raw acquired data samples from our equipment (Figure A.4b and
A4da).

We define reliable targets as those with split-half R > 0.4 at 4 repeats within a recording
session, and stable targets as those with cross-day correlation R > 0.3 and where R is at least
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(a) The split-half correlation method for computing visual reliability. For a selected neural site
(electrode pair), images I; through I are presented for up to 12 repeats each. Half of the randomly
selected repeats are averaged to obtain response vectors Vi (t), Va(t), ..., Vi (t), collectively forming
an N-dimensional vector V(¢). The same procedure is applied to the remaining half of the repeats
to obtain V’(t). The split-half correlation C(t) is the Pearson correlation coefficient between V (t)
and V'(t).
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(b) Reliability of visual responses in representative neural sites. Panels show data from different
neural sites (SEEG electrode pairs) in two subjects. Left: Split-half correlation coefficient R as a
function of time relative to image onset (¢t = 0). The colored regions indicate time points where
p < 0.001, showing when visual reliability is statistically significant. Right: Split-half correlation as
a function of the number of image repeats averaged together. For example, at 1 repeat, each image
was presented once in each half; at 6 repeats, each image was presented 6 times per half and the
responses were averaged. Gray shaded regions show standard deviation across randomizations of
the repeat ordering. Gray dashed lines in both columns show the same results for null distributions
obtained by shuffling the image order between the two halves.

Figure 2.2: Split-half correlation reveals neural sites with reliable visual encoding
in the human cortex. For results in all neural sites, see Figures 3.3, 3.4, 3.5.
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Figure 2.3: Visual reliability is highest in occipital and temporal cortex. Orthogonal
brain map showing all SEEG neural sites as dots. Dot size and color represent the split-half
correlation coefficient R computed using one repeat per image. Highest reliability is observed
in occipital and temporal regions. Based on the measure from Figure 2.2.
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Figure 2.4: Some neural sites maintain stable representations across days while
others degrade. Scatter plots for four example neural sites showing response correlations
across days. For each target, the y-axis shows the neural response on the first recording day
(Day 2). The x-axis shows: (left) the response to the same image presented again on the
same day; (middle) the response on Day 5; (right) the response on Day 7 (subject MIT003)
or Day 13 (subject MIT002). Each dot represents one image. Some targets like ROLI7-8
maintain high correlations across all days, demonstrating remarkable stability throughout
the subject’s hospital stay. Other targets like RTHA2-3 show substantially degraded stability
over time. In this figure, each response was averaged across 4 repeats per image.
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Figure 2.5: A minority of neural sites are both reliable and stable across days.
Bar plot showing the proportion of neural sites in each experimental subject across three
categories: total sites (all electrode pairs), reliable sites, and stable+reliable sites (see Main
Text and Methods for definitions). Only a subset of all sites show reliable visual responses,
and only a further subset of those maintain stability across recording days.
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Figure 2.6: Neural target stability varies over time post-surgery. Y-axis shows
stability, defined as the correlation of neural responses for the same set of images presented
on different recording days, divided by the split-half correlation on the first recording day (at
4 repeats per image). All stability values are further normalized by dividing by their value on

the first recording day. X-axis shows the post-surgery day. Only reliable targets are included
in this analysis.
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0.75x the within-day correlation on the first recording day. Notably, only approximately 10%
of all neural sites were both reliable and stable across recording days (Figure 2.5).

Within the population of N = 23 stable and reliable targets across two subjects, stability
varied over time post-surgery. In Figure 2.6, the y-axis shows stability (defined as the
cross-day correlation normalized by the split-half correlation on the first recording day),
normalized to the first recording day. For the subject MIT002, there was a clear trend of
stability decreasing over time post-surgery, while for MIT003, there was no clear trend.

In the rest of this study, we focus on those N = 23 stable and reliable sites, and report
combined population results for all of the sites selected at this stage.

2.3 Predicting neural responses from image features

Beyond simply measuring visual response reliability, we next asked whether we could predict
the neural response as a function of the image pixels (Figure 2.7). We used pretrained deep
neural network models (Adversarially Trained ResNet-50, ResNet-50, CLIP ViT-B/32, DINO
ViT-S/16, and ViT-B/16; described in Methods Section 3.9) to extract image features, and
trained linear regression models to predict neural responses at each site as a function of the
extracted features.

Test performance was evaluated using sessions recorded on future days after the training
session, providing a strong test of model generalization. Different pretrained models varied
in their ability to predict neural responses (Figure 2.7, right). The highest predictive
performance was achieved by the adversarially trained ResNet-50, with an average test
R? = 0.41, consistent with prior work in non-human primate modeling of the visual stream
[15,16].

2.4 Driving and suppressing neural activity with model-
selected stimuli

Given that models can predict neural responses to arbitrary images, we tested whether we
could use these predictions to select stimuli that drive or suppress activity at specific neural
sites.

For each target, we used our trained models to predict responses to all images in our bank
of images (n > 50000 images). We then selected the 30 images with the highest predicted
responses (“drive” stimuli) and the 30 images with the lowest predicted responses (“suppress”
stimuli). These model-selected images were then presented to subjects in subsequent recording
sessions to validate whether the model predictions matched the actual neural responses.

In the follow-up recording sessions, our model-selected stimuli successfully modulated
neural activity in predicted directions (Figure 2.8). Drive stimuli elicited significantly higher
responses than random images, while suppress stimuli elicited significantly lower responses.
Due to limited availability of our study participants for research sessions, we show results
for 6 targets, which were all of the stable and reliable targets that we tried to drive and/or
suppress. The candidate drive/suppress targets were selected independently beforehand,
without the ability to see the drive and suppress results.
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Figure 2.7: Adversarially trained ResNet-50 achieves highest prediction of neural
responses. Left: Test R? for four example neural sites across different pretrained architec-
tures. Right: Mean test R? across N = 23 stable and reliable targets, normalized by the
noise ceiling of each target. Each bar corresponds to a different pretrained image model.
Training and test sessions were conducted on different days, providing a strong test of model
generalization and ensuring that models capture stable aspects of neural representations.
All test data consisted of 4 repeats per image, regardless of the training setup. Error bars
represent standard error of the mean across targets.
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Figure 2.8: Model-selected stimuli successfully drive and suppress neural activity.
Each panel shows one neural target. Three bars represent mean voltage in the target neural
site for different image categories: (gray) random images — randomly selected new images
shown on that day (N > 200); (red) drive images — the 30 highest-activating images from
the whole dataset according to the model’s predictions (N = 30); (blue) suppress images —
the 30 most suppressing/deactivating images according to the model’s predictions (N = 30).
Error bars show standard error of the mean across all images in each category. Statistical
significance: *p < 0.05, *p < 0.01, **p < 0.001.

2.5 Iterative model improvement with feedback data

We hypothesized that our predictive models could be improved by including additional
training sessions, which contain neural responses to the drive and suppress stimuli. In other
words, we hypothesized that by observing how the brain actually responds to the images that
the model predicted would drive or suppress activity, the model can be refined in subsequent
iterations to produce more accurate predictions for new images. To test this hypothesis, we
compared models used in early sessions (Iteration 1, tested on day 5 post-op) to models
retrained from scratch on all available data from all previous sessions (Iteration 2, tested on
days 7 and 13 post-op).

For the targets that remained both reliable and stable across all recording sessions and
contained drive/suppress data (only 3 targets met these criteria), models from later iterations
produced predictions that were closer to the actual neural responses (Figure 2.9a). We
quantified this effect by computing the perpendicular distance from data points to the y = x
line (which represents perfect prediction), and found that when pooling data from all three
targets, Iteration 2 models showed significantly lower distances (better predictions) than
Iteration 1 models (p < 0.05; Figure 2.9b). We normalized every distance by the maximum
prediction or response on that day to enable pooling across targets. This improvement
suggests that the additional data collected from previous iterations can be included in the
training set to improve the model’s performance in the future iterations.
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(a) Model predictions vs. measured responses across iterations. Comparing model-predicted responses
(x-axis) to actual measured neural responses (y-axis) for three targets that remained both reliable and
stable across all recording sessions and contained drive/suppress data. Each data point represents
the mean response to N = 30 drive or suppress images; error bars show standard error of the mean.
Black horizontal lines show mean + SEM for N > 200 random images presented on different days.
The dashed diagonal line indicates perfect prediction (y = z). Data points from later iterations
(shown in different colors/symbols for different recording days) hug the y = x line more tightly than
earlier iterations, suggesting that models improve over time by incorporating feedback data from
previous sessions.
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(b) Quantification of prediction accuracy improvement across iterations. Y-axis shows normalized
perpendicular distance from data points to the y = x line (lower values indicate better predictions
closer to perfect agreement). Distance was normalized by dividing by the maximum model prediction
or measured response on each day, allowing results to be pooled across targets. Bars represent the
mean and standard error of the mean of the perpendicular distance across all image conditions
(drive and suppress) and targets.

Figure 2.9: Iterative model training across days improves model prediction.
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2.6 Scaling laws of neural prediction

To investigate how prediction performance scales with data quantity, we systematically varied
both the number of unique images and the number of repeats per image in the training

set. By doing so, we obtained the scaling laws of prediction performance in data quantity
(Figure 2.10).
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Figure 2.10: Prediction performance scales log-linearly with training data size. Test
R? as a function of training dataset size (number of unique images on x-axis) and number of
repeats per image (different colored lines). Left: Representative targets showing individual
scaling behavior. Right: Mean across N = 23 stable and reliable targets, normalized by
noise ceiling. Shaded regions represent standard error of the mean across 10 random seeds
(for individual targets on left) or across targets (for population average on right). Results
are shown for adversarially trained ResNet-50. Test performance was evaluated on a fixed,
separate day with 4 repeats per image, regardless of training setup. The relationship between
test R? and number of training images is approximately linear on the log scale. Additionally,

increasing the number of repeats per image in the training set improves downstream test
performance.

We observed an approximately linear relationship between test R? and the number of
training images on a log scale (Figure 2.10). Additionally, increasing the number of repeats
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per image in the training set improved downstream test performance substantially, suggesting
that reducing noise in the training set by averaging over multiple presentations yields more
accurate neural response estimates for model fitting. These scaling laws provide guidance
for experimental design: both the diversity of stimuli (number of unique images) and the
reliability of measurements (repeats per image) contribute to model performance. We also
examined the predictive performance as a function of the total image budget size (Figure 2.11).
The total budget size is the product of the number of unique images and the number of
repeats per image. The relationship between test R? and the total image budget size was also
approximately linear on the log scale. We noted, however, that for a fixed total image budget,
increasing the number of unique images yields higher test R? than increasing the number of
repeats per image, suggesting that the number of unique images is a more important factor
for model performance than the number of repeats per image.
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Figure 2.11: More unique images outperform more repeats for a fixed total budget.
Test R? as a function of total budget size in images (x-axis) and number of repeats per image
(different colored lines). Identical to Figure 2.10, but with the x-axis showing the total budget
size in images instead of the number of unique images.

2.7 Interpreting model selectivity

We next sought to interpret the visual features that the models learned to associate with
each neural site. We investigated which semantic categories of images tended to drive or
suppress each target by passing all of the images from the ImageNet validation set and
the TrailerFacesHQ dataset (N = 50,000 images total) through each of our trained models.
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We then grouped the images according to their class labels and computed the mean and
standard deviation of the models’ predicted responses for each class. This analysis provides
interpretable summaries of the selectivity patterns captured by the regression models.
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Figure 2.12: Neural sites show distinct patterns of semantic category selectivity. For
each representative neural target, images from the ImageNet validation set and TrailerFacesHQ
dataset (N = 50,000 total images) were passed through the trained model to obtain predictions.
Images were then grouped by their class labels, and the mean + standard deviation of model
predictions was computed for each class (shown as error bars on x-axis). We show the top-
and bottom-10 image classes in terms of their mean predicted responses for each target.

Different neural sites showed distinct patterns of class selectivity (Figure 2.12). For each
target, we identified the 10 image classes with the highest mean predicted responses (most
driving) and the 10 classes with the lowest mean predicted responses (most suppressing).
This analysis revealed the semantic categories and provided interpretable summaries of the
potentially complex selectivity patterns captured by our predictive models.

To further explore the nature of model predictions, we visualized example drive and
suppress stimuli for four representative neural sites (Figure 2.13a-d). For each site, we show
the model-predicted drive and suppress images against the images that empirically elicited
the highest and lowest neural responses in the first training session (the same images that
were used to train the model). Some of the sets show a clear pattern of similarity between
the different drive or suppress images. For example, for RTB3-4 from subject MIT003, there
was a clear pattern where all of the drive stimuli contained faces (Figure 2.13c, top); likewise,
we conjecture that as drive stimuli for RTHA2-3 in subject MIT002, the model selected
insect-like looking stimuli (even though many of them were not actually insects, Figure 2.13b,
top); all of the suppress images for the site ROLI7-8 from subject MIT002 have a clear
repeating visual pattern (although the images come from different classes, Figure 2.13a,
bottom). However, some sets of stimuli like the drive images for ROLI7-8 (Figure 2.13a, top)
and RXIA1-2 (Figure 2.13d, top) did not have such clear predictable patterns.

2.8 Selectivity of the stimulation protocol

Having demonstrated that model-selected stimuli can drive and suppress individual neural
sites, we next asked whether this modulation could be made selective: that is, whether we
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(d) Neural site RXIA1-2 (subject MIT003).

Figure 2.13: Example drive and suppress stimuli for representative neural sites.
Each panel (a—d) shows results for one neural site, with four rows of 10 example images each.
Row 1 (“drive”): Images predicted by the model to maximally drive neural activity at the
target site. Row 2 (“high”): Images from the first recording session (used for model training)
that empirically elicited the highest neural responses. Row 3 (“low”): Images from the first
recording session that empirically elicited the lowest neural responses. Row 4 (“suppress”):
Images predicted by the model to maximally suppress neural activity.
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could modulate a target site while minimizing effects on other neural sites (off-target effects).

First, we examined the off-target effects for the targets from Figure 2.8. The results can
be seen in Figure C.1. While most of the time, the target effects were stronger than the
off-target effects, the off-target effects were not always negligible. This result is not surprising,
as images were selected solely to maximize or minimize the predicted response at a single
target site, without any regard to what happens at other sites.

Aiming to minimize these off-target effects, we developed an alternative optimization
approach, where images were selected to drive or suppress the target site while simultaneously
constraining off-target responses at another site to remain within 0.3 standard deviations of
the random image baseline (Figure 2.14). These results are preliminary. In our exeriments,
target sites showed robust driving and suppression effects while off-target sites remained near
baseline levels. However, in the two sites that we experimented with, the original approach
showed similar satisfactory results (Figure 2.14, top row) to the multi-target approach
(Figure 2.14, bottom row).

While the end result was not significantly different from the single-target approach, our
results suggest that the image selection framework can be extended to achieve spatially
selective neural modulation, opening the possibility of independently controlling multiple
neural populations through carefully chosen visual stimuli.
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Figure 2.14: Multi-target optimization achieves selective neural modulation. For two
example neural sites, this figure shows target and off-target effects of noninvasive modulation,
in the same format as Figure 2.8. Top row: optimization performed on a single target site
without constraining off-target effects. Bottom row: optimization performed with multi-target
constraints, driving or suppressing the target while keeping off-target responses within 0.3
standard deviations of the random image baseline.
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Chapter 3

Methods

3.1 Study Overview and Participants

Participant Cohort

We enrolled N = 3 patients undergoing stereotactic electroencephalography (SEEG) monitor-
ing for medically refractory epilepsy at the Beth Israel Deaconess Medical Center (BIDMC).
All patients provided informed consent under an IRB protocol approved at BIDMC.

Recording Timeline

Under the SEEG monitoring clinical protocol, patients remained in the hospital for up to 30
days for SEEG monitoring in the epilepsy monitoring unit. Research recording sessions began
on post-operative day 2 and continued on multiple days until the patient was explanted and
discharged. The number and duration of sessions depended on clinical constraints and patient
availability. The earliest recording day for this study was post-operative day 2 and the latest
was post-operative day 13 (patient MIT003). Recordings were conducted at various times of
day depending on patient availability and clinical schedules.

3.2 Recording Setup

Stereo-EEG Probe Specifications

Each probe contained 6 to 16 contacts. The total number of channels ranged from 100 to 130
per patient across all probes. Electrode placement was determined solely by clinical needs;
no additional electrodes were implanted for research purposes.

Recording System

Neural signals were recorded using a Blackrock NeuroPort Neural Signal Processor (256
channels) with a sampling rate of 10,000 Hz. The reference electrode was placed on the
mastoid. We used a bipolar montage for all analyses, computed by taking the difference
between adjacent electrode contacts. Each neural site corresponds to one bipolar electrode
pair.
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Figure 3.1: Hardware setup for neural recording and stimulus presentation. A task
laptop presents stimuli on a monitor via HDMI and logs behavioral responses via a USB
mouse. A physics lab-grade photodiode (DET36A2) is placed on the monitor to capture
precise stimulus onset timing; its analog signal is sent via BNC cable to the Blackrock
NeuroPort for synchronization. The subject’s implanted SEEG clinical leads connect to a
custom splitter box, which passively splits the signals. One path goes to the clinical EEG
system for standard hospital monitoring; the other path goes via touch-proof cables to a
Blackrock amplifier, then over fiber optic to the NeuroPort, and finally via Ethernet to a
central host PC for research recording. This configuration enables identical neural signals to
be recorded in parallel by both the clinical system and the research system, time-locked to
stimulus onset via the photodiode.
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Session Parameters

Recording session parameters are summarized in Table 3.1. Each day’s recording session
lasted approximately 30 minutes, structured as 3—4 trials of approximately 8 minutes each.
Short breaks of a few minutes occurred between trials when needed, but not within trials.

Table 3.1: Recording session parameters for each patient. The “Day” column refers to
post-operative day.

Subject  Session Images Repeats Duration (ms) Delay (ms)
MIT001 day6_ sessionl 50 4 200 300
MITO001 day6_ session2 480 4 100 150
MITO001 day6_ session3 480 4 100 150
MITO001 day6_ sessiond 480 4 100 150
MIT002 day2_sessionl 60 2 250-350; uniform 200
MIT002 day2_session2 450 4 125-175; uniform 100
MIT002 day2_session3 480 4 125-175; uniform 100
MIT002 day2_session4 480 4 125-175; uniform 100
MIT002 dayb_ sessionl 60 2 125-175; uniform 100
MIT002 dayb_ session2 480 4 125-175; uniform 100
MIT002 day5_ session3 480 4 125-175; uniform 100
MITO002 day5_sessiond 480 4 125-175; uniform 100
MITO002 day5_ sessiond NaN NaN NaN NaN
MIT002 dayl3_sessionl 480 4 125-175; uniform 100
MIT002 dayl3_ session?2 480 4 125-175; uniform 100
MIT002 dayl3_ session3 480 4 125-175; uniform 100
MIT002 dayl3_sessiond 480 4 125-175; uniform 100
MIT002 dayl3_sessionb NaN NaN NaN NaN
MIT003 day2_sessionl 60 2 250-350; uniform 200
MIT003 day2_ session2 480 4 125-175; uniform 100
MIT003 day2_session3 480 4 125-175; uniform 100
MIT003 day2_session4 480 4 125-175; uniform 100
MITO003 dayb_ sessionl 480 4 125-175; uniform 100
MITO003 day5_ session2 480 4 125-175; uniform 100
MIT003 day5_ session3 480 4 125-175; uniform 100
MIT003 day7_sessionl 480 4 125-175; uniform 100
MIT003 day7_ session2 480 4 125-175; uniform 100
MIT003 day7_session3 480 4 125-175; uniform 100

3.3 Task Design

Rapid Serial Visual Presentation (RSVP) Paradigm

Patients viewed images presented in a rapid serial visual presentation (RSVP) paradigm
while maintaining fixation on a central cross (Figure 3.2). Images were presented sequentially
with timing parameters that varied slightly across patients to optimize data collection: (1)
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for patient MITO01 fixed image presentation duration of 100 ms with a 150 ms inter-stimulus
interval (gray screen), or (2) for patients MIT002 and MIT003, variable image presentation
duration drawn uniformly from 125-175 ms with a 100 ms inter-stimulus interval. The
temporal jitter was introduced to decorrelate stimulus timing from 60 Hz line noise (since
images presented at exactly 4 Hz would have a period that evenly divides the line noise
frequency). Both timing protocols yielded qualitatively similar results for visual reliability
metrics.

Fixation Cross

A fixation cross was displayed at the center of the screen throughout the experiment, including
during both image presentation and inter-stimulus intervals (gray screens). The fixation cross
size was 1/64 of the screen dimension.

8-min trials

Incorrect? / I l

Downward
sound

Figure 3.2: Detailed task paradigm showing the rapid serial visual presentation
(RSVP) setup with the auxiliary attention task (dog detection). Images from
multiple datasets are presented sequentially at variable intervals. Patients maintain fixation
on the central cross and respond with a mouse click whenever they detect a dog in the images.
Correct detections within 2 seconds produce an upward sound; incorrect clicks (no dog in
previous 2 seconds) produce a downward sound. At the end of each session, patients receive
performance feedback and an in-game medal based on their dog detection accuracy.

Auxiliary Attention Task

To monitor patient attention and increase engagement, we included an auxiliary dog detection
task. Patients were instructed to click a mouse whenever they detected a dog in the presented
images. Target (dog) images were drawn from ImageNet classes falling under the WordNet
‘dog.n.01" synset and from OASIS images with filenames beginning with “dog.” If the patient
correctly clicked within 2 seconds of a dog image appearing, an upward auditory tone was
presented as positive feedback. If the patient clicked without a dog having appeared in the
previous 2 seconds, a downward tone was presented as negative feedback.
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Approximately 2% of the images contained dogs (i.e. 11 dogs in 480 images). This number
was chosen so that a dog would on average appear once per 2-30 seconds, requiring the
subject to pay constant attention to the images.

At the end of each session, patients were shown their performance statistics (number
of dogs detected out of total dogs presented) and awarded an in-game medal. This gam-
ification was implemented to increase patient engagement and attention throughout the
experiment. The auxiliary task served as a verification that patients maintained attention:
consistent correct detection of dogs throughout the session indicated sustained engagement.
In our experiments, all patients improved at the task over sessions and achieved near-ceiling
performance, confirming that the attention intervention was effective.

The auxiliary target images were excluded from the analysis to avoid contamination of
the visual reliability measurements with motor or reward confounds etc.

3.4 Visual Stimuli

Image Datasets

Images were drawn from the following three datasets:

o ILSVRC2012 (ImageNet Validation Set): The full ImageNet validation set containing
50,000 images across 1,000 object categories [42]. The validation set was specifically
chosen to ensure that no pretrained image models used in subsequent analyses had
been trained on these images.

« Open Affective Standardized Image Set (OASIS): A dataset of 900 images spanning
various affective and arousal categories [41].

o TrailerFacesHQ: A dataset of 186,553 high-quality face images extracted from movie
trailers [43].

» Facial Emotion Recognition (FER) challenge dataset: Only for patient MIT001, we
included images from the FER dataset [46] instead of TrailerFacesHQ, consisting of
small, low-resolution, grayscale images of faces. This set was subsequently replaced
with TrailerFacesHQ in later patients in favor of high-quality color face images.

Image Selection Procedure

Images were selected through a two-stage randomized process without replacement. First, for
each frame in the experimental sequence, a source dataset was randomly selected according
to a predetermined probability distribution: 70% from ILSVRC2012 (ImageNet validation
set), 15% from OASIS, and 15% from TrailerFacesHQ. Second, within the selected dataset,
an individual image was randomly chosen from the available pool. For the OASIS dataset,
images with blacklisted prefixes (e.g., “nude”) were excluded from the pool.
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Target (Dog) Image Classification

Target images (dogs) and non-target images were classified automatically. For the ILSVRC2012
dataset, target images were identified through their ImageNet labels using WordNet’s hier-
archical semantic structure. Specifically, all images belonging to the ‘dog.n.01" synset and
its hyponyms were classified as targets, yielding approximately 1,500 dog images from the
50,000-image validation set. For the OASIS dataset, images were classified based on filename
prefixes, with all images beginning with “dog” designated as targets. The TrailerFacesHQ
dataset contained only non-target images consisting of human faces.

Image Display Parameters

Images were displayed on a monitor with 1920x 1080 pixel resolution at 100 Hz refresh rate.
Viewing distance was maintained at 70-80 cm, verified at the start of each session, to achieve
a visual field of approximately 8-9 degrees of visual angle (corresponding to the approximate
extent of high-acuity vision; [47,48]). In one patient (MIT001), we have also experimented
with stimuli of size around 16 degrees of visual angle during one of the experimental sessions,
and obtained qualitatively similar results. All images were presented in color. Images
were cropped to square aspect ratio by cropping the longer dimension, with random crop
positioning.

3.5 Signal Processing

Preprocessing

Neural signals were re-referenced using a bipolar montage, computed as the difference between
adjacent electrode contacts (for an overview of re-referencing techniques, see [49-53]). No
additional filtering was applied to the raw signals. Recording sessions were visually inspected
during acquisition using an oscilloscope to verify signal quality.

Frequency Bands

All analyses were performed on raw voltage signals without band-pass filtering. Neural
responses were defined according to time windows relative to image onset, as described in
the automatic target selection procedure (Section 3.7).

3.6 Split-Half Correlation Analysis

Computing Visual Reliability

We quantified the visual reliability of each neural site using a split-half correlation approach.
For each neural site, we computed the split-half correlation coefficient R between response
vectors as follows:

Let n denote the number of unique images and m denote the number of repeats per
image. For each image, the m repeats were randomly divided into two halves of m /2 repeats
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each. The neural response for each half was computed by averaging across the m/2 repeats
within that half. This yielded two n-dimensional vectors (one per half), where each element
represents the average response to one image. The split-half correlation R is the Pearson
correlation coefficient between these two vectors. The random assignment of repeats to halves
was performed independently for each image and was randomized such that the first half of
repeats did not necessarily correspond to earlier presentations in the recording session, and
all repeats were interleaved randomly throughout the session.

A high split-half correlation indicates that most of the response variance is explained by
variability in the visual input, whereas a correlation near zero indicates that neural activity
at that site does not reliably depend on the visual stimulus. The underlying assumption is
that if the same image is presented twice, the neural response should ideally be the same.

For patient MITO001, in the first recording session we recorded responses to n = 1,319
images (excluding the auxiliary target images) with 4 repeats each. For patients MIT002 and
MITO003, we recorded responses to n = 469 images with 12 repeats each in the first recording
session.

Number of Randomizations

For all split-half analyses, we performed 10 random re-orderings of the repeat assignments and
averaged the results. Specifically, for each image with m repeats, the order of the m repeats
was independently reshuffled before computing each split-half correlation. This averaging
helped reduce the variance of the split-half correlation estimate.

Null Distribution

The null distribution was computed by shuffling the image order and all repeats together.
Specifically, if there were n images with m repeats each, all n x m observations were pooled
together, shuffled, and then reshaped back into the original shape of the n x m matrix.
This procedure destroys the correspondence between neural responses and image identity,
providing a baseline for chance-level correlation under the null hypothesis that the brain
response is independent of image content.

3.7 Automatic Target Selection Pipeline

Since there were many parameters to sweep over (100+ neural sites per patient, each with
many possible time window choices), we used a systematic parameter sweep to identify
optimal targets.

Target Definition
A neural target is defined by the following parameters:
« Neural site: An electrode name or pair of electrode names (for bipolar montage).
o Start time: The beginning of the response averaging window, specified relative to

image onset (e.g., a start time of 0 ms means recording begins at image onset).
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Figure 3.3: Automatic target extraction pipeline for patient MIT001. Each panel
corresponds to one neural site (bipolar electrode pair). The heatmap shows the split-half
correlation coefficient R computed on the training split of images as a function of response
window parameters: the x-axis shows the start time of the averaging window relative to image
onset, and the y-axis shows the window duration. The star marks the parameter combination
yielding the highest training split-half correlation. The text adjacent to each star indicates
the test split-half correlation at those optimal parameters, providing an unbiased estimate of
visual reliability for that target configuration.
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e Duration: The length of the averaging window.

The target response is computed as the mean voltage from the specified electrode within the
defined time window.

Parameter Sweep

The sweep parameters were:

o Start times: Range: 0.00 to 0.70 seconds relative to image onset, step size: 0.05 seconds

« Durations: 0.01, 0.02, 0.05, 0.10, 0.15, 0.20, 0.25, or 0.30 seconds

For each neural site, we computed the split-half correlation for every combination of start
time and duration, creating a 2D heatmap of reliability values (Figures 3.3-3.5).

Train-Test Split for Target Selection

To prevent overfitting given the large number of statistical comparisons, we performed the
parameter sweep on a training split (first half of all images) and evaluated the selected targets
on a withheld test split (second half of all images). The optimal parameters for each neural
site were defined as those yielding the highest split-half correlation on the training split. Each
target then was tested on the test split to provide an unbiased estimate of target reliability.

Reliable Target Threshold

Targets were classified as “reliable” if they achieved a split-half correlation R > 0.4 at 4
repeats per image.

3.8 Stability Analysis Over Time

Recording Schedule

Recording days were determined by clinical constraints and patient consent to take part in
the experimental task on any given day. Recordings were conducted whenever the patient
provided consent and research staff were available. To assess stability across recording days,
55 identical images were presented on all recording days for each patient. These images were
used for all cross-day stability analyses. We then quantified it using the Pearson correlation
between neural responses to the same images on different days. For each image, the response
was averaged across 4 repeats on each day, and the correlation was computed across all 55
stability images.
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Stability Metric

Stability was defined as the cross-day correlation divided by the within-day split-half correla-
tion (at 4 repeats). This normalization accounts for the baseline reliability of each target
and expresses stability as a proportion of the maximum achievable correlation. For iterative
modeling analyses, we defined stable and reliable targets as those that were selected based
on the following criteria:

e Minimum reliability threshold: split-half £ > 0.4 on the first recording day
e Minimum stability threshold: cross-day stability > 0.75

e Minimum value of cross-day correlation: R > 0.3

3.9 Predicting Neural Responses from Image Features

Pretrained Models for Feature Extraction

We extracted image features from the following pretrained deep neural network models:

o Adversarial ResNet-50: ResNet-50, adversarially trained for performance on the Ima-
geNet classification task [54,55]

« Vanilla ResNet-50: Standard ResNet-50, trained on the ImageNet classification task
[56].

o CLIP ViT-B/32: The CLIP model with Vision Transformer backbone (ViT-B/32),
pretrained in a self-supervised way (OpenAl; [57]).

« DINO ViT-S/16: The DINO model with Vision Transformer backbone (ViT-S/16),
pretrained in a self-supervised way (Facebook; [58]).

« ViT-B/16: The Vision Transformer (ViT-B/16), pretrained in a supervised way on the
ImageNet classification task (Google; [59]).

Feature Extraction

For each model, features were extracted from the final layer before the softmax classification
head. Feature dimensionality varied by model architecture (e.g., 2,048 dimensions for ResNet-
50). Features were standardized using z-score normalization (zero mean, unit variance)
computed across all images for each feature dimension independently.

Regression Model and Performance Metric

We used ridge regression to predict neural responses from image features. The L2 regularization
parameter (\) was selected via 3-fold cross-validation on the training set using grid search.
Training data consisted of all images and all repeats collected on the first recording day. Test
data consisted of 4 repeats of randomly selected images (selected using the same probabilistic
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procedure as training images) presented for a fixed number of 4 repeats on a subsequent
recording day. The same images were never used for both training and testing. Test
performance was quantified as R? (the square of the Pearson correlation between predicted
and observed responses). For population analyses, R? values were normalized by the noise
ceiling. Error bars represent standard error of the mean across targets.

Noise Ceiling Computation

Suppose on day 1, the neural response is modeled as f(image) + noise;, and on day 2 as
g(image) + noisey, where f and g denote (possibly distinct) signal mappings for each day,
and the noise terms are independent.

Let 7qay1 denote the split-half correlation on day 1 (i.e., correlation between two inde-
pendent noise realizations of f(image) + noise;), and 715 the cross-day correlation between
f(image) + noise; and g(image) + noises (responses to the same image on day 1 and day 2).

The noise ceiling for a model trained on day 1 and evaluated on day 2, assuming a "perfect”
model mapping f(image) to predict g(image), is defined as the model-data correlation:

Cov (f(image), g(image) + noises)
\/Var(f(image)) - Var(g(image) + noisey)

Tceiling =

If f and ¢g have variance F' and G (over images), and covariance C' = Cov(f,g), then the
expected model-data correlation becomes

Tl — C
ceiling \/F (G n 0_2 )

noiseg

Meanwhile, the split-half reliability on day 1 is:

Var(f(image)) B F
Var(f(image)) + 01210ise1 B F + Jr2101$e1

T'dayl =

The cross-day correlation is:

Cov( f(image), g(image)) C
T2 = =
\/(F + O-r%oisel) (G + O-goiseg) \/(F + Ur210isel) (G + O-goiseg)
Assuming f = g (or equivalently that C* = FG), and 07., = Opgiee, (for notational
clarity, but the result holds without loss of generality),
F
9= —5——5— ="Tda
. F+ 01210ise devt

but if f # ¢, in general, the quantities are related by:
2 %

r —

ceiling — F(G—f-O'Q )

noises
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and

2 _ c?
T12 B (F + Uﬁoisel)(G + 0-12101862)
So,
1 _ c? ) F+ar210isel _ % — 2
aayt  (F + 0pise ) (G + Oioise,) F F(G+ol,,) «ins
Thus,
2 2
rfeﬂing = 7”7:1121 — T ceiling = 7”7:1121 (3.1)
ay ay

In summary, the noise ceiling for cross-day prediction is given by 7eeiling = N Tdayl-

3.10 Scaling Laws Analysis

We systematically varied the training set size by subsampling both the number of unique
images (range: 10-400 images) and the number of repeats per image (range: 1-12 repeats).
Images were randomly subsampled for each condition. Only data from subjects MIT002 and
MITO003 were used for this analysis because they had the most repeats per image. Based on
results from the model comparison analysis in this study, the adversarially trained ResNet-50
was selected for scaling law analyses as it achieved the highest R? performance. For all scaling
conditions, test performance was evaluated on a separate recording day with 4 repeats per
image, which provided a consistent benchmark regardless of training configuration. Each
scaling condition was repeated with 10 random seeds to estimate variability.

3.11 Driving and Suppressing Neural Activity

Stimulus Selection

For each neural target which was stable and reliable (see Section 3.8), the trained regression
model was used to predict responses to all images in the combined dataset (ImageNet
validation set, OASIS, and TrailerFacesHQ, sampled in the same proportions as the original
recording session: 70% ImageNet, 15% OASIS, 15% TrailerFacesHQ). The 30 images with the
highest predicted responses were designated as “drive” stimuli, and the 30 images with the
lowest predicted responses were designated as “suppress” stimuli. Drive and suppress images
were novel to the patient (never seen during training). Models were trained independently
for each target. Additionally, new random images from the same pool were selected for
each recording session such that the drive and suppress images constituted at most half of
the images presented on that session. Each image was presented 4 times, and the mean
response across repeats was computed. Differences between drive, suppress, and random
image conditions were assessed using the Mann-Whitney U test.
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3.12 Iterative Model Improvement

Tteration Protocol

Models were refined over two iterations. Iteration 1 models were trained on Day 2 data only
and tested on Day 5. Iteration 2 models were trained on all available data from Days 2 and
5 (including responses to drive and suppress stimuli from Iteration 1) and tested on Days
7 and 13. For each iteration, models were retrained from scratch using all available data
from previous recording sessions. Hyperparameters were re-tuned via cross-validation for
each iteration. The stable and reliable targets used for iteration analysis were selected based
on meeting all reliability and stability criteria (see Section 3.8) for both the second and last
recording days.

Quantification of Prediction Accuracy

Prediction accuracy was quantified as the perpendicular distance from data points to the
y = x line in model-prediction vs. measured-response scatter plots. Distance was normalized
by dividing by the maximum model prediction or measured response on each day, enabling
results to be pooled across targets with different response magnitudes. Differences between
iterations were assessed using the Mann-Whitney U test. Each data point represents one
condition (drive or suppress) for one target on one day.

3.13 Model Interpretation

To interpret model selectivity, we computed model predictions for all images in the ImageNet
validation set (50,000 images) and the TrailerFacesHQ dataset. Images were grouped by
their class labels (1,000 ImageNet classes plus one “face” class for TrailerFacesH(Q images).
ImageNet images retained their original class labels. All TrailerFacesHQ) images were assigned
to a single “face” category without further subdivision. For each target, we identified the 10
classes with the highest mean predicted responses (most driving) and the 10 classes with the
lowest mean predicted responses (most suppressing).

3.14 Software

Analysis Software

All analyses were implemented in Python. MNI coordinates of the electrodes were stored and
extracted using Brainstorm (in MATLAB; [60]), which is documented and freely available
for download online under the GNU general public license. Deep learning models were
implemented in PyTorch and scikit-learn [61,62]. Brain maps were created using the Nilearn
package [63].

Stimulus Presentation

Stimuli were presented using a custom Python program built with the Pygame library.
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Figure 3.6: Visual reliability across all neural sites for patient MIT001. Each panel
shows one neural site (bipolar electrode pair). The x-axis shows time relative to image onset
(0 ms). The y-axis shows the split-half correlation coefficient R. Red shading indicates time
points where p < 0.001. This figure extends Figure 2.2 from the main text by showing all
recorded electrodes rather than representative examples.
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Figure 3.7: Visual reliability across all neural sites for patient MIT002. Same format
as Figure 3.6.
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Figure 3.8: Visual reliability across all neural sites for patient MIT003. Same format

as Figure 3.6.
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Chapter 4

Discussion

Summary of Contributions

Using intracranial recordings, this work shows that model-based stimulus optimization can
selectively drive and suppress neural activity in the human brain. We show that deep learning
models trained on SEEG responses to natural images can predict which stimuli will selectively
modulate activity at specific cortical sites, establishing a proof-of-concept for non-invasive
neural control through visual sensory stimulation in humans. We established a map of visual
reliability across the human brain, introduced the first SEEG dataset with rapid serial visual
presentation of natural images, and characterized scaling laws that provide principled guidance
for experimental design. These results validate that frameworks successful in non-human
primates extend to human intracranial electrophysiology.

Temporal Stability of Neural Targets

A major finding of this work is that neural target stability varies substantially across recording
sites and degrades over time for many electrodes. Some targets, such as ROLI7-8 in subject
MIT002, maintained high correlations across 13 days (Figure 2.4), while others showed
marked degradation. We found a significant correlation between the stability of raw voltage
distributions and cross-day image reliability (Figure A.4), suggesting that changes in electrical
properties (potentially due to electrode impedance drift, tissue inflammation, scarring, or
electrode motion) contribute to the degraded stability. However, we did not yet ascertain the
precise mechanisms of this stability degradation. While electrode movement is constrained
to less than 1 mm for the clinical care of the patients, even displacements of that amount
are large on the scale of neuronal circuits and could affect what is being recorded. Unlike
non-human primate protocols, which sometimes instruct researchers to wait multiple weeks
post-implantation for electrodes to fully stabilize [64,65], our clinical setup (in the epilepsy
monitoring unit) requires recordings to begin within days of surgery and conclude within
approximately two weeks. This clinical constraint might also contribute to the stability
degradation. This stability issue limits our experimental design and is a challenge for
translating this approach to clinical applications. Future work should identify the sources of
degraded stability and develop strategies to mitigate them.

25



Scaling Laws for Experimental Design

Our systematic analysis of scaling laws revealed that test R? improves approximately linearly
with the logarithm of training set size (see 2.6), which is a relationship consistent with prior
work in natural language processing [35,36]. Both the number of unique images and the
number of repeats per image contributed to model performance, though for a fixed total
budget, adding more unique images yields greater gains than increasing the number of repeats
of each image. These scaling relationships provide guidance for experimental design: with
limited recording time, researchers should prioritize stimulus diversity over the number of
repeats. The scaling curves suggest that model performance has not saturated at our scale,
suggesting that increasing the dataset size would yield additional improvements.

Limitations and Future Directions

In this work, we present results from N = 3 patients, with only two of them providing
multi-day stability data, and our limited electrode coverage is determined entirely by clinical
needs and is spatially sparse. Furthermore, due to occipital cortex receiving fewer probes
on average for clinical reasons, we lack systematic sampling of visual cortex. Out of more
than 200 electrodes, N = 23 targets (about 10% of recorded channels) met our reliability
and stability criteria for neural control experiments. In the future, we hope to expand our
dataset to include a larger number of study participants.

Our framework assumes that ongoing neural activity is driven only by the current visual
input, ignoring temporal dynamics and history-dependence. A more complete model would
predict neural responses as a function of past neural activity as well as the sensory inputs.
However, implementing such dynamics online presents significant technical challenges: stimuli
must be synthesized in real-time as neural activity is being recorded, requiring fast model
inversion or distillation of large predictive models into compact stimulus generators. Self-
supervised pretrained models that could learn to predict neural activity as a function of
neural history as well as ongoing sensory inputs are a promising direction for our future work.

We selected stimuli from fixed image datasets, which constrains achievable drive and
suppress levels to those of images that are available in the dataset. However, in theory, one
could use generative models to synthesize images optimized to elicit responses beyond the
range of natural images, potentially achieving stronger neural modulation. In fact, this has
been demonstrated in non-human primates [16]. Future work could explore this direction in
humans.

We used linear regression on top of frozen pretrained image models such as ResNet-50,
CLIP, DINO, and ViT. In the future, we would like to explore whether the use of nonlinear
decoders (e.g., small neural networks) instead of the linear decoding head, or fine-tuning
the full pretrained model to capture response properties more accurately, would improve
predictive performance.

Broader Applications

While this work focused on driving or suppressing individual neural sites, our framework
can be extended to eliciting complex spatiotemporal patterns across many neural sites. By
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optimizing stimuli to produce desired activity profiles across multiple contacts simultaneously,
one could target specific neural computations.

We propose to combine our stimulus optimization framework with models that decode
clinically relevant variables from neural activity (for example, seizure prediction models)
to identify sensory inputs that optimally modulate those variables. For instance, a model
mapping stimuli to neural responses can be composed with a model mapping neural responses
to seizure probability. This process yields an end-to-end mapping from stimuli to seizure risk.
Inverting this composed model and using it to optimize stimuli could identify visual stimuli
that reduce seizure likelihood, opening possibilities for non-invasive therapeutic interventions.

Our approach is not limited to intracranial recordings. In fact, we have shown significant
reliability on EEG contacts as well (Figure 3.8). Beyond what has been explored in prior work,
we propose that the same framework can be applied to magnetoencephalography (MEG),
functional near-infrared spectroscopy (fNIRS), and functional ultrasound imaging (fUSI).
Non-invasive modalities enable substantially larger-scale data collection across many more
study participants.

Beyond neural control applications, this dataset and modeling framework provide tools
for studying visual processing in the human brain at millisecond timescale with direct neural
measurements. Unlike fMRI studies, SEEG offers high temporal resolution; unlike EEG, it
provides spatially localized signals. Our work validates that computational models of vision
generalize from non-human primates to humans, enabling human-specific investigations of
visual processing in the brain.

Conclusion

This work establishes that predictive models can guide the selection of visual stimuli to
selectively modulate neural activity in the human brain. Our analysis of scaling laws provides
quantitative guidance for experimental design, and our framework can be extended to other
neural recording modalities and to more complex stimulus optimization objectives (for
example, eliciting complex spatiotemporal patterns across multiple neural sites). Taken
together, while significant technical and biological challenges remain, this proof-of-concept
demonstrates the feasibility of model-guided sensory stimulation as a tool for understanding
and ultimately modulating human neural activity.
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Appendix A

Appendix: Stability of Targets Across
Days

A.1 Intra-day Reliability Remains Stable Across Record-
ing Days

To assess whether visual reliability degrades over time (within the patient’s hospital stay),
we examined split-half correlation within each recording day. Unlike the cross-day stability
analysis (Section 2.2), this measures response consistency within every recording day. For
each day, we computed split-half correlation for every neural site across time steps from —0.1
to 0.9 s relative to image onset. Values represent the mean across all time steps; error bars
show standard error of the mean across all neural sites (unfiltered, including both visually
responsive and non-responsive electrodes).

As shown in Figure A.1, intra-day reliability remains approximately stable for both
patients. While reliability appears to slightly decrease, no comparison reached significance
(all p > 0.08), suggesting the intrinsic capacity for visual encoding does not degrade over the
hospital stay timescale.

A.2 Raw Signal Distribution Analysis Across Recording
Days

Changes in recording setup electrical properties (amplifier gain, electrode impedance, wiring
resistance) could show up as changes in raw voltage distributions, potentially reducing
cross-day stability. We examined raw voltage sample distributions from every neural site on
each recording day, constructing histograms of all samples (Windsorized at 1% top/bottom).
Different days are shown as different colors.

As shown in Figures A.2 and A.3, some electrodes exhibit remarkably stable distributions
across days, while others show substantial changes in width or shape, suggesting altered
electrical properties. Drive/suppress target electrodes are highlighted in red.
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Figure A.1: Intra-day visual reliability remains stable across recording days. Each
bar represents the mean split-half correlation coefficient computed within a single recording
day, averaged across all time steps (—0.1 to 0.9 s relative to image onset) and across all
neural sites (without filtering for reliability). Error bars indicate standard deviation across
neural sites. (a) Patient MIT002. (b) Patient MIT003. Neither patient showed statistically
significant changes in intra-day reliability across recording days (all pairwise comparisons
p > 0.08), suggesting that the capacity for visual encoding remains stable throughout the
hospital stay.
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Figure A.2: Raw voltage sample distributions across recording days for patient
MITO002. Each panel corresponds to one neural site (bipolar electrode pair). Histograms show
the distribution of all raw voltage samples collected from each electrode on each recording day;,
with different colors representing different days. Distributions were Windsorized by removing
the top and bottom 1% of samples to reduce the influence of outliers. Some electrodes exhibit
remarkably stable distributions across days (nearly overlapping histograms), while others
show changes in distribution width or shape. Electrodes that were used as drive/suppress
targets in the main analyses are highlighted @dith red borders.
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Figure A.3: Raw voltage distributions for patient MIT003. Same format as Figure A.2.



A.3 Relationship Between Distribution Stability and
Cross-Day Image Stability

To quantify the relationship between stability of the raw voltage distribution and cross-day
image stability of neural responses, we considered all pairs of recording days for each electrode.
For each day pair, distribution stability was measured as min(SD,/SDy, SD,/SD, ), which
equals 1 for perfectly matched standard deviations and decreases toward 0 as standard
deviations diverge. Cross-day image stability for each electrode and day pair was computed
as the ratio of the mean split-half correlation across this pair of days to repeated images
divided by the mean split-half correlation on the same day, clipped to lie between 0 and 1.

As shown in Figure A.4, a statistically significant positive correlation exists between
distribution stability and cross-day reliability in both patients. This suggests that changes
in raw electrical properties (for example day-to-day impedance changes, scarring, electrode
drift, etc.) could contribute to cross-day reliability degradation.
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Figure A.4: Relationship between distribution stability and cross-day reliability.
Each point: one electrode for one day pair. X-axis: cross-day stability for images (cross-day
correlation for repeated images on different days divided by the split-half correlation on
the first recording day). Y-axis: raw acquired samples distribution stability for that target
(min(SD,/SDy, SD,/SD,)). Both patients show significant positive correlation: electrodes
with stable signal properties exhibit higher cross-day visual reliability.
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Appendix B

Appendix: Advanced, Temporally
Precise Trigger Detection

This section describes the methods used to precisely align neural data with each presented
image stimulus. This alignment is technically challenging because neural data is recorded on
a separate device (Blackrock Neural Signal Processor) that must be electrically isolated from
the task laptop and monitor due to the patient safety requirements at the hospital. Despite
recording on two independent systems, the downstream analyses require temporal alignment
with millisecond resolution.

B.1 Hardware Configuration

The synchronization system operates as follows. The task computer displays images on a
monitor, with each image accompanied by a maximally bright white square in the bottom-
right corner of the screen. This square appears simultaneously with image onset and
disappears when the image is removed (Figure 3.2). A laboratory-grade photodetector
(Thorlabs DET36A2) is positioned directly over the square’s location on the monitor. The
photodetector is a passive device requiring no external power, ensuring minimal signal
contamination. Its analog output is transmitted via BNC cable directly to the Neural Signal
Processor (NSP), where it is recorded alongside the neural signals (see Figure 3.1).

When each new image appears, the accompanying white square immediately triggers
a voltage change in the photodetector, which is then recorded by the NSP. This section
describes the signal processing pipeline used to extract precise image onset times from the
raw photodetector signal and, critically, to verify that each detected trigger corresponds
exactly to the intended image (a requirement for valid downstream machine learning analyses).
The trigger detection system must be robust to noise and fully automatic across varying
experimental conditions (room lighting, day-to-day variations in photodetector-to-screen
distance, etc.). Missing or incorrectly identifying even a single trigger can cause a complete
invalidation of the entire downstream analysis: if image-to-neural-data assignments become
misaligned, all subsequent assignments will become incorrect. Given that each recording
session contains approximately 2,000 image onsets, and each must be identified precisely
and in correct temporal order, achieving this automatically despite system noise presents a
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technical challenge.
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Figure B.1: Raw photodetector output (y-axis, millivolts) as a function of time
(x-axis). This example displays the photodetector response to five successive image onsets.
For each onset, the voltage rises sharply and then decays exponentially.
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B.2 Photodetector Response Characteristics

Figure B.1 shows an example time sample of the raw photodetector output with voltage
responses to five consecutive image presentations. Each image onset produces a characteristic
waveform: a sharp rise followed by an exponential decay. The precise shape of this response
function depends on experimental conditions and is not known a priori.

Z-Scored Derivative of Analog Signal
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Figure B.2: Z-scored derivative of the photodetector signal for a representative
time segment in an example recording session. The y-axis shows the z-score of the
temporal derivative; the x-axis shows time. Arrows correspond to ongoing image onsets.

B.3 Trigger Detection Pipeline

We developed a multi-stage pipeline to reliably extract trigger times while confirming the
accuracy of each detection.

The first stage exploits the fact that the steepest rise of the photodetector signal occurs at
the exact moment of image onset. We use this property to obtain an initial set of candidate
trigger times, which then allows us to estimate the characteristic response function.

First, we downsample the raw signal by averaging every 10 consecutive samples, reducing
the effective sampling rate from 10,000 Hz to 1,000 Hz. We then compute the time derivative
by subtracting adjacent values of the signal, followed by z-score normalization. Figure B.2
shows an example result, with spikes appearing at approximately z = 10 standard deviations
above the mean, corresponding to the sharp rises of the response waveform at each image
onset.
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Figure B.3: Event-triggered average of the photodetector signal, time-locked to
high-threshold crossings. The y-axis shows signal magnitude in millivolts; the x-axis
shows time in seconds relative to the threshold crossing. The solid line indicates the mean
across all crossings, and the shaded region indicates the standard deviation.

We apply a conservative threshold (z = 8) to identify high-confidence threshold crossings.
Due to variability across the session’s approximately 2,000 total onsets, not all triggers exceed
this threshold (typically, around 900 crossings are detected in this first stage), which is
sufficient for the waveform estimation purposes.

Using the obtained threshold crossings, we compute an event-triggered average by aligning
(time-locking) the raw signal to each crossing and averaging across events. This averaging
is performed at the original 10,000 Hz sampling rate to preserve temporal precision for
subsequent steps. Figure B.3 shows the resulting template waveform. The inset shows that
t = 0 corresponds to the sharp onset of the averaged signal. The waveform is manually
examined for each recording session. If needed, this alignment can be manually adjusted at
this stage. The sharp transition at onset enables temporal precision of approximately 41 ms.

The extracted event-triggered average serves as a template for detecting all triggers in
the session. We compute the cross-correlation between this template and the full recording
at the original 10,000 Hz sampling rate.

Moving Correlation with the Mean Triggered Signal

1.964 1.966 1968 1.970 1.972 1974 1976
Time (seconds) le6

Figure B.4: Cross-correlation between the template waveform and the full recording
session. The y-axis shows the correlation coefficient; the x-axis shows time. Correlation values
approach 1 at times when the recorded signal closely matches the template, corresponding to
image onset times.
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Figure B.4 shows an example of the resulting moving correlation signal. At times when
the recorded signal matches the template, the correlation approaches 1. This method is highly
robust to noise because the correlation integrates information across approximately 1,000 data
points of the extracted template waveform, effectively averaging out random fluctuations.

We extract the exact number of triggers expected from the task design using a greedy
algorithm. The procedure iteratively identifies the maximum correlation value across the
session, records that time point as a trigger, blocks out a region around it to prevent re-
detection, and continues until the expected number of triggers has been identified. Finally,
the detected triggers are sorted temporally to produce the estimated onset time for each
image.

B.4 Validation of Trigger Extraction

We perform two complementary validation checks to verify that the detected triggers corre-
spond exactly to the intended images.

Timing differences between DET36A2 and task triggers
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Figure B.5: Histogram of timing differences between expected task triggers from
the task computer and photodetector-extracted triggers. The y-axis shows the
number of triggers; the x-axis shows offset in milliseconds.

The first validation compares the extracted trigger times to the expected times logged by
the task computer. Figure B.5 shows a histogram of timing differences for a representative
recording session. The distribution is approximately normal, centered near zero, with sharp
drop-off around 410 ms. Since successive images are separated by more than 100 ms in our
task design, the tightness of the distribution suggests that our pipeline correctly identifies
trigger times. We hypothesize that these 10 ms offsets between the expected task times and
the actual extracted trigger times arise from multiple sources: possible processing delays on
the task computer, the discrete 100 Hz monitor refresh rate, delays between image rendering
and timestamp logging, and the delays of the system’s file I/0O.

The second validation ensures not only that trigger times are approximately correct,
but that each trigger corresponds exactly to the intended image that is, no triggers are
missed (false negatives) and no spurious triggers are detected (false positives). This check
exploits the variable inter-stimulus intervals in our task design. We compute the correlation
between extracted inter-trigger intervals (from the photodetector pipeline) and expected
inter-stimulus intervals (from the task computer). Figure B.6 shows this analysis across 20
time bins spanning the representative example recording session, with correlations computed
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Figure B.6: Validation of trigger-to-image correspondence. The figure shows corre-
lations between inter-trigger intervals from the photodetector pipeline and expected inter-
stimulus intervals from the task computer. The analysis is performed across 20 time bins
(columns), each representing 5% of the recording session. Five rows show correlations at
different trigger offsets: —2, —1, 0, +1, and +2 (blue for negative offsets, black for zero, red
for positive).

at trigger offsets of —2, —1, 0, +1, and +2. At offset = 0 (middle row, black), there is a
consistent positive correlation across all time bins. This correlation is destroyed at all non-zero
offsets (blue for negative, red for positive) throughout the session. This pattern confirms that
each detected trigger corresponds exactly to its intended image. If any trigger were missed
or spuriously detected, the inter-trigger intervals would become misaligned with expected
intervals, and the correlation at offset = 0 would become close to zero while correlations at
other offsets would show positive values.
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Figure C.1: Off-target effects of drive and suppress stimuli across the brain. Each
row corresponds to a different neural site being targeted for driving or suppression. Points
represent neural sites in an orthographic br%in map projection. Color indicates the mean
activity of each site in response to the drive/zsuppress stimuli designed for the target site,
normalized by that site’s response to random images (z-scored relative to mean and standard
deviation). The larce dot (2x size) indicates the tarset site for which stimuli were optimized.
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