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Comparing Psychedelic Visualizations with Convolutional Neural Networks’ Feature

Visualizations

Abstract

This research studies the relationship between psychedelic visual experiences and convolutional

neural networks’ (CNNs’) feature visualizations. Subjects who had experiences with serotonergic

psychedelic substances were asked to rate how well the feature visualizations of two CNNs, one

of which explains the primate visual system better than the other, corresponded to their own

psychedelic visualizations. No correlation was found between the overall intensity of the

psychedelic experiences and the feature visualizations’ ratings. Further implications include that

the intensity of psychedelic visualizations is better captured by specific measures, such as the

complexity and richness of the visualizations. These measures, as well as the inclusion of

higher-level properties, such as fractal shapes and distorted objects in one’s psychedelic

visualizations, contribute more to the perceived correspondence with feature visualizations,

while lower-level properties have less influence.

Keywords: psychedelic visualizations, ventral visual hierarchy, convolutional neural networks,

feature visualization
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Psühhedeelsete Nägemuste ja Konvolutsiooniliste Närvivõrkude Featuuride

Visualisatsioonide Seosed

Kokkuvõte

Käesolevas töös uuritakse psühhedeelsete nägemuste ja konvolutsiooniliste närvivõrkude

featuuride visualisatsioonide vahelisi seoseid. Serotoniinergilisi psühhedeelikume kasutanud

katseisikud hindasid oma psühhedeelsete nägemuste põhjal kahe tehisnärvivõrgu

visualisatsioone, millest üks tehisnärvivõrk on parem primaatide nägemishierahia mudel kui

teine. Psühhedeelse kogemuse üldise intensiivsuse ja featuuride visualisatsioonide hinnangute

vahel seost ei leitud. Tulemuste põhjal järeldatakse, et täpsemad näitajad nagu nägemuste

keerukus ja rikkalikkus tabavad psühhedeelsete nägemuste intensiivsust paremini.

Tehisnärvivõrkude visualisatsioonid vastasid psühhedeelsetele nägemustele paremini, kui

nägemused olid olnud keerukamad, näiteks sisaldanud fraktaleid või moonutatud objekte.

Märksõnad: psühhedeelsed nägemused, nägemishierarhia, konvolutsioonilised närvivõrgud,

featuuride visualisatsioonid
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Introduction

This research project aims to enhance our understanding of the psychedelic experience by

leveraging the modeling capabilities of artificial neural networks (ANNs). Specifically, the inner

activity of certain computer vision models called convolutional neural networks (CNNs) is

visualized, and those visualizations, as well as their underlying mechanisms, are compared to the

visualizations elicited by and the working mechanisms of serotonergic psychedelic substances.

This is done both theoretically - by placing the study in the framework where CNNs serve as

models of the primate visual system - and in practice - by conducting an experiment on

individuals with previous psychedelic experiences.

Physiological and Phenomenological Effects of Psychedelics

Serotonergic psychedelics refer to a subgroup of hallucinogenic substances whose

psychoactive effects are primarily mediated by the agonism at the serotonin 5-HT2A receptors in

the brain (Nichols, 2016), the “classical” examples of such substances being LSD, DMT,

psilocybin, and mescaline. The 5-HT2A receptors are particularly expressed in the cortical

regions of the brain, including the frontal, temporal and occipital (containing the visual cortex)

cortices (Beliveau et al., 2017). The time-resolved findings from the multimodal imaging study

of Timmermann et al. (2023) suggest that the initial effect of psychedelic substances is at the

highest levels of cortical organization, such as at the evolutionarily recent transmodal

(nonsensory-specific) regions (Braga et al., 2015), with a myriad of effects following in the

networks overlapping with the expression density of serotonin receptors. Of specific interest to

this study is the increased connectivity between the visual cortex and the higher cortical regions,

which has been hypothesized to play a role in establishing the visual quality characteristic for

psychedelic experiences (Timmermann et al., 2023; Carhart-Harris et al., 2016).

This hypothesis is supported by the correlation examined between the aforementioned

physiological effects and some specific phenomenological effects induced by psychedelic

substances. The increased pairwise functional connectivity between the visual and e.g.

frontoparietal and default mode networks correlates with the subjective intensity of the

psychedelic experience (Timmermann et al., 2023). To focus specifically on visual

phenomenology, the psychedelic-induced increased visual cortex global functional connectivity

and cerebral blood flow, as well decreased visual cortex alpha power, thought to be tied to
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general inhibitory processes (Jensen et al., 2010), correlate with the magnitude of visual

hallucinations (Carhart-Harris et al., 2016).

The increases in the visual areas’ activity and connectivity suggest that intrinsic brain activity

has a greater influence on visual processing under the influence of psychedelics (Carhart-Harris

et al., 2016). This is illustrated by the psychedelic-induced increased activity of parahippocampal

and retrosplenial cortices, both involved in the retrieval of episodic memories, during a

closed-eye imagery task (de Araújo et al., 2002; de Araújo et al., 2012). The finding could

suggest that during a psychedelic experience, there is “an endogenous engagement of mnemonic

circuits, possibly feeding visual areas with the content” of the visual experiences (de Araújo et

al., 2012, p. 2558). During the same closed-eye imagery task, increased activity of associative as

well as primary visual areas was examined, the latter of which is generally concerned with

processing external stimuli, suggesting that “the visual cortex behaves “as if” there is external

input when there is none” (Carhart-Harris et al., 2016, p. 4856). In a similar vein, the

spontaneous internally generated activity of the primary visual cortex’s neurons manifests as

geometric visual hallucinations (Butler et al., 2011), which may in part arise due to the

weakening of cortical inhibition, induced by psychedelic substances (Passie et al., 2008).

These findings point towards the visual phenomenology associated with the influence of

psychedelic substances arising due to a myriad of effects in the brain regions with a dense

expression of serotonin 5-HT2A receptors, the causal chain between which is still not totally

understood, with for example the hierarchical predictive coding account of neuronal processing

offering a clearer take on it.

Psychedelics in the Hierarchical Predictive Coding Theory

There is a consensus that the brain is not passively receiving sensory inputs, but is rather

caught up in predicting and providing explanations for them (Bastos et al., 2012), one of the

most computationally plausible models of it being that of hierarchical predictive coding (Rao et

al., 1999; Friston, 2005; Bastos et al., 2012). In the visual domain, the hierarchical predictive

processing model suggests that top-down connections from higher visual areas carry predictions

of lower-level neural activities, and bottom-up connections carry prediction errors resulting from

comparing the aforementioned predictions with actual sensory inputs. The ultimate goal of this

relationship is to minimize prediction errors by optimizing the predictions (also referred to as

priors or beliefs) (Rao et al., 1999; Friston, 2005; Bastos et al., 2012; Carhart-Harris and Friston,
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2019). Under normal conditions, the priors can be rather heavily weighted, meaning that it’s

harder for the prediction errors to actually modify them, in extreme cases resulting in

“entrenched pathological priors” (Carhart-Harris and Friston, 2019, p. 317), possibly being one

of the reasons behind a number of mental illnesses.

In this framework, the supposed explanation for the full breadth of subjective phenomena

associated with the consumption of psychedelics is that via stimulating the serotonergic deep

pyramidal cells in the cortex, where priors are thought to be encoded, the confidence in the

predictions is disrupted (Carhart-Harris and Friston, 2019). This results in their sensitization to

prediction errors, accompanied by the “liberated bottom-up information flow” (Carhart-Harris

and Friston, 2019, p. 317). The physiological effects of psychedelic substances described in the

last subchapter can be seen as largely coherent with this, e.g. the decreased visual cortex alpha

power corresponding to the relaxed top-down modulation, and the increased primary cortex

cerebral blood flow corresponding to the increased signaling from lower-level units. In addition

to this, as we shall see in the following subchapters, some intuitive or functional parallels can be

drawn between this framework and the technique of feature visualization (and those similar to it,

like the Deep Dream algorithm (Mordvintsev et al., 2015)), strengthening the foundation on

which psychedelic experiences could be studied with the help of CNNs.

Feature Visualization

This subchapter replicates for the most part the literature review exhibited in Lüübek

(2023). Feature visualization is a technique that aims to increase the explainability of artificial

neural networks (ANNs) (Olah et al., 2017). In this research, feature visualization implies

activation maximization of certain units of convolutional neural networks (CNNs), a type of

computer vision models, by input optimization. The potential (explanatory power) of activation

maximization rests on the idea that “a pattern to which the unit is responding maximally could be

a good first-order representation of what a unit is doing” (Erhan et al., 2009, p. 4). It is

mathematically executed by the calculation of gradients - a tool for manipulating the interaction

between different network components (Lindsay, 2021), in this case between the input image to

the network and the artificial neurons, channels, or layers of the network (Figure 1). During the

process of feature visualization, gradients are used to determine how individual pixels of the

input image should be changed in order to make the object of optimization activate more (Olah et

al., 2017). This means that the final result represents the causal reasons behind the activity of the



Psychedelic and feature visualizations 7

unit, helping to differentiate between the features that cause and the ones that merely correlate

with its behavior (Olah et al., 2017).

Figure 1

Feature Visualization Process

Note. Figure adapted from Lindsay (2021). The arrows represent the gradients flowing between

the object of optimization and the input image.

Feature visualizations can not be taken as representing the entirety of a unit’s behavior, as they

represent its activity merely under the most optimal conditions (Olah et al., 2020a). Nonetheless,

they do offer a human-understandable idea of the inner workings of a model, in addition to the

potentiality of offering a new representation or primitive for thinking about the world, illustrated

by the high-low frequency detectors forming in the earlier layers of a network called

InceptionV1 (OpenVis Conference, 2018; Olah et al., 2020b; Szegedy et al., 2015). The
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fascinating aspect about feature visualizations is that as they are initialized from an image of

random noise, “the result becomes purely the result of the neural network” (Mordvintsev et al.,

2015). Despite the fact that the networks are not asked to do anything but classify natural images,

the corresponding representations that form inside the networks turn out to be, at times,

incredibly rich and complex (OpenVis Conference, 2018).

Computer Vision Models as In Silico Visual System Models

In addition to the hierarchical architecture of both CNNs and the visual system of

primates, which in itself seems to play a crucial role in the emerging similarities between the two

(Yamins et al., 2014), the most obvious similarity between CNNs and the visual system of

primates might be at the structural level. Namely, the structure of modern CNNs was directly

inspired by the findings of Hubel and Wiesel (1962), who discovered that the early visual area

V1 consists of simple and complex cells (Fukushima, 1980). Simple cells comprise side-to-side

organized receptive fields that allow edge detecting, and complex cells combine those to form

orientation-sensitive receptive fields invariant to edges’ spatial phase. CNNs generally repeat

analogous operations in their full span, mapping the simple cells with the output of the filter

operation and the complex cells with that of the pooling operation, the stacking of which creates

larger and larger receptive fields for individual neurons, allowing them to detect more complex

features in the downstream layers of the networks (Lindsay, 2021; Xu et al., 2021). This tangible

similarity gives rise to the resemblance of the features detected by the lower areas of the two

systems - as do the simple and complex cells in the primary visual cortex (V1), the artificial

neurons in the first layers of CNNs seem to mainly detect the edges of objects, allowed for by

filters called Gabors (Olah et al., 2020a). Moreover, single biological and artificial neurons of the

earlier areas of the systems under investigation have been shown to be functionally similar, with

the ANNs whose artificial neurons are more similar to the biological neurons being more similar

to humans at the behavioral level as well (Marques et al., 2021).

As to the connections between the later areas, a biologically plausible ANN’s intermediate and

output layers have been shown to be, respectively, predictive of visual hierarchy’s V4 and IT

areas’ neuronal activity (Yamins et al., 2014). Additionally, by using the different layers of

CNNs as input to predictive models, it has been shown that the lower layers are better predictors

of early visual areas’ neural activity, as are the higher layers of that of later visual areas,

suggesting that increasingly complex features are encoded in the downstream areas of the ventral
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visual pathway (Eickenberg et al., 2017; Güçlü et al., 2015). By showing that the same findings

hold across experimental paradigms, Eickenberg et al. claim (2017, p. 185) that CNNs “capture

universal representations of the stimuli that linearly map to and separate cognitive processes”.

Regardless of these promising results, the scientific value of ANNs as brain models is still

debated. Some emphasize the exploratory value that ANNs yield, particularly due to their

computational complexity and the absence of a full understanding of any cognitive function to

date (Cichy et al., 2019). Others are leaning towards the redundancy of this relationship, pointing

out the seemingly fundamental difference in ways that CNNs and brains represent visual

information - for example, CNNs are unable to fully capture the representations of artificial

stimuli in any level of the visual hierarchy (Xu et al., 2021). This is troublesome due to the same

algorithms supporting the processing of artificial and natural stimuli in primates’ brains (Xu et

al., 2021). On the other hand, Schrimpf et al. (2020) find the time to be ripe to use the suitable

ANNs, which they refer as neurally mechanistic models, for building unified models of entire

domains of intelligence, and have created an integrative benchmarking platform called

Brain-Score, which for now concentrates on the domain of visual intelligence.

A highly relevant study for the current research is that of Suzuki et al. (2017), which used the

Deep Dream algorithm (Mordvintsev et al., 2015) - a technique that visualizes the

“understanding” that a particular CNN layer has achieved by enhancing the features encoded in

the layer - to manipulate the visuals of a virtual reality program. The goal was to elicit a visual

experience similar to that of a psychedelic experience, without the co-occurring pharmacological

effects. Its results indicate that the subjective effects elicited by the VR experience were similar

to those of a psychedelic experience across multiple dimensions, including those of “intensity”

and “pattern”. It was suggested in the study that the findings “may shed new light on the neural

mechanisms underlying physiologically-induced hallucinogenic states” (Suzuki et al., 2017, p.

6). In addition to the above-described parallels between ANNs and visual systems, this

suggestion relies on the intuitive similarity between the Deep Dream algorithm and their take of

the top-down modulation occurring within the hierarchical predictive coding theory of

perception. Namely, if hallucinations are viewed as the result of an excessively strong weighting

of perceptual priors (Teufel et al., 2015), then a functional parallel can be drawn with the

algorithm. The top-down signals originating from the higher brain areas are roughly mapped

with the use of gradients originating from the specific layer of interest in the ANN, and the
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resulting hallucinations with the altered input image. Comparing this approach with the one

introduced in Carhart-Harris and Friston (2019), where top-down modulation is thought to be

decreased under the influence of psychedelics, we run, at first, into an apparent conflict,

demonstrating that it is not straightforward to interpret the common ground between psychedelic

experiences and ANNs within this framework.

However, considering that the brain can deal with the lessening of predictions’ accuracy and the

concomitant increased prediction errors in a multitude of ways, one of them being the

upregulation of predictions, a rather clear parallel with the feature visualization and Deep Dream

techniques can be drawn (Pink-Hashkes et al., 2017). Maximizing the activity of a certain unit of

the network by producing an optimal input for the unit (feature visualization) or manipulating the

input so to include more of what is already encoded in the unit (Deep Dream) have functional

similarities to upregulating the predictions encoded in a specific layer of the brain and enforcing

those on the incoming sensory data in order to deal with the increased prediction errors

(Pink-Hashkes et al., 2017). All the aforementioned mechanisms can produce visuals with

hallucinatory qualities. The nature of those visuals depends on the level of hierarchy which was

focused on, for example the feature visualizations of earlier layers’ units contain vivid patterns,

which are similar to the simulated predictions of humans’ primary visual cortex (V1) and

geometric hallucinations experienced under the influence of psychedelics (Bressloff et al., 2001).

The current research, hence, continues with the interpretation offered by Carhart-Harris and

Friston (2019). Its supporting evidence already discussed in the previous subchapters includes

parallels between the lessened top-down modulation and the increased bottom-up information

flow with the physiological effects induced by psychedelic substances, such as the visual cortex’s

decreased alpha power and the increased cerebral blood flow (Carhart-Harris et al., 2016). In

addition to that, the therapeutic benefits associated with the use of psychedelics seem to be

mediated by the power of these substances to induce, e.g., insight experiences (Letheby, 2021).

The latter is accounted for with the weakening of the priors encoded “at the highest or deepest

level of the brain’s functional architecture, i.e., the levels that instantiate particularly high-level

models such as those related to selfhood, identity, or ego” (Carhart-Harris and Friston, 2019, p.

319).
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The Current Research

The preceding sections explored the potential of CNNs to explain the mechanisms

underlying visual psychedelic experiences. Some of the discussed evidence includes CNNs’

architectural and representational similarities to the primate visual system, and the functional

parallels between the effects of psychedelics on the brain and the feature visualization techniques

employed in CNNs. With that in mind, this research addresses the overarching question:

● How are psychedelic experiences, particularly in terms of their visual aspects, related to

the perception of CNN feature visualizations?

With the specific hypothesis under investigation being:

● There is a positive relationship between the subjective intensity of visual experiences

during psychedelic use and the level of correspondence with CNN feature visualizations.

This hypothesis relies on a series of interconnected findings: the intensity of visuals during

psychedelic experiences correlates with increased intrinsic brain activity, as indicated by

measures like visual cortex's activity and connectivity (Carhart-Harris et al., 2016); CNNs can

serve as models for the primate visual cortex (Lindsay et al., 2021); and feature visualizations

represent the maximal activity of CNNs, with the technique having functional similarities to

certain effects of psychedelic substances in the brain that might manifest as visual hallucinations

(Olah et al., 2017; Pink-Hashkes et al., 2017).

The hypothesis is put to test in an experiment where participants have to rate the level of

correspondence between the feature visualizations and their own visual experiences during their

psychedelic experiences. The specifics of the approach are introduced in the following chapter.
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Method

33 self-selected participants were recruited via social media. The only eligibility criterion

was having at least one prior experience with a serotonergic hallucinogen.

Feature Visualizations

Feature visualizations of two CNNs with contrasting abilities for explaining the responses

of the primate visual system were acquired. The two CNNs were identified via the Brain-Score

platform1, where models are scored for their ability to approximate the activity of different parts

of the ventral stream as well as human behavior, determined via various benchmarks. The

“explains well” brain model was Resnet152 V2 (He et al., 2015), ranked 7th on the Brain-Score

leaderboard at the time of the study, with an average vision score of 0.432. The “explains poorly”

brain model spanned the 0.25 MobilenetV1 architecture (Howard et al., 2017), ranked between

150th and 168th on the leaderboard at the time of the study, with average vision scores ranging

from 0.312 to 0.277. These specific models were chosen because they are implemented in the

TensorFlow-Slim image classification model library2, enabling visualization of their units

without the need for separate model training and deployment.

For visualization purposes, only units from the layers that best corresponded to the different

brain areas covered by the benchmarks - areas V1, V2, V4, and IT - were selected. The layer

mappings provided by the Brain-Score team guided the selection process (see Appendix A). For

every chosen layer, four neuron-objective and four channel-objective visualizations were

generated, the units across layers being from the same relatively positioned feature maps (Figure

2; see Table B1). The whole layer’s visualization was generated with the Deep Dream algorithm

(Figure 3). The Lucid library3 was utilized for visualizing the units, without any additional

customizations to the code.

3 https://github.com/tensorflow/lucid/tree/master
2 https://github.com/tensorflow/models/tree/master/research/slim
1 https://www.brain-score.org/

https://github.com/tensorflow/lucid/tree/master
https://github.com/tensorflow/models/tree/master/research/slim
https://www.brain-score.org/
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Figure 2

A Selection of the Generated Feature Visualizations

Note. The demonstrated neuron-objective visualizations represent the central unit of the relevant

feature map. See Table B1 for detailed information about the visualizations.
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Figure 3

The “Explains well” Model’s Layer Visualizations, Obtained with the Deep Dream Algorithm

Note. The brain region-CNN layer mapping is brought out under the visualization (see Appendix

A for information about the “explains poorly” model).

Questionnaire

The visualizations were utilized to create a two-part questionnaire

(https://forms.gle/NMk938QDmLsrwDYR6). In the first part, participants were asked to rate

each visualization on a scale from 1 to 10, reflecting on the extent to which it corresponded to

their own experiences with visualizations induced by psychedelic substances, the specific

question asked being “Based on your previous experiences, how possible is it to experience

visuals with similar properties under the influence of psychedelics?”. It is important to note that

participants were not expected to find a perfect match between the visualizations and their own

experiences, but rather reflect on an overall impression of correspondence. Participants were

https://forms.gle/NMk938QDmLsrwDYR6
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guided to assess the correspondence across various properties, such as colors, contrasts, edges,

lines, and entire objects. After rating all the visualizations, participants were asked to indicate

whether they based their ratings on a single psychedelic experience or multiple experiences.

Additionally, they were asked to specify whether their ratings primarily relied on open-eye

visualizations, closed-eye visualizations, or both equally.

In the second part of the experiment, participants were prompted to provide information about

one of their previous psychedelic experiences. They were instructed to choose the most intense

experience from the ones they reflected upon in the first part. The intensity of the experience was

assessed by participants themselves, instructions guiding them to think about the dosage of the

substance consumed and the intensity of the experience's visual aspects. Several questions were

asked about the chosen experience, including the substance, the approximate dosage, and its

overall intensity.

Furthermore, participants were asked to rate the vividness, complexity, richness, and

immersiveness of the visuals during the experience. These dimensions were selected from the

subjective experiences questionnaire employed by Timmermann et al. (2023). Questions

regarding the prominence of different properties were also included, drawing from the typical

feature families of CNNs (Olah et al., 2020b), as well as the qualitative findings of Lüübek

(2023), where participants listed the features or qualities of the visualizations that caught their

attention the most.

Analysis

One participant was excluded from the analysis due to inappropriate substance selection

and another due to invalid ratings, leaving 31 participants’ results for the analysis. For most of

the analysis, the mean ratings per participant across the feature visualizations were used, with

different groupings of visualizations created for specific purposes. The mean ratings of the

participants were opted for because of the absence of a direct correspondence between the two

models’ visualizations. The normality of the data distributions was assessed using D'Agostino

and Pearson's normality test, with the results affirming the normality of the participant-based

mean ratings of the two models. Before hypothesis testing, the difference between the two

models’ ratings was assessed with a paired t test, to evaluate the meaningfulness of using both

models’ visualizations’ ratings for the subsequent analysis.

Ethics
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Ethical standards were upheld throughout the study, including thorough and accurate

reporting of hypotheses and methods, valid data analysis methods, honest reporting of results,

avoiding selective exclusion of opposing results, protecting participant confidentiality by not

collecting any personally identifiable information, and adhering to standards of plagiarism and

self-plagiarism. Generative AI was used for the wording revision of several paragraphs, with the

specific prompt being “How to make this better: [text]?”, with the answer thoroughly reviewed

and evaluated before making use of (parts of) the rephrased text (OpenAI, 2023).
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Results

First, we used two CNN models, one of which explained the primate visual activity well

(ResnetV2-152) and the other which explained it poorly (0.25 MobilenetV1), and we studied the

differences in ratings of how well their feature visualizations correspond to psychedelic

visualizations. The results of the paired t test indicated a significant difference in mean ratings

between the two models (t(30) = 3.03, p = .005). Further analysis revealed that participants

generally rated the visualizations of the “explains well” model (M = 5.3, SD = 1.9) slightly

higher than those of the “explains poorly” model (M = 4.5, SD = 1.6), suggesting the former’s

relatively better correspondence to psychedelic visualizations (Figure 4, 5).

Figure 4

The Mean Ratings of the Two Models’ Visualizations across Participants
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Figure 5

The Relationship Between the Mean Ratings of Both Models per Participant

Therefore, in the next step, to study the relationship between the subjective measures of

psychedelic visual experiences and the experiences’ level of correspondence with CNN feature

visualizations, only the data on the “explains well” model was used. To test the hypothesis that

more intense prior experiences lead to higher correspondence with the feature visualizations, the

Spearman rank-order correlation coefficient was used to first measure the relationship between

the reported overall intensity of a previous psychedelic experience and the mean ratings of the

“explains well” model’s visualizations. The results indicated that there is no correlation between

the two (r (29) = .03, p = .888) (Figure 6).
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Figure 6

The Relationship Between the Overall Intensity of a Prior Psychedelic Experience and the Mean

Ratings of the “Explains Well” Model’s Visualizations

As the individual visualizations differed notably in their properties, additional groupings were

made before measuring their relationship with the different subjective measures of a prior

psychedelic visual experience. Visualizations were grouped based on their optimization objective

and their layer of origin. Moderate to high correlations were found between a number of

measures and the visualizations’ ratings (Figure 7).
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Figure 7

Spearman Correlations Between Subjective Measures of a Psychedelic Visual Experience and

Visualizations’ Ratings

Note. Only moderate and strong correlations (r > .3) are annotated. ‘*’ indicates a p value of <=

.05.

Grouping the visualizations by their optimization objective yielded three groups -

neuron-objective, channel-objective and layer (Deep Dream) visualizations - from which the

most positive correlations with subjective measures were observed in the case of layer
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visualizations (Figure 3). Significant moderate to high correlations were found between the mean

ratings of the correspondence of the layer visualizations to psychedelic visualizations and the

extent of open-eye visualizations (r(29) = .43, p = .015), closed-eye visualizations (r(29) = .42, p

= .018), the vividness (r(29) = .36, p = .05) and complexity (r(29) = .37, p = .042) of the

visualizations, the prominence of textures or patterns (r(29) = .36, p = .047), geometric or fractal

shapes (r(29) = .7, p < .001), and symmetry or order (r(29) = .47, p = .007) in the visualizations,

and the extent to which the visuals appeared to move (r(29) = .44, p = .013) during a prior

psychedelic experience (Figure 7).

Neuron- and channel-objective visualizations’ (Figure 2) ratings saw significant moderate to

high correlations with the prominence of geometric or fractal shapes as well (r(29) = .36, p =

.044; r(29) = .41, p = .024), but contrary to the layer visualizations’ ratings, significant

correlation was also observed with the appearance of distorted objects (r(29) = .50, p = .004;

r(29) = .45, p = .012) and objects not actually present (r(29) = .47, p = .007; r(29) = .42, p =

.019), and the chaotic quality of the psychedelic visualizations (r(29) = .44, p = .013; r(29) = .38,

p = .034) (Figure 7).

As for the visualizations’ grouping based on their layer of origin, which yielded four groups -

visualizations from the CNN’s layers best corresponding to the ventral stream’s V1, V2, V4 or IT

- the most positive correlations with subjective measures were observed in the case of the V1

group, although all the groups had significant moderate to large correlations with the appearance

of distorted objects and the chaotic quality of the psychedelic visualizations. In addition to the

former, the V1 group’s visualizations saw significant correlations with the extent of open-eye

visualizations (r(29) = .36, p = .049), and the vividness (r(29) = .37, p = .041) and complexity

(r(29) = .40, p = .026) of psychedelic visualizations. The V1, V4 and IT groups’ visualizations

had a significant correlation with the prominence of geometric or fractal shapes in psychedelic

visualizations (r(29) = .46, p = .009; r(29) = .42, p = .02; r(29) = .43, p = .015), and V1, V2 and

IT groups with the appearance of objects not actually present in the visualizations (r(29) = .50, p

= .004; r(29) = .45, p = .011; r(29) = .47, p = .007) (Figure 7).
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Discussion

The current research studied the relationship between psychedelic visual experiences and

CNNs’ feature visualizations with the question of how the nature of psychedelic visual

experiences relates to the perceived correspondence of feature visualizations to psychedelic

visualizations. The theoretical framework led us to hypothesize that the correspondence is higher

in the case of more intense psychedelic visualizations, as feature visualizations represent the

maximal or optimal activity of CNNs’ units, and CNNs can be used to explain neural activity

(Erhan et al., 2009; Olah et al., 2017; Lindsay, 2021).

The feature visualizations of a CNN that explains the primate visual activity better corresponded

better to psychedelic visualizations than those of a CNN that explains the visual activity worse

(Figure 4, 5). This suggests that feature visualization can capture certain aspects of psychedelic

vision, as the visualizations of the inner activity of CNNs seem to get more psychedelic the

better the models can account for brain activity. This is supported by a number of parallels

between the two systems. After psychedelics’ intake, the activity of the visual cortex, as well as

its connectivity with higher brain areas, increases (Carhart-Harris et al., 2016; Timmermann et

al., 2023). The visual cortex seems to process inputs from intrinsic brain areas, as illustrated by

the heightened connectivity between the visual cortex and brain’s mnemonic circuits during a

closed-eye imagery task following psychedelics’ intake (de Araújo et al., 2012). Feature

visualizations are created by forcing the representations encoded in the CNN units onto an input

of pure noise, which creates an input that drives the unit to fire maximally (Erhan et al., 2009;

Olah et al., 2017; Lindsay, 2021). Seeing a relationship between psychedelic perception and the

optimal CNN inputs suggests that there could be potential for further research to unravel some

still unknown mechanistic or computational aspects of the visual system with the help of CNNs.

The absent correlation between the overall intensity of psychedelic experiences and the feature

visualizations’ ratings could be attributed to the specific question in the questionnaire about the

intensity of the prior experience being too general (“How intense was that experience? Please

rate the overall intensity of the experience, including any visual, auditory, or emotional effects

that you may have experienced.”). The moderate to high correlations between the numerous

more specific subjective experience measures and the feature visualizations’ ratings suggest that

the intensity of psychedelic visualizations could be better captured by the more tailored

questions, instead of that directly about the intensity of the psychedelic experience. It could as
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well suggest that the psychedelic experience’s intensity does not necessarily bring along

psychedelic visualizations, with the latter further depending on, e.g., the set and setting of the

experience.

The correlations between specific subjective experience measures and psychedelic experiences

cannot be taken at face value, as the correlations were not corrected for multiple comparisons.

However, it is still informative to look into the results in an exploratory manner.

An interesting observation is that solely the layer (Deep Dream) visualizations significantly

correlate with the extent of closed-eye visualizations, the prominence of textures or patterns and

symmetry or order in the psychedelic visualizations, as well as having the strongest correlation

with the prominence of fractal and geometric shapes among all the other visualization groupings

(Figure 7). This could in part be due to the CNN layers combining information from all of their

feature maps, yielding a more complete, overarching “understanding” of an input than that of an

artificial neuron detecting only a single feature. This, rather clearly, suggests that to mimic the

more “established” or pronounced psychedelic visualizations, such as those containing

emphasized patterns, geometric shapes, or symmetry, an encoding of combined information,

such as that of a CNN layer, is needed. Fittingly, out of all the visualization groupings, the layer

visualizations correlate the least with the chaotic or distorted properties of psychedelic

visualizations, whereas the neuron-objective visualizations have the strongest positive

correlations with them. This, again rather clearly, suggests that for mimicking less pronounced or

realistic visualizations, the encoding of individual features could suffice, such as that of a single

artificial neuron. In essence, this finding could as well imply that the dysregulation of a

combination of neurons is needed for the perception of more pronounced visualizations, whereas

the dysregulation of lesser neurons could suffice for the mere distortion of perception. These

implications rely on the functional similarities between artificial and biological neurons, as well

as CNNs’ layers ability to explain neural activity (Marques et al., 2021; Yamins et al., 2014). For

any definitive implications, though, further research is needed, to study the possible causal

relationships behind the observed correlations.

No significant differences were observed among the correlations between the subjective

measures and the ratings of the feature visualizations separated by their layer of origin. The

chosen CNN layers were ones corresponding best to several ventral visual hierarchy’s regions.

The absence of differences suggests that the representations in the examined layers may not vary
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significantly, leading to similar relationships with the subjective measures. The similarity of

representations is illustrated by the appearance of the feature visualizations (see Table B1) as

well as the layer mappings (see Appendix A). For instance, in the case of the CNN layer that best

corresponds to area V4, the corresponding layer was a lower CNN layer compared to those best

corresponding to areas V1 and V2. This seems odd at first, as previous studies suggest that

higher CNN layers explain the neural activity of later visual system areas better (Eickenberg et

al., 2017; Güçlü et al., 2015). Some possible explanations could be that the current layer

mapping is done poorly, with a better one consequently leading to a better brain model, or that

the representations in the different ventral visual hierarchy’s regions are just not that different

from each other (M. Schrimpf, personal communication, 14.05.2023). Interestingly, even though

a higher CNN layer best corresponded to IT, a later visual area, the relationship between the

layer’s visualizations and the subjective measures was nonetheless not significantly different

from that of the other CNN layers.

In summary, the results indicate that for measuring the intensity of psychedelic visualizations,

the overall intensity nor dosage of the psychedelic experience is not enough. More direct

measures, such as the complexity or richness of the visualizations, as well as the extent of

open-eye or closed-eye visualizations experienced, are more fitting. These measures also

moderately correlate with the perception of CNNs’ feature visualizations as corresponding to

psychedelic visualizations. There is a stronger correlation between the presence of relatively

higher-level properties in participants’ psychedelic visual experiences and their perception of the

feature visualizations’ correspondence with the psychedelic visualizations. These higher-level

properties include, for example, geometric and fractal shapes, distorted objects, and objects not

actually present. The prominence of lower-level properties in the psychedelic visualizations, such

as colors, contrasts, and edges, did not seem to suffice for perceiving similarities with the feature

visualizations. This could suggest that the higher-level, unrealistic, or chaotic properties of the

feature visualizations may have a stronger impact on the assessment, overriding the perception of

the lower-level properties.

Future research could adopt an approach similar to Suzuki et al. (2017), using the Deep Dream

algorithm or the preferred features of different CNN units to manipulate real-world images

instead of pure noise. This approach would leverage the rich and diverse representations offered

by CNNs while maintaining the realism of visualizations.
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Appendix A

Fragment from the Layer Mappings File Provided by the Brain-Score Team

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "resnet-152_v2",

"key": "IT_layer",

"value": "resnet_v2_152/block4/unit_1/bottleneck_v2"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "resnet-152_v2",

"key": "V1_layer",

"value": "resnet_v2_152/block3/unit_32/bottleneck_v2"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "resnet-152_v2",

"key": "V4_layer",

"value": "resnet_v2_152/block3/unit_3/bottleneck_v2"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "resnet-152_v2",

"key": "V2_layer",

"value": "resnet_v2_152/block3/unit_30/bottleneck_v2"

}

}

{



Psychedelic and feature visualizations 31

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_224",

"key": "IT_layer",

"value": "Conv2d_13_depthwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_224",

"key": "V1_layer",

"value": "Conv2d_7_depthwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_224",

"key": "V4_layer",

"value": "Conv2d_7_pointwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_224",

"key": "V2_layer",

"value": "Conv2d_6_depthwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_192",

"key": "IT_layer",
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"value": "Conv2d_13_depthwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_192",

"key": "V1_layer",

"value": "Conv2d_6_pointwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_192",

"key": "V4_layer",

"value": "Conv2d_8_pointwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_192",

"key": "V2_layer",

"value": "Conv2d_8_depthwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_160",

"key": "IT_layer",

"value": "Conv2d_12_depthwise"

}

},

{
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"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_160",

"key": "V1_layer",

"value": "Conv2d_6_pointwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_160",

"key": "V4_layer",

"value": "Conv2d_7_depthwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_160",

"key": "V2_layer",

"value": "Conv2d_6_pointwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_128",

"key": "IT_layer",

"value": "Conv2d_12_depthwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_128",

"key": "V1_layer",
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"value": "Conv2d_7_pointwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_128",

"key": "V4_layer",

"value": "Conv2d_5_depthwise"

}

},

{

"model": "benchmarks.ModelMeta",

"fields": {

"model": "mobilenet_v1_0.25_128",

"key": "V2_layer",

"value": "Conv2d_7_depthwise"

}

}
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Appendix B

Feature Visualizations’ Information

Table B1

Detailed Information about the Feature Visualizations Included in the Questionnaire

Model
(*as implemented
in the TensorFlow
Slim library
(https://github.co
m/tensorflow/mod
els/tree/master/res
earch/slim))

Layer Objective Unit Visualization

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

neuron 0

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

neuron 256

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

neuron 512

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

neuron 768

https://github.com/tensorflow/models/tree/master/research/slim
https://github.com/tensorflow/models/tree/master/research/slim
https://github.com/tensorflow/models/tree/master/research/slim
https://github.com/tensorflow/models/tree/master/research/slim
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Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

neuron 1023

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

channel 0

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

channel 256

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

channel 512

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

channel 768

Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

channel 1023
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Resnet152-V2* resnet_v2_152/block3/unit_32
/bottleneck_v2/add

layer -

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

neuron 0

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

neuron 256

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

neuron 512

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

neuron 768

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

neuron 1023
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Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

channel 0

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

channel 256

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

channel 512

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

channel 768

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

channel 1023

Resnet152-V2* resnet_v2_152/block3/unit_30
/bottleneck_v2/add

layer -
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Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

neuron 0

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

neuron 256

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

neuron 512

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

neuron 768

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

neuron 1023

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

channel 0
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Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

channel 256

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

channel 512

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

channel 768

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

channel 1023

Resnet152-V2* resnet_v2_152/block3/unit_3/
bottleneck_v2/add

layer -

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

neuron 0
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Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

neuron 256

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

neuron 512

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

neuron 768

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

neuron 1023

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

channel 0

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

channel 256
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Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

channel 512

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

channel 768

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

channel 1023

Resnet152-V2* resnet_v2_152/block4/unit_1/
bottleneck_v2/add

layer -

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

neuron 0

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

neuron 32
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25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

neuron 64

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

neuron 96

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

neuron 128

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

channel 0

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

channel 32

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

channel 64
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25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

channel 96

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

channel 128

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_6_pointwise/Relu6

layer -

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

neuron 0

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

neuron 32

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

neuron 64
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25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

neuron 96

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

neuron 128

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

channel 0

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

channel 32

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

channel 64

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

channel 96
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25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

channel 128

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_7_pointwise/Relu6

layer -

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

neuron 0

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

neuron 256

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

neuron 512

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

neuron 768
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25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

neuron 1023

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

channel 0

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

channel 256

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

channel 512

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

channel 768

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

channel 1023
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25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_8_pointwise/Relu6

layer -

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

neuron 0

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

neuron 64

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

neuron 128

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

neuron 192

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

neuron 256
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25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

channel 0

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

channel 64

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

channel 128

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

channel 192

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

channel 256

25 MobilenetV1 MobilenetV1/MobilenetV1/C
onv2d_13_pointwise/Relu6

layer -

Note. Feature visualizations are generated with the Lucid library

(https://github.com/tensorflow/lucid).

https://github.com/tensorflow/lucid
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Käesolevaga kinnitan, et olen korrektselt viidanud kõigile oma töös kasutatud teiste autorite

poolt loodud kirjalikele töödele, lausetele, mõtetele, ideedele või andmetele.

Olen nõus oma töö avaldamisega Tartu Ülikooli digitaalarhiivis DSpace.

Carolin Lüübek


