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Abstract: Large language models are in many ways neurally and psychologically unrealistic. 
They are disembodied, quasi-omniscient, uniform in tone, and implemented in a circuit which 
bears little resemblance to the human brain. I argue that they nonetheless provide a plausible 
explanation for a specific feature of the phenomenology of language: our capacity to draw 
effortlessly on unconscious background knowledge while hearing and speaking. I associate this 
ability with “meaning-saturated appropriate-access circuits”: non-propositional structures which 
store and rapidly retrieve relevant information. In the course of the discussion, I draw on 
Dreyfus’ critique of AI, Husserl’s account of sedimentation, and Mangan’s account of rightness 
as a coherence signal in the “fringe” of peripheral consciousness.  
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1. Introduction 

 

      The answer to the titular question is: not much, but not nothing either. And that “not 

nothing” is worth taking seriously, or so I shall argue.  

 My approach will be something like a compare and contrast while zooming. First, I’ll 

outline the basics of large language models (or LLMs), the form of AI that runs familiar chatbots 

like ChatGPT. Then, I’ll consider broadly how LLMs are similar to and different from humans. 

I’ll then focus on a specific set of features of LLMs parallel to the phenomenology of language 

use, and then I’ll immediately consider differences. In doing so I will isolate a specific circuit in 

LLMs that sheds light on and may explain the phenomenology of language use and unconscious 

access. 

One might object: “Who cares? Any two objects can be compared. Fish and accordions 

are very different, but alike in some ways. Unlike fish, accordions can’t be eaten and don’t run or 

 
* Penultimate draft of a paper to appear in Ferrarello, Susi (ed.), Phenomenology, Cognition and 
Artificial Intelligence, Springer. 



swim, but like fish, they are physical objects made up of molecules and taking up space.” In 

response it can be noted that the comparison has some limited use: fish and accordions both have 

a “space-efficient surface expansion system”. Like the gills of a fish, the bellows of an accordion 

can fold up to save space, but also expand to expose surface area. That is a common design 

principle between the two. 

Something similar is going on with LLMs and phenomenology. One feature of human 

phenomenology is the ability to use language. From the vast reservoirs of past experience we 

pull out the right words needed in any situation. LLMs provide a plausible explanation of this 

ability, using what I will call “meaning-saturated appropriate-access circuits”.1 These circuits are 

used in a way that is quite different from how corresponding circuits are used in the human brain. 

Nonetheless I will argue that they are a key piece of the puzzle of how neural networks in the 

brain give rise to phenomenology. 

I am working in the tradition of naturalized phenomenology or neurophenomenology 

(Gallagher 2012; Varela 1996; Yoshimi 2016). Note that Husserl and other phenomenologists 

are open to interdisciplinary work of this kind, so long as extra-phenomenological insights are 

also confirmed in reflection (Yoshimi 2016; Yoshimi 2022).2 

 

 

 

 
1 I use “meaning” in a phenomenological sense: when someone sees a dog or talks about a cat, their 
experiences of seeing and talking have meanings associated with dogs and cats, respectively. A 
“circuit” in the brain related to these meanings produces them when activated. A circuit in a 
computer model can simulate such a biological circuit. A circuit is “meaning-saturated” or “super-
saturated” when it supports many more experiences of meaning than its size would suggest. 
2 A paper with similar aims to this, focused on the concept of synthesis, is (Fazi 2024). 



2. Connectionist Preliminaries 

 

A large language model or LLM is a type of feed-forward neural network typically 

implemented using the transformer architecture. Most language models are built using the 

transformer architecture, so I will take “LLM” to be shorthand for “transformer-based large 

language model.”3  LLMs are the dominant technology in current generative AI systems, 

including familiar chat models like ChatGPT.  

LLMs are neural networks so we start with a brief history of the field. There is a long 

tradition of understanding the dynamics of mind and thought in terms of flowing activation in 

networks in the brain (Yoshimi et al. 2025). The laws of association developed by the empiricists 

were often linked to the strengthening of connections in the brain. Freud’s unfinished project for 

a scientific psychology linked the psychodynamics of mental phenomena with neuro-dynamic 

processes in the brain (Freud, 1966). In the 20th century these ideas were formalized into 

mathematical models, and by the 1970s it was possible to build and train networks to perform 

simple classification tasks like recognizing different shapes in a retinal array.  

Since that time most production-level neural networks have been built using the same 

broad method: wire up the neurons in a feed-forward way (with no recurrent connections), and 

train them to perform a task using a calculus-based method called “backpropagation” or simply 

“backprop”4. All connections in such a network flow forward from input layer to hidden layers to 

output layer via weighted connections. You tell the network to do something using a table that 

 
3 Language models can be small and can be built using other architectures, and the transformer 
architecture can be used for tasks besides language modeling, but in practice most language models 
are large and are built using the transformer architecture. 
4 Backprop can be adapted to certain kinds of recurrent networks, but it is primarily used for feed-
forward networks.  



associates inputs with targets, and backprop incrementally adjusts the weights in such a way that 

error (the difference between actual and target values) is reduced. Networks are initialized with 

random weights, and so behavior is initially poor; but as the weights are changed the intended 

behavior slowly manifests. 

 A prominent early example was reading text aloud in a child’s voice (Sejnowski and 

Rosenberg 1987). At first the network makes random sounds when it “reads”,  but then it slowly, 

and somewhat creepily, learns to pronounce regular phonemes and eventually produce coherent 

speech. When networks like this first emerged in the 1980s it created a huge wave of interest in 

the emerging field of cognitive science. These "connectionist" networks seemed to be learning in 

the same way humans do. Across many domains of human behavior, from vision to language to 

sensorimotor coordination, neural network models learned to behave in remarkably realistic 

ways (Rumelhart and McClelland 1986; Doerig et al. 2023). 

Part of the appeal of these networks was how different they were from traditional 

symbolic AI models, which were hand-programmed to do things like recognize patterns and 

answer questions. Schank and Abelson’s classic story-understanding model illustrates the 

symbolic approach. It contained a set of rules like “If asked what is on the menu, read this script” 

(Schank and Abelson 1977). The system could answer questions about, for example, the process 

of ordering a meal in a restaurant. These systems often became quite complicated, using 

sophisticated rule systems and databases to approximate human performance. The neural 

network approach was quite different. Rather than being hand-programmed, networks were 

trained using the backprop procedure described above, where weights are incrementally changed 

in a way that reduces error. 



This basic difference generates a range of philosophically important differences that we 

will need to keep in mind while thinking about LLMs. In symbolic AI, it is more or less known 

how a given system works. The way a model responds to a question can be traced to specific 

rules and database queries. In a neural network, by contrast, we have a giant mess of neurons and 

connections, and it’s often not possible to clearly describe how they do something. Backprop 

feels like magic. We say what we want, the math is applied, and it delivers. Some people refer to 

this as “growing” rather than designing networks. 

It’s worth pausing to think about how strange this is. We build systems we don’t fully 

understand. That is rare and perhaps unprecedented in the history of engineering. We grow 

networks to produce coherent speech, but it’s not (currently) possible to say exactly how they do 

this.5 However, tools have emerged for studying these networks, especially in the field of 

mechanistic interpretability, also referred to as “mechinterp” or “interpretability” research (Olah 

et al. 2020; Elhage et al. 2021). The field is reminiscent of cognitive neuroscience. Probes are 

built to detect when certain kinds of things are happening: at what layer is the network 

processing syntax or semantics, or recognizing textures? The patterns are hard to find, because 

they are holistically entangled with many other patterns. But mathematical techniques have 

emerged for understanding these patterns as directions in high-dimensional spaces (Beckmann 

and Queloz 2026). Once these directions are found, they can be used to perform “ablations”, 

where a given function is turned off (a bit like a lesion in the brain), or they can be “steered”, 

enhancing the function. For example, a chat model might have its humor function ablated, so that 

it stops using humor, or enhanced, so that it uses humor all the time. Features that have been 

 
5 Paul Humphreys has described a similar phenomenon with “epistemic opacity” (Humphreys 2009). 
This is a radical and morally-fraught form of opacity: even the people who built it don’t understand 
it.  



studied in this way include part-of-speech, sentiment, geographic location, and numerical 

structure (Tenney, Das, and Pavlick 2019; Tigges et al. 2024; Gurnee and Tegmark 2024; Zhou 

et al. 2024).6  

Another noteworthy feature of neural networks is that they are “realistic without being 

realistic.” They are in many ways quite different from real brains, especially in the way they are 

trained using backprop. And yet, once they are trained, they behave a lot like real brains. As 

David Zipser (1992) asks: “Why should model neurons, particularly the ‘hidden units’ which are 

not directly instructed what to do, develop response properties that so closely resemble real 

neurons?” He notes that this is especially surprising “because most of the algorithms used to 

train the networks are not biologically plausible.” Still, the right task demands applied to an 

unrealistic circuit can still produce realistic behaviors.7 I will call this “Zipser’s dictum.” 

 

3. The Transformer Architecture 

 

The connectionist revolution of the 1980s and 90s produced many compelling models, 

but the approach fizzled out in the early 2000s, as limitations of small feed-forward networks 

trained on relatively small datasets emerged. In the 2010s researchers figured out how to 

effectively train “deep” networks on much larger datasets. These networks had many hidden 

layers, sometimes over a hundred. It was in this period that neural networks started being used 

regularly by large companies like Google, especially for image and speech recognition. As 

 
6 A helpful website which allows for a quick sense of how millions of features are encoded in LLMs is 
www.neuronpedia.org. 
7 The situation is perhaps most striking in vision. For years people tried to build custom models of 
the visual system based on how the brain works. But these bespoke models were beat out by neural 
networks (originating in industrial applications) that were simply trained to recognize objects 
(Yamins et al. 2014). 



interest in neural networks grew, researchers got better at using backprop in a modular way. By 

the late 2010s, researchers had several toolboxes available which they could use to wire up feed-

forward networks however they wanted, and “grow” them with backprop. It was in this period 

that LLMs first emerged. 

A crucial step in this development was the introduction of the transformer architecture. In 

2017, researchers at Google built a special kind of layer that could learn to pay attention to 

information flowing through the network, grabbing and processing relevant data (Vaswani et al. 

2017). When they trained this type of model on language tasks, it worked quite well, and it was 

soon realized these models could be wired up as chat bots.  

Figure 1 gives a basic sense of how LLMs work. The inputs and outputs are, as with any 

feed-forward network, sets of numbers. On the left is a context window. This can be thought of 

as a giant stack of tokens (a token can be a word, a part of a word, a bit of punctuation, or an 

emoji). Everything in a standard chat, including what you say, what the AI says back (and 

various hidden things as well) is contained in the context window. To adumbrate a bit, it helps to 

think of the context window as a kind of working memory system, containing all the information 

that the network “has in mind” at a time. When the network is updated, each token in the stack is 

converted into a list of numbers (a vector) and those numbers are passed through all the layers 

and weights of the neural network. The final layer, the output layer, has a single neuron or 

“node” for each possible token in the network’s vocabulary (about 50-250K in production 

models) and it outputs a probability distribution over these. At any iteration, the token 

corresponding to one of the most activated output nodes is selected, and that token is added back 

to the context window. Then the process repeats. In this way a chat takes place. In Figure 1, the 

current context window contains a query: “hello how are you?”. The most active output node 



corresponds to “good”. So “good” will be added to the context window and the process will 

repeat. Over the next few iterations a trained network might output “good how are you?” A 

special stop token (not shown in Figure 1) will eventually cause the chat system to stop 

outputting tokens and wait for the user to make another query.  

 

 

Figure 1: Basic structure of a language model. Tokens in the context window (lower left) 
are converted to vectors (lower right; notice that unused entries are associated with 0s). 
These vectors are fed through the network (upper right) and produce an output (upper 
left) which can be thought of as a probability distribution over possible tokens. 

 

The whole setup is trained using the same backprop algorithm that was popularized in the 

1980s. The training data is drawn largely from “common crawl”, which is a massive dataset 

containing trillions of lines of text scraped from the internet, including published books and 



papers as well as material from news sites, social media, blogs, and sundry chatter as well. Inputs 

correspond to fragments of text, like “The founder of phenomenology was”, and targets 

correspond to the next token in these fragments, in this case “Husserl”. Over time the network 

should learn to activate the “Husserl” node more than the “Zebra” or “pillow” node when 

responding to that sequence of input tokens.  

 These networks initially struggle to handle novel queries--bits of text they have never 

seen before--but they suddenly get better after long periods of training (Nanda et al. 2023). This 

is sometimes called “grokking”. The emergence of grokking is keyed to the development of 

special circuits inside of LLMs that are detected using the probes and methods of mechinterp 

research, which in turn suggests LLMs are doing more than simply parroting their training data 

but are rather developing circuits that allow for generalized responses to novel, unseen inputs. 

Figure 2 illustrates some basic features of the internal architecture of LLMs. After tokens 

are converted into numbers, all information is processed through special layers called “blocks” 

which contain a collection of “attention heads” and a small feed-forward network or “MLP” (for 

“multi-layer perceptron”). Frontier networks often have over 100 blocks, and each of these 

blocks often contains more than 100 heads. All blocks and MLPs read from and write to a 

common processing bus called the “residual stream”. Roughly speaking each attention head 

grabs specific information from the residual stream and passes it through the MLP where that 

information is  enriched with stored information, so that as the representation of a token proceeds 

up through the stream it is progressively equipped with more and more information, which 

ultimately supports a good guess about the next token. 



 

 

Figure 2: Internal structure of a standard LLM and its transformer blocks. Tokens are 
converted to numbers by an embedding matrix and transformed by blocks which contain 
attention heads which filter information and MLPs which enrich that information with 
factual detail. All information is written to or read from a residual stream.  
 

When these models are trained, they initially speak a chaotic form of internet-like 

language, what I have elsewhere called “internetese” (Yoshimi, et al., 2025). Conversations 

wander around and can change in tone radically from moment to moment, shifting from dry 

factual reporting to abusive online heckler. They develop their distinctive butler-like persona in 

“fine tuning”, where separate training techniques are used to shape their ability to answer queries 

in a helpful, pleasing way (though they can in principle be fine-tuned to have other 

personalities). The behavior of an LLM can be further shaped just by prompting, that is, by 

adding information to the context window. In fact, whenever you interact with a chat system, a 



hidden “system prompt” is added to the context window behind the scenes, which gives the LLM 

some ground rules for how they should behave (additional hidden changes to the context window 

occur via dynamic “prompt injections”).  

LLMs are usually embedded in a larger ecosystem of tools, what is sometimes called the 

“harness”,  so that in talking to an LLM much more than what I have surveyed above is 

happening. Separate systems manage security, memory for past chats, and tool calls like internet 

searches. In some cases, the harness decomposes a task into multiple parts handled by multiple 

LLM “agents”. For example, when LLMs write code it is not uncommon to have one agent write 

the code and another set of agents perform an “adversarial review”, where they critique the first 

LLM’s code and suggest revisions. 

 

4. Basic comparison  

 

 Having seen the basics of how LLMs work, we now turn to the main work of this paper, 

comparing and contrasting LLMs with humans until we isolate a specific human-relevant feature 

of their circuitry. We start with the “compare” part of the process, emphasizing ways that LLMs 

are like us. 

      The first, most obvious comparison to emphasize is that LLMs produce fluent human 

language. In fact, they pass what has come to be known as a three-party Turing Test, in which a 

human judge chats with both a human and a machine and tries to guess which is the human 

(Jones and Bergen, 2026). Turing himself predicted machines would eventually fool the judge 



30% of the time, and it is natural to take this to be his threshold for passing (Turing, 1950).8 

Earlier systems routinely and obviously failed three-person Turing tests. However, with the 

advent of generative AI, chat systems that are prompted to behave like humans (which reduces 

the giveaway “polite butler” persona) pass. In fact, in a 5-minute test, the best models beat the 

humans 73% of the time, far ahead of Turing’s 30% (Jones and Bergen, 2026). That is, the 

machine is judged to be human more often than the human is. Whatever your thoughts are about 

AI, it’s hard to deny that this constitutes a major scientific advance. The kinds of linguistic 

abilities these systems exhibit is mind-bogglingly good in comparison to earlier models. 

 A related “win” for LLMs is that they surmount a key component of Hubert Dreyfus’ 

decades-long challenge to the possibility of AI, best known from his books What Computers 

Can’t Do (1972), and later, What Computers Still Can’t Do (1992). Dreyfus presents many 

arguments but a central idea is that traditional computers programmed using symbolic AI 

couldn’t possibly behave in the same kind of open, situationally aware way a human could, 

because that would require encoding every possible fact relevant to every possible situation into 

a vast database. The world presents a kind of open texture of situations and humans generally 

know how to deal with these situations, even when they are quite unusual. One way he makes the 

point is in terms of Schank and Abelson’s story-understanding model (Schank and Abelson, 

1977). The model could answer simple questions about a restaurant scene, for example “was any 

food ordered?” But, Dreyfus notes, however much the programmer has anticipated with their 

 
8 Turing never actually specifies a threshold, but he did think machines would be able to think and 
predicted that “in about fifty years’ time it will be possible to programme computers... to make them 
play the imitation game [which can be thought of as a special case of a Turing Test] so well that an 
average interrogator will not have more than 70 per cent chance of making the right identification 
after five minutes of questioning” (Turing 1950).  



programming, it’s always possible to come up with new questions that a human could easily 

answer but that no programmer has anticipated yet: 

 

Did the server walk forward or backward?  

Did the customer eat his food with his mouth or his ear?  

 

Of course, researchers could add these items to the database, but then Dreyfus could come up 

with newer, weirder questions. This was sometimes called the problem of commonsense 

background knowledge. For years Dreyfus had running debates with researchers in the field, in 

which he would claim AI systems were limited, researchers would claim they could handle the 

problem, and then Dreyfus would show new limitations in whatever they built (Dreyfus 1992, 

2007). I am familiar with the process on a personal level. For over 20 years I have taught 

philosophy of cognitive science annually, and as part of the class we collectively interrogate the 

current-best AI chat systems. Until 2017 the best systems would routinely fail to deal with 

strange questions probing background knowledge, in accordance with Dreyfus' arguments. With 

the advent of generative AI, the situation has changed. LLMs can handle these strange questions 

as easily as a human. No doubt if Dreyfus were here, he’d find other problems9, but to a first 

approximation, the problem of commonsense background knowledge has been solved. 

 So the behavioral comparison between humans and LLMs is broadly favorable. There are 

structural parallels between humans and LLMs as well. At any time, humans have an immediate 

awareness of what is currently being said, as well as a contextual awareness of what has been 

 
9 Melanie Mitchell is carrying the Dreyfusian torch (Mitchell and Krakauer 2023), finding the kinds of 
limitations he emphasized in LLMs, though many of her challenges have been met to date and the 
status of her critique is rapidly changing (Yoshimi et al. 2025). 



said recently, via what Husserl (1991) calls “internal time-consciousness” and what James 

(1981) called “the specious present”. We also have an ability to react appropriately to this 

temporal context based on a vast reservoir of unconscious knowledge.10 In a similar way, a 

network with its billions of weights responds to a context, in a way that prioritizes what has been 

said most recently (Liu et al. 2024). The current input segment is a bit like what a person is now 

hearing or saying, the rest of the context window is a bit like a person’s temporal awareness of 

what was said in the recent past, and the network itself is like a person’s unconscious 

background knowledge. So, at a coarse-grained level, the structure of an LLM parallels the 

structure of human consciousness of language in relation to the unconscious. The idea is 

illustrated in Figure 3.  

 

 
10 Quite a bit of detail is being omitted here. First, the analog in psychology of time consciousness is 
working memory for a primal impression and for other recent retentions something like what has 
been called “activated long term memory” (Cowan 2017). Second, while I have linked time 
consciousness to the context window in an LLM, we could also link time consciousness to early 
layers of processing in an LLM, which represent inputs from the context window using neural 
activations. I believe my core argument applies independently of where this line is drawn, so long as 
something in the LLM’s network is analogized to fading retentions in time consciousness as 
contrasted with fully unconscious background knowledge. 



 

Figure 3: The current input segment in a context window (the query at the bottom of the 
left panel above) is roughly parallel to what a person is now saying or hearing. The rest of 
the context window is roughly parallel to a person’s temporal awareness of what has 
recently been said. The network (right panel above) is roughly parallel to a person’s 
unconscious background knowledge. 

 

We now turn to differences between LLMs and humans. Many of these are obvious. 

LLMs have no agency, no guilt, no emotions, no drives, and no instincts. They don’t have mental 

breakdowns or experience the kinds of internal conflicts humans do. Their memories don’t decay 

over time. They have no individualized sense of themselves and their history, no “narrative” 

about themselves, in part because they are not embodied. Thus they have no episodic memories 

in the sense of long-term memories tied to specific life events. Insofar as they have a model of 

the world it is derived from a kind of statistical average of what’s on the internet (Yildirim and 

Paul 2024). They also know far more than any actual human knows and feel almost perfect in 

their general knowledge of the world. Compare calculators: they are not good models of human 



mathematical reasoning because they never make mistakes, while humans routinely make 

specific kinds of mathematical mistakes.11  

 We can easily make the LLM pretend to have some of these features. LLMs can act like 

they have episodic memories or conflicts, but that is not the same as actually having episodic 

memories or conflicts. To say otherwise is to commit what I will call this the fallacy of theatrical 

reconstruction. Precisely specifying this fallacy is surprisingly difficult (work for another 

paper!), but I have something like the following in mind: the way a model behaves when it 

directly reflects its training data, independently of special prompting or fine-tuning, is its 

“natural state”.12  This is its core architecture and the behaviors of that architecture are its natural 

behaviors. Anything we have asked it to do just to be more human-like is theatrical 

reconstruction.  

 In terms of architecture, there are also striking differences. LLMs are purely feed-forward 

neural networks, but the brain is massively recurrent. LLMs are disembodied. They sit in a room 

and read more text than any human could in a single lifetime. Human working memory has a 

fixed and relatively small size. LLMs have context windows that grow as chat unfolds and 

becomes extremely large, encompassing millions of tokens or more (an entire 100 page book can 

be fit in a modern LLM’s context). The LLM can “look” at all of its context at each iteration. 

 
11 LLMs are not perfect; they are well-known for their confabulations and hallucinations. But in 
terms of basic factual recall they are at least analogous to a calculator in their performance relative 
to humans. 
12 This is clearly an issue that involves prototypical relationships between graded categories and a bit 
of “I know it when I see it.” Both AI and humans are trained and prompted to behave in certain ways 
in certain contexts. When a child is told to be polite at a social event (the human analog of 
prompting), we don’t typically call this a theatrical production, even if it is not their normal mode of 
behavior. Similarly for a person trained to be a waiter (the human analog of fine tuning) who behaves 
much differently waiting tables than they do otherwise. But when someone is told to pretend to 
have memories that are not theirs, or to fool someone into thinking they are South African by 
spending a few weeks practicing a South African accent, that is clearly theatrical.  



They are a bit like a person who could be shown a 100 page book and immediately “see” all of it 

in their mind and thus be able to recite any part of it on demand. 

 Even with all these differences, LLMs are excellent models of language. Just as trained 

vision systems in industry ended up outperforming custom-built models of the visual system 

(section 2), so too with language. When early transformer models like “BERT” came on the 

scene in the late 2010s, they outperformed decades of painstakingly built language systems. 

Though BERT was not designed to be a scientific model, computational linguists were 

immediately interested, and within a few years BERT had dominated the field. Some referred to 

this as BERTology (Rogers, Kovaleva, and Rumshisky 2020). Recall Zipser’s dictum: an 

unrealistic neural network, once trained, behaves a lot like a real cognitive system. The right task 

demands applied to an abstract circuit produce realistic behaviors. 

In fact, across a broad range of domains, LLM performance is comparable to human 

performance. Experimental studies of LLMs have found human-like reading times, semantic 

valence, syntax, grammaticality, pronoun binding over long distances, and semantic spaces 

(Chang and Bergen 2024; Schrimpf et al. 2021; Yoshimi et al. 2025). In some cases these studies 

take old data collected for humans, such as ratings of words on various qualities (e.g. how 

“concrete” or “familiar” different words are), then feed that same data to LLMs, and find strong 

correlations between the two (Kello, Bruna, and Thao 2026). Moreover, the internal activations 

of LLMs when they read a text are similar to neural activity in the human brain when it reads the 

same text. Show a human a text and measure their brain and measure an LLM as it reads the 

same text, and some specific layers in the LLM are highly predictive of brain activity in 

language-processing parts of the brain (Caucheteux and King 2022). 



Of course, there are many details and controversies surrounding these studies, but at a 

high-level it seems clear that LLMs capture something about what humans do when reading, 

hearing, and speaking. 

 

5. The comparison of interest 

 

We have seen that LLMs, despite their obvious differences from humans, are still our 

best current models of language processing and are predictive of neural activity. That suggests 

that they might somehow be relevant to the phenomenology of language and unconscious access. 

In this section I make the case that they are. 

I will focus on a pair of basic features of LLMs, one concerning ability, the other 

concerning format. Together they describe a “meaning-saturated appropriate access circuit”. This 

circuit was implicit in the discussion above but is being isolated and separately described here. 

Consider first your ability to recall relevant information when speaking or thinking. I will 

call this “appropriate access”. When we speak with others, we pull out just the right things from 

unconscious background knowledge and say them at just the right time. We speak fluently and 

naturally. As we have seen, LLMs can do this as well. They pass the Turing Test and solve the 

problem of background knowledge. They do this by “contextually assembling”, out of their 

internal networks, just the right information needed to plausibly continue any conversation 

(Kello, Bruna, and Thao 2026). So this much of the phenomenology of language and 

unconscious access can be explained by the circuitry of LLMs. 

Second, LLMs have the right format to do the job. From phenomenological 

considerations alone, we can make certain inferences about the structure of unconscious 



knowledge. It is some kind of vast and non-propositional source of abilities, a collection of 

“horizons” and “sedimented knowledge” that determines how we react to situations (Husserl 

1973, 2001). The details of its structure are hard to delineate precisely, but we can with some 

confidence say that it is not a collection of unconscious propositions. Language is too brittle to 

describe every fact that might be relevant to a situation. This is basically Dreyfus’ argument, and 

it is supported by the fact that symbolic AI never achieved human-level performance in natural 

language tasks.  

LLMs have an appropriate format for implementing commonsense background 

knowledge. They are non-propositional: they were not programmed, but were grown through 

training. We cannot read meanings off of them the way we can read items in a database. The 

meanings within them overlap in complicated ways, suggestive of the “open textures” and 

“horizons” phenomenologists describe. In fact, thanks to the principle of “linear superposition”, 

a set of nodes can support far more meaningful structure than their number would suggest 

(Beckmann and Queloz 2026). This is because meanings correspond to directions in a space, 

which in turn correspond to overlapping patterns of node activation rather than to individual 

nodes. In fact, a set of 100 neurons can support tens of thousands of accessible feature 

representations (Garg, Kleinberg, and Peng 2026). Thus, neural networks can be super-saturated 

with meanings, containing far more entangled features than the number of neurons within them. 

These directions can be instantly accessed and assembled thanks to the way networks learn to 

channel and filter information.  

In fact, LLMs are a lot like the holographic memory systems Dreyfus once championed. 

As Dreyfus said in an interview, “There are already holographic models of pattern recognition 

where you would have, say, fifty thousand typical driving situations stored. When the current 



input was like one of them, it would just pull that one out. It wouldn't have to scan all the others. 

You've got to have a model like that, because it turns out that these intuitive, skillful responses 

are practically instantaneous” (Dreyfus, quoted in The Intuition Network n.d.). 

So, LLMs produce behaviors that are comparable to humans when they use language. 

They assemble the right information in the right way, nearly instantly, without relying on 

propositional databases. That’s the important “not nothing” I have tried to isolate in this paper. In 

the conclusion, I will argue that this circuit could be the basis of important further studies, which 

highlight other ways LLMs shed light on neuro-phenomenology. 

Before moving on, there are a few more specific differences to be considered within the 

domain of unconscious access and language. In a chatbot, “appropriate access” circuits are used 

in a very non-human way. After all, they were designed to be helpful assistants, not realistic 

models of humans. We can consider differences in behavior, architecture, and development. 

The dynamics of language in its relation to the unconscious is in many ways different 

between humans and LLMs. In conversation, humans stutter and halt. We have trouble finding 

the right word. We get pulled into sidelines and are led astray by side thoughts. We pause as we 

decide how to frame a point. We vary in how much we understand things and are more fluent 

when we speak on familiar topics. Certain kinds of pressure make us nervous and change how 

we speak. Sometimes ideas hit us days later, after having slept. By contrast, LLMs always 

behave in a uniform, perfect kind of way.13 They speak fluently and reliably on demand, at a 

consistent speed, and in pretty much all circumstances. They can be tuned or prompted to make 

mistakes or show gaps in their understanding, but to take such behaviors as evidence of these 

 
13 LLMs can vary in their reaction time, for example in proportion to how many failed solutions are 
attempted by the LLM before a working solution is found, but this is more analogous to an extended 
reasoning process than to the milliseconds-level process of halting and stuttering through a 
conversation. 



qualities is to commit the fallacy of theatrical reconstruction. Telling a “perfect” network to 

stutter or halt or act conflicted is not the same thing as actually stuttering or halting or being 

conflicted. 

These differences are rooted in fundamental architectural differences. Consciousness is 

often thought to be structured into a focus of attention and a fringe or periphery of inattention, a 

“field of relatively unarticulated, vague experience” (Mangan 1993). When we talk or think we 

generally have a focal sense of what is being said but also a vague sense, in the fringe, of 

different directions we might take in a conversation. Bruce Mangan has, perhaps more than 

anyone else, considered these ideas from a perspective that is sensitive both to phenomenology 

and to information processing. On his account 

 

...fringe experiences (1) work to radically condense context information in consciousness; 
(2) are vague because a more explicit representation of context information would 
overwhelm consciousness' limited articulation (processing) capacity; (3) help mediate 
retrieval functions in consciousness; and (4) contain a subset of monitoring and control 
experiences that cannot be elaborated in focal attention and are "ineffable" (Mangan 
1993, 89). 

 

A specific variety of fringe experience Mangan emphasizes is what he calls “rightness”, which 

“functions as a summary index of cognitive integration, representing, in the fringe, the degree of 

positive fit between a given conscious content and its parallel, unconsciously encoded context.” 

Rightness supports the dynamics described above. When having a conversation or even just 

thinking about something, we generally have a vague sense of ways to continue the conversation 

or thought process. When a single item feels most right, we simply follow that direction and the 

conversation or thought process feels smooth and natural. In some cases, we are almost pulled 

through a chain of associations. The operation of an LLM is probably closest to cases like this, 



where a human confidently discourses on a familiar topic and from moment to moment the brain 

delivers up just the right thing to say. 

But in other cases we are less sure about what to say, and multiple options might feel 

equally right. In those cases we pause and ponder and sometimes simply give up and move on to 

another topic. There is nothing like this in an LLM.14 There is no dynamic of considering a few 

options, having that reflected in response times, and then choosing the one that seems best: there 

is just the steady, uniform march of information through the layers of the network as tokens are 

processed. There are no explicit coherence computations that I am aware of in an LLM. There 

are shadows or echoes of these things15, but nothing like a fringe is an explicit part of its 

architecture. 

A final difference concerns the development of background knowledge. As noted above, 

human knowledge is organized around our embodied experience of the world, which unfolds 

over the days and years of our lives. Everything we know, everything in our unconscious 

 
14 While finalizing this article Anthropic published a report (Anthropic 2026) claiming to find a key 
architecture associated with consciousness, the “global workspace” (Baars 198     8), in the middle 
layers of LLMs. These layers “maintain a small, privileged set of representations that they can report, 
manipulate, and reason with, amidst a much larger volume of processing that they cannot”. This is 
suggestive of a circuit that approximates some features of information processing relating to 
consciousness, but the authors rightly emphasize the many ways that LLMs don’t implement this 
architecture: “Despite these similarities, we do not claim that language models reproduce the full 
architecture global workspace theory ascribes to the brain—specialized, encapsulated processors 
competing for entry to a workspace that broadcasts back to them through recurrent connections... 
Several of those features have no clean analog in a transformer-based language model: there are no 
obviously separable input processors, and the broadcast we document occurs within a single 
feedforward pass rather than through recurrent loops. Moreover, although we observe some degree 
of competition for access... it is unclear whether this mirrors the sharp, competitive ‘ignition' that 
characterizes workspace entry in the brain.” 
15 Here are some mechanisms that are analogous to fringe structure insofar as they involve selective 
filtering of information, and perhaps on closer inspection might involve some analog of a rightness 
computation. The filtering mechanism built into attention can be thought of scoring information in 
the residual stream for how relevant it is to the current processing at a layer. The mixture of expert 
systems used in some LLMs learn to route information to specialized subnetworks may route 
information based on something like rightness(Fedus, Zoph, and Shazeer 2022).  



background knowledge, is tied to these personal experiences. All of a person’s knowledge is 

wound up in the grand narrative of their life. 

Husserl has a long and fascinating discussion of these processes in Husserliana 42 

(2014), a set of unpublished notes Husserl took concerning the phenomenological status of sleep, 

death, and other structures that we are aware of when conscious but that we don’t actually live 

through. He develops the idea that current experiences first sink into the retentions of time 

consciousness, where they recede and are finally incorporated or “sedimented” into the 

“darkness” of the unconscious. As Husserl says 

 

The process of retention is a process of darkening …of continuous de-strengthening, 
whose limit is unwakefulness, forcelessness (Husserl 2014, Text 3, p. 36) 

 
The formal determination “sedimented” refers in each case to what lies below that zero. 
(Husserl 2014, Text 3, p. 40) 
 

Husserl admits that the way these fading memories intermingle when they are sedimented into 

the unconscious is unclear:  

 

Finally we arrive at the limit of zero… what then becomes of all the other zero residues 
that, unified through their origin, are somehow connected... within the sedimented 
unconscious… What makes the metaphor of sedimentation useful? What makes the 
supposed layering upon one another akin to a fusion within the general night? (Husserl 
2014, Text 3, p. 63). 
 

What, then [happens] in the darkness of sedimentation?  (Husserl 2014, Text 3, p. 63) 

 

Though Husserl’s analysis leaves many questions unanswered, what is clear is that LLMs 

have none of this. LLMs do not develop their knowledge as mobile agents in the umwelt. They 



are force-fed the entirety of written knowledge while sitting in massive data centers. They have 

no narrative self-understanding. They have no specific experiences of events that happened to 

them at specific times. LLMs can invent autobiographical details and even pass the Turing Test 

but taking that as evidence of a human-like unconscious is to commit the fallacy of theatrical 

reconstruction. 

 

6. Conclusion 

 

LLMs use a non-propositional super-saturated meaning structure that supports the 

phenomenology of appropriate access. These circuits are in many ways unrealistic: they lack 

emotions or drives; they are developed in a non-human way; they know just about everything; 

and they maintain a constant, uniform demeanor. But the circuits themselves are in some ways 

realistic as models of unconscious access, and could explain some aspects of the phenomenology 

of language 

 These insights could be the basis of further studies of the phenomenological significance 

of LLMs. The success of AI in doing even the limited things I have focused on goes beyond 

what happens in a single layer. Something about the multi-layer arrangement of these circuits 

and the combination of attention heads for filtering information and MLPs for storing 

information is suggestive of the organization of unconscious knowledge. Due to space 

considerations, I have omitted detailed considerations of these features, but will briefly consider 

them here. In terms of layered organization, deep networks for vision offer an instructive 

comparison. We see things as having edges and textures and contours and other ineffable 

qualities such as the “snoutiness” of dog noses, and this phenomenology is both explained and 



informed by the circuitry of deep vision networks (Yoshimi forthcoming     .). Similarly here. 

Structures responsive to part of speech, numbers, sentiment, dates, geography, and many other 

concepts have been found in LLMs (see section 2). These structures are organized in a layered 

way. Earlier layers focus on spelling and punctuation; middle layers on semantics and reference 

resolution; later layers on factual recall and reasoning. Some parts of the network (the “MLPs”) 

specialize in storing information and others (the attention heads) in retrieving and shuttling 

information around and deciding which information a given layer should focus on. All of this is 

tantalizingly suggestive of human cognition and phenomenology. It does seem that when we 

have a conversation that a multitude of meaningful features are present but interwoven: our sense 

of the syntax and the prosody of the language, of whether a conversation is humorous or serious, 

of which facts matter to our current theme, of how detailed we should be, of whether we have 

been understood, and so forth.  

It is also worth noting that many variations on the basic LLM architecture described in 

section 2 are being tried, for example, more-efficient models that can run on a personal computer 

by using more localized computations, models that more actively gate information, and models 

that maintain small state space representations to model dynamic processes (Gu and Dao 2024; 

Fedus, Zoph, and Shazeer 2022; Amini et al. 2025). This area is extremely active. Some of these 

variations could be more relevant to neurophenomenology than the massive LLMs that are 

currently industry standard. 

But ultimately none of this will be enough. For these circuits to be organized into more 

adequate cognitive models, I believe they would have to be wired up and configured in a 

completely different way. What do I think a more realistic use of these circuits look like? Here is 

an admittedly vague and programmatic start. We can imagine a model with a relatively small, 



fixed-size context window. The window would have to have some explicit distinction between 

what is immediately available in the focus of attention and what has faded into something like 

activated long term memory. Such a distinction could recover some of the structure of human 

time-consciousness. The model would have to be embodied in a real or virtual environment and 

would have to have a humanoid body. The AI would have to be called by name and have real 

experiences with others (Turing imagined just this situation, and worried that the children-AI 

would be teased). Work along these lines has begun (Driess et al. 2023). The network itself could 

be structured into a main agent and a confederation of unconscious agents. The main agent 

would receive signals from the unconscious agents and would use a “rightness signal” to select 

information for further processing by the main agent.16 To be clear, I don’t think such a model 

would actually be conscious17, but such a model could capture more of the structure of human 

phenomenology than existing AI does.18 
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