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Abstract

It is sometimes assumed that large language models (LLMs) know language, or for example
that they know that Paris is the capital of France. But what—if anything—do LLMs actually
know? In this paper, I argue that LLMs can acquire tacit knowledge as defined by Martin Davies
(1990). Whereas Davies himself denies that neural networks can acquire tacit knowledge, I
demonstrate that certain architectural features of LLMs satisfy the constraints of semantic
description, syntactic structure, and causal systematicity. Thus, tacit knowledge may serve as
a conceptual framework for describing, explaining, and intervening on LLMs and their
behavior.

|. Introduction

Although large language models (LLMs) are generally trained on next-word
prediction tasks, these systems have exhibited impressive performance in the
generation of seemingly human-like, coherent texts (e.g. ChatGPT, OpenAl 2022). Yet,
we do not know how these models work and what they learn from their data. Like
other types of deep neural networks, LLMs are opaque and suffer from the black-box
problem: during training, LLMs learn a highly complex function with distributed
representations and we cannot simply “look inside” to determine how they work
(Burrell 2016; Creel 2020). Because of this, it is difficult to evaluate their potential
linguistic and cognitive capacities (Shanahan 2023).

The field of explainable AI (XAI) aims to solve the problem of opacity by developing
explanations through mathematical techniques that show how or why a network
makes a certain decision (Zednik 2021). One specific question that has been asked is
whether LLMs learn any kind of rules or algorithms, akin to symbolic rules in classical
systems (Olah et al. 2020; Pavlick 2023). Uncovering such rules would help explain
how AI systems work, facilitate the evaluation of potential cognitive and linguistic
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capacities, and potentially allow for interventions in the model internals to update
the system’s predictions.

In the particular case of LLMs, it has been suggested that they do not just perform
next-word prediction based on surface statistics, but that they learn to follow
symbolic rules (Pavlick 2023), develop linguistic competence (Mahowald et al. 2024),
or even acquire a kind of knowledge (Meng et al. 2022; Yildirim and Paul 2024). Indeed,
with respect to syntax, LLMs seem to successfully represent grammatical rules, and
apply formal linguistic structure (Linzen and Baroni 2021; Mahowald et al. 2024). Less
attention has been paid to semantics, but some very recent studies claim to have
identified representations of world models (Li et al. 2023), implicit meaning (Hase
et al. 2021), and facts (De Cao, Aziz, and Titov 2021; Meng et al. 2022). Although it is
clear that many of these previous discussions are concerned with what LLMs “know,”
it remains difficult to conceptualize exactly what this “knowledge” actually consists
in. In this paper, I will focus on semantics, and in particular, LLMs’ knowledge of
semantic rules considered as representations of facts or other propositions that play a
causal role in the system’s behavior.

Specifically, taking inspiration from debates between symbolic and connectionist
Al in the 1980s and "90s (e.g. Clark 1991; Fodor and Pylyshyn 1988), T propose that tacit
knowledge, as defined by Martin Davies (1990), provides a suitable way to
conceptualize semantic knowledge in LLMs. Tacit knowledge, in this context, refers
to implicitly represented rules that causally affect the system’s behavior. As
connectionist systems are known not to have explicit knowledge, tacit knowledge
provides a promising way to characterize and identify meaningful representations in
the model internals. Moreover, if representations of knowledge can be successfully
identified, these could be used both to explain how the model works and to
potentially change the behavior of the system by overwriting or otherwise changing
this knowledge.

This paper is not the first to propose tacit knowledge for connectionist neural
networks. As mentioned previously, Davies (1990) originally developed the account of
tacit knowledge as a way to attribute knowledge to connectionist systems in the
absence of explicit rules. Nevertheless, Davies argues that connectionist neural
networks do not actually meet the constraints needed for attribution of tacit
knowledge. As such, my contribution goes beyond Davies’ by applying tacit knowledge
to contemporary transformer-based LLMs and showing that these can in fact meet the
constraints. More recently, Lam (2022) has argued that the identification and
description of tacit knowledge should be a target for explainable Al, but does not
demonstrate that neural networks can actually have such tacit knowledge.

Overall, I claim that if LLMs meet Davies’ constraints, they are capable of acquiring
a form of tacit knowledge, and that there is preliminary evidence that some LLMs
have in fact done so. To support this argument, I will (i) discuss why LLMs, while they
are trained to perform next-word prediction, might actually learn semantic rules;
(ii) introduce Davies’ account of tacit knowledge and the constraints that should be
met to attribute such knowledge; (iii) address Davies’ objection to applying tacit
knowledge to more complex connectionist networks and show this does not hold for
LLMs; and (iv) analyze an example from the recent technical literature to
demonstrate that some current LLMs might actually meet these constraints. Taken
together, the contributions of this paper are twofold. First, I suggest that tacit
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knowledge, as defined by Davies (1990), is a promising way to conceptualize semantic
knowledge in LLMs and show how the constraints can be modified to apply to current
systems. Second, I show that there is convincing—albeit preliminary—evidence that
at least some LLMs meet these constraints.

2. A short introduction to large language models
2.1 The transformer architecture

Although LLMs have recently gained immense popularity, creating a computational
(rule-based or probabilistic) model of language has been the goal of natural
language processing (NLP) since the 1950s, with machine learning-based methods
being available since the 1980s (Nadkarni et al., 2011). Like other machine
learning-based neural networks, LLMs are trained on a particular task, generally a
next-word prediction task.! In the simplest version of this task, a network receives a
particular input sequence and needs to predict the most likely next word based on
a learned probability distribution over the vocabulary. User interfaces like
ChatGPT perform this task repeatedly to produce individual sentences or even
essay-length texts.

The difficulty of this task lies in the fact that the next word(s) in a sequence often
depend on the context given by all previous text, and not just the words directly
preceding it. While earlier NLP systems were fairly successful overall, they
generally struggled with long-range dependencies (Graves 2012), leading to
incoherent or repeating output text. Current LLMs, based on the transformer
architecture (Vaswani et al. 2017), do better at integrating context, even when
generating long pieces of text. What makes the transformer architecture
particularly suitable for language is the addition of an attention mechanism
(Bahdanau et al., 2015), which allows the network to keep track of long-range
dependencies and integrate information about previous words (i.e. context) in its
predictions. That is, the attention mechanism allows the network to learn which
previous words or parts of the input sequence it should focus on when processing
a particular word.

More specifically, transformer models consist of an input layer, an embedding
layer (see section 4), an output layer that returns the final prediction, and stacked
transformer blocks in between (figure 1). These transformer blocks themselves
consist of two layers: the attention layer and a fully connected multilayer
perceptron (MLP) layer. While MLP layers have not been discussed as much as the
attention layer, they have recently been suggested to play a role in enriching the
internal representations with relevant context (Geva et al. 2021; Sukhbaatar et al.
2019; also see section 5). After the model has been trained by tuning its weights for
a particular task, the network can predict the most probable next word given the
probability distribution over the vocabulary and the context given by the input
sequence itself.

! Strictly speaking, LLMs predict tokens rather than words. Although tokens can and do sometimes
correspond to words, they can also refer to other subsets of the input sequence, such as parts of words,
single letters, or punctuation. For the sake of simplicity, however, I will talk about words, even when I
should technically speak about tokens.
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2.2 What do LLMs learn?

Although LLMs are optimized for next-word prediction, their internal processing
remains opaque. During the training process, LLMs learn a highly nonlinear function
that allows them to predict the most likely next word. In an ideal case, this function
tracks relevant features of the data, such as correlations between words in language
tasks. Nevertheless, the system might also learn to track spurious correlations—
correlations in the dataset that may be considered irrelevant for a particular
prediction. An example of this was identified by Lapuschkin et al. (2019) in a well-
performing vision model. Despite its performance, they found that this model learned
so-called “Clever Hans” solutions for some input-output pairs. For example, although
images containing a horse were correctly classified as “horse,” this classification was
based on the presence of a watermark in the input, rather than on the depiction of a
horse. Upon closer inspection of the dataset, it turned out that all images of horses in
the training set contained such a watermark, leading the model to track this spurious
correlation. As the data on which the model was tested were drawn from the same
dataset, this problem had not been identified before, but could have led to poor
performance in other contexts.

While the example above might seem innocent, the fact that it is unclear which
rules or features neural networks learn from the data is problematic for multiple
reasons. First, it might be that the system learns incorrect or biased rules or features.
For instance, it might be that while learning the typical characteristics of medical
doctors—e.g., that they wear white coats and carry stethoscopes—the system learns
that being male is one such characteristic, possibly on the basis of oft-repeated
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stereotypes. Knowing which information is used by LLMs for their predictions—and
ideally, where this information is stored—might facilitate interventions that can help
fix the predictions of these systems.

Second, and more important for the purposes of this paper, the impressive
performance of LLMs has led to the sometimes reflex-like attribution of linguistic and
cognitive capacities like understanding and knowledge (e.g. Piantadosi and Hill 2022;
Meng et al. 2022). It is unclear and even contested, however, whether such attributions
are warranted and what it means to attribute something like knowledge to an LLM.
Investigating the underlying processing of these systems might provide clarity on
whether the attribution of such capacities to LLMs is actually warranted (Buckner 2023;
Zednik 2018).

2.3 Attributing knowledge to LLMs

Studying the internal processing of LLMs might help determine whether LLMs merely
use statistical correlations in the text to predict the next word, or if they acquire
something like knowledge, which might then explain their performance. There is fairly
robust evidence that LLMs learn and represent grammatical rules, i.e. syntax (Linzen and
Baroni 2021; Mahowald et al. 2024). In contrast, technical research on semantic aspects of
knowledge, such as representations of world models (Li et al. 2023; Yildirim and Paul
2024) or facts (Geva et al. 2021; Meng et al. 2022), is still in early stages.

Recent work on identifying representations of semantic facts in LLMs reports
promising results, however. For example, Geva et al. (2021) show that LLMs acquire
so-called key-value memories, which seem to correlate with human-interpretable
patterns such as TV series, time ranges, and specific words like “press.” Similarly, Meng
et al. (2022) identify representations of facts in the model internals, which they
successfully edit to change the output of the network, both for the target input-output
pair and semantically similar input-output pairs. For example, assuming that a network
represents “The Eiffel Tower is located in Paris,” they update this factual association to
“The Eiffel Tower is located in Berlin.” Afterwards, the network responds to subsequent
prompts as if the Eiffel Tower is now located in Berlin, for example stating that one passes
the Brandenburg Gate when walking to the Eiffel Tower (see section 5). These results are
in line with other recent studies (De Cao, Aziz, and Titov 2021; Geva et al. 2021) that
identify and edit representations of semantic facts in the model internals.

Nevertheless, this literature is largely motivated by practical concerns such as
facilitating edits, also referred to as interventions, to improve the performance of Al
systems, or explaining how the system works to identify when a system might make
mistakes. As such, there is limited consideration of what it means to attribute
knowledge in the first place. Indeed, there is no clear definition of what kind of
knowledge LLMs might acquire, nor of the conditions that should be met in order to
attribute such knowledge. In this paper, I propose one way to conceptualize this kind
of knowledge in LLMs: tacit knowledge as defined by Davies (1990).

3. Davies’ account of tacit knowledge
3.1 Knowledge in neural networks

Following Davies, I will motivate the focus on tacit knowledge specifically by first
introducing two alternative notions of knowledge of rules: explicit representation as a
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strong notion of knowledge, and mere conformity as a weak notion of knowledge.
Symbolic Al systems such as expert systems like Cyc (Lenat and Guha 1989) are
often said to have explicit knowledge of rules, in the sense that they have a pre-
programmed knowledge base containing representations of rules that are invoked
during processing. These rules might be explicitly represented in the system’s
source code, in which case an external observer might be able to “read off” the
rules given sufficient background knowledge, access, and technical expertise.
Alternatively, a system might make use of a database containing rules or logical
statements. While this database might not be accessible to an external observer,
any rules or statements in the database can be considered explicit knowledge to
the system.

Explicit knowledge plays a causal role in mediating transitions from inputs to
outputs. When processing a particular input, the system needs to identify and retrieve
the appropriate piece of knowledge, which then plays a causal role in the transition to
a particular output. For example, in a question-answering system, this knowledge
could be a statement of the form “Paris is the capital of France.” When the model is
queried with the input “What is the capital of France?” it returns “Paris” because of
this explicitly represented knowledge. Thus, given that a system is known to have
explicit knowledge, it is possible to explain its behavior in virtue of the system having
this knowledge.

Connectionist systems like neural networks, on the other hand, cannot be said to
have explicit knowledge of rules (see also Fodor and Pylyshyn 1988). In contrast to
symbolic systems, neural networks do not invoke rules represented in a
knowledge base or database while processing inputs. Instead, neural networks
are optimized using machine learning techniques to perform a particular function.
This means that the way an input is processed is determined by the weights of the
network, rather than by explicit rules stored elsewhere in the network. As the
weights of individual nodes generally do not correspond one-to-one to rules due to
distributed representation (Hinton, McClelland, and Rumelhart 1986; Van Gelder
1992), neural networks cannot be said to have knowledge of rules in the
strong sense.

Instead, neural networks can be said to conform to rules, or have weak knowledge
of rules (Davies 1990). Knowledge of rules in this sense does not require the system
to represent rules in any way, but only requires that the behavior of the system—
in terms of input-output transitions—matches what is described by the rule in
question. Imagine we have a network that can correctly classify images of cats and
dogs. Given that it successfully performs this task, the network could be said to
conform to a rule “pointy ears — cat” and “floppy ears — dog,” but it could also
and alternatively be said to conform to the rule “slitted pupils — cat” and “round
pupils — dog.” This kind of indeterminacy shows the limitation of only attributing
knowledge of rules in the weak sense: one network might conform to multiple sets
of rules (Kripke 1982), or multiple networks might conform to the same sets of
rules while relying on wildly different underlying processing mechanisms (see e.g.
Block 1981). To distinguish between these kinds of systems, an intermediate
notion of knowledge is needed that characterizes knowledge of rules without
requiring explicit representation.
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3.2 Tacit knowledge as an intermediate notion of knowledge

Davies’ account of tacit knowledge is meant to provide an intermediate account of
knowledge, one that is more than mere conformity but less than explicit knowledge.
Tacit knowledge, according to this account, refers to rules that are not represented
explicitly, but that nevertheless describe causally relevant structures that guide
behavior (Davies 1990). Tacit knowledge is different from explicit knowledge in the
sense that an observer (e.g. a computer programmer) cannot straightforwardly “read
off” the rules by inspecting the system, but rather requires significant interpretative
labor. While it might be possible for such an observer to determine whether or not a
classical system has knowledge of a particular rule by inspecting its source code or
knowledge base, identifying tacit knowledge of a rule—for instance in an LLM or
another artificial neural network—requires interpretation. As will be discussed in
section 5, this kind of interpretation might be facilitated through the use of XAI
methods that determine what is represented by particular structures within the
system and how these structures contribute to the system’s behavior. As such, tacit
knowledge differs from explicit knowledge in the amount of epistemic or
interpretative labor that is needed to identify it.

In addition to this epistemic way of distinguishing between tacit and explicit
knowledge, it might also be possible to draw a metaphysical distinction. In this case,
the relevant distinguishing factor might be the way in which a rule can—in
principle—be encoded in different architectures. To illustrate this difference,
consider the case of a network implementing a syntactic rule, for example regarding
subject-verb agreement. If a neural network learns this rule, it might be possible to
identify where it is implemented through the use of XAL In this case, the system
would have tacit knowledge in an epistemic sense, as additional tools would be
necessary for identifying the encoded rules. Yet, this system would have explicit
knowledge in a metaphysical sense, insofar as it is in principle possible to describe
and interpret the encoded rule. In contrast, a system would have tacit knowledge in
the metaphysical sense when the causally relevant structures in the internal
processing cannot be given a semantic description even in principle, despite the fact
that these structures are actually present and guide the system’s behavior.? That said,
even on this metaphysical conception of tacit knowledge, it remains an empirical
question whether, and how, such causally relevant structures can actually be
identified, which is the question I will focus on in the remainder of the paper.

Tacit knowledge is also different from mere conformity to rules, insofar as it offers
a potential causal explanation of the model’s observed behavior. An attribution of
tacit knowledge is grounded in a particular internal causal-explanatory structure (see
section 3.3.2), which can for example be used to predict the effects of targeted

21t is worth noting that even this metaphysical notion of tacit knowledge has a subject-relative
dimension to it. Whether or not a causally relevant structure in the internal processing of an LLM can be
given a particular semantic description (e.g. as an instance of a particular rule) depends on the concepts
used in that description: while some intricate causal structures might not be describable in our day-to-
day conceptual repertoire, they might nevertheless afford a semantic description in a more specialized
(e.g. scientific or technical) vocabulary. Ultimately, determining which—if any—semantic description
can be given to a causally relevant structure will therefore depend in some way on an external observer
who aims to explain the behavior of the system.
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interventions on the internal processing of the system. Conformity, on the other
hand, does not provide such causal explanations or constrain the internal causal
processing of a system. To illustrate, recall the example described above about
classifying images of cats and dogs. It would be possible to distinguish between the
two sets of rules described there by introducing new data points—such as a dog with
floppy ears and slitted pupils—and studying the system’s behavior. Yet, these rules
still describe only the behavior of the system, and do not provide a causal explanation
of why those rules are an apt description. In particular, such a description does not
identify or localize particular internal causally relevant structures, nor facilitate
interventions to change the observed behavior.

It should be noted that the notion of “tacit knowledge” is historically
controversial. First, while a causal-explanatory structure as specified by Davies’
account of tacit knowledge might help explain the behavior of a speaker or LLM, it is
controversial whether referring to this as “knowledge” is appropriate at all (see, e.g.,
Gascoigne and Thornton 2014; Davies 2015). Having knowledge is often closely
associated with having justified true beliefs with a particular conceptual or
propositional content. For instance, knowing the capital of France requires some
concept of France and what it means to be the capital of a country. Yet, it might be
argued that states of tacit knowledge typically do not have such conceptual content: a
speaker might have tacit knowledge of a syntactic rule, but not possess the concepts
to actually specify this rule. Moreover, states of tacit knowledge might not be
considered beliefs insofar as a subject is often unaware of their tacit knowledge and
states of tacit knowledge are mostly employed in specific circumstances—for
instance, forming sentences—whereas beliefs can be used in a wider range of
contexts (Evans 1985; Davies 2015). While I am aware of these debates, it is beyond the
scope of this paper to address these concerns in detail. Nevertheless, I will adopt the
term “tacit knowledge” to stay in line with the precedent set by Davies as well as the
relevant technical and theoretical literature in the Al community (e.g. Lam 2022;
Meng et al. 2022). In doing so, I will focus on the causal-explanatory role tacit
knowledge might play in the explanation of the behavior of LLMs, and bracket
discussions about whether attribution of tacit knowledge warrants the attribution of
stronger notions of knowledge.

Second, Quine raised an objection to Chomsky’s (1965) account of tacit knowledge
that is relevant to Davies’ account as well. Chomsky suggested that human linguistic
behavior could be explained through tacit knowledge, insofar as speakers of a
language seem to have knowledge that guides their linguistic behavior, even if they
are unable to verbalize the grammatical rules they use to structure a sentence. In
response to this, Quine (1970) asked how we can distinguish between the many
different sets of rules that adequately describe behavior, if no particular set of rules is
explicitly represented by the language user. In other words, how can we be sure that a
given rule actually guides behavior if it is merely represented tacitly?

Taking into account these concerns, there are two reasons that Davies’ account of
tacit knowledge is particularly promising for explaining the (linguistic) behavior of
LLMs. First, given that LLMs do not explicitly represent knowledge in the sense of
allowing an observer to “read off” such knowledge, it seems reasonable to ask
whether there are any implicit representations that guide their behavior. While
Chomsky’s account focuses on human linguistic behavior and is not directly
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applicable to LLMs, Davies’ account targets neural networks and can thus be
translated to LLMs with relatively minor modifications. Second, Davies’ account
allows for an answer to Quine’s concern, insofar as it spells out clear constraints that
should be met by a network in order to be attributed tacit knowledge of rules.

3.3. Davies’ account of tacit knowledge

To specify what is required for attributing tacit knowledge, Davies introduces three
constraints: semantic description, causal systematicity, and syntactic structure. To further
characterize these constraints and thereby explain Davies’ account of tacit
knowledge, 1 will use a toy network with two outputs—*“Paris” and “Berlin”"—as
an example. The inputs to this network are text prompts referring to particular
tourist attractions in these two cities. For example, inputs to the system could be “The
Brandenburg Gate is located in ...,” “The Sacré Coeur is located in the city of ...,”
“To see the Eiffel Tower, I need to go to ....” We assume that the network has been
trained to successfully predict the next word for these prompts. Based on the
behavior, it seems that the network has weak knowledge of the location of tourist
attractions: it is able to correctly predict the output based on a particular input
sentence. So what does it take for this network to be attributed tacit knowledge?

3.3.1 Semantic description

The first constraint for attributing tacit knowledge is semantic description. Davies
argues that tacit knowledge can only be attributed to systems whose input and output
states can be described semantically in the sense that they register or represent
something. Davies does not spell out in detail what it means for an input or output
state to have a semantic description, and I will not do so either.> As the inputs and
outputs of LLMs are word sequences that can be considered to refer to something in a
conventional sense, it seems reasonable to conclude that they meet this constraint.

Beyond ensuring that the input and output states of the system have semantic
properties, semantic description might also reveal certain patterns of semantic
similarity in the data. Recall the toy network described above. The inputs and outputs
of this network have a particular semantic structure: there are two types of outputs,
namely “Paris” and “Berlin.” The inputs are statements about tourist attractions in
these respective cities, and the network predicts in which of these cities the tourist
attractions are. Then, there is a semantic pattern in the data insofar as inputs like
“The Eiffel Tower is the main tourist attraction in ...,” “To see the Eiffel Tower, you
have to travel to the city of ...,” etc. all refer to the same fact, namely that the Eiffel
Tower is in Paris. Similarly, input statements referring to the Brandenburg Gate being
in Berlin can be considered semantically similar as well.

This is of course a very simple example and semantic similarity is expected to be
more complex in the actual inputs to real-world LLMs. Nevertheless, this example
provides a simple way to describe a particular semantic pattern in the input-output
data of the network. While semantic patterns by themselves do not indicate whether a
network has tacit knowledge or not, Davies’ second constraint is defined in relation to
such semantic patterns in the data.

3 For further discussion on this topic, see, e.g., Dretske (1981), Millikan (1984).
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3.3.2 Causal systematicity

The second and main constraint for attributing tacit knowledge is causal systematicity.
Causal systematicity puts a constraint on the internal processing of the system: the
internal processing in the network should mirror the semantic structure in the input-
output pairs. For instance, there should be one causal process that mediates all input-
output pairs referring to the Eiffel Tower, another one for all input-output pairs
referring to the Brandenburg Gate, and so forth (see figure 2a). As Davies describes
this constraint (1990, 88/89): “If we now consider several input-output pairs which
exhibit a common pattern, we can ask whether those input-output transitions have a
common causal explanation corresponding to the common pattern that they
instantiate. Is there, within the physical system, a component mechanism or
processor that operates as a causal common factor to mediate those several
transitions? If there is a common causal explanation, then we can say that the process
leading from those inputs to outputs is causally systematic, relative to that pattern.”

In other words, the network should exhibit a pattern of causal common factors,
which are structures in the network that mediate transitions from inputs to outputs
for input-output pairs of a particular type, and as such serve as a common causal
explanation for these transitions. This pattern of causal common factors should not
just mirror any pattern in the data, but should correspond to the semantic patterns in
the input-output data, for example the fact that the Eiffel Tower is in Paris. If such a
pattern of causal common factors exists in the network, the network can be said to be
causally systematic with regards to the semantic description of the input and output
states.

Contrast this with a different underlying causal-explanatory structure, namely a
network that has memorized all individual input-output pairs—a structure that is
commonly called overfitting. In this case, there is an independent causal process that
mediates each individual input-output pair (see figure 2b). As such, the network
processes each input as being independent from all other inputs, and does not learn
that there are semantic similarities within the data. Given the semantic structure of
language, this pattern of memorization does not reflect the correct semantic patterns
and therefore the network cannot be said to have tacit knowledge of semantic rules.

As such, the main requirement for attributing tacit knowledge is that the internal
structure of the network is causally systematic with regards to semantic patterns in
the input-output data: there should be a pattern of causal common factors that
mediates transitions from inputs to outputs in semantically similar cases. Going back
to the toy example, this would mean that all transitions from inputs referring to the
Eiffel Tower to outputs referring to Paris could be explained by one causal common
factor, with another causal common factor mediating transitions for input-output
pairs referring to the Brandenburg Gate.

Briefly returning to the constraint of semantic description, note that causal
common factors might, but need not, themselves have semantic descriptions. Insofar
as the pattern of causal common factors mirrors the semantic structure of the data,
Davies might have assumed that these internal factors are interpretable in the sense
of being meaningful to human observers. Yet, given the black-box nature of
connectionist networks, it is currently unknown whether these systems exhibit any
causal common factors at all, and if so, whether these causal common factors are
interpretable in the sense of allowing for semantic description. At the same time, it
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(a) Causal common factor involved in
processing of all input-output pairs:
Eiffel Tower is in Paris

The Eiffel Tower is located in 4

You can find the Eiffel Tower in o |
: » Paris
the city of

The Eiffel Tower is the main
tourist attraction in

(b) Independent processing
for each input-output pair
A
A
] 2
[ The Eiffel Tower is located in J ! » Paris

g [

[ You can find the Eiffel Tower in " ]
» Paris

the city of

The Eiffel Tower is the main » Paris
tourist attraction in

Figure 2. Examples of internal processing. (a) Causally systematic processing, with three semantically
similar inputs, and a causal common factor that is involved in the processing for all three input—output
transitions. (b) An example of a network that memorizes input—output pairs: there is a one-to-one mapping
between individual inputs and outputs.

seems likely that the causal structure that ensures that an LLM performs well at
predicting words of a particular natural language, acquired through extensive
training, does so because that structure reflects something about the semantic
structure of that language—see, e.g., recent mechanistic interpretability work by
Templeton et al. (2024). Although I will follow Davies in not requiring semantic
descriptions of the internal structures for the attribution of tacit knowledge,
determining if potential causal common factors can be given a semantic description
seems like a particularly promising direction of future research.

The requirement of causal systematicity also allows for a response to Quine’s
concern about tacit knowledge. Consider the examples in figure 2, one adhering to the
requirement of causal systematicity and one consisting of mere memorization.
Although these systems might not be distinguishable based on behavior,
experiments—in particular using interventions—can be used to identify the
underlying causal structure (Davies 1987; Evans 1985). That is, changing the value
of a causal common factor in a causally systematic system should lead to different
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(a) Intervention on causal common factor
affects all input-output pairs:

Eiffel Tower is in Berlin

[ The Eiffel Tower is located in }

‘ You can find the Eiffel Tower in} Berlin
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(b) Intervention on single process:
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Figure 3. These structures are the same as in figure 2, but illustrate the effect of interventions. (a) The effect
of intervening on a causal common factor. Since a causal common factor is implicated in all transitions from
inputs to outputs of a particular type, intervention on this causal common factor will affect all corresponding
outputs. (b) In the case of memorization, intervening on a single input—output pair will only affect the output
for that particular input, and not affect any other input—output pairs.

outputs for all inputs of a particular type (figure 3a). Interventions on the model
internals of a network with one-to-one mappings, on the other hand, would have
localized effects (figure 3b). Therefore, interventions are one way to distinguish
between different causal-explanatory structures and to verify whether a network
meets the constraint of causal systematicity (see also section 5).

3.3.3 Syntactic structure

The last constraint—syntactic structure’—serves as a bridge connecting semantic
description with causal systematicity. Causal systematicity requires that all inputs
that have a similar meaning—i.e. the same semantic description—should be
processed by the same causal common factor (figure 2). To ensure that all

* Note that Davies’ use of “syntax” is different than in linguistics and NLP, where “syntax” generally
refers to grammatical rules. In Davies’ work, “syntax” specifically refers to the physical properties of the
input that determine the causal consequences.
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semantically similar inputs are recognized and processed in a similar way, Davies
argues that there should be a shared property within input representations that
determines their causal processing. More precisely, semantically similar inputs
should have some shared property that (i) allows the network to recognize all inputs
of a particular (semantic) type and (ii) determines the causal processing for these
inputs. For example, there should be one unit or pattern of activation at the input
layer that is active whenever there is an input about the Eiffel Tower, and another
unit or pattern of activation that is active for inputs about the Brandenburg Gate.
Whenever a new input contains one of the respective representations, the
corresponding causal common factor is engaged. This ensures that all semantically
similar inputs are processed by the same causal common factor.

3.4. Davies’ objection

According to Davies, all three constraints—semantic description, causal system-
aticity, and syntactic structure—are necessary for attributing tacit knowledge to a
connectionist neural network. Yet, Davies argues that connectionist neural networks
with distributed representation do not meet the constraint of syntactic structure, as
they do not have shared properties across representations of semantically similar
inputs, due to the so-called dimension shift (Smolensky 1988). Whereas symbols in
symbolic systems are the same regardless of context, neural networks represent their
inputs as patterns of distributed activation. These patterns might be slightly different
depending on the context of the input. For example, while both “drinking coffee” and
“a cup of coffee” contain the word “coffee,” their representations in the network are
likely to differ given the different context. As such, there is no single pattern of
activation—i.e. no syntactic property—that is shared by all inputs that contain the
word “coffee.” Because syntactic structure determines the causal processing of the
inputs, the lack of a shared property means that different causal processes may be
engaged and there is no single causal common factor engaged in all these input-
output transitions. In other words, without syntactic structure, there cannot be causal
systematicity and the network cannot be attributed tacit knowledge.

4. A reply: Architectural innovations in LLMs

In the remainder of the paper, I endorse the constraints of semantic description and
causal systematicity as defined by Davies. However, Davies’ constraint on syntactic
structure might be too stringent for LLMs. In light of architectural differences
between LLMs and earlier connectionist systems, I argue that LLMs meet a weaker
version of the syntactic structure constraint that does not require identical properties
across input representations, but that nevertheless suffices to attribute tacit
knowledge. This weakened criterion for syntactic structure requires that the model
maps semantically similar inputs to proximate regions in the input vector space
through the embedding layer. This mapping allows the network to recognize and
process inputs via a shared causal mechanism. Unlike Davies’ original constraint,
which requires an identical shared property in the input representation, this weaker
constraint acknowledges the role of the embedding layers in recognizing semantically
similar inputs and ensuring similar processing.
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Let me elaborate on the weaker constraint and why it can be considered to have
the same function, for the purpose of attributing tacit knowledge, as the more
stringent constraint proposed by Davies. Presumably, being able to recognize
semantically similar inputs is one of the reasons that transformer-based LLMs have
been so successful. Whereas connectionist networks generally consist of architectur-
ally (almost) identical layers—except for the trained weights and number of nodes—
transformer-based models consist of specialized layers that take different roles in the
processing of input sequences, such as the attention and feedforward layer (section 2).
For the current discussion, I focus on the embedding layer, which computes a word
embedding for each word in the input.

A word embedding is a representation of a word in the input that not only contains
information about the word itself, but also about the context and the relationship
to other words in the vocabulary. An important characteristic of a word
embedding is that similar words are represented by similar embedding vectors,
and dissimilar words are represented by more dissimilar embedding vectors, i.e.
whose values are less alike (Mikolov et al. 2013; Grand et al. 2022). As such,
embeddings of words with a similar meaning are not necessarily identical, but will
be closer together in vector space than embeddings of words with more dissimilar
meanings. This way of looking at the meaning of words, as given by their context
and co-occurrence with other words, originates in the distributional hypothesis,
which states that words that occur in a similar context will tend to have similar
meanings (Firth 1957; Harris 1954).

As such, the embedding layer in LLMs acts as a kind of semantic categorizer which
groups similar inputs together in a high-dimensional vector space. For example, it has
been shown that the embedding vectors at various stages of processing reflect
semantic and topical properties of the input, such as color similarity (Abdou et al.
2021), linguistic structure (Chang, Tu, and Bergen 2022), and word meaning (Grand
et al. 2022). This means that the embedding layer allows the network to recognize
semantically similar inputs and to make use of this information to predict the most
likely next word.

Moreover, the fact that semantically similar inputs are close together in the high-
dimensional vector space also guides the network towards similar processing
pathways. While it is difficult to confirm empirically that these pathways are identical
and research on how LLMs categorize and process their inputs is ongoing (e.g.
Templeton et al. 2024), recent indirect evidence from intervention studies supports
the conclusion that similar inputs are processed in similar ways (De Cao, Aziz, and
Titov 2021; Meng et al. 2022). In particular, as will be illustrated in section 5,
intervening on the network to change the prediction for “Paris is the capital of
France” to “Paris is the capital of Germany” was shown to generalize to semantically
similar inputs, e.g. paraphrases and other variations of the inputs. This suggests that
the same internal processing is involved for these predictions, even in the absence of
identical input vectors. By capturing the essence of syntactic structure through
proximity in the embedding space, LLMs can thus achieve a form of causal
systematicity without requiring identical activation patterns for semantically similar
inputs.

In summary, Davies’ requirement of identical syntactic properties for semantically
similar inputs seems to be too strong in the context of LLMs. While transformer-based
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Figure 4. An example of an intervention that is optimized to associate “The Eiffel Tower is in” with “Rome.”
The target is an MLP module in an intermediate layer of the network. In this layer, the key—value pair (k, v) at
the last token of the subject (in this case, “Tower”) is replaced with an updated key—value pair (k*, v¥) that is
optimized for the new association. Redrawn and adapted from Meng et al. (2022).

LLMs do not have identical syntactic representations at the input layers, the weaker
criterion acknowledges the role of the embedding layer in achieving semantic
clustering and consistent causal processing. This adjustment enables the attribution
of tacit knowledge to LLMs by satisfying a more flexible yet functionally equivalent
version of the syntactic structure constraint.

5. Do LLMs have tacit knowledge?

In the previous section, I have shown that transformer-based LLMs meet a weaker
version of the syntactic structure constraint, which still allows for the attribution of
tacit knowledge. The next step is to verify whether LLMs meet the constraint of causal
systematicity. In this section, I analyze a recent example from the technical literature
(Meng et al. 2022) and show that the representations of factual associations identified
in this work could be considered causal common factors in Davies’ sense, providing
compelling—albeit preliminary—evidence that at least some LLMs meet the
constraints for tacit knowledge.
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5.1 An example

In their paper, Meng and colleagues investigate factual associations in LLMs,
specifically where and how facts are stored in the model internals. Take the example
of an LLM that correctly predicts “Paris” in response to an input like “The Eiffel Tower
is located in,” “Berlin” to “The Brandenburg Gate is located in the city of,” etc. While it
is often suggested that such a network “knows” the location of particular tourist
attractions purely based on its behavior, Meng and colleagues investigate where the
network stores such facts and how potential representations are used in the
processing of the network.

Meng and colleagues approach this problem in two steps: first, localizing potential
representations of facts, and then, verifying that these play a causal role in the
observed behavior. To localize representations of facts in the network, Meng and
colleagues use a method called causal tracing, which determines which activations, for
example at which layer, are most important for a particular prediction. To test this,
the activations of the network are corrupted such that the network no longer predicts
the correct outcome. Then, activations are iteratively restored to the original value,
until the network returns the correct prediction. Using this method, activations in the
MLP layers are found to play an important role in representing factual associations.

Based on these results, Meng et al. suggest that facts are stored in certain MLP
modules in the middle layers of the network. Moreover, in line with Geva et al. (2021),
they suggest that MLP modules might function as so-called key-value pairs, which take
inputs that represent a particular input and return outputs that reflect memorized
properties of that input. For example, given an input “the Space Needle is in
downtown,” “Space Needle” might be viewed as a key, which prompts the MLP
module to recall a particular value which represents properties of the Space Needle,
such as its location. This information is accumulated over multiple layers and finally
leads to a particular output at the last layer.

In the second part of their study, Meng and colleagues verify whether MLP
modules function as key-value pairs and, if so, whether they can be updated to change
the model’s behavior. To do this, they introduce a method called rank-one model editing
(ROME) which identifies and applies edits to an LLM’s weights, based on two
assumptions. First, if the MLP module functions as a key-value pair, this key-value
pair can presumably be updated to include new information. Second, if the key-value
pair plays a causal role in the model’s behavior, updating the stored information
should be reflected in the model’s output. As such, the goal is to calculate a new key-
value pair that encodes a particular updated factual association, e.g. “The Eiffel Tower
is in Rome.” The existing key-value pair is then replaced with this new key-value pair
(see figure 4), after which the output of the network is evaluated for various prompts.
The edit is successful if the output of the network changes to the newly inserted fact.

As mentioned, Meng et al’s goal is to update what they call the “factual
knowledge” of the system, in order to change its behavior. More precisely, what Meng
et al. consider to be knowledge is the ability to generalize across contexts. This is
contrasted with the network merely memorizing sequences of words from the input
data and regurgitating these in response to a prompt. If an edit successfully targets
this kind of knowledge, the updated fact should generalize: the network not only
returns the updated fact for the exact input prompt, but also other semantically
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similar paraphrases. Yet, while Meng et al. operationalize knowledge as generaliza-
tion, my goal is to determine if this can be considered a more robust kind of
knowledge, namely tacit knowledge in Davies’ sense. In the following sections, I show
that MLP key-value pairs could be considered causal common factors, providing
preliminary evidence that some LLMs can meet the constraint of causal systematicity
and might thus have tacit knowledge.

5.2 MLP key-value pairs as causal common factors?

Imagine a causally systematic network with a pattern of causal common factors that
reflects semantic similarity in the data. What would be the expected pattern of
behavior in response to an intervention? In this network, an intervention successfully
targeting a causal common factor would have a generalized effect. That is, intervening
on a causal common factor that is implicated in a causal process X would be expected
to change all outputs that depend on X (see figure 3). For example, changing a causal
common factor that represents information about the capital of France to state “The
capital of France is Berlin” would be expected to have an effect on all outputs
referring to the capital of France. Moreover, this intervention would not affect
transitions for other input-output pairs, i.e. the model does not suddenly predict that
the capital of all countries is Berlin. In other words, a common causal factor should be
involved in all transitions of input-output pairs of a given type, and not be involved in
any other input-output transitions.

Based on two metrics—generalization to measure whether the update generalizes to
semantically equivalent inputs, and specificity to measure whether the update does
not affect unrelated input-output pairs—Meng and colleagues report that their edits
successfully update predictions both for the target input-output pair and for
semantically similar input-output pairs. Although their results do not suggest that
the network is causally systematic for all inputs—in which case generalization and
specificity would both be 100%—the network largely seems to follow the expected
pattern for causal systematicity. Even though Meng and colleagues only applied edits
to single input-output pairs, generalization is high. This means that interventions on
a specific fact update the predictions for semantically similar input-output pairs as well,
for example paraphrases of the original input. Moreover, they report relatively high
specificity suggesting that representations that concern different concepts are relatively
disentangled. Taken together, this suggests that the target of intervention—the MLP
module—does in fact function as a kind of causal common factor.

5.3 Implications and reasons for caution

Meng et al.’s results provide compelling preliminary evidence that at least some LLMs
meet Davies’ constraints, and can therefore be attributed tacit knowledge. LLMs meet
the first constraint, semantic description, as their inputs and outputs consist of word
sequences. The second constraint, causal systematicity, is also met, insofar as the LLM
investigated by Meng and colleagues exhibits behavior characteristic of causally
systematic systems in response to interventions. Finally, while Davies argues that
connectionist neural networks do not meet the third constraint of syntactic structure,
I have shown that LLMs meet a weaker version of this constraint, as word embeddings
allow them to recognize semantically similar inputs. Moreover, the fact that
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interventions on MLP key-value pairs update both the target input-output pair and
semantically similar paraphrases provides further empirical support for the claim
that LLMs not only recognize semantically similar inputs, but also process these in a
similar way.

Despite the promising results, there are some reasons for caution. First, although
the reported specificity and generalization are high, they are not perfect. As such,
updates might affect unrelated input-output pairs or fail to generalize. Possible
explanations are that some updates do not target a causal common factor, or that
causal common factors are not perfectly delineated in neural networks with distributed
representation. The latter is of particular concern, as networks with distributed
representation often exhibit polysemanticity or superposition, meaning that the same nodes
in a network are involved in different decision processes (Van Gelder 1992; Elhage et al.
2022). Interventions might then affect multiple predictions, or even lead to catastrophic
forgetting of previously learned associations. Further empirical research should
determine to what extent this is a problem for interventions in practice.

Second, the work by Meng et al. (2022) relies heavily on interventions to locate and
identify representations of tacit knowledge. Such interventions have recently been
criticized, however. Specifically, while replicating the results reported by Meng and
colleagues, Hase et al. (2023) found that interventions in different locations have a
similar efficacy to the ones applied in the original study. From this, Hase and
colleagues conclude that while causal tracing might localize a fact to a particular MLP
key-value pair, this might not always be the best target for editing this fact. In the
context of tacit knowledge, this means that causal tracing might not reliably localize
the relevant causal common factors in the network.

More research is thus needed to investigate how causal common factors are
represented in LLMs. Indeed, while Meng et al. seem to assume that facts are stored in
a single layer—by focusing on layers during causal tracing—causal common factors,
and thus tacit knowledge, might be represented over multiple layers. Neural networks
often exhibit redundancy, meaning that various layers perform a similar task. As
such, causal tracing might only partially characterize the relevant causal common
factors (if there are any). While the work by Meng and colleagues provides
preliminary evidence for the claim that neural networks can and do at least
sometimes acquire tacit knowledge, the notion of “causal common factors” and how
these factors are represented in the relevant networks deserves further investigation.

6. Conclusion

The contributions of this paper are twofold. As a methodological contribution, I
argued that we can take inspiration from Davies’ account of tacit knowledge to
conceptualize semantic knowledge in LLMs. More precisely, Davies’ account provides
clear criteria that should be met in order to attribute tacit knowledge to a particular
system. While Davies himself argued that connectionist systems cannot meet the
constraint of syntactic structure, I argued that this constraint can be appropriately
weakened to acknowledge the role of the embedding layer in current LLMs. Armed
with this weakened constraint, LLMs can in fact be attributed tacit knowledge,
provided that they meet the other constraints. As an empirical contribution, I
evaluated the recent work by Meng et al. (2022) to argue that there is compelling
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preliminary evidence to suggest that some LLMs actually acquire tacit knowledge in
this sense. While this evidence is currently preliminary, tacit knowledge could thus be
a promising tool to guide further research into the internal causal processing of LLMs.

Notably, this paper fits into a broader literature suggesting that LLMs represent
something akin to knowledge in the model internals (Hase et al. 2021; Li et al. 2023;
Pavlick 2023). Provided this is supported by future work, this would have promising
implications for explainable Al In particular, the identification of such knowledge
structures would not only provide a novel way to explain how these systems work, by
identifying internal common causal factors, but also to improve the performance of
these systems, by applying interventions to change the internal knowledge
representation so as to, e.g., counteract misinformation, hallucination, and bias.

In this context, a promising direction of future research is the notion of
interventions. Interventions are often used to investigate the causal processing
within neural networks and to update the behavior of the network for particular
inputs. In both cases, interventions are given a causal interpretation. It is not clear,
however, to what extent such a causal interpretation is warranted for interventions
as currently applied in machine learning. In particular, a concern is that interventions
might have unintended results, for example affecting more predictions than intended.
One way of approaching this problem could be to use existing frameworks like
interventionism that lay out criteria for causal interventions (Woodward 2003).

In general, showing that LLMs have tacit knowledge would provide further insight
into what LLMs can learn from pure-text data. Whereas it has been argued that
current training methods for LLMs are insufficient for acquiring meaning (Bender and
Koller 2020) or social aspects of language (Mahowald et al. 2024), tacit knowledge
provides one way to conceptualize knowledge of semantic rules in LLMs. Since Meng
and colleagues only analyze an early type of LLM, GPT-], the question remains
whether more recent LLMs also acquire tacit knowledge. Given the improvements in
performance, however, this does not seem like an unreasonable assumption.
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