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Abstract

This article presents a theoretical framework for adapting the
Common Model of Cognition to large generative network
models within the field of artificial intelligence. This can be
accomplished by restructuring modules within the Common
Model into shadow production systems that are peripheral to
a central production system, which handles higher-level rea-
soning based on the shadow productions’ output. Implement-
ing this novel structure within the Common Model allows for
a seamless connection between cognitive architectures and
generative neural networks.

Introduction
Intelligent systems gain significant robustness by possess-
ing both Good Old-Fashioned Artificial Intelligence (i.e.,
GOFAI or “symbolic”) reasoning and connectionist statis-
tical learning (e.g. Hitzler et al. 2022); however, there is no
consensus on how to integrate the two. One of the less ex-
plored methods involves integrating generative AI models
and cognitive architectures into a single hybrid system. A
leading candidate for modeling the architecture of human
cognition is the Common Model of Cognition, formerly the
Standard Model of the Mind (Laird, Lebiere, and Rosen-
bloom 2017), however it currently lacks a method to make
lower-level connectionist factors interpretable at the cogni-
tive level. The Common Model of Cognition (CMC) pro-
vides an account of how human cognition operates computa-
tionally and has been validated by large-scale neuroscience
data (Stocco et al. 2021). In contrast, most generative neural
networks are not constrained by correspondence to biology
and instead take a pragmatic approach toward generating in-
telligent output.

Cognitive modelling and artificial intelligence have dis-
tinct goals, namely to explain and predict the behaviour of
humans and animals on the one hand, and to solve problems
and perform tasks without human guidance on the other.
Nevertheless, cognitive models can benefit from the inte-
gration of current deep learning approaches, as many tasks
solved by generative networks are tasks for which cogni-
tive modelling lacks detailed process models, such as per-
ception, imagination, and natural language processing. As
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such, large generative networks can be understood as can-
didate cognitive models for how humans accomplish these
tasks. However, generative networks, such as large neural
language models, have been shown to have significant lim-
itations in formal reasoning abilities (Helwe, Clavel, and
Suchanek 2021), in contrast to traditional “language and
logic” based approaches popular in cognitive models, de-
signed to follow structured reasoning (Shaw et al. 1958) and
problem solving processes (West and Nagy 2007). Integrat-
ing traditional cognitive modelling approaches with genera-
tive networks may therefore yield architectures that are bet-
ter able to support modelling the full range of human be-
haviour, and may broaden the range of problems solvable by
a unitary AI system.

To bridge deep learning with traditional cognitive mod-
elling approaches, we propose significant adjustments to
the Common Model of Cognition (CMC) to enhance CMC
models with more advanced, large-scale cognitive abilities.
We briefly discuss the Common Model of Cognition and the
ACT-R cognitive architecture (Anderson and Lebiere 1998)
and following this, how it can be reformulated.

The central contribution of this paper is a proposed re-
formulation of how ACT-R conceives of modules. ACT-R
holds that human cognition consists of modules that handle
specific cognitive capacities, such as perception, motor, and
language, as well as a central executive consisting of proce-
dural memory and working memory. As there is no standard
for how these modules should implement these cognitive ca-
pacities, ACT-R modules are, in practice, implemented in
an ad hoc manner. We propose a standardized approach for
implementing modules in ACT-R and other CMC architec-
tures, where modules consist of generative, pre-trained net-
works, a production system for managing networks, and a
memory system that interfaces between networks and pro-
duction systems.

Components of the Common Model
The Common Model represents a convergence across cogni-
tive architectures as to the components necessary for human-
like intelligence. The Common Model contains five mod-
ules: perception, working memory, motor, declarative mem-
ory, and procedural memory. Procedural memory is central
to how the Common Model operates, as it responds to and
instructs other modules based on the contents of working
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memory. A straightforward approach to constructing proce-
dural memory is by way of a production system. A produc-
tion system is a long established method of implementing
the basic functions described by the Common Model, and
hence we will refer to production systems with the caveat
that more complex systems can also be used. This method is
adopted in ACT-R, but differs from other Common Model
Architectures like SOAR (Laird 2012) or Sigma (Rosen-
bloom, Demski, and Ustun 2016). For the purpose of this
paper, ACT-R theory will be the primary lens for discussion
on the Common Model.

Chunks
Chunks function as the unit of communication between
modules in the Common Model, usually conveying proposi-
tional information (Laird, Lebiere, and Rosenbloom 2017).
This is exemplified by a chunk such as name:Fido isa:dog
breed:labrador. Chunks can also be used to request infor-
mation from long-term, declarative memory (Stewart 2007).
For example, name:? isa:dog breed:labrador requests the
missing value in the first slot of this chunk and will match to
any chunk, given the values of the other slots. Chunks can
be generated by any module and are communicated between
modules by placing them into buffers. The specific struc-
ture of chunks holds significance since it is the structure and
contents of the chunks that trigger matching productions in
the procedural memory. Chunks can be coded as symbolic
structures, holographic vectors (that can be unpacked to re-
veal the chunk structure, see Kelly et al. 2020; Kelly, Kwok,
and West 2015) or as neural signals (functioning similarly to
holographic vectors, see Eliasmith 2013).

Buffers
In ACT-R (Anderson and Lebiere 1998), buffers transmit
information between the central production system and pe-
ripheral modules. Together, all the buffers form the archi-
tecture’s working memory. Buffering refers to temporarily
storing data in a reserved memory space to allow for data
processing, transmission, or communication of information
between different components or systems. Information en-
ters working memory from different modules, in parallel,
and at varying rates. For the central production system to op-
erate within its 50ms cycle, the incoming information needs
to be buffered.

Modules and Declarative Memory
Within the Common Model (Laird, Lebiere, and Rosen-
bloom 2017), the peripheral modules represent distinct cog-
nitive and neural functions (see Figure 1). These include the
declarative memory module, the perception module, the mo-
tor module, and more recently, an emotion module has been
proposed. Modules can receive requests from the procedural
memory, typically in the form of chunk templates with miss-
ing information. When triggered, these requests can lead
to visual searches, motor actions, or emotional evaluations.
The peripheral module responses are converted into chunks
and placed into buffers associated with their respective mod-
ules, allowing procedural memory to access the information.

Figure 1: The Common Model Architecture.

The declarative memory module functions as a warehouse
for previously stored chunks, which it can retrieve upon
request. The central production system can request infor-
mation on various topics, and the declarative memory will
search for the appropriate chunk and place it in the buffer.
As a result of this interplay, cognition can be driven both
by productions, which guide actions from predefined rules,
and by declarative memory when productions seek guidance
from stored information. This combination allows for flexi-
ble and dynamic cognitive processes in the Common Model.

Production Rules
The fundamental structure of a production rule is a
conditional-action pairing (Stocco et al. 2021). A rule spec-
ifies a condition that, when met, performs a prescribed ac-
tion. This can also be referred to as an “if-then” rule, where
the conditional “if” side matches to the content of a buffer.
Buffers are the working memory of the system, functioning
as input and output for the various productions. If the condi-
tion it specifies matches the buffer content, then it executes a
prescribed action. The actionable “then” side of the produc-
tion executes instructions that communicate with peripheral
modules or modify the buffer contents.

In cases where multiple productions match, the produc-
tion with the highest utility value is selected. Overall, this
process constitutes a single cycle of cognition. Although
production rules generally refer to pre-existing rules, pro-
duction rules can also be formed at the time of matching
or developed over time. Different Common Model archi-
tectures adopt diverse approaches for surpassing fixed pro-
duction rules (Kieras and Meyer 1997; Laird 2012; Laird,
Lebiere, and Rosenbloom 2017).

An agent’s current situation is encoded within buffers, and
production rules represent the process of selecting between
alternative choices (Newell 1973). In some circumstances,
choices are rendered by a single production rule, such as in
fast-paced video games, where specific signals prompt pre-
determined, well-learned responses (Greve, Reid, and West
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2020). However, it is more common for multiple produc-
tion rules to act in sequence to carry out the steps involved
in a choice. For example, production rules can choose spe-
cific strategies for decision-making (metacognition) or re-
quest additional information (memory retrieval). Production
rules working in sequence can execute algorithms, logical
thinking, causal reasoning, and heuristics.

The primary characteristics of production rules in the
CMC lie less within the details of their functioning, and
more prominently within three shared properties. First, pro-
ductions operate in a sequential manner, creating a serial
bottleneck where one production fires at a time. This holds
true even in cases where claims of parallel production ex-
ist, such as in the Epic architecture (Kieras and Meyer
1997). Essentially, multiple productions are combined into
one larger, single production, while still adhering to a serial
bottleneck.

A second key attribute is timing. The timescale for pro-
ductions is set at 50ms, which is analogous to the timing
of Newell’s (1994) concept of a deliberate act in the cogni-
tive band, according to his system levels (see Table 1). By
scaling up logarithmically from general principles of neu-
ral timing, Newell estimated the timing to be approximately
100ms. The 50ms timing is based on the success of various
CMC models of human reaction times, as well as models of
the basal ganglia where the procedural memory is believed
to be located (Senft et al. 2016; Stewart, Choo, and Eliasmith
2010; Stocco et al. 2021).

The third characteristic of CMC production systems is
their correspondence, to a greater or lesser extent, with sym-
bolic processing. In general, productions manipulate chunks
of information that align with specific units of knowledge.
Although chunks of information can be expressed either
as discrete symbols or as continuous-valued vectors and/or
neural activity (Kelly et al. 2020; Rutledge-Taylor et al.
2014; Stewart, Choo, and Eliasmith 2010), the produc-
tions that operate on the chunks always impose a binary
choice: a production either matches or does not match to the
current situation. Hence, ambiguous stimuli produce non-
ambiguous responses from the agent. Should the agent see
an animal that is either a large dog or a small bear, the agent
either approaches the animal or keeps a safe distance, rather
than executing a muddled combination of the two.

Shadow Productions
A shadow production system is, like the central production
system, a set of “if-then” rules that fire in response to the
content of memory and in turn modify the content of mem-
ory. However, the shadow productions are located not in the
central executive, but within peripheral cognitive modules,
such as perception, motor, and emotion. While shadow pro-
ductions are not an official part of the CMC, they have been
used effectively in CMC models (West and Young 2017).
They were developed to explain how emotions, particularly
from the amygdala, can generate interruptions and influence
behaviour at the cognitive level. Shadow productions are an
auxiliary system to the central production system. Shadow
productions operate in parallel with central productions, yet
they do not disrupt the serial bottleneck. Their main role is

to monitor signals from lower levels, such as threat detection
in the case of the amygdala. Additionally, a shadow produc-
tion can get information from the working memory buffers
to provide context for evaluating a threat. If a shadow pro-
duction determines the presence of a threat, it places infor-
mation in a buffer accessible to the central production sys-
tem for further use.

While shadow productions can potentially match to any
buffer, they can only write to one buffer, whereas produc-
tions within the central production system can write to mul-
tiple buffers. Therefore, the central production system keeps
track of the overall task, while shadow productions keep
track of various aspects of the task, as represented by the
peripheral modules (see Figure 1). Overall, shadow pro-
ductions manage bottom-up information from the periph-
eral modules, while the central production system manages
tasks, including interruptions, in a top-down way.

Newell’s Levels
In his system levels scheme, Newell (1994) noted that the
lowest system levels band for understanding the brain (Ta-
ble 1) is best described by the language and mathematics
associated with neurons (e.g., networks, activation, vectors).
Newell viewed this as different from the system levels within
the cognitive band which is best described with the lan-
guage of computation and choice (e.g., chunks, symbols, al-
gorithms, heuristics). In terms of functionality, one can char-
acterize the function of generative neural networks as that
of prediction. However, some theorists go further and claim
that all human cognition is a predictive process (i.e., antic-
ipating what comes next and predicting what information
may be useful in a certain context; Clark 2013; Hutchinson
and Barrett 2019; Parr, Pezzulo, and Friston 2022). We ac-
cept the former, and reject the latter; neural networks per-
form prediction well, but cognition is more than predictions
alone. Namely, cognition requires decision using symbolic
reasoning. Descriptions at the cognitive level Newell (1994)
are traditionally characterized by a choice between alterna-
tives using symbolic reasoning, which Newell represented in
the form of productions. Overall, cognitive level approaches
are good for modelling symbolic decision making and neural
level approaches are good for modeling non-symbolic pre-
diction. A unified framework can thus avail itself of both
the computational advantages of predictive processing im-
plemented at the neural level and symbolic decision-making
implemented at the cognitive level.

In practical terms, we adopt a hybrid approach to describ-
ing and coding different parts of the framework as either
symbolic or connectionist. Tokenization and detokenization
(moving between vectors and symbols) can be handled in a
similar manner to systems such as Holographic Declarative
Memory (Kelly et al. 2020; Kelly, Kwok, and West 2015;
Kelly and Reitter 2017), where vectors containing chunked,
propositional information can be unpacked into symbolic
chunks, and symbolic chunks can be packed into vectors.
Note, that the entire system can also be rendered in a neural
form (e.g., using NENGO) in which case unpacking would
refer to extracting specific vectors from composite vectors.
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Scale Time Units Level Band
107 months
106 weeks Social
105 days
104 hours task
103 10 min task Rational
102 minutes task
101 10 sec unit task
100 1 sec operations Cognitive
10−1 100 ms deliberate act
10−2 10 ms neural circuit
10−3 1 ms neuron Biological
10−4 100 µs organelle

Table 1: Newell (1994) system levels and bands for the time
scales of human action.

Following Newell (1994), we are not focused on the nature
of the representation but rather the function.

As an analogy for how our proposed system operates, con-
sider the use of ChatGPT (OpenAI 2022). A human using
ChatGPT will provide a prompt and wait for it to produce an
output in the form of natural language. ChatGPT first selects
the most important words in the prompt, tokenizes them, and
strengthens the weight of those tokens at the model’s input.
Then it predicts the next tokenized word in its writing. Once
the word is selected, it updates the prompt to include what it
has written so far and then repeats the cycle. When it has se-
lected its tokenized response, it then detokenizes the output
into natural language. Chat GPT does this until it has writ-
ten something. The human then evaluates the meaning of
what was written, accepts it, or asks ChatGPT to redo it, or
makes specific edits, or creates better prompts. In this anal-
ogy, the human is the symbolic reasoner and ChatGPT is the
prediction system. However, note that something is missing.
There is a middle space wherein ChatGPT executes specific
actions having to do with tokenization, attention, updating,
and iterating. These actions are not predictions, rather they
are low level instructions (or rules) designed to pull the right
response out of the network. Our proposal involves adding
this sort of middle space to the Common Model architecture.

Proposed Framework
The CMC can be connected to generative networks in a
straightforward way by having each module of the CMC
connect to a corresponding network (see Figure 2). The SAL
cognitive architecture is a good example of how to integrate
ACT-R with a neural network placed inside of a module
(Lebiere et al. 2008). However, unless the “Pipeline” archi-
tecture in Figure 2 is gated or buffered it would put a very
heavy load on the serial bottleneck created by the main pro-
duction system. Our alternative proposal re-conceptualizes
the CMC in significant ways (see Figure 3).

First, we propose an interface, which we call Middle
Memory (MM), between the CMC and the various underly-
ing predictive networks. The MM receives vectors from the
networks representing the information that the networks pre-

dict will be useful (e.g., the next word, in the case of Chat-
GPT). The MM receives vectors from all modalities (e.g.,
vectors representing vision, words, emotions, etc.). The MM
is similar to Declarative Memory (DM) in ACT-R, and also
to Working Memory (WM) in Soar, in that it assigns activa-
tion values to the vectors, such that vectors with a higher ac-
tivation are more likely to be passed to working memory for
use by the central production system. Activation also serves
as a way to clear out irrelevant information through for-
getting (Schooler and Anderson 1997). Activation is based
on recency, frequency, and spreading activation from WM,
which is a much more restricted system of buffers, similar
to WM in ACT-R (this is to create human-like constraints).
Similar to both Soar WM and ACT-R DM, procedural mem-
ory can store propositional chunks forming graph structures
in MM (note: we have chosen to mix network predictions
and graph structures in MM because we believe there is a po-
tential for synergy, but they could also be stored separately).

Second, we model all of the CMC modules, except proce-
dural and working memory, as shadow production systems.
We propose that these shadow productions fire by matching
to information in WM and MM, where WM provides context
about the current focus of the system and the MM provides a
mixture between predictions of what will be useful (from the
underlying networks) and a graph-based understanding of
the situation. As noted above, we are not focused on repre-
sentational issues. Everything in MM could be converted to
vectors or everything could be converted to symbolic propo-
sitions, or they could be mixed (as the matching specifica-
tions for a production can be mixed). We are not saying that
the choice of representation makes no difference, just that it
has no implications for the level at which we are describing
this architecture.

Information from the different generative networks is
tagged with the origin network (e.g., the visual network, the
emotional network) when placed into the MM. The differ-
ent shadow productions match on specific tags, but they are
not restricted to only tags from specific origin networks. For
example, it may be implemented such that a vision shadow
production matches to outputs pertaining to emotion and vi-
sion (e.g., a scary animal). This can account for how one
modality can affect another in human cognition. The shadow
production can also match on elements in WM and ele-
ments in the graph generated in MM. Overall, the function
of the shadow production systems is to select the best pro-
duction to fire, given (1) the current focus, (2) the represen-
tation of the task, and (3) the predictions of all the networks.
Each shadow production system is an expert on a particular
modality but also draws on other information to contextu-
alize its outputs. All information placed in the WM buffers
is placed there by the shadow productions that fire. No con-
flicts arise because each shadow production system has its
own buffer in WM. Thus, one way to characterize the func-
tion of the shadow production is as a way to refine or cus-
tomize information before allowing it into WM.

Requests for information from the main production sys-
tem can be handled by putting queries into the WM buffer
associated with the query. Shadow productions would match
on the query and whether or not the target information is
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Figure 2: The Pipeline Architecture. Modules in the CMC
connect to underlying networks associated with their func-
tionality.

available in the MM. But, when not responding to requests,
the shadow productions would deliver whatever bottom up
information they deem useful. This creates an important
mechanism for interrupting the main production system in
response to unexpected or unusual events (West and Nagy
2007). Notice, though, that requests cannot be made di-
rectly to the generative networks. Instead, we propose that
the contents of WM are combined with the contents of MM
(weighted according to activation) into a single, large vec-
tor that is delivered, on every cycle of the main production
system, as inputs to all of the generative networks. Figure 4
illustrates a general schema for the interaction. The idea is
that the generative networks should anticipate what will be
required and deliver it.

Production systems that implement Procedural Memory
(PM) in the CMC generally use Time Delayed (TD) learn-
ing algorithms to adjust the utility values of productions that
lead to a reward or punishment. One reason for using pro-
duction systems for all of the modules is to include them in
the TD learning. Our proposal is that when the central pro-
duction system (i.e., the production system that implements
PM) achieves a reward, all of the shadow productions that
contributed (by delivering the information to WM that was
used to get the reward) would also get a boost to their utility.
Another, more difficult issue is, how are the shadow pro-
ductions created? We propose something similar to Clarion
(Sun 2017) in which MM contents that have very high acti-
vations cause productions to be formed in order to retrieve
them. These productions then become permanent if they are
rewarded and their utility is boosted (this is similar to the
production compilation process in ACT-R). These are very
general ideas, and there are numerous ways to do this. How-

Figure 3: The Middle Memory Architecture. Generative net-
work outputs are tagged with the network that produced
them and deposited into the interface (Middle Memory)
where they can be accessed by the shadow productions.

ever, our point is that bringing all the modules under one
learning algorithm could have advantages.

Conclusions
Humans acquire rules by way of very few repetitions, while
neural networks acquire rules through a great many repeti-
tions. Additionally, these learned rules may be susceptible to
catastrophic interference, a phenomenon that does not occur
with human learning. Humans may forget to apply a rule,
yet learning a new rule will not cause previously acquired
ones to vanish or change. These observations suggest that
human rule acquisition differs greatly from rule acquisition
with neural networks. This is not to suggest that the human
rule learning system is not neural—it certainly is—however
it incorporates special neural structures so these circuits may
scale in a way that soft specializations between regions aid in
cognition. The basal ganglia (Stewart, Choo, and Eliasmith
2010) and the hippocampus are examples of such structures.
In the CMC, Procedural Memory is believed to correspond
to the basal ganglia (Stewart, Choo, and Eliasmith 2010;
Stocco et al. 2021). Given the proposed role of Middle Mem-
ory, we speculate it may relate to the activity of the thalamus.

This points to a significant division within artificial intel-
ligence research as to whether emergent features within gen-
erative networks are sufficient to model the whole of human
intelligence, or whether they require structural constraints,
such as those provided by the CMC, to produce higher level
cognitive processes. We argue that connecting them to the
CMC (or similar architectures) is necessary. This can allow
for scaling up from statistical, associative learning to more
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Figure 4: Context and Attention. This depicts how context
and attention can feed into the generative networks.

complex reasoning and inference.
One example where this approach could be useful is

causal reasoning. Causal reasoning (Pearl 2009) is the pro-
cess by which causality is inferred from both the presence
and absence of statistical associations, their conditions, and
their outcomes. Causal reasoning may be necessary for ro-
bust generalization of learning across contexts and is possi-
bly a precondition of human-level intelligence (Juliani et al.
2022). Importantly, causal reasoning requires both associa-
tive prediction and systematic symbolic thought.

Another example where this approach could be useful is
metacognition. The shadow production system can accom-
modate metacognitive processes (Conway-Smith and West
2023; Conway-Smith, West, and Mylopoulos 2023) since
summary information of central production activity can be
passed to a shadow production system, providing narrative-
like information about the model’s own state. Employing
this self-referential information, shadow productions can
suggest new goals to the central production system. This also
means that a metacognitive production system would have
limited knowledge of the activity of other shadow produc-
tion systems, demonstrating a delineation between metacog-
nitive access and more automated aspects of cognition.

More generally, this type of system could be useful for
modeling complex forms of expertise, where context is im-
portant. In this case, shadow productions can be used to de-
tect network predictions that are not in line with what is ex-
pected, and trigger an alarm or cautionary note to the main
production system (West and Nagy 2007).

In terms of implementation, holographic vectors employ
features of both symbolic and connectionist processing and
can instantiate the symbols available to a production system
as something akin to patterns of neural activity in a declar-
ative memory module. For example, Kelly et al.’s Holo-
graphic Declarative Memory (HDM) uses an algebraic syn-
tax on stored patterns to encode logical connectives on sym-
bols. This is also useful as holographic vectors can insulate
networks from the effects of catastrophic interference (Che-
ung et al. 2019; Mannering and Jones 2021). This type of

system could definitely be used to build a CMC architec-
ture based solely on vector representations. This would have
obvious advantages in connecting to generative networks,
which also deal in vectors.

Implementing this proposal into the Common Model of
Cognition would provide both a theoretical and practical
means of uniting cognitive architectures with generative net-
works, broadening the scope of human behaviours that can
be computationally modelled. By integrating predictive pro-
cessing with symbolic reasoning in the multimodal context
of the CMC, we have proposed an innovative approach to
tackle persistently unresolved issues in the field of AI.
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