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Abstract—Large Language Models (LLMs) and Vision-
Language Models (VLMs) have the potential to emulate human
cognitive abilities for robots and thus significantly advance
the evolution and use of cognitive architectures. This opens
up opportunities for using human-like judgment and decision-
making capabilities such as instance-based learning and intuitive
decision making inherent in cognitive architectures with social
robots. Using a combined system of an Adaptive Control of
Thought-Rational (ACT-R) model and a humanoid social robot,
we show how content from the declarative memory of the ACT-
R model can be retrieved per association of real-world data
obtained by the robot via the image recognition capabilities of an
LLM. Such recollections can be fetched and processed according
to the procedural memory of cognitive model productions and
then returned to the robot as instructions, for example to add the
prompt to LLM-driven utterances to keep them more contextual.
In addition, visual impressions captured by the robot can be
stored in the cognitive model.

I. INTRODUCTION

Large Language Models (LLMs) like ChatGPT have ad-
vanced reasoning capabilities, blending intuitive and deliberate
cognitive processes [6]. LLMs help robotic systems improve
their generalization capabilities in dynamic and complex real-
world environments and can significantly increase their be-
havior planning and execution capabilities, enabling robots to
engage with their environment in a human-like manner [12].

Vision-Language Models (VLMs) are multimodal AI sys-
tems created by combining an LLM with a vision encoder that
gives the LLM the ability to “see”. They provide assistance
with complex tasks such as creating captions and answering
visual questions [7]. VLMs are capable of performing a
variety of tasks after learning relationships between images
and language from large data sets, such as answering ques-
tions about images, finding sentences that correspond well
with images, and finding image regions that correspond to
texts. These skills can be used in many ways for robotics,
for example for robot movements, state recognition, object
recognition, affordance recognition, relation recognition, and
anomaly detection [14, 25].

Cognitive architectures refer both to a theory about the
structure of the human mind and to a computer-based imple-

mentation of such a theory. Their formalized models can be
used to react flexibly to actions in a human-like manner and –
when used in a robot – to develop a situational understanding
for adequate reactions. ACT-R (Adaptive Control of Thought
- Rational) is a well-known and successfully used cognitive
architecture [2]. A cognitive architecture can also be used
to add a “human component” to robotic applications [29].
Furthermore, language models are good at fast automatic
reasoning, but less capable of high-level cognition to enable
complex mental operations and “slow thinking” following the
dual process theory of human cognition [13].

Looking at Human-Robot Interaction (HRI), a combina-
tion of robot sensor technology and data processing with a
cognitive architecture offers the possibility of dealing with
information from the robot’s real world in cognitive models.
With their ability to use general concepts inspired by the
human brain and create mental models based on human
cognitive abilities, such architectures can help provide facts
and context, e.g. in the form of memories from a particular
scenario, for an LLM and provide individualized experiences.
Using prompt augmentation, conclusions of a mental model
can be taken into account in utterances of the LLM.

Intuitive decision-making as a subjective, particularly hu-
man type of decision-making, is based on implicit knowledge
that is transmitted to the conscious mind at the time of
the decision through affect or unconscious cognition. Com-
putational models of intuitive decision-making can be ex-
pressed as instance-based learning using the ACT-R cognitive
architecture [26]. In instance-based learning theory (IBLT),
past experiences (i.e. instances) are retrieved using cognitive
mechanisms of a cognitive architecture. IBLT proposes learn-
ing mechanisms related to a decision-making process, such
as instance-based knowledge and recognition-based retrieval.
These learning mechanisms can be implemented in an ACT-R
model [9, 8]. In our opinion, it would be interesting to enable
such behavior for a social robot as well.

We apply the LLM of OpenAI’s Generative Pretrained
Transformer (GPT, commonly known as ChatGPT) in an
application example for a dialog between a human and a robot



using it for the robot’s utterances [20]. Our application is
primarily intended to demonstrate the technical possibility of
realization. However, the proposed method can also be used
for other scenarios and beyond an HRI context.

Visual impressions of the robot are processed by the LLM
in such a way that the core content of what the robot sees is
expressed in three keywords or key phrases. These keywords
or phrases are passed to an ACT-R model as chunks and
processed there. The cognitive model uses these chunks to
search its declarative memory for existing memory content
that is indexed in the same or a similar form using chunks.
The stored memory content contains a recollection phrase that
reflects the visual impression at the particular time in the form
of a short, complete sentence. If there is a positive corre-
lation between chunks from the LLM and memory chunks,
this recollection or fact phrase is passed to the LLM for
prompt augmentation, which generates a response based on
this knowledge. This process can be seen as an association
of remembered impressions. An a-priori factual knowledge
can be accumulated by creating corresponding chunks in the
declarative memory. This leads us to the following hypothesis:

Hypothesis Utilizing memory chunks from a cognitive
model enables prompt augmentation for an LLM with associ-
ated past visual impressions.

Using ACT-R’s chunk and memory system to store and
process impressions of a certain scenario and enabling an LLM
to incorporate remembered data from such impressions into
utterances, opens a path for a more reliable and evidence-
based application of LLMs. We provide an insight into our
ongoing work and summarize initial findings.

II. RELATED WORK

Robots are able to use Large Multi-modal Models (LMMs)
to comprehend and execute tasks based on natural language
input and environmental cues, and the integration of founda-
tion models such as LLMs and VLMs can effectively improve
robot intelligence [18, 12, 28].

VLMs help to equip robots with the ability to physically-
based task planning and can analyze videos of humans per-
forming tasks to obtain a symbolic task plan for a robot
through textual explanations of the environment and action de-
tails in combination with an LLM-based task planner [11, 27].

Yoshida et al. investigate possibilities for the development
of a “minimal self” with a sense of agency and ownership
in a robot that is able to mimic human movements and emo-
tions by using human knowledge from language models [31].
To do this, they use GPT-4’s motion generation and image
recognition capabilities. VLMs as a basis for metacognitive
thinking can enable robots to understand and improve their
own processes, avoid hardware failures and thus increase their
resilience [16].

Since the recent successes of language models, there has
been an increased interest in the interplay between LLMs
and cognitive architectures. Niu et al. provided an overview
of similarities, differences, and challenges between LLMs
and cognitive science by analyzing methods for assessing

potential cognitive capabilities of LLMs, discussing biases
and limitations, and an integration of LLM with cognitive
architectures [19]. In the novel neuro-symbolic architecture
presented by Wu et al., human-centered decision making was
enabled through the integration of ACT-R with LLMs by
using knowledge from the decision process of the cognitive
model as neural representations in trainable layers of the LLM
[30]. They found that this improved the ability for grounded
decision making.

Knowles et al. proposed a system architecture that combined
LLMs and cognitive architectures with an analogy to “fast”
and “slow” thinking in human cognition [15]. Leivada et al.
explored whether the current generation of LLMs is able to de-
velop grounded cognition that incorporates prior expectations
and prior world experiences to perceive the big picture [17].
Insights from human cognition and psychology anchored in
cognitive architectures could contribute to the development of
systems that are more powerful, reliable and human-like [24].
The dual-process architecture and the hybrid neuro-symbolic
approach to overcoming the limitations of current LLMs is
seen as particularly important for this.

A cognitive system based on ACT-R was used by Birlo et
al. for their concept of robot self-awareness in an embodied
robotic system [3]. They focused on the representation of
internal states of the robot, which processed external states
from the real world and created its own interpretation of what
it perceived. Sievers et al. used a cognitive model to store
and process word associations for the grounding of words in
a language game between a robot and a human [23].

An example integration of an LLM with a cognitive archi-
tecture to enable planning and reasoning in autonomous robots
was given by Gonzáles-Santamarta et. al [10]. They proposed
how to leverage the reasoning capabilities of LLMs inside the
ROS 2-integrated cognitive architecture MERLIN2. Sievers
et al. give examples of a connection between a cognitive
model and a robot application via a TCP/IP connection of
the dispatcher included in the ACT-R software [21, 22].

III. METHODS

For a human-like way of retrieving recollections from
memory, we propose to use the declarative memory of a
cognitive architecture in conjunction with procedural capa-
bilities of a cognitive model. Our system for testing such
an approach consisted of the humanoid social robot Pepper
with a software application that connects to OpenAI’s GPT-
4o model via an Application Programming Interface (API),
and a TCP/IP connection over a wireless network to the ACT-
R 7 cognitive architecture software version 7.28 running on a
remote computer.

ACT-R offers the technical possibility of integrating a
cognitive model with bidirectional communication into an
application of choice. To establish a remote connection from
the robot application to ACT-R, we are using it’s remote
interface – the dispatcher. Fig. 1 shows the setup of the
bidirectional connection between the dispatcher, which acts
as a kind of server, and the client application of the robot.



Fig. 1. Connection between ACT-R / Dispatcher and the robot application.

A. Cognitive Model

We used the standalone application of ACT-R 7, for which
we created a cognitive model using LISP [5]. In ACT-R,
declarative knowledge is represented in the form of chunks, i.e.
representations of individual properties, each of which can be
accessed via a labeled slot. The cognitive model programmed
in LISP for our example usage should receive chunks with
keywords from the robot application and checking whether
chunks for these keywords are already stored in the declarative
memory of the model in a suitable combination. We assumed
the transfer of three keywords. The programmed productions
of the procedural memory checked all combinations of the
sequence of keywords for a match with memory content and
generated a hit for two out of three matching keywords. In this
case, the associated memory content including a corresponding
recollection was called up and the recollection was returned
to the robot application.

Our LISP code defined a chunk type for the memory content
in declarative memory as follows: (chunk-type keyword asso-
one asso-two asso-three phrase)

This chunk type ‘keyword’ featured three labeled slots
‘asso-one’, ‘asso-two’ and ‘asso-three’ as well as a ‘phrase’
slot, which stored the recollection we wanted to retrieve. For
example, this could be a remembered fact used to complete
a system prompt for an LLM that enables the robot to talk
to humans. Each chunk stored in the declarative memory also
has an arbitrary name. Figure 2 shows the process of searching
for a matching memory chunk. Having found a corresponding
memory chunk, the cognitive model returned the sentence
stored in the ‘phrase’ slot of this chunk as a recollection or fact
phrase. Example content for such a memory chunk could be:
asso-one person asso-two indoor asso-three computer phrase
A person sitting in front of a computer indoors

B. Humanoid Social Robot Pepper

The humanoid social robot Pepper, shown in Figure 3,
was developed by Aldebaran and first released in 2015 [1].
The robot is 120 centimeters tall and optimized for human
interaction. It is able to engage with people through conver-

Fig. 2. Transfer of keywords to ACT-R and return of retrieved memory facts
to the LLM, e.g. for prompt augmentation.

sation, gestures and its touch screen. Pepper is equipped with
internal sensors, four directional microphones in his head and
speakers for voice output. Speech recognition and dialog is
available in 15 languages. The robot features an open and fully
programmable platform so that developers can program their
own applications using software development kits (SDKs) for
programming languages like Python, Java or Kotlin.

In dialogs with humans, our robot application forwarded
utterances of the human dialog partner as input to the Ope-
nAI API, which returned a dictionary with the status and
response of the API. With each API call, the entire dialog
was transferred to the GPT model. This allows the model to
constantly ‘remember’ what was previously said and refer to it
as the dialog progressed. In this way, complex dialogs between
humans and the robot became possible.

C. Retrieving recollections based on vision

The system’s ability to retrieve recollections from declar-
ative memory by recognizing visual impressions from the
robot’s perspective should be demonstrated. The LLM was
instructed to create a description of the content in the form
of three keywords about the content of an image taken with
the robot’s camera equipment. The robot’s front camera took a
picture every few seconds to capture an up-to-date impression
of what the robot saw. To prepare a response to a human
utterance based on visual impressions, the robot application
sent the currently captured image to the GPT-4o model as a
completion task, using the type ‘image url’ instead of ‘text’.

The three image-related keywords from the model’s re-
sponse were transmitted as chunks to the cognitive model to
search for comparable chunks in declarative memory. In the
event of a match, the content of the ‘phrase’ chunk slot was
transferred to the robot application for further use.

In the context of our example application we focused on
possible uses of recollections from declarative memory for
prompt augmentation of a GPT model. But the other way
around, it is also possible with this system to write memory
chunks and thus visual impressions, which are provided with



Fig. 3. Robot Pepper shows a picture of what it sees

keywords, into the declarative memory in order to retrieve
them later in the outlined manner.

D. Prompting the LLM

We chose GPT-4o to create the conversational parts of the
robot. The OpenAI API provides various hyperparameters
that can be used to control the model behavior during an
API call. We set the values of temperature, presence penalty
and frequency penalty to zero in order to obtain consistent
responses and exclude any randomness as far as possible.
For the instruction of the GPT model, we used prompts with
zero-shot prompting [4] for the system role to have the LLM
perform the desired tasks as a completion task.

For chunk generation, including a phrase that is to be stored
in the ‘phrase’ slot describing the image sent to GPT-4o, we
have provided a system prompt like the following ‘I am robot,
my name is Pepper. I don’t answer but create three keywords
followed by a sentence with a short description describing
what is in this image. The three keywords are enclosed by
square brackets. The short sentence is enclosed by round
brackets, for example [person, indoor, computer] (A sentence
with a short description describing what is in this image).’.
The brackets only serve to facilitate subsequent processing
and separation of different contents in the application.

For augmenting the prompt with a retrieved recollection we
used for example ‘I am robot, my name is Pepper. I can see
what is described in the following:’ followed by the phrase
recalled from declarative memory. In this way, the LLM could
receive and process information about visual recollections
stored in the past if similar sensory impressions and thus
similar keywords are currently present.

Fig. 4. ACT-R model creates chunks for keywords and phrase

Fig. 5. ACT-R model retrieves chunk with keywords and phrase from
declarative memory

IV. RESULTS

Figure 4 shows the generation of individual chunks from
the keywords ‘keyboard’, ‘indoor’, ‘christmas tree’ and in a
frame the phrase ‘A person is sitting indoors in front of a
christmas tree appearing to engage in conversation or video
call.’ supplied by the LLM in the running ACT-R model.
These chunks were automatically transferred to the declarative
memory of the cognitive model, not only separately, but also
as a combination of keywords and phrase. To be able to save
keywords and phrases as chunks, spaces had to be replaced by
a ‘-’ due to ACT-R limitations. The procedure was reversed
when the phrase was used for prompt augmentation.

A retrieval of a recollection by the ACT-R model is
shown in Figure 5 in framed areas. The model searches the
stored memory chunks using the supplied keywords to find
a matching recollection, the content of which is passed from
the ‘phrase’ slot to the robot application for use in prompt
augmentation. The robot then included the knowledge from
declarative memory in its answer – especially when asked
directly about visual impressions.

V. DISCUSSION

On the one hand, cognitive models can be used within
the framework of their cognitive architectures to anticipate
human behavior and thus make it more comprehensible. On
the other hand, cognitive processes can use declarative and
procedural memory to produce decisions which, when used
to control the actions of a robot, allow the robot to act in a
more humane way. Such a system can therefore serve both to
make human actions intelligible for the machine in HRI and
to make the robot’s actions more human and therefore easier



for people to understand. The possibility of using cognitive
architectures to unlock human-like judgment and decision-
making capabilities such as instance-based learning and intu-
itive decision making for social robots can be an opportunity
for greater acceptance and trust through more common ground
in the way we think. With the help of LLMs and VLMs
and the corresponding sensors, robots can access and interpret
the same information that is available to humans. The use
of declarative and procedural memory in cognitive models
enables the data provided by robot sensors and language
models to be processed in a human-centered way. We only
outline the possibilities here with our example application
for storing visual impressions together with keywords and
using them for prompt augmentation. In general, there are
far more conceivable use cases and options available for a
programmatic implementation of cognitive models with ACT-
R in combination with social robots.

VI. LIMITATIONS

The proposed system and procedure is not without short-
comings and open problems. It is well known that LLMs
and VLMs are sometimes prone to hallucinations. One pos-
sible way to reduce the risk of such hallucinations and the
reproduction of made-up statements by an LLM such as
OpenAI’s GPT would be to provide the language model with
additional information tailored to individual scenarios via the
system prompt. To concretize the prompt information, relevant
memories of a cognitive system could be a useful addition.
However, even such a method of constraining the LLM does
not offer absolute certainty for the exclusion of hallucinations.

So far, we have only tested our method with a few memory
contents or recollections, but we consider it scalable with
regard to more complex cognitive models and the use of
concepts such as forgetting, learning new facts and reinforce-
ment of recollections or further possibilities of the cognitive
architecture of ACT-R.

The time required to retrieve relevant recollections could
play a limiting role depending on the amount of memory
chunks available. In addition, for each interaction with the
human user, our system requires two consecutive API calls to
the GPT model, both of which have a certain latency. Together,
these time aspects may cause a noticeable and unnatural delay
in the interaction. And it also seems to be a disadvantage
and increases the complexity that the implementation of the
cognitive architecture runs as a standalone version on an extra
computer and not on the robot itself. This problem concerns
the Pepper robot and could possibly be solved by using
other robot models and thus other ways of implementing the
cognitive architecture.

VII. CONCLUSION AND FUTURE WORK

We proposed a design and development approach for a
combined system consisting of an ACT-R cognitive model and
a humanoid social robot. Recollections from the declarative
memory of the ACT-R model could be retrieved using real-
world data obtained by the robot via an LLM with vision

abilities. The procedural memory, which consists of the pro-
ductions of the cognitive model, was used to retrieve these
recollections and return them to the robot as instructions for
action. In addition, real-world data captured by the robot
could be stored as memory chunks in the cognitive model’s
declarative memory.

We improved the correctness and accuracy of GPT-4o’s
reasoning capabilities by using recollections for prompt aug-
mentation. Our proof-of-concept application delivered key-
word labeled visual impressions of the robot to the declarative
memory or retrieved recollections based on these impressions.
This method can of course also be used with other than
visual data. We testet this system with the social robot Pepper.
However, this method can also be used with other robot models
and also independently of HRI scenarios.

Regarding explainability aspects, our system provides ap-
proaches for a possible constraint of LLMs to generate robot
utterances in HRI by comprehensible memory contents. The
type of possible connection or integration of the cognitive
model depends on the robot’s operating system and whether
or which ACT-R implementations are available for it. For
example, there is a direct implementation for Python, which
means that the standalone version of ACT-R on an external
computer and thus also the TCP/IP connection between the
cognitive model and the robot application could be avoided.

The use of a cognitive architecture such as ACT-R enables
the inclusion and investigation of further cognitive princi-
ples and processes in interaction with a social robot and
LLMs independent of declarative memory retrieval. Future
work should consider these aspects in more detail. Further
experiments are needed to optimize the ACT-R models and
system prompts for the LLM, as well as ongoing evaluation
in studies with different people and different robot systems for
various tasks. We are confident that this will open up a wide
range of possibilities for future research into how cognitive
architectures and their models can add a human touch to a
social robot in HRI.
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